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RESUMO

Esta dissertagdo apresenta uma avaliacdo experimental de arquiteturas de banco de dados para
sistemas de informacdo de gestdo educacional, motivada pelas limitacdes da infraestrutura
de dados do setor educacional do Burundi, onde os dados ainda sdo armazenados de forma
fragmentada, predominantemente em sistemas relacionais orientados a linhas, com baixa
interoperabilidade e capacidade analitica reduzida. Para investigar alternativas mais escaldveis,
este trabalho propde uma arquitetura composta por PostgreSQL, ClickHouse, Trino e Apache
Superset, executada sobre Linux, e conduz experimentos comparativos de desempenho utilizando
scripts em Python e C. Os experimentos consistem na execucdo de consultas analiticas sobre
um conjunto de dados educacionais brasileiros com 1,5 milhao de registros, medindo tempos de
execugdo ao longo de 30 itera¢des por banco de dados, com tratamento estatistico de outliers via
método IQR, além de métricas de desempenho de hardware coletadas com a ferramenta LIKWID.
Os resultados demonstram que o ClickHouse apresenta desempenho superior ao PostgreSQL
para cargas analiticas, com melhoria de aproximadamente 49% no tempo médio de execugao
nos experimentos com Python e 11,3% nos experimentos com C, confirmando que a arquitetura
orientada a colunas € mais adequada para esse tipo de workload mesmo em um ambiente
federado via Trino. Esses achados contribuem para a discussio sobre o desenvolvimento de uma
infraestrutura de dados educacionais mais eficiente e escaldvel no contexto do Burundi.

Palavras-chave: Banco de dados; sistemas de informagado de gestdao educacional; Burundi.



ABSTRACT

This dissertation presents an experimental evaluation of database architectures for educational
management information systems, motivated by the limitations of Burundi’s educational data
infrastructure, where data remains stored in a fragmented manner, predominantly in row-oriented
relational systems with limited interoperability and analytical capacity. To investigate more
scalable alternatives, this work proposes an architecture composed of PostgreSQL, ClickHouse,
Trino, and Apache Superset running on Linux, and conducts comparative performance experiments
using Python and C client implementations. The experiments consist of executing analytical SQL
queries over a Brazilian educational dataset containing 1.5 million records, measuring execution
times across 30 iterations per database with statistical outlier filtering via the IQR method, and
collecting hardware-level performance metrics using the LIKWID profiling tool. The results
show that ClickHouse consistently outperforms PostgreSQL for analytical workloads, with a
performance improvement of approximately 49% in average execution time in the Python-based
experiments and 11.3% in the C-based experiments, confirming that column-oriented storage is
better suited for this type of workload even within a federated query environment mediated by
Trino. These findings contribute to the discussion on the development of a more efficient and
scalable educational data infrastructure in the Burundian context.

Keywords: Database; educational management information systems; Burundi.
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1 INTRODUCTION

The rapid growth of digital technologies has fundamentally changed how organizations collect,
store, and analyze data. In the field of business intelligence (BI), defined as the practice of
analyzing data to produce insights that support decision-making, data-driven approaches have
become central to both industry and government for more than three decades. Over this period, the
volume, diversity, and velocity of available data have risen substantially, exposing the limitations
of traditional data management tools and giving rise to the era of big data (Zikopoulos et al.,
2011).

The term “big data” refers to datasets characterized by three core dimensions: volume,
velocity, and variety, describing data that requires large storage capacity and is generated and
processed at high speeds (Hammer et al., 2017; Al-Mekhlal and Khwaja, 2019). This definition
has later been expanded to include veracity and volatility, reflecting concerns related to data
quality and durability. As succinctly described by Madden (2012), big data refers to data that is
“too big, too fast, or too hard for existing tools to process’.

To address the challenges expressed by Big data, new data management technologies
have adopted and evolved rapidly. Over the decade past, unnumbered databases systems had
categorized under the NoSQL paradigm and have gained monopoly as alternatives to traditional
relational database management systems (Cattell, 2011). At the same time, analytical workloads
have grown substantially and diverged from transactional workloads, leading to the development
of specialized systems optimized for large-scale analytical processing. These technological
transformations have also had a significant impact on the education sector.

Modern educational systems generate large volumes of data related to enrollment, aca-
demic performance, institutional management and regional educational indicators. Governments
and policymakers increasingly depend on educational data analytical to bring evaluation of policy
effectiveness, identify regional disparities, and support evidence based decision making. Large
scale educational datasets enable the computation of key indicators such as completion rate or
approval rates, dropout rates, which are important for monitoring the performance and quality of
national education systems.

Burundi’s educational data infrastructure is currently characterized by structure lim-
itations in terms of data availability, quality, and the integrity of the system. Reports from
international organizations indicate that educational data are often dispersed across non-integrated
or partially manual systems, which limits their consistency and analytical value (World Bank,
2021). Institutions such as UNESCO and UNICEF have documented that Burundi’s education
sector continues to face gaps in digital infrastructure, data governance frameworks, and technical
capacity for effective data management (UNESCO Institute for Statistics, 2022). As a result, EMIS
initiatives in Burundi have been unable to provide timely, reliable, and statistically meaningful
data to support planning, monitoring, and evaluation processes. The use of educational data for
decision-making therefore remains limited, despite growing demand for educational indicators

Statistics compiled by UNESCO' reveal significant disparities in educational outcomes.
Burundi’s primary school completion rate stands at 57% for girls and 49% for boys, while lower
secondary completion rates are only 33.8% for girls and 26.1% for boys. Gross enrollment rates
for secondary education also show a gender divide, with 52% of females and 43% of males
enrolling at that level. Tertiary education enrollment rates are also lower, with 7% of males

Thttps://www.iicba.unesco.org/en/burundi.
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enrolling compared to 5% of females. These statistics highlight the critical importance of reliable
and accessible educational data for monitoring progress and informing policy.

Despite a difficult context, Burundi has made some remarkable achievements in terms
of learning outcomes but challenges remain in access and repetition. Burundi has made some
strides in basic education over the past decade, though progress in access is mixed compared to
other levels of education. To boost school achievement, the Government embarked on a set of
education reforms in recent years, most notably the abolition of school fees in primary education
in 2005. It also embarked on an ambitious reform of a nine-year basic education cycle in 2012,
aligned with the Sustainable Development Goals (SDGs).

As illustrated in Figures 1.1 and 1.2, progress in access to education shows a mixed
picture across pre-primary, primary, and secondary levels. Pre-primary enrollment remains low
at approximately 13% in 2016, compared to a Sub-Saharan Africa average of 20%. Primary
enrollment, while above regional averages, has shown a slight decline from 134% in 2010 to
110% in 2016/17. Upper secondary enrollment, however, has grown from 11% in 2010 to 28%
in 2016, reflecting the impact of structural reforms.

In this context, the fragmentation and inadequacy of current data management practices
represent a critical obstacle to educational planning and policy evaluation. Data in Burundi’s
education sector are predominantly stored in row-oriented relational databases, paper-based
registers, or isolated spreadsheet files, leading to limited interoperability, reduced analytical
capacity, and the risk of permanent data loss. Furthermore, the country’s growing population is
increasing pressure on educational systems, reinforcing the need for infrastructure capable of
handling large volumes of data efficiently.

Figure 1.1 — Burundi’s Gross Enrollment Rate (GRE) by education level and year, 2010-2016.
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Figure 1.2 — Burundi’s distribution of efficiency scores by provinces (left) and ten least efficient
communes (right).
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1.1 OBJECTIVES AND PROPOSED APPROACH

The central objective of this dissertation is to investigate modern database architectures for
educational data analytics, with the goal of supporting the development of an efficient and
scalable Educational Management Information System applicable to the Burundian context.
To this end, this work proposes an architecture composed of two complementary database
systems (PostgreSQL, a row-oriented relational database, and ClickHouse, a column-oriented
analytical database) integrated through Trino, a distributed SQL query engine, and exposed to
users via Apache Superset, an open-source data visualization platform. The entire stack runs on
Linux, reflecting the open-source and resource-aware principles that are essential in constrained
environments such as Burundi’s. Figure 1.3 represents the proposed architecture.

Figure 1.3 — Proposed architecture for an Educational Management Information System in Burundi.
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To evaluate the proposed architecture, a series of controlled benchmarking experiments
was designed and executed. The experiments measure analytical query execution performance
over a Brazilian public educational dataset containing 1.5 million records, using client scripts
implemented in both Python and C. The use of two client languages enables a direct comparison
between a high-level interpreted environment and a low-level compiled one, providing insights
into the impact of client-side overhead on overall performance. Hardware-level performance
metrics were additionally collected using LIKWID, enabling a deeper characterization of how the
architectural differences between PostgreSQL and ClickHouse manifest at the processor, memory,
and cache levels when the same queries are executed on the identical large educational datasets.

1.2 CONTRIBUTIONS OF THE DISSERTATION

As the modern column-oriented databases still have no place in Burundi, the main contributions
of this dissertation are:

A proposed open-source architecture for educational data management based on Post-
greSQL, ClickHouse, Trino, and Apache Superset, designed with scalability and resource
constraints in mind;

* Deeper comprehension on database architectures suitable for scalable and storage in
educational data infrastructures;

* A rigorous experimental evaluation comparing row-oriented and column-oriented
database architectures for analytical workloads, using Python and C client implementa-
tions;

* An analysis of hardware-level performance characteristics (PERF, MEM, L3 cache,
FLOPS_DP) for each database and client language combination, collected via LIKWID;

* A discussion of the implications of these findings for the development of a scalable
educational data infrastructure in Burundi;

* Acquiring deeper knowledge of perfect elements to insert in benchmarking implemented
in Python and C script to handle an effective and suitable performance result while
experiments for educational data analytics are brought in terms of measuring both
database performance.

1.3 OUTLINE

The remainder of this dissertation is organized as follows. Chapter 2 presents the background,
covering Education Management Information Systems, fundamental database concepts, program-
ming languages used in big data, the Superset-Trino stack, and related work. Chapter 3 describes
the methodology, including the proposed architecture, database modeling and implementation,
and benchmark design. Chapter 4 presents and analyzes the experimental results. Chapter 5
concludes the dissertation with a discussion of implications for Burundi, limitations, and future
research directions.
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2 BACKGROUND

This chapter is divided into three sections: Sec. 2.1 presents the concept of Educational
Management Information Systems, while Sec. 2.2 introduces fundamental concepts of data
model, database management system, and other technologies, including the Superset-Trino stack.
Finally, Sec. 2.3 presents the related work.

2.1 EDUCATION MANAGEMENT INFORMATION SYSTEMS

Advanced countries such as the United States, the United Kingdom, and several European Union
member states have established advanced national educational data ecosystems built around
effective Education Management Information Systems (EMIS), data warehouses, and business
intelligence platforms (World Bank, 2014; U.S. Department of Education, 2021; Department for
Education, 2022; Eurostat, 2023). These ecosystems provide centralized management of large-
scale and longitudinal educational datasets, enabling evidence-based policymaking through the
ongoing monitoring of enrollment trends, completion rates, learning outcomes, and institutional
performance across administrative and territorial levels (OECD, 2023; UNESCO Institute for
Statistics, 2022). By consolidating data flows from schools, higher education institutions, and
national statistical agencies, these systems improve timeliness, consistency, and the reliability of
educational indicators (UNESCO Institute for Statistics, 2022; Eurostat, 2023).

