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Abstract

Traditional static analysis tools struggle to detect SQL antipatterns in dynamically generated

queries built with domain-specific languages like the Java library jOOQ. To address this

limitation, this thesis develops an LLM-powered static analysis tool capable of identifying

SQL antipatterns directly from jOOQ database access code.

The methodology involved creating a human-annotated dataset of 1562 antipattern oc-

currences from 61 open-source projects. An evaluation of four contemporary LLMs and

various prompting strategies revealed that the Claude Opus 4.5 model using a Zero-Shot

prompt achieved near-optimal detection performance at a low runtime, whereas complex

reasoning prompts proved costly.

Deploying the finalised tool across 602 projects flagged 15 931 occurrences of seven

distinct antipatterns. Results indicated that antipatterns frequently co-occur, with “Implicit

Columns” and “ID Required” present in nearly 90 % of the projects. Furthermore, the

analysis revealed that the vast majority of the detected query antipattern occurrences were

associated with a few specific jOOQ convenience methods, such as selectFrom and

Field.like. Ultimately, this research demonstrates the potential of LLMs to address

the parsing limitations of dynamic database frameworks, offering actionable insights for

improving software quality and API usage patterns.

The finalised tool is available in the following GitHub repository: https://github.com/

kristoisberg/jooq-antipattern-detector. All other artefacts produced as parts of the thesis

are available in the following GitHub repository: https://github.com/kristoisberg/masters-

thesis.

The thesis is in English and contains 85 pages of text, 9 chapters, 48 figures, 73 tables.
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Annotatsioon

SQL antimustrite tuvastamine jOOQ andmebaasikoodis suurte keele-
mudelite abil

Andmebaasipäringute optimeerimine ja andmetervikluse tagamine on tarkvaraarenduses

kriitilise tähtsusega. Tarkvaraprojektides esinevad sageli korduvad disaini- ja päringuvead,

mida nimetatakse SQL antimustriteks. Need ebaoptimaalsed lahendused halvendavad

märkimisväärselt süsteemide jõudlust, hooldatavust ja töökindlust. Kuigi traditsiooniliste,

staatiliste SQL-lausete kontrollimiseks on loodud mitmeid analüüsitööriistu, puudub

praeguseni piisav tugi dünaamiliselt genereeritavatele lausetele. Traditsiooniline staatiline

koodianalüüs ei suuda tõhusalt analüüsida koodi, mis kasutab andmebaasiga suhtlemiseks

valdkonnapõhiseid keeli (DSL), näiteks populaarset Java teeki jOOQ.

Käesoleva lõputöö peamine eesmärk on arendada välja suurte keelemudelite (LLM) baasil

töötav staatilise analüüsi tööriist, mis suudab tuvastada SQL antimustreid Java lähtekoodist,

kus kasutatakse jOOQ teeki. Lisaks on töö teiseseks eesmärgiks analüüsida nende

antimustrite levikut ja koosesinemist avatud lähtekoodiga tarkvaraprojektides ning selgitada

välja, milliste jOOQ rakendusliidese (API) meetoditega antimustrite esinemisjuhud kõige

sagedamini seostuvad.

Lõputöö metoodika ja teostus jagunesid neljaks põhietapiks. Esimeses etapis viidi läbi

andmekaeve GitHubi keskkonnas, kust koguti üle 600 avatud lähtekoodiga Java projekti.

Valimist eraldati 61 esinduslikku projekti, millest otsiti ja märgiti käsitsi üles 1562 SQL

antimustri esinemisjuhtu. Loodud andmestiku toel hinnati teises etapis nelja 2026. aasta

alguse seisuga kaasaegse suure keelemudeli (OpenAI GPT-5.2, Z.ai GLM-5, Anthropic

Claude Opus 4.5 ja OpenAI gpt-oss-120B) ning nelja erineva viipamisstrateegia (Zero-Shot,

Few-Shot, Chain-of-Thought, Tree-of-Thought) suutlikkust probleeme tuvastada.

Tulemused näitasid, et suured keelemudelid suudavad dünaamiliselt genereeritud andme-

baasikoodist antimustreid leida suure täpsusega. Üllatuslikult ei parandanud keerukamad ja
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arutlemist nõudvad viibad (Chain-of-Thought, Tree-of-Thought) järjekindlalt tuvastamise

täpsust, kuid suurendasid märkimisväärselt analüüsi kulusid ja käitusaega. Seetõttu valiti

lõpliku tuvastustööriista aluseks Zero-Shot viipamisstrateegia ning Claude Opus 4.5 mudel

(ilma täiendava arutlusprotsessita), mis saavutas mitmeklassilise ja mitme esinemisjuhuga

asukoha tuvastamise ülesandes kõrge F1-skoori (vähemalt 0,88).

Kolmandas etapis arendati välja iseseisev käsureatööriist, mis loeb sisendiks Java lähtekoodi

ning suhtleb keelemudeliga antimustrite esinemisjuhtude tuvastamiseks. Neljandas etapis

rakendati loodud tööriista algselt kogutud 602 projekti peal, et uurida antimustrite esine-

missagedust. Empiiriline analüüs märgistas nendes projektides seitsme antimustri kohta

kokku 15 931 esinemisjuhtu. Tulemused kinnitasid, et antimustrid on avatud lähtekoodiga

projektides laialt levinud. Ülekaalukalt kõige sagedasemad antimustrid olid "Ilmutamata

veerud" (Implicit Columns) ja "ID, palun" (ID Required), mis eksisteerisid vastavalt 89 %

ja 87 % analüüsitud projektides.

Lisaks näitas analüüs sagedast koosesinemist spetsiifiliste jOOQ abstraktsioonimeetodite

ja antimustrite esinemisjuhtude vahel. Lihtsustatud meetodite, nagu selectFrom ja

Field.like (koos metamärkidega), kasutamine esines sageli samades koodilõikudes

vastavate antimustritega. See viitab võimalikule korrelatsioonile nende meetodite kasutuse

ja teatud vigade sageduse vahel.

Lõputöö demonstreerib suurte keelemudelite võimet analüüsida dünaamilisi andmebaasir-

aamistikke kasutavate projektide valdkonnapõhisel keelel põhinevat lähtekoodi. Lõputöö

pakub väärtuslikku teavet nii tarkvaraarendajatele koodikvaliteedi parandamiseks kui ka

teekide hooldajatele dokumentatsiooni ja võimalike rakendusliidese-disaini muudatuste

kaalumiseks.

Lõputöö raames välja arendatud tööriist on saadaval GitHubi hoidlas: https://github.com/

kristoisberg/jooq-antipattern-detector. Kõik muud lõputöö raames valminud artefaktid on

saadaval GitHubi hoidlas: https://github.com/kristoisberg/masters-thesis.

Lõputöö on kirjutatud inglise keeles ning sisaldab teksti 85 leheküljel, 9 peatükki, 48

joonist, 73 tabelit.
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List of abbreviations and terms

AAII Artificial Analysis Intelligence Index. An index used to benchmark

and compare the performance and capabilities of different artificial

intelligence models.

API Application Programming Interface. A software intermediary

that allows different applications or services to communicate and

exchange data with one another.

AST Abstract Syntax Tree. A tree representation of the structural logic

of source code, commonly used in static analysis to examine how

a program is built.

BLOB Binary Large Object. A database data type used to store massive

amounts of unstructured data, such as images, audio files, or

videos.

CI Continuous Integration. A software development practice where

developers frequently and automatically merge their code changes

into a central repository.

CLI Command-Line Interface. A text-based interface used to interact

with software by typing commands into a terminal.

Code Smell A symptom in the source code of a computer program that possibly

indicates a deeper problem or weakness in design, often used

interchangeably with antipatterns.

Cohen’s Kappa A statistical measure used to calculate inter-rater (or intra-rater)

agreement for categorical items, accounting for agreement occur-

ring by chance.

Context Rot A phenomenon where a Large Language Model’s performance

consistently degrades and becomes increasingly unreliable as the

input context length grows.

CoT Chain-of-Thought. A prompting strategy for Large Language

Models that guides the AI to articulate its reasoning step-by-step

before providing a final answer.

CSV Comma-Separated Values. A simple text file format widely used

to store and transfer tabular data.
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CV Coefficient of Variation. A statistical measure that represents the

ratio of the standard deviation to the mean, used to show the extent

of variability in relation to the average of the population.