Despite their technological maturity, educational data platforms in advanced countries
continue to face structural, organizational, and regulatory challenges. Issues related to data
governance, interoperability between heterogeneous information systems, privacy protection,
and long-term financial sustainability remain central concerns (Kitchin, 2014). Furthermore, the
high volume, velocity, and diversity of educational data require scalable database architectures,
standardized metadata models, and high-performance analytical engines capable of supporting
Online Analytical Processing (OLAP) workloads and multidimensional analysis (Kimball and
Ross, 2013; Codd et al., 1993). These challenges highlight that technological advancement alone
is insufficient without solid and coherent institutional coordination (Kimball and Ross, 2013;
Codd et al., 1993).

Beyond technological solutions, effective educational data management in advanced
countries relies on robust institutional governance frameworks. Clearly defined data stewardship
policies, formalized roles and responsibilities among data producers and consumers, and
sustained capacity-building initiatives have been shown to significantly contribute to data quality,
interoperability, and long-term system sustainability (World Bank, 2014; Kitchin, 2014). In many
cases, dedicated governance bodies ensure compliance with legal frameworks, ethical standards,
and national data protection regulations, thereby strengthening public trust in educational statistics
(UNESCO Institute for Statistics, 2022).

Another critical dimension concerns data openness and accessibility. Many developed
countries have promoted open educational data initiatives that provide public access to aggregated
indicators through online portals and application programming interfaces (OECD, 2023; U.S.
Department of Education, 2021). These initiatives foster transparency, accountability, and
independent policy evaluation while preserving individual data privacy (Department for Education,
2022). Interoperability standards further strengthen educational data ecosystems by enabling
seamless integration between EMIS platforms, national statistical offices, and analytical systems,
thereby supporting longitudinal and cross-sectoral analysis (Eurostat, 2023).
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In contrast, Burundi’s educational data management remains fragmented. Although
EMIS initiatives have been implemented with national and international support, these systems
are often limited in scope, accessibility, and analytical capacity (UNICEF, 2020; World Bank,
2018b). Data collection processes remain frequently semi-manual, interoperability is weak, and
access to consolidated indicators is restricted, particularly at regional and local decision-making
levels (UNICEF, 2020).

Compared to platforms in advanced countries, Burundi’s educational data systems
display lower availability, restricted public accessibility, and reduced capacity for longitudinal
and multidimensional analysis (World Bank, 2018b). Visualization tools, where implemented,
tend to be static and lack support for advanced analytical exploration or interactive dashboards
(UNICEEF, 2020). Furthermore, database management practices in the educational sector remain
predominantly based on row-oriented relational databases, which are not optimized for large-scale
analytical workloads (Kimball and Ross, 2013).

2.2 FUNDAMENTAL CONCEPTS

2.2.1 Data Models

Relational databases are based on the relational model proposed by (Codd, 1970). Since its
introduction, this model has dominated the database systems field (Leavitt, 2010). However, in
recent decades, alternative paradigms have gained attention, particularly with the rise of NoSQL
systems. During the 1960s, database systems were developed without a standardized approach to
data storage (Berg et al., 2012). Each application managed its own data structures independently,
which made systems difficult to understand, inefficient to maintain, and challenging to optimize
(Elmasri and Navathe, 2004). The introduction of a structured representation of data in the form
of tables addressed these limitations. In this model, data is organized into rows and columns,
where rows represent records and columns represent attributes (Elmasri and Navathe, 2004).
This structured representation focuses on enabling efficient querying and manipulation of data.
Table 2.1 shows an example of how data is stored in a row-oriented format.

Table 2.1 — Example of a relational table structure.

model_name | serial_number | max_temp | min_temp
ABC 123 43.47 12.36
XYZ 789 39.42 10.06
ABC 456 43.56 12.55
XYZ 321 39.98 11.63

Source: (Mahmudova, 2021).

Nowadays, databases are managed using a Database Management System (DBMS),
which provides tools for defining, storing, and manipulating data (Elmasri and Navathe, 2004).
When based on the relational model, these systems are referred to as Relational Database
Management Systems (RDBMS). Structured Query Language (SQL) is typically used to interact
with an RDBMS, allowing users to perform operations such as querying, inserting, and updating
data without requiring knowledge of internal storage mechanisms (IBM, 2019). SQL also
supports advanced operations such as joins and aggregations. Despite their important advantages,
relational databases require a predefined schema and are best suited for structured data (Leavitt,
2010). Furthermore, scalability remains a challenge when handling large volumes of data
(Zikopoulos et al., 2011).
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A defining feature of relational systems is their support for ACID properties: Atomicity,
Consistency, Isolation, and Durability (Ozsu and Valduriez, 2020). These properties ensure data
reliability but can limit scalability in distributed environments (Cattell, 2011). On the other hand,
NoSQL, which stands for "Not Only SQL", refers to a class of database systems that diverge
from the relational model (Cattell, 2011). These systems have become popular due to their ability
to scale horizontally and handle large volumes of data efficiently (Stonebraker, 2010). NoSQL
databases often relax ACID guarantees in favor of improved performance (Cattell, 2011). They
are commonly deployed in distributed environments, where the CAP theorem applies (Gilbert
and Lynch, 2002). According to this theorem, a system can only guarantee two of the following
three properties: consistency, availability, and partition tolerance, which leads many NoSQL
systems to adopt eventual consistency rather than strong consistency (Brewer, 2012).

NoSQL systems are generally categorized into four types: key-value stores, document
databases, graph databases, and column-oriented databases (Leavitt, 2010). Column-oriented
databases store data by columns rather than rows, which improves performance for analytical
queries (Denning, 2005). This design enhances data locality and reduces disk access time. Table
2.2 shows an example of how data is stored in a column-oriented format.

Table 2.2 — Column-oriented representation.

model_name | ABC | XYZ | ABC

serial_number | 123 789 456
max_temp 43.47 | 39.42 | 43.56
min_temp 12.36 | 10.06 | 12.55

Source: (Mahmudova, 2021).

Online Analytical Processing (OLAP) systems are designed for large-scale data analysis
and decision support (Chaudhuri and Dayal, 1997). In contrast, Online Transaction Processing
(OLTP) systems are designed for transactional operations, prioritizing fast and reliable execution
of a high volume of short queries. Unlike OLTP, OLAP systems are optimized for read-intensive
workloads and complex queries (Abelld, 2018). OLAP systems process large datasets, are
commonly used in business intelligence applications, and often rely on multidimensional data
models, where numerical measures are analyzed using aggregation functions such as sum, average,
and maximum (Chaudhuri and Dayal, 1997).

Overall, OLTP and OLAP systems differ fundamentally in their workload design and
performance requirements (Chaudhuri and Dayal, 1997; Bog et al., 2008). These differences
directly influence the choice of underlying database technology. OLTP workloads are typically
supported by relational databases, which provide strong ACID guarantees and are well suited
for structured, transactional data (Ozsu and Valduriez, 2020). OLAP workloads, on the other
hand, are better served by column-oriented databases, whether relational or NoSQL, given their
superior performance for read-intensive and aggregation-heavy queries (Denning, 2005). NoSQL
systems, in particular, offer additional advantages for OLAP scenarios that involve large volumes
of unstructured or semi-structured data, as their flexible schemas and horizontal scalability make
them well suited for distributed analytical environments (Cattell, 2011). Using both OLTP
and OLAP systems in a complementary architecture can therefore enhance both transactional
consistency and analytical performance (Kimball and Ross, 2013).

2.2.2 Database Management Systems

A Database Management System (DBMS) is a software that enables users to create, define,
manipulate, and manage databases. It serves as an interface between the database and end-user



20

applications, organizing data securely while avoiding redundancy and ensuring consistency.
DBMS solutions are broadly categorized into two types: relational databases (SQL), such
as MySQL, PostgreSQL, Oracle Database, and Microsoft SQL Server, and non-relational
databases (NoSQL), such as MongoDB, Redis, ClickHouse, and Apache Cassandra.

Given the variety of available database management systems, PostgreSQL and Click-
House were selected for this work due to their complementary characteristics and widespread
use in data management systems. PostgreSQL is a relational database management system
optimized for transactional workloads, while ClickHouse is a column-oriented database designed
for analytical processing. Table 2.3 summarizes the fundamental differences between the two
systems and briefly describes their suitability for distinct workloads.

Table 2.3 — Comparative characteristics of PostgreSQL and ClickHouse.

PostgreSQL ClickHouse

OLTP-oriented system OLAP-oriented system
Row-oriented storage model Column-oriented storage model
ACID compliance Eventual consistency model
Enforced referential integrity Logical consistency at query level
Optimized for transactions Optimized for analytical queries

Source: Elaborated by the author.

2.2.3 Programming Languages Used in Big Data

When processing large volumes of data, programming languages such as R, Python, Scala,
and Java are commonly used in big data projects. The following paragraphs provide a concise
characterization of each language:

* R: R is a programming language designed for statistical computing and graphical
representation, developed within the GNU Project. 1t is particularly effective when
advanced or specialized statistical models are required, and has established itself as a
reference standard for statistical software with extensive adoption in data analysis.

e Python: Python is a programming language designed to enhance developer productivity
and code readability, offering an extensive standard library with a wide range of built-in
functionalities. It is widely used by professionals in data processing and analytics,
and has been prominent in scientific research for over a decade, particularly in fields
such as natural language processing (NLP). Python provides broad support for big
data workloads and follows an object-oriented paradigm, which simplifies software
development and maintenance.

* SQL: Structured Query Language (SQL) is a declarative language used to define,
manipulate, and control data stored in relational databases across different database
management systems. It is considered a fundamental language for big data applications,
particularly for data querying and management tasks (Groff et al., 2009).

e C++: C++ is a general-purpose, compiled, and statically typed programming language.
It supports multiple programming paradigms, including procedural, object-oriented, and
generic programming (Stroustrup, 2014). It provides a comprehensive standard library
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encompassing algorithms, input/output mechanisms, and other essential components.
By combining low-level efficiency with high-level abstractions, C++ extends the
capabilities of its predecessor C, with a stronger emphasis on object-oriented and generic
programming concepts (Stroustrup, 1994).

* Scala: Scala is a multi-paradigm programming language that enables rapid develop-
ment and modular software deployment, integrating functional and object-oriented
programming features. It has gained considerable adoption in big data environments
and is commonly used in the financial sector, particularly in organizations that handle
massive data volumes, such as Twitter and LinkedIn.

e Java: Java is a robust, object-oriented programming language developed by Sun
Microsystems and later acquired by Oracle Corporation. Its evolution is governed
through a collaborative framework known as the Java Community Process. It is
distributed under the GNU General Public License (GPL), while the trademark remains
the property of Oracle.

Different programming languages are applicable in big data projects depending on the
use case. Python is particularly well suited for analyzing large-scale datasets, such as those
related to cryptocurrency statistics, especially in scenarios that leverage NLP techniques and
neural networks. In contrast, Java and Scala are more appropriate choices for building efficient,
high-performance solutions that make use of comprehensive big data processing frameworks.
Furthermore, the TIOBE Index ranks the most widely used programming languages for big data
as of March 2020. Table 2.4 display the ranking of programming languages by usage rate.

Table 2.4 — Ranking programming languages for big data.

Rank | Programming Language | Ratings (%)
1 Python 10.11%

2 C++ 6.79%

3 JavaScript 2.05%

4 SQL 1.83%

5 R 0.00%

Source: (Mahmudova, 2021).