DAO Data Access Object. A software design pattern that isolates the

database interaction logic from the rest of the application’s business

logic.

DBMS Database Management System. A software application used to

create, manage, and securely handle data within databases.

DDL Data Definition Language. A subset of SQL used to create, modify,

and define database objects like tables.

DML Data Manipulation Language. A subset of SQL used for adding,

updating, and deleting data within a database.

DQL Data Query Language. A subset of SQL used for searching and

retrieving specific data from a database.

DSL Domain-Specific Language. A specialised programming language

created for a specific problem or context (e.g., jOOQ’s built-in

query language).

Enum Enumeration. A data type consisting of a set of named values,

used in programming and database schemas to restrict a variable

or column to predefined choices.

F1-Score A machine learning evaluation metric that measures a model’s

performance by balancing both precision and recall into a single

harmonic mean score.

Few-Shot

Prompting

A technique where a Large Language Model is provided with a few

examples of the desired task in the prompt to improve its output

accuracy.

FN False Negative. A detection error where an analysis tool fails to

identify a flaw that actually exists in the code.

FP False Positive. A detection error where an analysis tool mistakenly

identifies a correct piece of code as flawed.

GUI Graphical User Interface. A user interface that allows interaction

with a program through visual elements like icons, buttons, and

windows rather than text commands.

I/O Input/Output. In the context of processing with language models, it

refers to the data sent to the model (input tokens) and the response

generated by it (output tokens).

IDE Integrated Development Environment. A software application that

provides developers with a comprehensive set of tools for writing,

editing, debugging, and testing code.
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IoU Intersection over Union. An evaluation metric that measures the

overlap between a predicted location and the actual target location,

used in this thesis to assess antipattern localisation accuracy.

Jaccard Index A statistical measure used to evaluate the similarity and diversity

of sample sets. Applied in this thesis to measure the co-occurrence

of different antipatterns.

JDBC Java Database Connectivity. A standard Java API that enables Java

applications to connect to and interact with relational databases.

jOOQ jOOQ Object Oriented Querying. A Java library that allows

developers to build and execute SQL queries in a type-safe, object-

oriented manner.

JSON JavaScript Object Notation. A widely used, lightweight data-

interchange format that is easy for humans to read and for machines

to parse.

JVM Java Virtual Machine. System software that provides a runtime

environment enabling computers to run compiled Java programs

regardless of the underlying hardware.

LLM Large Language Model. An artificial intelligence model trained

on vast amounts of data, capable of understanding, analysing, and

generating natural human language as well as programming code.

MENTOR Measure, Explain, Nominate, Test, Optimize, Rebuild. A sys-

tematic framework and methodology used for evaluating and

optimising the performance of database indexes.

ML Machine Learning. A branch of artificial intelligence that enables

systems to learn from past data and improve their performance on

a specific task without being explicitly programmed.

Monte Carlo

Method

A broad class of computational algorithms that rely on repeated

random sampling to obtain numerical results, used in this thesis

for balancing dataset splits.

NMS Non-Maximum Suppression. An algorithm used to filter out

overlapping predictions by selecting the most probable bounding

box or code span and discarding the rest.

ORM Object-Relational Mapping. A programming technique that links

relational database tables to application objects, hiding direct SQL

code generation from the developer.

PL/SQL Procedural Language/Structured Query Language. Oracle Corpo-

ration’s procedural extension for SQL and the relational database.

POJO Plain Old Java Object. An ordinary Java object that is not bound

by any special restrictions or framework-specific rules.
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Prompt

Engineering

The practice of designing and refining input instructions (prompts)

to effectively guide Large Language Models toward generating

specific, high-quality outputs.

Regex Regular Expression. A sequence of characters that specifies

a search pattern, often used for advanced text searching and

manipulation.

SDK Software Development Kit. A collection of software tools and

libraries provided by hardware or software developers to build

applications for specific platforms.

SotA State-of-the-Art. The most recent, advanced, and highest-

performing iteration of a technology or artificial intelligence

model currently available.

Spearman’s

Correlation

A statistical measure used to evaluate the strength and direction of

the relationship between the rankings of two variables, showing if

they tend to increase together.

SQL Structured Query Language. A standardised programming lan-

guage used for managing relational databases and performing

various operations on the data within them.

SQL Antipattern A frequently occurring, seemingly effective but ultimately counter-

productive approach to database design or querying that degrades

system performance, maintainability, or data integrity in the long

run.

TN True Negative. A correct identification where the analysis tool

accurately determines that a specific code segment contains no

flaws.

ToT Tree-of-Thought. A prompting strategy for Large Language

Models where the model explores and evaluates multiple reasoning

branches simultaneously, simulating a discussion among subject-

matter experts.

TP True Positive. A correct identification where the analysis tool

successfully finds and marks an actually existing flaw in the code.

VAT Value Added Tax. A consumption tax placed on a product or

service, relevant in this thesis for accurate API cost calculations.

Zero-Shot

Prompting

A technique where a Large Language Model is given a direct query

or task instruction without any prior examples of correct answers,

relying entirely on its pre-trained knowledge.
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1 Introduction

SQL (Structured Query Language) is one of the most popular programming languages

in the world [1], with the four most popular database management systems as of March

2026 all using SQL as their main language of interaction [1], [2]. At the same time, most

developers using SQL have not been taught the best and worst practices of the language.

They “are self-taught in SQL, learning it out of self-defence when they find themselves

working on a project that requires it” [3, p. xvi].

This disparity—wide adoption with many users, but sparse systematic knowledge among

them—results in a situation where the same mistakes are being repeated across the industry.

When developers encounter problems with their database designs and queries, they often

independently create solutions with similar flaws. These recurring missteps are known as

SQL antipatterns—“the most frequent missteps software developers naively make while

using SQL” [3, p. 1].

Previous research has shown that SQL antipatterns are prevalent among both industrial

and open-source systems [4], [5, pp. 59–60], and they have quantifiable negative effects

on the affected systems [6], [7, pp. 2334–2335]. Research has also shown that antipattern

occurrences tend to remain unfixed for long periods of time and are likely never to be fixed

at all [4]. The researchers suggested that this may be due either to developers’ lack of

awareness of SQL antipatterns and their disadvantages, or to the comparatively low priority

assigned to fixing such antipatterns [4].

Both of these reasons could be attributed to the lack of SQL antipattern detection tools,

which could bring attention to the occurrences of SQL antipatterns upon their introduction.

As it stands right now, the tooling support for detecting SQL antipatterns in source code

is scarce: while relevant tools exist for detecting antipatterns in plain SQL statements

and some popular ORM (Object-Relational Mapping) frameworks, other frameworks and

libraries lack support. One such library is jOOQ Object Oriented Querying (jOOQ)—a
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popular Java library for building and executing SQL queries in a type-safe manner.

1.1 Research Objectives

The primary goal of this research is the development of a static analysis tool based on

LLMs (Large Language Models), capable of detecting SQL antipatterns in jOOQ-based

database access code.

We focus our research on LLM-based static analysis, rather than alternatives, because of

their advanced understanding of code semantics and context, which is highly desirable in

these circumstances. Some SQL antipatterns are highly context-specific, and detecting

them in jOOQ-based code may require analysing multiple files and understanding the

relationships between them. The jOOQ API (Application Programming Interface) is also

extensive, and its dynamic nature allows SQL antipatterns to occur in many different forms,

making comprehensive coverage through traditional static analysis very difficult.

Our secondary goal is to investigate the prevalence of SQL antipatterns in jOOQ-based

code, as well as the ways in which these antipatterns manifest themselves. These results

may help developers who use jOOQ become more aware of API usages that are strongly

associated with antipatterns, thereby aiding them in avoiding the pitfalls of database

programming [3]. Furthermore, these results can be used as input by the jOOQ maintainers

when considering whether such APIs need clearer documentation or design changes in

future versions.

We aim to answer the following research questions:

■ RQ1: How do different LLMs compare in identifying SQL antipatterns in Java code

that uses jOOQ for database access?

■ RQ2: How do different prompting strategies affect the detection performance of

LLMs in identifying SQL antipatterns in Java code that uses jOOQ for database

access?

■ RQ3: How accurately can the developed LLM-based tool detect SQL antipatterns in

Java code that uses jOOQ for database access?

■ RQ4: What patterns can be observed in the occurrence of SQL antipatterns in Java

code that uses jOOQ for database access?

19



■ RQ5: Which jOOQ API methods are most frequently associated with query

antipattern occurrences?

1.2 Methodology and Contributions

This research follows the principles of Design Science Research [8]. The primary design

artefact produced by this research is an LLM-based SQL antipattern detection tool for

jOOQ.

To establish this tool’s foundation, we compared multiple state-of-the-art LLMs and prompt

engineering strategies (Zero-Shot, Few-Shot, Chain-of-Thought, Tree-of-Thought) using

both quantitative metrics and qualitative inspection.

Additionally, we produced a human-labelled dataset of SQL antipattern occurrences in

Java code, which uses jOOQ for database access, curated through repository mining

and stratified random sampling. Moreover, we performed a large-scale analysis of the

prevalence of SQL antipatterns in 602 existing Java software projects that use jOOQ.

To the best of our knowledge, this study is the first to evaluate LLM-based antipattern

detection as a localisation task rather than a pure classification task. Instead of merely

determining whether a file contains an antipattern, the proposed tool identifies the precise

boundaries of antipattern occurrences.

Artificial intelligence-based tools were used as supportive aids in the research process

and in the preparation of this thesis. The following tools were used to draft the following

sections:

■ Google Gemini 3.1 Pro Preview [9]: Abstracts, List of abbreviations and terms,

Thesis Outline (Section 1.3), Reflection on Work Process (Section 8.2), Limitations

(Section 8.3), Future Work (Section 8.4), Summary (Chapter 9).

■ Google NotebookLM [10]: Logical Database Design Antipatterns (Section 2.1.1),

Physical Database Design Antipatterns (Section 2.1.2), Query Antipatterns (Sec-

tion 2.1.3), Application Development Antipatterns (Section 2.1.4).

■ OpenAI Codex [11]: Development of Antipattern Detector (Chapter 5, introductory

paragraphs), Workflow (Section 5.2).
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OpenAI Codex was further used to develop the SQL antipattern detection tool (development

workflow is elaborated on in Chapter 5), and to produce Figure 10. Gemini 3.1 Pro Preview

and Gemini 3 Flash Preview [12] were further used extensively to improve wording in

other sections.

We confirm that artificial intelligence was used strictly as a supportive aid. All generated

content has been critically analysed, fact-checked, and edited by us to the extent necessary

to ensure compliance with academic requirements. We take full responsibility for the

accuracy, originality, and integrity of the work’s content.

Unless otherwise specified, all data processing steps, experiments, and evaluations described

in this thesis were implemented and executed within Jupyter [13] notebooks.

To ensure repeatability and facilitate future research, we open-sourced all artefacts pro-

duced as parts of the thesis. The finalised tool is available in the GitHub repository:

https://github.com/kristoisberg/jooq-antipattern-detector. All other artefacts, including

experimental scripts and their results, evaluated prompts, and source code for this document,

are available in the following GitHub repository: https://github.com/kristoisberg/masters-

thesis.

1.3 Thesis Outline

Chapter 2 provides the theoretical background on SQL antipatterns and the jOOQ library.

We also review existing static analysis approaches and prompt engineering techniques used

with large language models.

Chapter 3 details the methodology for creating a human-annotated ground truth dataset,

encompassing the repository mining process, project sampling, and manual annotation

guidelines.

In Chapter 4, we conduct an empirical evaluation of various prompting strategies, detailing

how we measured the ability of several models to identify flawed database access code.

In Chapter 5, we provide an overview of the developed command-line application, covering

the architectural design, internal workflow, and implementation technologies of the detection

tool.
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Chapter 6 outlines a framework for a large-scale project analysis, where we describe the

statistical methods utilised to examine the prevalence and co-occurrence of antipatterns

across hundreds of open-source repositories.

We present the answers to the formulated research questions in Chapter 7, highlighting

the comparative performance of the evaluated models, the detection performance of our

finalised tool, and the most common database missteps found in practice.

We then critically interpret these findings in Chapter 8, where we analyse the root

causes of detection errors, compare our results with existing literature, and reflect on the

methodology’s limitations.
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2 Background and Related Work

This chapter establishes the theoretical foundation for the thesis by introducing key concepts

and reviewing related literature. We begin by detailing the history and impact of SQL

antipatterns, followed by an overview of the jOOQ database access library. We then explore

existing static analysis methods for code smell detection and discuss prompt engineering

strategies used with large language models. Finally, we bridge these domains by reviewing

previous efforts in automated SQL antipattern detection.

2.1 SQL Antipatterns

SQL antipatterns refer to frequently occurring counterproductive solutions in database

schema design or query construction that initially appear effective, but ultimately result

in poor performance, maintainability challenges, or compromised data integrity [3, p. 1],

[14, p. 4]. The term “antipattern” was coined by Koenig in 1995 [15, p. 46] and is generally

used to describe common solutions to recurring problems that prove to be ineffective and

have negative consequences in the long term [3, p. 1], [16, p. 4], [17, p. 6]. A related term,

“code smell”, was coined by Beck and Fowler in 1999 [18, Ch. 3]. The term is used to

describe the characteristics of source code that hint at the use of bad practices in the code

[18, pp. 71–72].

SQL antipatterns were first described by Karwin in a book originally published in 2010 [3],

which details “the most frequent missteps software developers naively make while using

SQL” [3, p. 1]. Since the publication of the book by Karwin, researchers and industry

professionals alike have produced numerous other collections and taxonomies of SQL

antipatterns, both general [14], [19], [20], [21] and database vendor specific [22]. SQL

antipatterns can have a negative impact on various characteristics of affected systems, such

as performance, maintainability, portability, and data integrity [14, p. 4].

Although more extensive catalogues of SQL antipatterns have been produced, we limited
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our efforts to the antipatterns defined by Karwin [3], which is considered a seminal work

on the subject [4, p. 336] and have the most data available for comparison. Karwin is also

working on a follow-up to his original book [23], containing 13 additional SQL antipatterns,

expected to be published in June 2026 [24].

As an example, the “Implicit Columns” antipattern [3, Ch. 19] occurs when a SELECT

statement does not specify the columns that are necessary to be selected, but rather selects

them all using the * wildcard. This degrades the maintainability of the affected system,

since several database table operations (such as dropping a column) can change the ordinal

positions of columns in the table. If code dependent on previously correct ordinal positions

selects its data using the * wildcard after the table layout has changed, it will receive

columns in altered ordinal positions, resulting in faulty behaviour.

Furthermore, the antipattern hinders performance, since unneeded columns must

be processed by the database management system (DBMS), and the correspond-

ing data must be transferred to the affected system. This claim was confirmed by

Lyu, Alotaibi, and Halfond [6, p. 60], who studied the performance impact of SQL an-

tipatterns in the context of local SQLite databases of Android applications. They found

that on average, fixing the antipattern reduced the runtime of affected queries by 27 %, and

their energy consumption by 29 %.

The antipattern can also occur in the form of an INSERT statement, which does not specify

the list of columns to which inserted values should be assigned, but rather depends on the

implicit column order of the table [3, Ch. 19]. An example of an SQL query containing

the “Implicit Columns” antipattern is shown in Figure 1.

SELECT ∗ FROM employee WHERE name = ’ Jack ’

Figure 1. Query written in SQL containing the “Implicit Columns” antipattern.

Muse et al. [4] studied the prevalence of SQL antipatterns in data-intensive Java software

systems and found that SQL antipatterns are prevalent in all studied application domains.

For example, they found that the “Implicit Columns” antipattern affects nearly two queries

out of every 100. Similarly, Sharma et al. [5, pp. 59–60] found that several database design

antipatterns are prevalent in both industrial and open-source projects.
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Muse et al. [4] also found that compared to traditional code smells [18, Ch. 3], SQL

antipatterns tend to remain unfixed for a longer period and are more likely to persist

throughout the lifetime of the software. They suggested that the reason for this could be

developers’ lack of awareness of SQL antipatterns and their downsides, or the comparatively

low priority of the task of fixing antipatterns.

In the following sections, we provide a brief overview of each SQL antipattern defined by

Karwin.

2.1.1 Logical Database Design Antipatterns

Logical database design involves developing solutions that remain agnostic of the im-

plementation environment [25, p. 4]. Logical design antipatterns describe missteps in

planning out database tables, columns, and relationships [3, p. 1].