The choice of Python and C as the programming languages used in this work was
motivated by a set of complementary factors. Python is considered an industry standard for
rapid development, automation, and data-driven technologies. Its syntax is clean and readable,
and as an interpreted language, it executes code line by line at runtime, lowering the barrier for
development and debugging. It is also the primary language for artificial intelligence, machine
learning, and data science, supported by robust libraries such as NumPy and SciPy. Furthermore,
its rapid prototyping capability allows developers to build functional applications and scripts in a
fraction of the time required by lower-level languages.

C, on the other hand, serves as the foundation of modern computing and embedded
systems, providing direct access to memory and low-level hardware. As a compiled language,
it executes tasks significantly faster than interpreted languages such as Python. Its influence is
pervasive: major operating systems such as Windows, Linux, and macOS, as well as databases
and even the core of Python itself (CPython), are written in C. Additionally, C requires minimal
memory overhead, making it essential for resource-constrained environments such as embedded
systems. These two languages are also complementary, as Python is capable of calling C libraries
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directly, enabling developers to combine the productivity of Python with the performance of C
when needed. Although Table 2.4 ranks C++ rather than C among the most widely used languages
for big data, C remains foundational to C++ itself and to the broader systems programming
ecosystem: C++ was designed as a superset of C, and many of the performance characteristics
attributed to C++ derive directly from C’s compiled, low-level nature.

2.2.4 Apache Superset and Trino

Modern data analysis increasingly depends on two complementary capabilities: the ability to
query heterogeneous data sources efficiently, and the ability to present results in an intuitive and
interactive manner. This section introduces Apache Superset and Trino, two open-source tools
that together form a powerful stack for federated analytics and data visualization.

Apache Superset was originally developed at Airbnb by Maxime Beauchemin as an
open-source platform for data exploration and visualization. It is a web-based system that
allows users to execute SQL queries, explore datasets, and build interactive dashboards without
requiring advanced programming skills (Apache Software Foundation, 2025). From an industrial
perspective, Superset is widely recognized for its role in democratizing data access, enabling
analysts and decision-makers to interact with complex datasets through charts and dashboards
rather than raw tabular outputs.

Superset connects to a wide variety of SQL-compatible databases through SQLAlchemy,
supporting engines such as PostgreSQL, ClickHouse, MySQL, and Trino. This broad compatibil-
ity makes it well suited for distributed and heterogeneous analytical environments (Gupta, 2022).
Its modular and open design also aligns with open science and FAIR (Findable, Accessible,
Interoperable, and Reusable) data principles, promoting transparent, reusable, and reproducible
analytical workflows across organizations and research environments (Wilkinson et al., 2016).

While Superset handles visualization, querying large and distributed datasets requires a
dedicated engine. Trino is a distributed SQL query engine originally derived from the Presto
project, designed for scalable, low-latency query execution across heterogeneous data sources
(Trino Software Foundation, 2025). Unlike conventional RDMS, which tightly couple storage,
indexing, and query execution within a single system (as exemplified on Figure 2.1), Trino follows
a storage-independent design. It operates exclusively as a query engine and relies on external
systems for data storage, allowing it to execute queries over multiple data sources simultaneously
without requiring data centralization (Figure 2.2).

Figure 2.1 — Architecture of a Traditional RDBMS.
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As shown on Figure 2.2, when a SQL query is submitted, Trino analyzes the statement,
constructs an optimized execution plan, and distributes the workload across a coordinator node,
responsible for query planning and scheduling, and multiple worker nodes that execute tasks in
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Figure 2.2 — Federated query architecture of trino.
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parallel (Trino Software Foundation, 2025). A key optimization strategy is predicate pushdown,
which allows filters, projections, and aggregation operations to be executed directly at the source
systems whenever possible. By leveraging native capabilities such as indexes, partitions, and
columnar storage formats, Trino minimizes data movement, reduces network traffic and memory
usage, and significantly decreases query execution times (Preset, Inc., 2024; Olsen, 2021).

Trino accesses heterogeneous data systems through a modular connector architecture,
where each connector acts as an adapter that translates standard ANSI SQL queries into the
native query language or access protocol of the target system. This abstraction allows analysts
to query different databases using a single SQL dialect, reducing the complexity of managing
multiple query interfaces. Through these connectors, Trino supports cross-source joins, enabling
analytical queries that combine transactional data stored in PostgreSQL with large-scale analytical
datasets hosted in ClickHouse (PostgreSQL Global Development Group, 2025; ClickHouse, Inc.,
2025).

The integration of Apache Superset and Trino represents a modern approach to data
analytics, combining federated query processing with interactive visualization. As illustrated in
Figure 2.3, Superset acts as the user-facing visualization layer, while Trino serves as the backend
query engine that connects to multiple heterogeneous data sources.

This architecture is effective because it clearly separates responsibilities. Superset
focuses on data presentation and user interaction, while Trino manages the technical complexity
of distributed query execution. From Superset’s perspective, Trino appears as a single logical
data source, abstracting the underlying complexity of querying multiple systems transparently
(Preset, Inc., 2024; Olsen, 2021). This separation improves maintainability, reduces the need for
complex Extract, Transform, and Load (ETL) pipelines, and enables near real-time dashboard
updates.

From a broader architectural perspective, this integration is consistent with the principles
of modern data ecosystems, which emphasize modularity, interoperability, and the separation
of storage and compute (Pavlo and Aslett, 2017). Rather than relying on a single centralized
database, modern data architectures are built around distributed and loosely coupled components,
each responsible for a specific function such as ingestion, storage, processing, governance, and
visualization. Trino exemplifies the storage-compute separation by providing unified query access
over distributed data sources, while Superset exemplifies the user-centric design principle by
making analytical results accessible to non-technical users.
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Figure 2.3 — Superset interacts with Trino, which queries multiple data sources.
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Source: Elaborated by the author.

Finally, modern data ecosystems are designed with scalability and usability in mind.
Cloud-native technologies allow systems to adapt dynamically to workload demands, while
intuitive interfaces enable non-technical users to access insights. This combination of technical
robustness and user-centric design reflects a shift from data systems built solely for engineers to
platforms that support organization-wide data-driven decision-making.

2.3 RELATED WORK

This section reviews existing work relevant to this research, organized into three main areas:
performance studies on ClickHouse and other analytical database systems, the use of educational
data systems in Brazil, and the architectural foundations of distributed query engines and modern
data platforms.

2.3.1 ClickHouse and Analytical Database Systems

ClickHouse is a relatively recent system in the big data ecosystem, and the volume of academic
research dedicated to it remains limited. Nevertheless, several studies have investigated its
performance characteristics and compared it with other database management systems under
different conditions. Wickramasekara et al. (2020) conducted a comparative evaluation of
ClickHouse and MySQL in a low-performance Linux environment. Their experiments were
performed on a dataset of 1.5 million records using a virtual machine equipped with 1 GB of
RAM and a single-core 1.8 GHz processor. The results demonstrated that ClickHouse used
system resources more efficiently, achieving lower query execution times and generally higher
disk write speeds. However, the small dataset size and limited hardware configuration restrict the
applicability of these findings to real-world industrial environments.

Imasheva et al. (2020) analyzed the feasibility of replacing Oracle, a traditional relational
database management system, with ClickHouse in a big data context. The authors provided a
theoretical comparison between the two systems and conducted benchmarking experiments using
a dataset of 1.5 TB. The results revealed significant performance advantages for ClickHouse,
reporting up to 2,290x faster read operations and approximately 12x faster insert operations.
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Despite these results, the lack of detailed query descriptions and limited disclosure of the
experimental setup reduce the reproducibility of the study. It is also worth noting that the
experiments were conducted on separate machines with different operating systems and hardware
configurations, with ClickHouse benefiting from substantially greater computational resources.

Struckov et al. (2019) evaluated ClickHouse against time series databases such as
InfluxDB and OpenTSDB, as well as the PostgreSQL extension TimescaleDB. The study used
synthetic datasets designed to resemble real-world time series data across multiple use cases. The
authors found that ClickHouse performed well overall, particularly in high-volume data ingestion
and query filtering, although it showed slightly weaker performance in data compression. While
the evaluation relied on relatively small and synthetic datasets, the results provide useful insights
into ClickHouse’s performance behavior. It was also noted that ClickHouse has undergone
several performance improvements since 2019 (ClickHouse Inc., 2026), suggesting that more
recent versions may produce even better results.

Another comparison between ClickHouse and InfluxDB was conducted at CERN by
Vasile et al. (2020). The authors aimed to identify the most suitable and efficient database system
for managing large volumes of high-frequency operational monitoring data. Their experiments
focused on ingestion performance, and the results showed that ClickHouse outperformed InfluxDB
in five out of six test scenarios. However, read performance was not evaluated, which is a critical
factor for analytical workloads.

Beyond ClickHouse-specific studies, broader research in the field of database man-
agement systems has explored alternative analytical solutions. Correia et al. (2019) evaluated
Apache Druid, a distributed column-oriented data store, analyzing its performance in online
analytical processing scenarios. Studies of this kind provide important contextual insights into
the performance characteristics and design trade-offs of modern analytical database systems.

Kersten et al. (2018) analyze modern query execution strategies in analytical database
systems, comparing compiled and vectorized processing techniques and demonstrating how
they improve CPU efficiency in OLAP workloads. Pavlo and Aslett (2017) further discuss the
evolution of modern SQL engines, highlighting how contemporary systems combine strong
consistency guarantees with high analytical performance. Research comparing scalable SQL
systems deployed on Kubernetes, including Trino, Presto, Spark SQL, Delta Lake, and DuckDB,
highlights the performance trade-offs and execution efficiency of distributed query engines.
Experimental evaluations based on benchmarks such as TPC-H demonstrate how these systems
reduce query latency and improve the performance of analytical platforms when executing
complex workloads (Armbrust et al., 2020; Zaharia et al., 2016; Raasveldt and Miihleisen, 2019).

2.3.2 Educational Data Systems in Brazil

Brazil’s public education system relies on a set of multidimensional metrics to monitor and
evaluate school quality. The most prominent is IDEB (Basic Education Development Index),
a composite indicator created by INEP that combines student passing rates with standardized
test scores to assess public school quality on a scale from 0 to 10. Complementary indicators
include IIE (School Infrastructure Index), which ranks schools based on physical assets such as
laboratories, sanitation facilities, libraries, and internet access, and INSE (Socioeconomic Status
Index), which captures the socioeconomic profile of the student population.

The computation of these indicators involves advanced statistical methods, including
Item Response Theory (IRT), a mathematical framework used to estimate item difficulty and
produce comparable student scores across different years, and hierarchical modeling, applied to
analyze raw data from INEP and IBGE. These methods are operationalized through scalable data
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engineering pipelines built in Python, which extract, transform, and load raw government data
into formats suitable for statistical modeling.

Such infrastructure powers simulation and decision-support platforms such as Simcaq’
(Simulador de Custo Aluno Qualidade), which estimates the financial investment required per
student to meet national quality standards, and MapFor? (Mapa da Formagio de Professores), a
geoprocessing platform that maps and tracks mismatches between teachers’ academic qualifi-
cations and the subjects they actually teach. These platforms are developed and maintained by
the Educational Data Laboratory (LDE), a research initiative led by UFPR in partnership with
UFG and C3SL (Centro de Computacao Cientifica e Software Livre). Beyond simulation tools,
LDE also provides a freely accessible web portal® through which users can explore educational
indicators in historical series, visualized through interactive charts and tables at national, state,
municipal, and school levels. In this context, Ramalho et al. (2025) evaluated the use of Apache
Superset as an open-source solution for the interactive visualization of public educational data,
demonstrating how the tool facilitates the analysis of temporal, spatial, and demographic patterns
from sources such as the School Census, thereby supporting evidence-based decision-making
and scientific knowledge production.