■ Jaywalking [3, Ch. 2]: Storing multiple values for a single attribute as a comma-

separated string in one column to avoid creating an intersection table. This makes

querying individual items inefficient and prevents the database from enforcing

referential integrity.

■ Naive Trees [3, Ch. 3]: Relying on a simple parent_id column to store hierarchical

data, which makes it difficult to query deep or unlimited branches in a single step.

Although easy to implement, it requires expensive recursive logic or many queries to

retrieve full trees.

■ ID Required [3, Ch. 4]: Using a generic, non-descriptive column named “id” as

a primary key, or using a synthetic primary key, regardless of whether a natural or

compound key would be more appropriate. This convention can lead to redundant or

missing keys and allow duplicate rows in tables.

■ Keyless Entry [3, Ch. 5]: Omitting foreign key constraints in an attempt to simplify

design or improve performance, which forces the application code to manage

referential integrity. This practice often leads to orphaned rows and corrupted data

that must be cleaned up with periodic scripts.

■ Entity-Attribute-Value [3, Ch. 6]: Using a generic table to store variable attributes

as rows rather than columns to achieve an “open schema”. This design breaks the

relational model, making mandatory attributes impossible to enforce and significantly
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complicating the creation of even simple reports.

■ Polymorphic Associations [3, Ch. 7]: Using a multipurpose foreign key column to

reference multiple parent tables, often distinguished by a “type” column. Because

SQL foreign keys can only reference exactly one table, this design prevents the

database from enforcing data integrity.

■ Multicolumn Attributes [3, Ch. 8]: Creating multiple columns (e.g., tag1, tag2,

and tag3) to store the values of a single multivalued attribute. This makes searching

for values tedious and limits the number of items you can store to the fixed number

of columns defined.

■ Metadata Tribbles [3, Ch. 9]: Creating new tables or columns for each successive

data value (such as a separate table or a column for each year) to manage large

data sets. This leads to a proliferation of metadata objects that must be manually

synchronised and updated as new data arrives.

2.1.2 Physical Database Design Antipatterns

Physical database design adapts logical designs for specific implementation environments,

targeting them for particular hardware and software platforms [25, p. 4]. Physical design

antipatterns describe missteps in defining tables and indexes, and choosing data types

[3, pp. 1–2].

■ Rounding Errors [3, Ch. 10]: Using the FLOAT or REAL data types for exact

fractional values, such as currency, which results in cumulative precision errors

during calculations. Using NUMERIC or DECIMAL types ensures values are stored and

compared accurately.

■ 31 Flavors [3, Ch. 11]: Specifying a fixed list of allowed values directly in a column

definition (using CHECK constraints or ENUM) instead of using a lookup table. This

makes it difficult to update the allowed values or retrieve them for use in a user

interface without changing the database schema.

■ Phantom Files [3, Ch. 12]: Assuming that media files must be stored on the file

system with only their paths saved in the database, which breaks transactional

consistency. Storing media as BLOB data ensures that backups, deletions, and

rollbacks are perfectly synchronised with the database.

■ Index Shotgun [3, Ch. 13]: Creating database indexes by guessing rather than
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following a plan, leading to either too many redundant indexes or none where they

are actually needed. This can result in unnecessary overhead for updates or poor

performance for critical queries.

2.1.3 Query Antipatterns

Query antipatterns describe missteps in manipulating and retrieving data with statements

such as SELECT, UPDATE, and DELETE [3, p. 2].

■ Fear of the Unknown [3, Ch. 14]: Treating NULL as an ordinary value or using

ordinary values (like −1) to signify “unknown,” leading to confusing results in

logical comparisons. Since any comparison with NULL returns “unknown,” queries

using equality or inequality checking operators often fail to return expected rows.

■ Ambiguous Groups [3, Ch. 15]: Referencing columns in a query with a GROUP

BY clause that are neither grouped by nor part of an aggregate function. This can

result in the database returning arbitrary and unreliable values for the non-grouped

columns.

■ Random Selection [3, Ch. 16]: Using ORDER BY rand() to fetch a random sample

of data, which forces the database to perform an expensive table scan and manual

sort. This technique is notoriously slow and fails to scale as the volume of data

grows.

■ Poor Man’s Search Engine [3, Ch. 17]: Implementing full-text search using

basic SQL pattern-matching predicates like LIKE or regular expressions instead of

specialised tools. This approach cannot utilise standard indexes and often returns

irrelevant matches that lack linguistic precision.

■ Spaghetti Query [3, Ch. 18]: Trying to solve a complex, multistep problem in a

single SQL statement to avoid running multiple queries. These convoluted queries are

difficult to maintain and often produce unintended Cartesian products that multiply

result sets incorrectly.

■ Implicit Columns [3, Ch. 19]: Relying on wildcards like SELECT * or omitting

column names in INSERT statements to reduce typing. This makes application code

fragile, since it can break or reference the wrong data whenever the database schema

changes.
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2.1.4 Application Development Antipatterns

Application development antipatterns describe missteps in the use of SQL in the context of

applications written in other programming languages [3, p. 2].

■ Readable Passwords [3, Ch. 20]: Storing user passwords in plain text or with

reversible encoding, exposing them to anyone with access to the database, logs, or

backups. The secure solution is to store a one-way salted hash of the password that

cannot be reversed by an attacker.

■ SQL Injection [3, Ch. 21]: Building SQL queries by interpolating unverified user

input directly into the query string, allowing attackers to manipulate the statement’s

syntax. Developers should use query parameters to ensure that user input is always

treated as a literal value and never as executable code.

■ Pseudokey Neat-Freak [3, Ch. 22]: Attempting to fill gaps in a primary key

sequence or renumber rows to make them contiguous. This is unnecessary as

surrogate primary keys are intended only as unique identifiers, and changing the

values can break data integrity and relationships with other systems.

■ See No Evil [3, Ch. 23]: Neglecting to check return values or handle exceptions

from database API calls to keep the application code concise. Ignoring these signals

leads to silent failures and makes it nearly impossible to diagnose simple syntax or

connection errors.

■ Diplomatic Immunity [3, Ch. 24]: Exemption of SQL and database code from

standard software engineering practices such as version control, documentation, and

automated testing. Treating SQL as a “second-class citizen” leads to high technical

debt and a brittle, undocumented system.

■ Standard Operating Procedures [3, Ch. 25]: Using stored procedures for all

logic simply because “it’s always been done that way”, without evaluating modern

architectural needs. This can concentrate the workload on a single database server

and create bottlenecks, whereas modern application servers scale out more easily.

2.2 jOOQ Object Oriented Querying

jOOQ [26] is an open-source Java library that aims to simplify and enhance the way devel-

opers interact with SQL databases. Rather than abstracting SQL (like ORM frameworks
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such as Hibernate [27] do), jOOQ integrates SQL into Java as an embedded domain-specific

language (DSL) [28]. jOOQ allows developers to build and execute SQL queries using

its DSL, while leveraging code generation to provide improved type safety and enhanced

Integrated Development Environment (IDE) support [29]. Their code generator reverse-

engineers an existing database schema into a set of Java classes that model numerous

database objects, such as tables, sequences, stored procedures, and user-defined types

[29]. When constructing SQL queries with jOOQ is not desirable, jOOQ also allows the

execution of plain SQL statements through Java Database Connectivity (JDBC), serving as

an object-oriented wrapper around the relatively low-level JDBC API [30].

A query written using the jOOQ DSL containing the “Implicit Columns” antipattern

[3, Ch. 19], equivalent to the SQL query in Figure 1, is shown in Figure 2.

va r employee = d s l C o n t e x t . s e l e c t (DSL . a s t e r i s k ( ) )
. from (EMPLOYEE)
. where (EMPLOYEE.NAME. eq ( " Jack " ) )
. f e t chOne ( ) ;

Figure 2. Query written in jOOQ containing the “Implicit Columns” antipattern.

The approach jOOQ takes to integrate SQL into Java makes it a popular choice for

performing complex database interactions. It is one of the most widely used methods for

interacting with databases in Java projects, having more than 6500 stars on GitHub as of

October 2025 [31], and being widely adopted in industrial software [32]. It is widely used

both as the sole method of database interaction and alongside ORMs such as Hibernate to

implement the most complex and performance-critical database operations, which ORMs

often struggle to execute efficiently, if they can execute them at all [33, p. 423].

2.3 Static Analysis for Antipattern Detection

Historically, the detection of antipatterns and code smells has been the domain of traditional

static analysis methods, which take metrics-based and rule-based approaches, represented

by tools such as SonarQube [34] and PMD [35].

In metrics-based approaches, code smells are identified based on threshold values defined for

software metrics such as lines of code, complexity, and coupling [36]. For example, a class
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with high complexity, low cohesion, and any direct access to foreign data could be identified

as the “God Class”, also known as “Blob” code smell [37, Ch. 3.3], [17, pp. 73–84],

[36, p. 355].

In rule-based approaches, code smells are detected by searching the Abstract Syntax Tree

(AST) of the source code for suspicious patterns [38]. For example, a class characterised by

a procedural name, a very high number of lines of code, the absence of parameters, the use

of global variables, and the lack of inheritance and polymorphism could be identified as

exhibiting the “Spaghetti Code” smell [17, pp. 119–137]. This demonstrates a combination

of rule- and metrics-based approaches [38, p. 27].

Although static analysis tools that use traditional methods have been effective in detecting

code smells and antipatterns to an extent, they suffer from notable limitations due to the

rigidity of the underlying methods. The metric- and pattern-based tools lack contextual

awareness, making them prone to high false positive rates [39, pp. 10–11], often reporting

issues, which are not actual problems upon human review, which reduces the practical

usability of these tools and developers’ confidence in them [40].

To overcome the limitations of rigid thresholds and patterns, researchers have explored

machine learning (ML) techniques for code smell detection [41]. Rather than defining

fixed thresholds or patterns, these approaches learn from data, such as human-annotated

datasets of smelly and clean code [41]. Although recent approaches based on deep learning

show promising results in terms of detection performance [42, pp. 3492–3494], traditional

techniques remain prominent in real-world scenarios.

More recently, with the rapid evolution of LLMs, researchers are increasingly using

them to detect problematic patterns in code. LLMs have repeatedly shown advanced

semantic understanding and contextual awareness in software engineering tasks [43], [44].

Commercial tools such as CodeRabbit [45] are widely used to detect problems during code

reviews, and various research has indicated that LLMs can detect code quality problems

with reasonable precision [46], [47]. Most relevantly to our work, Sousa et al. [48, p. 410]

found that both small and large language models are reasonably capable of detecting bad

smells in PL/SQL code. It should be noted that the models used in many of these studies

are considered outdated or deprecated by now, and repeating these studies with recent
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models would likely demonstrate improved performance.

2.4 Prompt Engineering

The interaction between users and LLMs is mediated through prompting, which is the

process of providing natural language inputs to guide the model towards generating a

desired output [49]. Prompt engineering is the practice of intentionally designing, refining,

and optimising prompts to guide LLMs to produce the most accurate, reliable, and useful

outputs possible [49].

Effective prompt engineering involves the application of diverse prompting strate-

gies—methodological frameworks that structure information, constraints, and instructions

to better align the model’s reasoning capabilities with specific task requirements [50].

The landscape of prompting strategies is vast and ever-changing, with a survey from 2024

[51] listing 41 distinct prompting strategies of varying levels of implementation complexity,

used with different goals, such as eliciting reasoning and reducing hallucination. Some of

the more popular prompting strategies include the following:

■ Zero-Shot Prompting: Providing a model with a direct query or task instructions,

without providing examples of correct answers in the prompt, leveraging the model’s

pre-existing knowledge and abilities to generalise and follow instructions [52]. Zero-

Shot Prompting is the most common prompting technique and most representative of

common LLM usage, and is often treated as the baseline prompting strategy.

■ Few-Shot Prompting: Supplementing the prompt with a number of input-output

examples, helping the model recognise patterns [53].

■ Chain-of-Thought (CoT) Prompting: A collection of techniques used to guide

the model to work through intermediate reasoning steps before arriving at a final

answer [52], [54]. Although commonly considered a best practice, recent reports

have indicated that its benefits have marginalised with the introduction of reasoning

models [55]. We use the Zero-Shot version of CoT [52], appending the words “Let’s

think step by step.” to our Zero-Shot prompt. Although there are more elaborate

versions of CoT [54], their benefits have been shown to be similar to the Zero-Shot

version [55, p. 3].
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■ Tree-of-Thought (ToT) Prompting: Expands on CoT by providing the model

with an opportunity to explore multiple reasoning branches and to continuously

self-evaluate by acting out a discussion between multiple subject-matter experts [56].

Applies concepts from more complex ToT frameworks [57], [58] at the prompt level.

2.5 Detection of SQL Antipatterns

To the best of our knowledge, there are currently (as of the beginning of the year 2026) two

static analysis tools capable of detecting SQL antipatterns in Java code.

The first tool, DbDeo [59], was presented by Sharma et al. [5] and is capable of detecting

nine schema-related antipatterns in SQL statements embedded in numerous programming

languages. They employ regular expressions to extract SQL statements from code written in

a host language. The extracted SQL statements are parsed and converted into models of the

statements, which are then analysed by their smell detector. In their detection performance

assessment, DbDeo demonstrated a low rate of false positives, all of which they attributed

to errors during the extraction and parsing phases.

The second tool was presented by Nagy and Cleve [60] and is capable of detecting four of

the query-related antipatterns described by Karwin [3]. Their tool uses intra-procedural

string resolution to extract SQL statements from Java code, which are then parsed using a

fault-tolerant SQL parser, capable of handling SQL statements with incomplete sections

due to extraction errors. The tool can be accessed using a command-line interface or the

SQLInspect plug-in for the Eclipse IDE [60], [61].

As the recommended method of constructing SQL statements with jOOQ is to use its DSL

with code generation [62], most statements in projects using jOOQ are not in the form of

plain SQL and the SQL is generated dynamically at runtime. Since both of the mentioned

tools are designed to work with plain SQL statements, which must be present within the

source code, they are incapable of detecting most SQL antipatterns in such projects.

Elsewhere, Almeida Filho et al. [63] used a tool named Manduka to detect bad smells in

PL/SQL projects using static analysis, but the tool is no longer available. Following their

footsteps, Sousa et al. [48] used language models to statically detect bad smells in PL/SQL

projects.
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Dintyala, Narechania, and Arulraj [7] presented SQLCheck [64], which is capable of detect-

ing 26 different antipatterns using a combination of static and dynamic analysis. SQLCheck

parses and analyses the query log of an application, searching for antipatterns both from

individual queries and from the relationships of multiple consecutive queries. In their

evaluation, SQLCheck achieved higher precision and recall than DbDeo.

As part of a series of articles [65], [66], [19], [20], Eessaar has published a collection of

database queries for PostgreSQL, capable of detecting numerous database design problems

by analysing the content of PostgreSQL system tables. Khumnin and Senivongse [67] have

published a similar collection of queries for Microsoft SQL Server.
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3 Dataset Creation

Because no public datasets of SQL antipatterns in jOOQ currently exist, this chapter details

the methodology used to establish a ground truth. We describe the process of mining and

filtering publicly available projects from GitHub, followed by the strategies used for sample

generation, manual annotation, and splitting the data into training, validation, and test sets.

3.1 Repository Mining

We started by mining software repositories for projects, which we would later use for

evaluation and analysis purposes. We wanted to collect as many projects as possible within

reason, matching the following criteria:

■ the project contains Java code that uses jOOQ for database access,

■ the project stores jOOQ-generated classes as part of the source code, rather than

treating them as derived artefacts, which are not put under version control [68].

The latter criterion was required to exclude projects that would otherwise have needed to

be compiled in order to detect database design antipatterns. Due to the wide variety of

Java versions, build tools, and configurations used in the projects, this would have required

a large amount of manual effort on a project-by-project basis, which we opted against.

For a considerable number of projects, this would have also been impossible for reasons

such as private or otherwise unavailable dependencies, as well as jOOQ code generator

configurations only capable of working on the original developer’s machine.

To achieve this goal, we used the GitHub code search API [69], to search for projects that

use jOOQ. The GitHub search API has a hard limit of 1000 results for each search term

[69], which required us to minimise the number of duplicated results for each search term.

For example, this meant that we could not search for import statements for jOOQ classes

within Java files, since a few large projects could saturate the result list.
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To find the largest number of unique projects possible, we limited our search to the manifest

files of projects, looking for statements, which declare a dependency on jOOQ for the

project. We limited the search to the manifest file formats of the two most popular build

tools for Java [1]: Maven [70] (e.g., pom.xml) and Gradle [71] (e.g., build.gradle and

build.gradle.kts). We designed the search terms to be as specific as possible to keep

the number of results below 1000 when possible. For some search terms, the number of

matching results exceeded the limit of 1000. In these cases, we retrieved the 1000 results

that had been indexed most recently by GitHub’s search infrastructure. The list of search

terms used in the GitHub search API is provided in Appendix 2.