2.3.3 Distributed Query Engines and Modern Data Architectures

Large-scale data analytics systems increasingly rely on distributed execution frameworks and
parallel dataflow models to achieve scalability and performance (Tsai et al., 2015). In this context,
engines such as Trino are commonly deployed in distributed environments and require a Java
Virtual Machine (JVM). Modern deployment strategies rely on containerization technologies
such as Docker to simplify installation, configuration, and scaling (Trino Software Foundation,
2025). Trino often operates alongside unified processing frameworks like Apache Spark, which
provides general-purpose distributed computation capabilities for big data analytics (Zaharia
et al., 2016).

Haritsa (2024) presents a comprehensive survey of robust query processing techniques,
emphasizing the importance of parallelism, fault tolerance, and adaptive execution strategies
in modern distributed query engines. These principles underpin the design of systems such as
Trino, making them particularly well suited for interactive and federated analytical workloads.

Modern LakeHouse architectures, such as Delta Lake, further complement distributed
query engines by providing ACID-compliant and high-performance storage over cloud object
stores, enabling reliable and scalable analytical workflows (Armbrust et al., 2021). From an
architectural standpoint, these systems are consistent with modern data architecture principles,
which emphasize modularity, interoperability, and scalability to support large-scale and evolving
data ecosystems (Pavlo and Aslett, 2017). Superset’s modular design also aligns with open
science and FAIR (Findable, Accessible, Interoperable, and Reusable) data principles, promoting
transparent, reusable, and reproducible analytical workflows across organizations and research
environments (Gupta, 2022; Wilkinson et al., 2016).

Thttps://simcaq.ufg.br/home.
Zhttps://dadoseducacionais.c3sl.ufpr.br/mapfor-brasil.
3https://dadoseducacionais.c3sl.ufpr.br/plataforma/
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3 METHODOLOGY

This chapter describes the empirical pipeline, technological infrastructure, and experimental
design implemented to make an evaluation on big data storage performance using Brazilian
educational datasets especially in Basic education about completion rate in different disparities.
By ensuring a suitable reproducible investigation, the research was implemented by using a
chronological phases, from data preparation structure to multi engine comparative execution.

3.1 PROPOSED ARCHITECTURE

Figure 3.1 (reproduced from Figure 1.3) illustrates the technical architecture proposed in this
study for an EMIS in Burundi. The architecture runs on Linux and combines two database
systems, PostgreSQL and ClickHouse, a distributed SQL query engine (Trino), and a visualization
layer (Apache Superset). PostgreSQL serves as the relational database for transactional data,
while ClickHouse serves as the column-oriented database for analytical workloads. Trino sits
between the databases and Superset, federating queries across both systems through a unified
SQL interface.

Figure 3.1 — Proposed architecture for an Educational Management Information System in Burundi
(reproduced from Figure 1.3).
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Source: Elaborated by the author.

Linux was chosen as the operating system for this project due to its stability and
reliability. Linux-based operating systems are widely adopted in data engineering and analytical
environments, offering native compatibility with database servers, analytical engines, and data
visualization platforms. This compatibility simplifies installation, configuration, and maintenance,
making Linux a well-suited choice for research-oriented analytical projects. Linux’s open-source
nature is also consistent with core academic values such as transparency, collaboration, and
reproducibility (Raymond, 2001).
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In terms of connectivity, PostgreSQL is accessed directly via port 5432 and ClickHouse
via port 9000, using optimized binary drivers: psycopg? and clickhouse—-driver in
the Python environment, and 1ibpg alongside the ClickHouse C++ client libraries in the C
environment. When accessed through Trino, both databases are reached via a single script over
HTTP on port 8080.

To evaluate this architecture experimentally, a benchmarking strategy was designed
to test query execution performance across two dimensions: database system (PostgreSQL vs.
ClickHouse) and client programming language (C vs. Python). All experiments use Trino as the
query engine and are executed in sequential mode, in which each query is run 30 consecutive
iterations against PostgreSQL, followed by 30 iterations against ClickHouse using the same script
and dataset. This design allows for a controlled and direct comparison of how each database
system and client language affects query performance within the proposed architecture.

3.2 DATABASE MODELING AND IMPLEMENTATION

Data modeling is an essential phase in database design, responsible for translating real-world
concepts into structured data representations. A well-designed data model reduces redundancy
and improves query efficiency. In analytical systems, data modeling also plays a key role in
performance optimization. This study adopts a conceptual and relational modeling approach
to structure the educational dataset, with a model designed to support analytical queries and
aggregation operations. A star schema was selected due to its simplicity and suitability for OLAP
workloads, facilitating both readability and efficiency in data analysis.

Before designing the relational schema, an in-depth analysis of Brazilian educational
datasets was carried out. The data was obtained from official institutional platforms dedicated to
Brazilian educational statistics, primarily made available by the National Institute for Educational
Studies and Research (INEP) and the Brazilian Institute of Geography and Statistics (IBGE)
(INEP — National Institute for Educational Studies and Research, 2026; IBGE — Brazilian Institute
of Geography and Statistics, 2026).

The data covers school completion and success rates, and includes regional and state-
level dimensions as well as demographic variables such as sex, race/color, and year of observation.
These dimensions follow the official structure adopted in the Brazilian School Census (Censo
Escolar), ensuring consistency with national educational statistics. The datasets were initially
available in CSV format and were first imported into ClickHouse. This step enabled data
validation, consistency verification, and preliminary analytical exploration. Apache Superset
was used to visualize the data and create interactive dashboards as a practical demonstration of
the proposed architecture (Figure 3.2). This integration illustrates how the architecture supports
end-to-end analytical workflows, from raw data storage to interactive visual exploration, without
requiring direct access to the underlying database systems.

In the next phase, the data was imported into PostgreSQL, a relational database
management system, to support a structured modeling process based on normalization principles.
PostgreSQL was adopted for its strong support for data integrity constraints, primary and foreign
keys, and its compatibility with advanced database modeling tools.

For conceptual and logical database modeling, the tool pgModeler was used (pgModeler
Project, 2026). This tool enabled the explicit definition of tables, attributes, constraints, and
relationships between entities representing the different educational dimensions. After the schema
was initialized, PostgreSQL was connected directly to pgModeler to visualize the tables and their
relationships, facilitating structural analysis and documentation. An equivalent visual modeling
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Figure 3.2 — Example of an interactive dashboard created within Apache Superset.
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was not performed for ClickHouse, as ClickHouse is primarily designed for analytical workloads
and does not emphasize complex relational modeling or native foreign key enforcement.

3.2.1 Conceptual Model

A conceptual model provides a high-level representation of a system by identifying its main
entities and relationships, focusing on domain understanding rather than technical implementation
(Date, 2004; Elmasri and Navathe, 2015). Figure 3.3 presents the conceptual data model adopted
for visualizing and analyzing basic education completion rates. The model organizes educational
data by integrating geographic, demographic, and temporal dimensions, with the objective of
supporting reliable statistical analysis and informed decision-making.

At the center of the model is the completion_rate entity, which represents the main
educational indicator. This entity stores the basic education value completion rate and is uniquely
known through a primary key. Each approval rate value have a context signification through
multiple relationships with descriptive entities, to ensure an efficiency interpretation within a
pointed precise spatial, social, and temporal framework.

From a geographic perspective, the model defines the entities State, Region, Capital,
and Location. The State entity have an administrative representation units and is described by
its name, while the Region entity groups states into broader territorial divisions. The Capital
(or Municipality) entity represents the administrative seat of a state and have a ink through a
belonging relationship. The Location entity captures the environment in which education occurs
and explicitly makes a distinction between urban and rural areas, enabling the analysis disparities
context in basic education completion rates due to living environments.

The completion_rate entity has an association with geographic entity via relationships
such as belongs or contains, has rate or measure, and complete rate in. These relationships
make sure that each completion rate value has a link to a precise specific state, region, capital or
municipality, or location.

Demographic characteristics entities are Sex and Color_Race. The Sex entity has a
capture to the gender-related information, while the Color_Race entity has a race or color
categories representation. These dimensions has an objective to enable the inequalities analysis
in basic education completion rates among different social groups. The temporal dimension is
modeled through the Year entity, which makes an association with a completion rate values in
a specific years. This enhances a longitudinal supportable analysis, and makes it possible to
observe trends and variations in educational feedback over time.



Figure 3.3 — Conceptual model of the educational dataset.
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Due to the notation observed, the conceptual follows the standard Entity—Relationship
convention combined with Crow’s Foot cardinality notation. Rectangular shapes describe
the entities representations, oval shapes represent attributes, and diamond shapes represent
relationships between entities. The lines symbols express cardinalities which define participation
constraints and clarify how many instances of one entity may be associated with instances of
another.

Primary keys from parent entities make them migrating as foreign keys into child entities
according to the defined cardinalities. In one to many relationships, the primary key of the entity
on the one side migrates to the entity on the many side as a foreign key. This mechanism ensures
referential integrity and make a permission to each completion rate record to be accurately
associated to its corresponding geographic, demographic, and temporal descriptors.

3.2.2 Relational Data Modeling

The relational approach is to emphasize semantic consistency, reduction of redundancy, and
efficient quering (Date, 2004). The provided dataset by INEP was ordered to make entities such
as state, region, capital (or municipality), year, race, and completion rates being available. As
shown in Figure 3.4, the database structure is organized to connect to multiple dimension tables.
It is an organized and normalized structure representation of socio-demographic and geographic
data, which have a design support analytical queries related to a completion rates across multiple
spatial, temporal, and population dimensions.

The model follows a star-like structure, centered on a table that aggregates a measurable
indicators while having a reference to several descriptive dimension tables. The COMPLE-
TION_RATE table lies on core central schema, which acts as the main fact table and stores the
attribute RATE, to define a numeric value with controlled precision. This table has a mutual
association through foreign keys to several dimension tables, to enhance multidimensional
analysis.

The record presented in each fact table corresponds to a unique combination of year,
region, state, capital (or municipality), location type, sex, and racial classification. The YEAR
table represents the temporal dimension. To isolate the year attribute into a dedicated entity, this
table ensures temporal consistency, avoids redundancy, and allows a filtering and aggregation
efficiently of data via different periods. By having a reference to this table, a longitudinal
design support analyses and time series comparisons where implemented. An hierarchical
geographical model were used to REGION, STATE, and CAPITAL (MUNICIPALITY) tables,
as well as REGION table defines a high level geographic groups and also the STATE table
refines this structure in a way of associating each state with a specific region, and CAPITAL table
specializes a further geographic information by identifying capital cities or Municipality and
linking them to their respectively states. Moreover, the hierarchical organization enables analyses
at multiple spatial resolutions, from regional trends to state level and capital or municipality
specific comparisons.

The LOCATION table was considered as a spatial category to enrich and define the
type of location (e.g urban or rural). An explicit abstraction above, is to allow the system to
differentiate a completion rates based on spatial context without embedding such classifications
directly into the fact table, thus preserving normalization.

Through the demographic dimensions are handled through the SEX and COLOR_RACE
tables, the demographic dimensions were handled and the SEX table have a gender information
capture in a controlled and standardized format, while the COLOR_RACE table stores racial
or color classifications. Using these Separating attributes into independent tables separation,
ensures semantic clarity and demographic facilities segmentation in analytical queries.



Figure 3.4 — Relational schema of the educational dataset.
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Overall, the schema adhesion to normalization principles, minimize redundancy or
repetition, and furthermore enforcing referencial integrity through well defined foreign key
relationships. For analytical workloads, this design remains well suitable, such as OLAP style
queries, where completion rates can be aggragated and compared across time, geography, location
types, and geographic groups. It supports scalable and extensible analysis, and making it
appropriate for statistical reporting and performance benchmarking scenarios.

3.2.3 Database Implementation

This section describes the database implementation for both PostgreSQL and ClickHouse. In both
systems, the same logical design was applied to ensure comparability of results, with differences
in implementation reflecting the inherent characteristics of each database engine.

The schema follows a star structure, in which the Completion_Rate table acts as the
central fact table, as shown on Listing 3.1. A relational structure has undergone implementation in
PostgreSQL for preserving an integrity through primary and foreign key constraints. Subsequently,
this logical structure was used in ClickHouse without foreign key constraints due to its analytical
column-oriented nature. Dimension tables for PostgreSQL emphasize primary keys, while the
main fact table maintains referential integrity across foreign key constraints.

Listing 3.1 — PostgreSQL’s database implementation.

CREATE TABLE year (

Id_year SERIAL PRIMARY KEY,
year_value INT

)

CREATE TABLE region (

Id_region SERIAL PRIMARY KEY,
region_name VARCHAR (100)

)

CREATE TABLE state (

Id_state SERIAL PRIMARY KEY,
state_name VARCHAR (100)

)

CREATE TABLE capital (
Id_capital SERIAL PRIMARY KEY,
capital_name VARCHAR (100)

)

CREATE TABLE race (

Id_race SERIAL PRIMARY KEY,
race_name VARCHAR (100)
)

CREATE TABLE completion_rate (
Id SERIAL PRIMARY KEY,
rate NUMERIC (5,2),
Id_year INT REFERENCES year (Id_year),
Id_region INT REFERENCES region (Id_region),
Id_state INT REFERENCES state (Id_state),
Id_capital INT REFERENCES capital (Id_capital),
Id_race INT REFERENCES race (Id_race)

In ClickHouse, all tables were created using the MergeTree engine, which is the
primary storage engine for analytical workloads (Listing 3.2). Since ClickHouse does not enforce
primary or foreign key constraints, referential integrity is handled logically at query time rather
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than at the database level. This approach follows standard OLAP modeling practices, where
query performance is prioritized over strict relational constraints.

The MergeTree engine is responsible for organizing data on disk, managing operations
such as insertions, deletions, updates, and query execution. ClickHouse distinguishes between
two types of database engines: atomic database engines, used for default user databases, and
normal database engines, used for system databases.

The MergeTree engine also supports table replication. Replication applies to opera-
tions such as INSERT, ALTER TABLE, disk migrations, FETCH, OPTIMIZE, and TRUNCATE.
Operations such as CREATE, DROP, RENAME, DETACH, and ATTACH are not replicated.

The most significant structural difference between the two implementations is that
PostgreSQL ensures data consistency through relational constraints, while ClickHouse prioritizes
analytical performance through a denormalized, constraint-free storage structure.

Listing 3.2 — ClickHouse’s database implementation.

- R - Y R v B R

CREATE TABLE year (
Id_year UInt32,
year_value UIntlé6

) ENGINE = MergeTree ()

ORDER BY Id_year;

CREATE TABLE region (

Id_region UInt32,

Region_name String,

Value float 32 # completion rate
) ENGINE = MergeTree ()
ORDER BY id_region;

CREATE TABLE state (

Id_state UInt32,

state_name String,

Value float 32 # completion rate
) ENGINE = MergeTree ()
ORDER BY id_state;

CREATE TABLE capital (

Id_capital UInt32,

capital_name String,

Value float 32 # completion rate
) ENGINE = MergeTree ()
ORDER BY id_capital;

CREATE TABLE race (

Id_race UInt32,

race_name String,

Value float 32 # completion rate
) ENGINE = MergeTree ()
ORDER BY id_race;

3.3 BENCHMARK DESIGN

The experimental methodology was designed to compare analytical query performance across
PostgreSQL and ClickHouse using Trino as a federated query engine. Each query was executed
30 times to ensure statistical reliability (Mytkowicz et al., 2009). The following metrics were
collected for each configuration:
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* Minimum execution time (Min);
¢ Maximum execution time (Max);

* Average execution time and standard deviation (Avg & std);

The experiment was organized into two phases. The first was a warm-up phase, designed
to mitigate transient system effects such as cold cache states, query planning overhead, and Trino
internal optimizations, thereby reducing systematic bias in the measurements. The second was
the measurement phase, in which each query was executed 30 times using a high-resolution
timer, with full result retrieval enforced so that both query processing and data transfer costs
were captured in the measured duration.

Execution times were filtered using the Interquartile Range (IQR) method. Observations
outside the interval defined by the first and third quartiles extended by 1.5 times the IQR were
classified as outliers and excluded from the analysis. This procedure reduces the influence of
transient disturbances such as operating system scheduling and background processes, allowing
the analysis to focus on representative execution behavior. Equations 3.1 and 3.2 presents the
IQR calculous, where any run with execution time outside the interval given by Equation 3.2 is
classified as an outlier.

IQOR = Q3 - Qi 3.1

[01 - 1.5x IQR, Q3 + 1.5 x IOR] (3.2)

All benchmarking configurations, datasets, and results were produced in accordance
with reproducible research principles (Sandve et al., 2013). To avoid introducing measurement
bias, all scripts were implemented following strict overhead-minimization requirements, as
detailed in the subsections 3.3.1 and 3.3.2.

Table 3.1 summarizes the criterion and parameters adopted in the experiments.

Table 3.1 — Experiments criterion and parameters.

Criterion Parameter
Databases PostgreSQL / ClickHouse
Client language C / Python

Query engine Trino

Execution mode Sequential
Number of runs 30

Warm-up runs 2

Result size 10,000 rows
Storage model Row-oriented (PostgreSQL) / Column-oriented (ClickHouse)
Outlier detection IQR (1.5xIQR)
Statistical metrics Min, Max, Average, Stddev
Reproducibility High

Source: Elaborated by the author.
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3.3.1 Sequential Optimization Techniques in Python

Table 3.2 summarizes techniques to maximize performance of Python-based implementations.
This overview brings a methodological discussion linked to a theoretical benchmarking principles
and a concrete implementation choice.

A high precised time were ensured across the usage of time.perf_counter (),
which enhances a monotonic and fine measurement for benchmarking. To further measurement
stability improvements, warm up loops were also systematically applied. Warm-up phases display
a role of variability decreasing, caused by Python and cache effects, even if they permit an
additional introduction execution overhead and which can be ineffective for extremely short or
deterministic tasks (Mytkowicz et al., 2009; Georges et al., 2007).

On the other hand, memory optimizations were addressed via the preallocated lists usage,
to avoid a memory reallocations repetition and thus for an execution speed improvement. This
kind of strategy assumes prior knowledge of an expected result size and is therefore unsuitable for
workloads with unpredictable or irregular data growth. All print () statements were removed
from timed regions, as console I/O operations can significantly bias performance measurements
(Georges et al., 2007).

Table 3.2 — Python expressions avoidance of slowness in benchmark.

Expression Advantages Disadvantages Limitations

time.perf counter () High-precision None Provides only raw
timing time; no profiling
measurement details

Warm-up loops Produces more Adds extra Ineffective for
stable and execution time extremely fast or
consistent timing deterministic tasks
results

Preallocated lists Avoids repeated Requires knowing | Not suitable when
memory the final list size in | data grows
reallocation and advance unpredictably or
improves speed irregularly

Removing print () Eliminates slow No real-time Debugging
console I/0 execution feedback | becomes harder;
operations results only after

completion

Source: Elaborated by the author.

3.3.2 Sequential Optimization Techniques in C

The optimization strategies summarized in Table 3.3 ensures reliability and reproducibility per-
formance measurements. These techniques display a closely role of aligning the methodological
objectives to minimize an execution overhead while a semantic correctness and comparability
are preserved across the sequential execution mode. In sequential execution, compiler level
optimizations have a central role in decreasing inefficient level instructions. For example,
aggressive optimization flags, notably —03, enabled transformations such as loop unrolling,
instruction scheduling, and improved register allocation, which are well-established mechanisms
for exploiting modern processor pipelines and reducing execution latency (Muchnick, 1997).
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While such optimizations may bring an increasing compilation time and binary size, they are
appropriate in scripts control contexts where runtime performance is a primary key concern.

When code level is implemented, the usage of static inline is systematically
required to eliminate function call overhead by influencing the compiler to replace function
bodies directly at call sites. As a discussion point was brought in classical systems programming
literature, this kind of approach is a particular effective for small, frequently invoked routines, even
if excessive inlining may lead to code duplication and instruction cache pressure (Kernighan and
Ritchie, 1988). Complementarily, the qualifiers const and restrict were employed to convey
immutability and non aliasing guarantees to the compiler, allowing more aggressive memory
access optimizations and decreasing conservative assumptions that can prevent vectorization and
cache efficiency.

Memory initialization was managed explicitly with a usage of memset, since it ensures
deterministic program behavior by an avoidance of undefined initial states. Although this
introduces a fixed initialization cost, it is a necessary trade off in scripts experiments, where
uncontrolled memory contents can lead to variability and non reproducible results. Execution
time was measured using clock_gettime (CLOCK_MONOTONIC), ahigh-resolution POSIX
timing mechanism with monotonic behavior and minimal overhead (McCool et al., 2012).

Table 3.3 — C expressions avoidance of slowness in benchmark.

Expression Advantages Disadvantages Limitations
-02/-03 Improves execution | May increase Cannot compensate
speed through compilation time for inefficient or
compiler and binary size poorly designed
optimisations algorithms
static inline Eliminates function | Causes code Most effective only
call overhead duplication when for small,
overused frequently used
functions
const, restrict Allows stronger Incorrect use may | Limited when
compiler lead to undefined aliasing cannot be
optimisation by behaviour avoided
enforcing

immutability and
non-aliasing

memset Provides fast and Adds an additional | Operates only at
predictable initialisation cost byte level; not
memory suitable for
initialisation complex structures

clock_gettime Provides None (lightweight | Timing only; no
high-precision and portable) profiling
timing for information
benchmarks

Source: Elaborated by the author.
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3.3.3 Comparison Methodology via trino

As described in Section 2.2.4, Trino acts as a federated query engine that provides a unified SQL
interface over heterogeneous data sources. In this experiment, it was used as the intermediary
layer between the client scripts and both database systems, as illustrated in Figure 3.5.

Figure 3.5 — Trino connecting to PostgreSQL and ClickHouse for query testing.

[ PostgreSQL }—>{ Trino (Query Engine) <—{ ClickHouse }

Source: Elaborated by the author.

Trino works as a responsible intermediary query engine for shifting an identical SQL
workload to PostgreSQL and ClickHouse, thereby providing a consolidated execution interface
and making sure a consistent experimental conditions. By routing all queries via trino, variations
introduced by client side processing are reduced. Consequently, the observed performance
differences can mainly be affected to the behavior and suitability of the known database engines
rather than to differences in submitted query mechanisms.

All experiments were conducted using the same dataset, SQL queries, Trino configuration,
and hardware environment. Performance metrics, raw iteration results, and aggregated statistics
were automatically exported to CSV files for post-execution analysis. Table 3.4 presents a full
methodological summary, and Table 3.5 outlines the main limitations of this experimental design.