By performing the search on 10 January 2026, we identified 3829 projects that declared a

dependency on jOOQ. We further filtered the gathered repositories by checking that the

previously set criteria are met by making sure that the repositories contain jOOQ-generated

classes as well as other Java files with references to jOOQ classes.

After excluding projects that did not store generated classes as part of their source code,

we were left with 802 projects. Although not relevant to our research, an interesting

observation can be made here: while both storing generated classes as part of the source

code and treating them as derived artefacts are valid approaches with their merits and

drawbacks [68], only 21 % of projects store them as part of the source code. We suspect

that this is largely because the jOOQ code generator treats them as derived artefacts by

default.

After excluding projects that did not contain any non-generated Java classes referencing

jOOQ, we were left with 645 projects. The projects omitted by this step were mostly

projects written in other programming languages running on the Java Virtual Machine

(JVM), such as Kotlin and Scala.

Finally, we performed manual, LLM-assisted cleaning, with the aim of removing duplicate

projects, which could later cause cross-contamination between training, validation, and

test sets. We performed the analysis of duplicates with the Google Gemini 3 Pro Preview

[72] model from its web interface. We provided the LLM with the file trees of the 645

remaining projects, prompting it to find potential clones and forks. We selected the model

for its large context window, which was required to process the large collection of file trees,
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combined with its high reasoning capabilities. Although the LLM did a remarkable job

with the task, we manually reviewed the findings before any omissions.

For various reasons documented in Appendix 3, we omitted 42 projects. Most importantly,

we found and removed 24 copies of a repository containing numerous Java- and Spring-

related tutorials created by Baeldung [73]. While we also found a similarly sized cluster of

projects created as part of a Java course by the Tinkoff bank in Russia, all of which had a

similar structure and database schema, we decided to keep these projects, since each of

them was created by a different author and had a distinct implementation and contained

varying antipatterns. After the clean-up, we were left with 603 projects.

Later in the research process, preparing for the large-scale project analysis (Chapter 6), we

discovered another large duplicated project, which would have skewed our analysis results.

Hence, we later omitted that project from the analysis dataset, leaving us with 602 projects.

The stages of mining and filtering projects are visualised in Figure 3.

Figure 3. Project mining and filtering stages.

3.1.1 Considered Alternatives

Our method of mining repositories by using the GitHub code search API has the downside

of being incomprehensive, meaning that it misses a portion of the projects available on

GitHub for any of the following reasons:

■ the project does not use a build tool,
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■ the project uses a build tool that is not Maven or Gradle,

■ the project is only found by search terms, which return over 1000 results, and the

project is omitted due to not being indexed recently.

Although the portion of missed projects is low (no other Java build tool is anywhere near

the popularity of Maven and Gradle [1], and the more specific search terms should have

caught all projects missed by the broader ones), it is a valid reason to mention alternative

solutions we considered for mining Java repositories, and why we opted against using them.

Allamanis and Sutton [74, p. 209] presented a curated corpus of 14 807 open-source Java

projects sourced from GitHub. As their work was published in 2013, it is outdated

by 2026: a large part of the projects in the corpus has been deleted (as reported by

Goeminne and Mens [75, p. 552] in 2015), new projects are missing, and the remaining

projects could be using deprecated jOOQ APIs. Furthermore, their original corpus only

contained ten projects using jOOQ [75, Fig. 1].

We considered creating an up-to-date version of the corpus by repeating the work of

Allamanis and Sutton, processing GitHub’s event stream, provided by GH Archive [76].

However, the dataset has grown rapidly since 2013, and combined with the suboptimal

structure of the GH Archive dataset [77], it would have required us to commit an

unreasonable amount of resources, given the preliminary nature of this research step.

Sharma et al. [5, p. 58] employed RepoReaper [78] to select open-source repositories for

their study, finding 2568 high-quality projects in various programming languages, which

contained SQL statements. However, RepoReaper used GHTorrent [79] to obtain metadata

about GitHub repositories [78, p. 3223], and GHTorrent has not been updated since early

2021 [80]. Therefore, any set of projects produced based on GHTorrent would suffer from

similar issues as the original corpus from Allamanis and Sutton.

Consequently, we found that our approach using the GitHub code search API is the best

option available to us without committing unreasonable effort or resources.
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3.2 Establishment of Ground Truth

To evaluate the detection performance of the prompting strategies and our later developed

tool, we required a source of ground truth. As SQL antipatterns in jOOQ represent an

unexplored area, to the best of our knowledge, no publicly available datasets of SQL

antipatterns in jOOQ currently exist. Furthermore, the scientific literature provides no

examples of how SQL antipatterns may occur in jOOQ, and such examples are also scarce

elsewhere. For example, a remark in the jOOQ manual [81] shows that the “Implicit

Columns” antipattern [3, Ch. 19] can occur in jOOQ in unexpected ways. Therefore,

examples of antipatterns in plain SQL alone are insufficient for detecting SQL antipatterns

in jOOQ.

To establish the ground truth, we manually annotated a subset of the projects gathered in

Section 3.1.

3.2.1 Sample Generation

As the projects are of varying size, we wanted the subset to be representative of the complete

set of projects regarding size distribution, avoiding bias towards small or large projects.

Figure 4 displays the distribution of the number of relevant database access files per project

across our dataset of 603 projects (still including the duplicated project that was filtered

out at a later stage). We consider a Java source file to be a relevant database access file if

both of the following conditions are met:

■ it is a jOOQ-generated file or contains references to jOOQ or a generated file,

■ it is not considered “irrelevant” by a manually compiled path list.

The path list consisted of jOOQ-generated files that were not useful for antipattern detection

(e.g., records and POJOs), and files generated based on database entities not part of the

project, such as system schemas of databases and tables managed by database extensions.

It should be noted that at this stage of the study, the list of “irrelevant” files was inconclusive

and had some omissions, which we only discovered later. In Figure 5, we show the file

distribution of 602 projects, omitting the later-discovered duplicated project, as well as

using the final file list from a later stage of the study. It can be seen that, while the graph
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Figure 4. Distribution of relevant database access files per project.

shifts slightly, the overall distribution remains similar.

Figure 5. Distribution of relevant database access files per project (corrected).

As illustrated in the figures, the project distribution is positively skewed, with most projects

clustered near zero (the “head”) and a small number of substantially larger projects forming

the “long tail”. To ensure that small, medium, and large projects are adequately represented,

we employed a stratified random sampling approach, selecting an equal percentage of

projects from each group. Our initial plan was to select 5 % of the projects, but we later

increased it to 10 % due to an insufficient number of antipattern samples.

We divided the projects into size groups using the Head-Tail Breaks method. Given the set

of projects as S and an individual project x, we calculated the two breakpoints, µ1 and µ2,

which represent the upper file limits for small and medium projects:

µ1 = 1
|S|

∑
x∈S

x (3.1)

Shead = {x ∈ S | x > µ1} (3.2)

µ2 = 1
|Shead|

∑
x∈Shead

x (3.3)
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Based on these breakpoints, we classified the projects as:

Class =



Small x ≤ µ1

Medium µ1 < x ≤ µ2

Large x > µ2

(3.4)

We found the breakpoints to be 31 and 94. Using these breakpoints, we classified 467

projects as small, 100 projects as medium, and 36 projects as large. Using the distribution

from Figure 5, the numbers would have been slightly altered: the breakpoints would have

been 29 and 91, and the class sizes would have been 468, 98, and 36.

Using the former classifications, we sampled 10 % of projects from each size class, resulting

in 47 small, ten medium, and four large projects. In total, the sample of projects selected for

annotation contained 61 projects. We used the fixed seed 123 456 for the pseudo-random

number generator used for sampling, which ensures that the sampling process is consistent

and reproducible.

3.2.2 Antipattern Selection

We limited the annotated antipatterns to the ones defined by Karwin [3]. Although we

attempted to maximise the number of antipatterns included in our analysis and to interpret

them as closely as possible to Karwin’s definitions, we made several notable exclusions

and interpretational deviations.

We excluded the “Index Shotgun” antipattern from our analysis. Karwin [3, pp. 147–152]

recommends using the MENTOR (Measure, Explain, Nominate, Test, Optimize, and

Rebuild) framework to choose optimal indexes. The framework involves measuring the

runtime performance of SQL queries—a step that cannot be replaced by static analysis.

Although other practitioners, such as Winand [82, pp. vi-vii], recommend creating optimal

indexes during the development process, which could be aided by static analysis, choosing

optimal indexes for a table can be a complex process with many trade-offs and deserves

more dedicated research to be addressed appropriately.

We restricted our definition of the “Fear of the Unknown” antipattern to only include

occurrences that are caused by flawed database design, as well as query conditions, which
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do not contain values passed in from Java code. As the type system of Java is not null-safe,

Java code can contain many potential nullability errors, but detecting them would have

caused a large additional annotation burden. Furthermore, specialised tools (e.g., NullAway

[83]) exist for detecting nullability errors in Java more efficiently and accurately.

Nagy and Cleve [60, p. 151] excluded the “Spaghetti Query” antipattern from their analysis,

arguing that there is no objective definition to determine whether a query is a spaghetti

query or not. They considered metrics, such as the length of a query in lines or characters,

and counts of joins and subqueries, but found them too subjective.

Such metrics also do not tell the full picture, since one large query can often outperform

multiple small queries due to optimisations in the database engine, and two queries with a

similar length, involving the same number of tables, can differ vastly in their readability

and performance. For example, Dombrovskaya, Novikov, and Bailliekova [84] describe

several techniques for factoring large queries to improve their performance, readability, or

reusability. Furthermore, the use of jOOQ DSL makes it possible to factor the source code

of queries using object-oriented principles, further aiding with readability and reusability.

For these reasons, we excluded the “Spaghetti Query” antipattern from our analysis.

We extended our definition of “Implicit Columns” to also include other types of blind

projections, which select every column from a table, such as API methods, which fetch

generated records from the database [81]. Such blind projections are considered a bad

practice according to the jOOQ documentation, having similar negative effects to the cases

described by Karwin [81].

We also excluded “Pseudokey Neat-Freak” and “Diplomatic Immunity” from our analysis,

since they are rooted in organisational culture and cannot be detected from source code.

Additionally, the use of jOOQ DSL largely mitigates the “Diplomatic Immunity” antipattern

because SQL statements become first-class citizens of Java code.

Finally, we excluded the “See No Evil” antipattern due to difficulties in detecting it

without performing runtime analysis. Unlike the Python examples provided by Karwin

[3, p. 270], Java projects using modern application frameworks do not usually perform

fine-grained database exception handling for each database-related statement, but apply

a retry mechanism at a transaction boundary, or use global exception handlers (e.g., in
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Spring [85] and Micronaut [86]), which could be implicitly installed by the framework.

This makes accurate detection of the antipattern difficult for both human annotators and

static analysis tools.

In total, we selected 19 antipatterns for annotation, including 8 logical design antipatterns,

3 physical design antipatterns, 5 query antipatterns, and 3 application development

antipatterns. The list of included antipatterns by category is provided in Appendix 4.

3.2.3 Annotation Process

Based on prior experience with jOOQ and SQL antipatterns, we manually assigned labels

to antipattern occurrences found in the 61 sampled projects by carefully manually reviewing

their source code. We tracked the labels in a LibreOffice spreadsheet, which we later

converted into a comma-separated values (CSV) file. For each antipattern occurrence, we

marked down the following information:

■ the type of antipattern,

■ the project containing it,

■ the path of the file containing it, relative to the root directory of the project,

■ the start and end of the line span of the occurrence,

■ a brief remark about the occurrence.

Due to the wide variety of Java versions, build tools, and local deployment methods used

in the projects, along with occasional unavailable dependencies, we did not perform any

runtime analysis on the projects.

As we studied a novel intersection between jOOQ and SQL antipatterns, not enough

annotators sufficiently qualified in both domains were available to achieve a multi-annotator

setup. Consequently, we employed a single-annotator setup, utilising the following means

to maximise internal consistency.

Iterative Guideline Development

During the annotation process, we created a codebook for the annotation process in the

form of flowcharts available in Appendix 5.

During the annotation process, we followed the flowcharts for each antipattern, annotating

42



their occurrences based on the visualised decision trees. When we spotted a variation of an

antipattern or a non-antipattern edge case not yet covered by the corresponding decision

tree, we adjusted the tree and re-reviewed previously, potentially incorrectly annotated

files for consistency. This ensured that annotation decisions were made according to a

consistent set of rules, rather than gut feeling.

Intra-Annotator Agreement

After a 30-day washout period, we re-annotated a subset of the previously reviewed files

to verify the stability of the annotation logic over time. We sampled 10 % of the files

containing at least one antipattern occurrence, and added an equivalent number of random

files without antipattern occurrences to them. In total, we re-annotated 128 files using

the same annotation guidelines. We used the fixed seed 123 456 for the pseudo-random

number generator used for sampling, which ensures that the sampling process is consistent

and reproducible.

To measure the agreement between the two sets of annotations, we employed Cohen’s

Kappa (κ). However, traditional Kappa is designed for nominal classification and does

not account for the spatial displacement inherent in a multi-occurrence localisation task.

Consequently, we adapted the metric to determine whether the two sets of annotations

contain the same antipattern occurrences based on an exact spatial match.

We define a line span S as the set of line indices within an inclusive range in a source code

file.

S = {i ∈ N | start ≤ i ≤ end} (3.5)

Given two annotators A and B, and their annotated line spans SA and SB , we consider the

two line spans to match only if they cover the identical range of lines:

SA = SB (3.6)

After aligning the spans using this exact-matching gate, we constructed a 16 × 16 confusion

matrix whose rows and columns represented the 15 distinct antipatterns annotated across

the 128 files, together with the absence of an antipattern. The complete matrix is provided

in Appendix 6.

Given a set of k antipattern categories plus a “Background” category (k+1 total classes), let
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nij denote the number of occurrences where Annotator A assigned class i and Annotator B

assigned class j. The total number of unique candidate occurrences is N = ∑k+1
i=1

∑k+1
j=1 nij .

The observed relative agreement (po) is defined as the proportion of occurrences where

both annotators assigned the identical label to a spatially matching span:

po = 1
N

k+1∑
i=1

nii (3.7)

The probability of random agreement (pe) is calculated based on the marginal totals of the

confusion matrix. Let ni· be the total number of times Annotator A used label i, and n·i be

the total number of times Annotator B used label i. The expected agreement is defined as:

pe = 1
N2

k+1∑
i=1

ni·n·i (3.8)

Where the marginal totals are derived as:

ni· =
k+1∑
j=1

nij, n·i =
k+1∑
j=1

nji (3.9)

Finally, Cohen’s Kappa (κ) is computed to normalise the observed agreement against the

possibility of chance:

κ = po − pe

1 − pe

(3.10)

We found the Cohen’s Kappa to be 0.834. According to the standard scale by

Landis and Koch [87], this represents an almost perfect agreement between the sets

of annotations, demonstrating that the resulting dataset is internally consistent. Despite

this, we acknowledge that the lack of an inter-annotator agreement check ultimately leaves

the dataset vulnerable to the systematic blind spots of a single annotator.

Results

In total, we annotated 1562 occurrences of 19 distinct SQL antipatterns within the 61

sampled projects. At least one occurrence of each antipattern was found in the sample, and

every project in the sample contained at least one SQL antipattern occurrence. The most

common antipatterns were “Implicit Columns”, which we found 795 occurrences of in 59

projects, and “ID Required” with 259 occurrences in 49 projects. In Table 1, we show the

prevalence of each SQL antipattern in the sampled projects.
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Table 1. Prevalence of SQL antipatterns in sampled projects.