3.4 EXPERIMENTAL QUERIES

The experimental evaluation relies on two representative SQL queries executed on PostgreSQL
and ClickHouse, respectively. In both systems, the data used for the experiments were previously
inserted into tables created during the database preparation phase, as detailed on Section 3.2.3.

For PostgreSQL, the query mainly targets the table Completion_Rate, which mainly
stores educational completion indicators by state and year. This table is joined with the State
and Year dimension tables in order to retrieve human readable state names and temporal
information. A row limit of 100000 was applied, consistent with Apache Superset’s query
constraints:

SELECT
state.nom AS state_name,
completion_rate.taux AS completion_rate,
year.year AS year

FROM completion_rate

JOIN state ON completion_rate.id_etat = state.id

JOIN year ON completion_rate.id_year = year.id

ORDER BY state_name, year DESC

LIMIT 100000;



Table 3.4 — Methodological summary and reliability assessment of the Trino sequential benchmark.

Aspect

Description

Objective

Execution Mode

Benchmark Toolchain

Workload Characteris-
tics

Dataset Size
Warm-up Strategy
Measured Runs
Timing Method

System Metadata Log-
ging

Outlier Detection

Statistical Metrics

Significance Testing

Visualization Strategy

Result Reliability

Reproducibility

To perform a statistically rigorous and reproducible compar-
ison of query execution performance between PostgreSQL
and ClickHouse using Trino as a federated query engine in
sequential execution mode.

Sequential execution (one query at a time), ensuring isolation
of measurements and eliminating inter-query interference.

Python with Trino DBAPI, enabling precise control over
execution flow and uniform interaction with heterogeneous
databases.

Read-only analytical SQL queries including JOIN, ORDER
BY, and LIMIT clauses, representative of real-world analyti-
cal workloads in educational statistics.

Fixed at 1.500,000 rows for both databases, guaranteeing
workload equivalence and fairness of comparison.

Five warm-up executions per database to mitigate JVM
startup costs, query planning overhead, and cold cache effects.

Thirty independent measured executions per database, pro-
viding a sufficiently large sample size for statistical inference.

High-resolution timing using t ime . perf_counter (),
ensuring accurate millisecond-level measurements.

Automatic collection of hardware, operating system, CPU
cores, RAM size, Python version, execution mode, and times-
tamp to ensure experimental traceability and reproducibility.

Application of the Interquartile Range (IQR) method indepen-
dently for each database to identify and exclude anomalous
execution times caused by system noise.

Computation of mean, median, standard deviation, and 95%
confidence interval (CI95) using only inlier values.

Use of the Mann—Whitney U test, a non-parametric statistical
test suitable for non-normal distributions and small sample
sizes.

Combination of bar plots (average execution time) and scatter
plots (individual runs) to improve transparency and inter-
pretability of results.

High, due to controlled execution conditions, identical work-
loads, warm-up runs, outlier filtering, and formal statistical
validation.

Strong, as all parameters, metadata, raw iteration results, and
aggregated statistics are exported in CSV and JSON formats.

Source: Elaborated by the author.
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Table 3.5 — Limitations of the Trino sequential benchmark.

Limitation Explanation

Single-node Environment The benchmark was conducted on a single-node setup;
distributed or multi-node Trino cluster performance is
not evaluated.

Sequential Execution Only Parallel or concurrent query execution scenarios are
not considered in this experiment.

Fixed Dataset Size The results are specific to the tested dataset size
(1.500,000 rows) and may differ for larger-scale
datasets.

Cache Effects Although warm-up runs reduce cold-start effects, resid-

ual caching at the operating system, database, or Trino
level may still influence execution times.

Network Locality All components run on the same host, which does not
reflect real-world distributed or cloud-based deploy-
ments.

Limited Query Diversity Only one representative analytical query per database

was evaluated; different query patterns may yield dif-
ferent performance characteristics.

Source: Elaborated by the author.

For ClickHouse, the experimental query operates on the table
education_completion _by_state_2019_2023 , which contains the same
dataset reorganized according to a column-oriented schema. The query orders the data by state
identifier (uf) and year (ano) in descending order and applies the same row limit to ensure
comparability.

SELECT =

FROM education_completion_by_state_2019_2023
ORDER BY uf, ano DESC

LIMIT 100000;

It is important to note that the PostgreSQL table Completion_Rate and the Click-
House table education_completion_by_state_2019_2023 contain identical data
across both database systems. Each database stores exactly 1.5 millions rows corresponding to
the same educational completion records, ensuring that performance differences observed during
the experiments are attributable solely to the database engines and execution models rather than
to data discrepancies.

3.5 EXPERIMENTAL SETUP AND SYSTEM CONFIGURATION

All benchmarking experimental creation was conducted on a dedicated and controlled system
for ensuring an efficient reproducibility and an external minimization sources of performance
variability. Table 3.6 gives a summary of hardware and operating system specifications of the
experimental platform used throughout this study.
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Table 3.6 — System Specifications for Benchmarking Experiments.

Component Specification

Operating System  Linux Mint 22 (Ubuntu 24.04 base), 64-bit, Kernel 6.8.0-78-generic

CPU Intel Core i7-6700, 4 cores / 8 threads, 800 MHz base, 4.0 GHz turbo, L1: 256 KB, L2: 1 MB, L3: 8 MB, AVX/AVX2, Hyper-Threading
RAM 16 GiB total, ~8 GiB used during experiments, ~8 GiB available, 2 GiB swap (not used)

Storage 931 GiB HDD (WDI10EZEX-21WN4AO0), 74 GiB used, 795 GiB free; Root: ext4, EFI: vfat

Graphics Intel HD Graphics 530, driver i915, OpenGL 4.6, rendering via X11

Network Realtek Gigabit Ethernet (RTL8111/8168/8211/8411), full-duplex 1000 Mbps

System Load CPU cores at ~800 MHz (idle), RAM ~47% used, temperatures CPU: 30°C, PCH: 34.5°C

Source: Elaborated by the author.

The experimental environment consisted of a 64-bit Linux system (Linux Mint 22,
Ubuntu 24.04 LTS base) running kernel version 6.8.0-78-generic. Machine equipment is an
Intel Core 17-6700 processor featuring four physical cores and eight logical threads with Hyper
Threading enabled. The CPU supports modern instruction sets, AVX and AVX2 are included,
and it provides a multiple cache levels such as (L1, L2, and L3), and permitting an efficient
execution of sequential workloads mode. The system inclusively uses 16 GiB of main memory,
of which approximately 8 GiB were actively used during the experiments, enhancing that no
memory pressure or interchanging occurred. All experiments were conducted under stable and
low system load conditions, with minimal CPU usage and a controlled thermal state.

The storage subsystem composed of a 1 TB mechanical hard disk formatted with the ext4
(Fourth Extended File System). Sufficient free disk space took place throughout the experiments
to prevent I/O contention or storage influenced performance artifacts. Network connectivity was
provided via a dedicated Gigabit Ethernet interface, operating in full duplex mode, making sure a
reliability and consistent communication between client applications and database services.

The experimental software stack included PostgreSQL version 16.9 and ClickHouse
version 25.6.2.5. Two client programming languages were used: Python 3.11 and C compiled
with GCC 13. All implemented benchmarks were executed within a well controlled application
environment based on Apache Superset, running on an Ubuntu 22.04. This configuration has a
reflect strategy to a realistic analytical deployment scenario while maintaining strict control over
execution parameters.

Apache Superset was connected to both PostgreSQL and ClickHouse to enable data
exploration and comparative analytical analysis. SQLAIlchemy is an established connec-
tivity for PostgreSQL, and accessed through psycopg?2 driver, whereas ClickHouse uses
clickhouse-connect driver. Connectivity to both Databases were configured directly
within the Apache Superset interface by a strings connection definition and authentication
parameters.

In order to ensure methodological rigor, all experiments were brought under identical
conditions, using fixed workload definitions and consistent execution order. This kind of
controlled experimental structure enables to detect a fair and unbiased comparison across
database systems, programming languages, and execution mode, forming a robust foundation for
the performance analysis which are presented in the subsequent sections.
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4 EXPERIMENTAL RESULTS

This chapter presents the experimental results obtained from benchmarking PostgreSQL and
ClickHouse when accessed through Trino as a federated query engine. The main objective of
this benchmark is to evaluate execution performance of analytical SQL queries in both databases
with different programming languages implementations. This comparison aims to draw attention
to performance differences between a general purpose RDBMS and a column-oriented analytical
DBMS within a consolidated query engine.

The chapter is organized into two sections. Section 4.1 covers the Python-based
experiments, and Section 4.2 covers the C-based experiments. Each section reports execution
time measurements followed by hardware-level performance metrics collected using LIKWID
(Like I Knew What I'm Doing), an open-source tool for measuring hardware performance
counters on Linux systems.

LIKWID provides fine-grained insights into processor behavior, memory subsystem
utilization, cache activity, and floating-point throughput, enabling a more complete character-
ization of query execution beyond wall-clock time alone. In this work, four metric groups
were collected for each database system and client language: PERF, which captures processor
frequency scaling and instruction efficiency; MEM, which measures memory bandwidth and data
volume transferred through the memory subsystem; L3, which quantifies L3 cache bandwidth and
eviction activity; and FLOPS_DP, which evaluates double-precision floating-point performance
and vectorization efficiency. Together, these metrics allow for a deeper understanding of how the
architectural differences between PostgreSQL and ClickHouse manifest at the hardware level
under identical workload conditions.

4.1 PYTHON-BASED IMPLEMENTATIONS

4.1.1 Execution Time Results

For PostgreSQL, the IQR interval was defined between 129.807 ms and 203.184 ms, resulting in
the exclusion of 3 outliers. Inlier execution times ranged from 134.423 ms to 201.766 ms, with
an average of 165.423 ms, a median of 161.783 ms, a standard deviation of 15.692 ms, and a
95% confidence interval of + 5.919 ms.

For ClickHouse, the IQR interval ranged from 65.689 ms to 100.318 ms, with 1 outlier
excluded. Inlier execution times ranged from 76.347 ms to 97.875 ms, with an average of 83.902
ms, a median of 82.397 ms, a standard deviation of 5.894 ms, and a 95% confidence interval
of + 2.145 ms. ClickHouse also consistently achieved higher throughput in terms of processed
rows per second, reflecting its column-oriented storage model and optimization for analytical
workloads.

These results are summarized in Table 4.1, with per-run measurements presented in
Table 4.2. A graphical representation of the results are given in Figure 4.1.

ClickHouse achieved an average execution time of 83.902 ms, compared to 165.423
ms for PostgreSQL, representing a performance improvement of approximately 49%. Beyond
raw speed, ClickHouse demonstrated substantially lower variability, with a standard deviation
of 5.894 ms compared to 15.692 ms for PostgreSQL, indicating more stable and predictable
execution behavior. These differences are consistent with the architectural characteristics of each
system: ClickHouse’s column-oriented storage model is better suited for read-intensive analytical
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workloads, while PostgreSQL, optimized for transactional workloads, incurs higher latency and
greater variability under analytical query patterns.

Table 4.1 — Execution time statistics for Trino-Python.

Language Database Min_ms | Max_ms | Average_ms | Median_ms | Std_ms
Trino-Python | PostgreSQL 134.15 | 201.766 165.423 161.783 | 15.692
Trino-Python | ClickHouse 76.347 97.875 83.902 82.397 5.894

Source: Elaborated by the author.

Table 4.2 — Execution time per run for Trino-Python.

Language Run | PostgreSQL_ms | ClickHouse_ms | Outlier_Status
Trino-Python 1 247.603 89.705 | outlier
Trino-Python 2 204.531 86.094 | outlier
Trino-Python 3 201.766 84.663 | inlier
Trino-Python 4 234.357 79.066 | outlier
Trino-Python 5 199.221 83.826 | inlier
Trino-Python 6 176.137 88.709 | inlier
Trino-Python 7 173.347 82.135 | inlier
Trino-Python 8 165.002 79.204 | inlier
Trino-Python 9 154.878 80.921 | inlier
Trino-Python 10 154.732 87.745 | inlier
Trino-Python 11 171.374 94.543 | inlier
Trino-Python 12 151.957 95.386 | inlier
Trino-Python 13 161.783 77.896 | inlier
Trino-Python 14 173.064 77.361 | inlier
Trino-Python 15 157.716 88.549 | inlier
Trino-Python 16 155.24 82.397 | inlier
Trino-Python 17 167.033 97.875 | inlier
Trino-Python 18 159.636 91.986 | inlier
Trino-Python 19 161.021 78.035 | inlier
Trino-Python 20 174.26 85.341 | inlier
Trino-Python 21 183.069 85.251 | inlier
Trino-Python 22 152.091 82.171 | inlier
Trino-Python 23 134.15 79.561 | inlier
Trino-Python 24 158.32 77.733 | inlier
Trino-Python 25 168.298 76.347 | inlier
Trino-Python 26 157.193 77.936 | inlier
Trino-Python 27 158.895 83.423 | inlier
Trino-Python 28 137.74 78.544 | inlier
Trino-Python 29 188.357 80.745 | inlier
Trino-Python 30 170.15 65.677 | outlier

Source: Elaborated by the author.

4.1.2 Hardware Performance Results

Table 4.3 presents the hardware performance metrics obtained from the Python-based implemen-
tations for both database systems, using LIKWID.



Execution Time (ms)

Figure 4.1 — Execution time comparison per run (Python).

Trino Execution Time Comparison (Statistically Validated)

250

200

165.4

-
wu
o

-
=)
S

L

50

< 09@

e
02
\\ YX\O

Source: Elaborated by the author.

Legend
Individual runs
[ Average

Table 4.3 — Hardware Performance Metrics (LIKWID) with Python-based Implementations.

PERF PostgreSQL | ClickHouse
Clock [MHz] 1238.4911 3410.8011
CPI 1.3233 0.4315
Aperf/Mperf [%] 34.5683 76.7743
Pperf/Aperf [%] 95.7658 97.8935
MEM PostgreSQL | ClickHouse
Clock [MHz] 1284.1196 1270.8294
CPI 0.8951 0.9431
Memory load bandwidth [MBytes/s] 544.2473 567.2394
Memory load data volume [GBytes] 1.1015 1.1483
Memory evict bandwidth [MBytes/s] 247.8664 253.3588
Memory evict data volume [GBytes] 0.5016 0.5129
Memory bandwidth [MBytes/s] 792.1136 820.5982
Memory data volume [GBytes] 1.6031 1.6612
L3 CACHE PostgreSQL | ClickHouse
Clock [MHz] 1237.3475 1215.0251
CPI 1.1151 0.8622
L3 load bandwidth [MBytes/s] 94.4776 99.3228
L3 load data volume [GBytes] 0.1910 0.2003
L3 evict bandwidth [MBytes/s] 12.4773 27.9870
L3 evict data volume [GBytes] 0.0252 0.0564
L3 bandwidth [MBytes/s] 106.9549 127.3098
L3 data volume [GBytes] 0.2162 0.2567
FLOPS_DP PostgreSQL | ClickHouse
Clock [MHz] 1273.9745 3603.2387
CPI 0.5987 1.0002
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DP [MFLOP/s] 0.0064 0.0929
AVX DP [MFLOP/s] 1.979728e-06 | 1.975451e-06
Packed [MUOPS/s] 0.0005 0.0098
Scalar [MUOPS/s] 0.0054 0.0734
Vectorization ratio [Y] 8.1205 11.7574

Source: Elaborated by the author.

The PERF metrics reveal the most striking difference: ClickHouse operated at a
significantly higher processor frequency (approximately 3400 MHz) compared to PostgreSQL
(approximately 1250 MHz), and demonstrated higher dynamic frequency scaling as reflected in
the APERF/MPERF and PPERF/APEREF ratios. Overall, ClickHouse achieved better processor
utilization and execution efficiency than PostgreSQL under the same workload.

The MEM metrics show that ClickHouse achieved higher memory load bandwidth,
eviction bandwidth, and total memory bandwidth compared to PostgreSQL, indicating more
efficient utilization of the memory subsystem during large-scale analytical query processing.
PostgreSQL showed comparable processor frequency but lower memory throughput across most
metrics.

L3 and FLOPS_DP differences are more modest, though ClickHouse shows a higher
vectorization ratio (11.76% vs. 8.12%), indicating better use of SIMD instructions during
analytical query processing. ClickHouse therefore provided stronger floating-point computation
efficiency under this workload.

4.2 C-BASED IMPLEMENTATIONS

4.2.1 Execution Time Results

For PostgreSQL, the IQR interval was [884.90 ms, 1302.39 ms], with one outlier detected at run
23 (1884.94 ms). Inlier execution times ranged from 1002.84 ms to 1258.63 ms, with an average
of 1097.05 ms and a standard deviation of 60.51 ms.

For ClickHouse, the IQR interval was [896.00 ms, 1054.26 ms], with two outliers
detected: run 27 (1224.39 ms) and run 28 (1562.90 ms). Inlier execution times ranged from
921.79 ms to 1034.12 ms, with an average of 973.08 ms and a standard deviation of 28.37 ms.

These results are summarized in Table 4.4, with per-run measurements in Table 4.5.
ClickHouse demonstrated an average execution time approximately 11.3% lower than PostgreSQL.
PostgreSQL also exhibited significantly higher variability, with a standard deviation more than
twice that of ClickHouse, likely attributable to its row-oriented storage access pattern and more
complex join processing under analytical workloads. The detected outliers are attributed to
transient external factors such as operating system scheduling or background process interference,
and their identification reinforces the methodological transparency of the benchmark.

Figure 4.2 provides an illustration of a consistent gap between PostgreSQL and Click-
House execution times across the most runs. The figure shows the lower average (AVG) execution
time of ClickHouse and its variability decreasing. Overall, in this benchmark ClickHouse was
well suited for analytical query execution when accessed across Trino, both in terms of raw
performance and execution stability. PostgreSQL has shown a high latency and variability under
the same conditions. These findings are aligned to the architectural of the two systems and
confirm that, even in a federated query environment, the characteristics of the database engine
stay as a critical determinant of performance.



Table 4.4 — Execution time statistics for Trino-C.

Language | Database Min (ms) | Max (ms) | Average (ms) | StdDev (ms)
Trino-C PostgreSQL 1002.84 1258.63 1097.05 60.51
Trino-C ClickHouse 921.79 1034.12 973.08 28.37
Source: Elaborated by the author.
Table 4.5 — Execution time per run for Trino-C.

Language | Run | PostgreSQL (ms) | ClickHouse (ms) | Outliers_Status

Trino-C 1 1150.73 996.64 | Inlier

Trino-C 2 1258.63 964.98 | Inlier

Trino-C 3 1149.24 979.32 | Inlier

Trino-C 4 1109.89 964.52 | Inlier

Trino-C 5 1168.04 971.32 | Inlier

Trino-C 6 1138.84 945.15 | Inlier

Trino-C 7 1134.13 1031.97 | Inlier

Trino-C 8 1124.41 964.63 | Inlier

Trino-C 9 1115.04 994 91 | Inlier

Trino-C 10 1114.31 989.07 | Inlier

Trino-C 11 1145.83 967.32 | Inlier

Trino-C 12 1012.52 951.92 | Inlier

Trino-C 13 1094.28 1034.12 | Inlier

Trino-C 14 1136.93 959.06 | Inlier

Trino-C 15 1037.98 976.42 | Inlier

Trino-C 16 1084.86 992.13 | Inlier

Trino-C 17 1085.16 938.53 | Inlier

Trino-C 18 1042.99 946.61 | Inlier

Trino-C 19 1002.84 955.34 | Inlier

Trino-C 20 1041.46 981.88 | Inlier

Trino-C 21 1043.44 930.76 | Inlier

Trino-C 22 1090.46 950.58 | Inlier

Trino-C 23 1884.94 958.20 | PostgreSQL outlier

Trino-C 24 1051.34 966.28 | Inlier

Trino-C 25 1164.14 1001.44 | Inlier

Trino-C 26 1176.57 986.44 | Inlier

Trino-C 27 1032.30 1224.39 | ClickHouse outlier

Trino-C 28 1041.28 1562.90 | ClickHouse outlier

Trino-C 29 1028.06 921.79 | Inlier

Trino-C 30 1038.62 1025.03 | Inlier

Source: Elaborated by the author.
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Figure 4.2 — Execution time comparison per run (C).
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4.2.2 Hardware Performance Results

Table 4.6 presents the hardware performance metrics obtained from the C-based implementations
for both database systems.

Table 4.6 — Hardware Performance Metrics (LIKWID) with C-based Implementations.

PERF PostgreSQL | ClickHouse
Clock [MHz] 1506.9887 1202.0190
CPI 1.2380 0.9214
Aperf/Mperf [%] 39.1789 32.1131
Pperf/Aperf [%] 93.7227 95.8445
MEM PostgreSQL | ClickHouse
Clock [MHz] 2453.2437 1321.9994
CPI 0.9089 0.8897
Memory load bandwidth [MBytes/s] 243.4842 348.7145
Memory load data volume [GBytes] 0.4910 0.7049
Memory evict bandwidth [MBytes/s] 80.1118 113.6146
Memory evict data volume [GBytes] 0.1616 0.2297
Memory bandwidth [MBytes/s] 323.5961 462.3291
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Memory data volume [GBytes] 0.6526 0.9346
L3 CACHE PostgreSQL | ClickHouse
Clock [MHz] 3350.4041 1133.6796
CPI 0.9713 1.2093
L3 load bandwidth [MBytes/s] 1211.6749 128.2044
L3 load data volume [GBytes] 2.4444 0.2596
L3 evict bandwidth [MBytes/s] 222.0631 11.9873
L3 evict data volume [GBytes] 0.4480 0.0243
L3 bandwidth [MBytes/s] 1433.7380 140.1917
L3 data volume [GBytes] 2.8924 0.2838
FLOPS_DP PostgreSQL | ClickHouse
Clock [MHz] 3725.9303 1699.6262
CPI 0.8154 0.9738
DP [MFLOP/s] 0.0271 0.0011
AVX DP [MFLOP/s] 9.893136e-06 | 1.982540e-06
Packed [MUOPS/s] 0.0056 0.0001
Scalar [MUOPS/s] 0.0160 0.0009
Vectorization ratio [%] 25.8570 5.8677

Source: Elaborated by the author.

Considering PERF metrics, PostgreSQL reached a higher processor frequency (approxi-
mately 1500 MHz) compared to ClickHouse (approximately 1200 MHz), and achieved slightly
higher APERF/MPERF and PPERF/APEREF ratios, suggesting more aggressive frequency boost-
ing. Runtime values for both systems were relatively similar. Overall, PostgreSQL demonstrated
stronger processor frequency scaling in this metric group, while ClickHouse maintained stable
execution efficiency.

With relation to MEM metrics, although PostgreSQL operated at a higher clock frequency
(approximately 2450 MHz versus 1320 MHz for ClickHouse), ClickHouse achieved significantly
higher memory load bandwidth, eviction bandwidth, and total memory bandwidth, as well as
larger transferred data volumes. This indicates more intensive and efficient utilization of the
memory subsystem, consistent with ClickHouse’s design for large-scale analytical workloads.

The L3 CACHE metrics show that PostgreSQL operated at a substantially higher
clock frequency (approximately 3350 MHz versus 1150 MHz for ClickHouse) and generated
significantly higher L3 cache load bandwidth, eviction bandwidth, and total L3 bandwidth.
ClickHouse exhibited lower L3 cache traffic, suggesting a more cache-efficient memory access
pattern during analytical query execution.

Finally, PostgreSQL reached a significantly higher processor clock frequency (approxi-
mately 3700 MHz versus 1700 MHz for ClickHouse) and achieved a higher vectorization ratio,
indicating more intensive use of vectorized floating-point instructions. Runtime values remained
similar for both systems.

In summary, the C-based profiling reveals a more nuanced picture than the Python
results. While PostgreSQL demonstrated higher processor frequency scaling and stronger
floating-point performance in the PERF and FLOPS_DP metrics, ClickHouse showed superior
memory bandwidth utilization, with total memory bandwidth reaching 462.33 MB/s compared to
323.60 MB/s for PostgreSQL. Regarding 1.3 cache behavior, PostgreSQL generated substantially
higher L3 traffic (1433.74 MB/s) than ClickHouse (140.19 MB/s), indicating that ClickHouse
accessed data with lower L3 cache pressure under this workload. Overall, these findings confirm
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that, even in a federated query environment, the underlying database architecture remains the
dominant determinant of analytical query performance regardless of the client language used.
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5 CONCLUSION

The experimental evaluations in this research were aiming to analyze the suitable performance
differences between relational (PostrgreSQL) and column-oriented (ClickHouse) database
structures in analytical workloads process, as well as the differences between C and Python
programming languages on client side.

When queries were executed through Trino using Python scripts, PostgreSQL presented
an average execution time of approximately 165.43 ms, whereas ClickHouse achieved approxi-
mately 83.90 ms (see Table 4.1). This represents a performance improvement of nearly 49% in
favor of ClickHouse.

Similarly, experiments performance evaluation used by a C-based script with trino
interaction, show an average execution times of approximately 1097.05 ms for PostgreSQL and
973.05 ms for ClickHouse (see Table 4.4). ClickHouse consistently demonstrates a superior
performance in most analytical query scenarios, particularly when processing large datasets or
executing aggregation heavy queries. These performance can be an attribution to many structural
advantages:

* Column oriented storage permitting a selective attribute access;

A very efficient compression techniques decreasing disk I/O operations;

Vectorized query execution improving CPU usage;

A suitable optimized aggregation mechanisms for analytical workloads;

While PostgreSQL stays a highly reliable relational database system optimized for
transactional workloads, ClickHouse proves to be particularly efficient for large scale analytical
data processing.

Besides that, the integration with Trino demonstrates the feasibility of querying hetero-
geneous database systems through a consolidated SQL interface, and providing interoperability
between transactional and analytical systems.

5.1 IMPLICATIONS FOR EDUCATIONAL DATA SYSTEMS IN BURUNDI

The results of this research draw attention to the potential advantages of column-oriented database
for analytical workloads. In the specific context of Burundi, many public and private institutions
across different sectors still rely on traditional data management practices (row-oriented) which
has incapability of sufficient data storage.

In many cases, information is stored in row-oriented relational databases (e.g., Post-
greSQL, MySQL), paper-based registers, or isolated spreadsheet files such as Microsoft Excel.
This situation often leads to data fragmentation, limited interoperability between information
systems, and difficulties in performing large scale analytical processing.

In this context, the adoption of modern column-oriented database systems represents a
promising technological opportunity. Column-oriented architectures such as ClickHouse allows
efficient aggregation of large datasets, faster analytical query execution, and improves scalability
for data analysis tasks.
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Therefore, the integration of column-oriented databases within modern data architecture
can contribute to improving data accessibility, reducing fragmentation, and supporting evidence-
based decision making processes within public or private institutions in Burundi.

Drawing on lessons from developed countries, Burundi can progressively strengthen its
educational data ecosystem through a balanced strategy that combines technological modern-
ization, institutional governance reform, and human capacity development. In this context, the
adoption of open source technologies such as PostgreSQL for transactional data management,
ClickHouse for analytical processing, Trino for federated querying, and Apache Superset for data
visualization offers a financially sustainable pathway toward scalable, efficient, and accessible
educational data analysis. Such an approach would enhance transparency, improve policy
evaluation, and support data-driven decision making in the Burundian education sector while
remaining aligned with local resource constraints and institutional realities.

5.2 LIMITATIONS

During the experiments, several limitations was taken in consideration when interpreting the
findings results. First, the statistical analysis brought in this study mainly relies on descriptive
statistical indicators such as minimum, maximum, average, and standard deviation values.
Although these indicators enhance insights into performance variability, the study does not yet
include all inferential statistical analyses capable of confirming the statistical significance of
the observed differences. Besides that, increasing the number of runs beyond 30 would have
provided a larger sample size, enabling more robust statistical inference and a more adequate
characterization of the performance distributions observed for each database and client language
combination.

Second, the benchmarking methodology has a primary focus on query execution time
and does not incorporate additional performance metrics, especially network latency.

Another limitation concerns the dataset used during the experiments. The dataset
consists of educational indicators covering the period from 2019 to 2023, especially in basic
education to the completion rate of students, which cover only 1,500,000 rows. Furthermore, the
experiments evaluation performance were conducted on a single machine, which may influence
performance observations for systems designed to scale across distributed infrastructures.

5.3 FUTURE RESEARCH PERSPECTIVES

Future research can extend the present work in several directions. First, future studies should
incorporate advanced statistical validation techniques such as Student’s t-test, analysis of variance
(ANOVA), and confidence interval estimation to verify the statistical significance of the observed
performance differences.

Second, future experiments should evaluate larger different datasets and more complex
analytical workloads in order to better reflect real world data analytics environments in terms of
cloud database deployment and handling an evaluation performance to different computers.

Third, future experiments should also use other updated programming languages.
Moreover, Trino as an engine should be replaced by other engines and databases also should use
their own engines. Finally, evaluating performance to the proposed architecture on distributed
infrastructures or cloud based platforms would enhance deeper insights into its scalability and
operational performance.
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APPENDIX A - INSTALLATION PROCEDURES ON LINUX

This appendix presents an installation guide for the tools used in this dissertation. First, for
PostgreSQL installation, the following steps were taken:

$ sudo apt install postgresql postgresgl-contrib -y
$ sudo systemctl start postgresgl
$ sudo systemctl enable postgresqgl

Second, for ClickHouse installation:

$ sudo apt install apt-transport-https ca-certificates dirmngr -y

$ sudo mkdir -p /etc/apt/keyrings

$ curl —-fsSL https://packages.clickhouse.com/CLICKHOUSE-KEY.GPG | sudo tee
/etc/apt/keyrings/clickhouse.gpg

$ echo "deb [signed-by=/etc/apt/keyrings/clickhouse.gpg] https://packages.
clickhouse.com/deb stable main" | sudo tee /etc/apt/sources.list.d/clickho
use.list

$ sudo apt update

$ sudo apt install clickhouse-server clickhouse-client -y

During installation, Apache Superset was deployed by using Python virtual environments
for ensuring dependency isolation, version control, and well experimental reproducibility. The
installation process steps have followed an official best practices and well adapted to the Linux
Mint 22 environment used in this study. Before installing Apache Superset, the following system
and software requirements were implemented for ensuring a proper execution and stability:

* A linux Mint 22 operating system;

Python version 3.9 or higher;

pip Python package manager;

A support Python virtual environment (python3-venv);

Node.js and npm for compiling frontend asset;

An architectural relational database system for Apache Superset metadata storage;
* User account with sudo privileges;

A Python virtual environment was created by isolating Apache Superset dependencies
from the system environment:

$ sudo apt install python3-venv -y
$ python3 -m venv superset-env
$ source superset-env/bin/activate

Once the virtual environment undegone an activation, Apache Superset was installed
using the Python package manager:

$ pip install --upgrade pip
$ pip install apache-superset

After installation, the Apache Superset metadata database was implemented, and an
administrative user was created.
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superset db upgrade
export FLASK_APP=superset
superset fab create-admin

Uy Ur U U

AW -

superset init

Finally, the Apache Superset web server was initialized, making the platform accessible
through a web browser:

| $ superset run -p 8088 —--with-threads —--reload —--debugger

Apache  Superset was accessed through the local address port
http://localhost:8088. This installation was enabled interactive data explo-
ration and dashboard creation while maintaining a suitable reproducibility across experimental
runs.

Trino can be installed on Linux Mint by downloading the official server and command
line interface (CLI) packages from the Trino open source repository. Trino requires a Java
Development Kit (JDK) version 17 or later. Accordingly, OpenJDK 17 was installed using the
system package manager:

| $ sudo apt install openjdk-17-7jdk -y

After installation, the Java environment was verified to confirm correct setup:

| $ java -version

Next, the Trino server package was downloaded from the official Maven repository and
extracted into a dedicated directory:

$ wget https://repol.maven.org/maven2/io/trino/trino-server/423/trino-ser
ver—423.tar.gz

$ tar —-xvzf trino-server-423.tar.gz

$ mv trino-server-423 trino
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A minimal configuration was then created to enable Trino to operate in standalone mode.
The configuration directory was initialized and the main configuration file was created as follows:

| $ mkdir -p trino/etc
2l $ nano trino/etc/config.properties

The following configuration parameters were defined:

i| coordinator=true

2| node-scheduler.include-coordinator=true
http-server.http.port=8080
query.max-memory=1GB
query.max-memory-per—-node=512MB
discovery-server.enabled=true
discovery.uri=http://localhost:8080

w
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Additional configuration files were required to define node identity and logging behavior.
First, the node configuration file was created:

| $ nano trino/etc/node.properties

| node.environment=production
2| node.id=trino-node-1
3 node.data-dir=/tmp/trino

Next, the logging configuration file was defined:
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$ nano trino/etc/log.properties

io.trino=INFO

script:

After completing the configuration, the Trino server was started using the launcher

$ cd trino
$ bin/launcher start

To interact with the running server, the Trino command-line interface (CLI) was

downloaded and installed:

$ wget https://repol.maven.org/maven2/io/trino/trino-cli/423/trino-cli-42
3-executable. jar

$ mv trino-cli-423-executable.jar trino

$ chmod +x trino

$ sudo mv trino /usr/local/bin/

Finally, the connection between the CLI and the Trino server was validated using the

following command:

S trino —--server localhost:8080

To validate a Trino installation, users connect to the coordinator using the CLI and run

the following commands:

The command SHOW CATALOGS; lists all available catalogs, such as postgresql,
clickhouse, and system.

Navigation within catalogs and schemas is supported through commands such as SHOW
SCHEMAS;, SHOW TABLES;, and USE catalog.schema;, which allow users
to efficiently explore available data sources and set the active query context.

Trino also supports SQLAlchemy Uniform Resource Identifiers (URIs), for example
trino://user:password@host:port/catalog, enabling seamless integra-
tion with visualization tools such as Apache Superset .

The command DESCRIBE table_name; provides detailed information about table
structures, including column names, data types, and metadata.

Simple validation queries, such as SELECT % FROM table_name LIMIT
100, 000;, are commonly used to verify connectivity and perform preliminary perfor-
mance checks, as recommended for exploratory data validation.