Antipattern
Occurrence

Count
Containing

Project Count
Occurrences
per Project

Occurrences per
Containing Project

Implicit Columns 795 59 13.03 13.47

ID Required 259 49 4.25 5.29

Keyless Entry 122 11 2.00 11.09

Fear of the Unknown 95 19 1.56 5.00

31 Flavors 71 11 1.16 6.45

Poor Man’s

Search Engine
55 12 0.90 4.58

Polymorphic

Associations
40 1 0.66 40.00

Rounding Errors 39 7 0.64 5.57

Ambiguous Groups 24 2 0.39 12.00

Readable Passwords 14 9 0.23 1.56

Phantom Files 10 8 0.16 1.25

Naive Trees 10 4 0.16 2.50

Standard Operating

Procedures
8 1 0.13 8.00

Jaywalking 6 2 0.10 3.00

Metadata Tribbles 5 3 0.08 1.67

Entity-Attribute-Value 3 3 0.05 1.00

SQL Injection 3 1 0.05 3.00

Random Selection 2 1 0.03 2.00

Multicolumn

Attributes
1 1 0.02 1.00

3.2.4 Training-Validation-Test Split

We divided the set of annotated projects into the following three subsets:

■ Training set: Used to continuously evaluate prompts during their development in

Section 4.2. Also used as a source of examples for Few-Shot prompts.

■ Validation set: Used to evaluate the detection performance of models and prompting

strategies in Section 4.3.

■ Test set: Used to evaluate the detection performance of the final tool in Section 5.6.
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To avoid developing our prompts and evaluating them on files obtained from the same

projects, we assigned projects to subsets as wholes, rather than splitting their files between

different subsets.

We fixed the seed of the pseudo-random number generator used for splitting to ensure

that the splitting process was consistent and reproducible, but we were unable to use the

previously used fixed seed 123 456, since the produced splits were heavily unbalanced.

To achieve an optimally balanced data split, we employed a seed search based on the Monte

Carlo optimisation method. We iterated over seeds in the range of 0 to 1 000 000, created

a 34/33/33 training/validation/test split based on each seed, and calculated the sum of

squared Coefficient of Variation (CV ) for each split. We finally chose the split with the

lowest sum of squared CV .

Given an individual antipattern x, a split i (assuming three splits), and the count of

antipattern x occurrences in split i as Ci,x, we define CV for an individual antipattern as:

µx = 1
3

3∑
i=1

Ci,x (3.11)

σx =

√√√√1
3

3∑
i=1

(Ci,x − µx)2 (3.12)

CVx = σx

µx

(3.13)

Then, given the set of antipatterns M , we performed the optimisation:

Φ =
M∑

j=1

(
σ(xj)
µ(xj)

)2

(3.14)

To ensure statistical validity, we applied filtering criteria before performing the search. We

excluded all antipatterns that appeared in fewer than three projects or had fewer than 25

total occurrences. Consequently, 12 of the initially annotated 19 antipatterns were excluded

due to insufficient data. All subsequent experiments, tool development, and large-scale

analyses in this thesis focus exclusively on the remaining seven qualifying antipatterns

(listed in Table 2).

During this step, we also reconsidered the sample size for Section 3.2.1, first increasing it

from 5 % to 7 %, and then to 10 % of all projects, providing the search with a larger number

of distinct project combinations and achieving a more balanced split.
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The Monte Carlo optimisation-based search determined that the best possible split in this

range was produced using the seed 767 573, which achieved a balance score of 0.52. The

distribution of antipattern occurrences between the datasets can be seen in Table 2.

Table 2. Split of SQL antipattern occurrences between datasets.

Antipattern Total Training Validation Test

Implicit Columns 795 175 350 270

ID Required 259 55 99 105

Keyless Entry 122 30 56 36

Fear of the Unknown 95 23 36 36

31 Flavors 71 17 15 39

Poor Man’s Search Engine 55 19 15 21

Rounding Errors 39 13 10 16

All produced datasets, along with their intended use cases later in the study, are visualised

in Figure 6.
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Figure 6. All created datasets with their intended uses.
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4 Evaluation of Prompting Strategies

This chapter details the empirical evaluation of various prompting strategies for detecting

SQL antipatterns in jOOQ. To assess the versatility and reliability of these strategies under

different conditions, we benchmarked them across multiple contemporary LLMs, analysing

both quantitative performance metrics and qualitative outputs.

4.1 Selecting Models

To assess the prompting strategies under varying conditions, we evaluated them against

multiple models. We chose the language models based on criteria selected to aid us in

the development and analysis process, while keeping the selection of models diverse. In

particular, we searched for the following characteristics in the models:

■ Architectural diversity: We aimed to include models with a diverse set of charac-

teristics, such as different model sizes, reasoning vs non-reasoning models, and open

vs closed-weight models.

■ Performance: For a given architecture, the model should demonstrate near-state-of-

the-art (SotA) performance on public benchmarks [88].

■ Repeatability: The weights of the model should be stable, allowing the evaluation

and analysis to be repeated in the future. Ideally, the model should have open weights.

Alternatively, the model provider should provide point-in-time snapshots of the

model.

■ Structured outputs: The model should reliably support structured outputs, providing

responses that reliably adhere to expected JSON Schema. This was desired to avoid the

complexity of parsing non-structured outputs and handling of malformed responses.

Structured output also increases determinism in responses by constraining decoding

to outputs that satisfy the schema [89].

Based on this set of criteria, we settled on the following four models for our analysis:
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■ OpenAI GPT-5.2 [90] (reasoning): Near-SotA proprietary weights model. The

best-performing model offering point-in-time snapshots.

■ Z.ai GLM-5 [91] (reasoning): SotA open-weights model.

■ Anthropic Claude Opus 4.5 [92] (non-reasoning): Near-SotA in models, which

allow reasoning to be disabled. Superseded by Opus 4.6, which did not offer

point-in-time snapshots at the time.

■ OpenAI gpt-oss-120B [93] (reasoning): Open-weights, SotA in models classified

as medium language models (up to 150B parameters).

Initially, we also planned to include Z.ai GLM-4.7-Flash [94], which was the best-

performing small language model (up to 40B parameters) at the time, but we were required

to omit it due to vast stability issues with all providers offering the model.

We most notably omitted Google Gemini 3.1 Pro Preview [9] and Anthropic Claude Opus

4.6 [95], which outperformed all the selected models, but due to their recent releases, did

not have point-in-time snapshots available.

We were also not able to include any purely non-reasoning models in the comparison:

such models have become increasingly rare, and the most capable purely non-reasoning

model at the time, Kwaipilot KAT-Coder-Pro V1 [96], did not offer point-in-time snapshots.

However, many modern reasoning models allow that capability to be disabled; therefore,

we substituted the model with Anthropic Claude Opus 4.5, with the reasoning capability

disabled.

We found that all selected models supported structured outputs with adequate reliability. In

our preliminary experiments, some older models (e.g., Kimi K2 Thinking [97]) did not

adhere to the provided JSON Schema, causing client-side validation to fail in numerous

cases, but such issues were much less common in the selected models. The complete set

of models considered for the analysis, along with their inclusion and omission reasons, is

available in Appendix 7.

4.2 Designing Prompts

We designed prompts based on the four prompting strategies listed in Section 2.4. We

limited our experiments to prompting techniques that could be fully executed in the span of
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one prompt and one response to manage the scope of the thesis.

We iteratively developed and fine-tuned prompts for each technique, comparing the results

against the training set produced in Section 3.2.4. We tested each iteration of our prompts

against all tested models until all models reached near-optimal performance. To simplify

the experimental setup and the interpretation of results, we only developed universal,

model-agnostic prompts, without fine-tuning them for individual models.

Due to the high cost of LLM inference, we developed heuristics to target only the antipatterns

that are potentially present in a given file. Firstly, we ignored files that did not contain any

database-related code using the filters first mentioned in Section 3.2.1. Secondly, for each

prompting strategy, we developed two prompts:

■ for detecting query antipatterns from non-generated source files,

■ for detecting (mostly) design antipatterns from files generated by jOOQ.

In addition to the file being analysed, we provided the design antipattern detection prompts

with additional context by supplying them with a jOOQ-generated class containing the

definitions of all primary, unique, and foreign key constraints present in that database

schema. This additional context is used in the detection of the “Keyless Entry” antipattern

to verify if there is an appropriate primary or unique key present, which the missing foreign

key could reference.

We also applied the following pre-processing steps to the input files:

■ To reduce the number of input tokens, and subsequently costs, we removed all leading

and trailing whitespace from each line in the input files (including indentation).

■ We noticed that the models consistently miscalculated the row spans of antipattern

occurrences, if the analysed file contained two or more consecutive line breaks

anywhere in the file before the antipattern occurrence. The models also often

mislocated antipattern occurrences in large source files. To resolve these issues, we

prefixed each line in the input file with the correct line number.

We designed our prompts to detect the seven qualifying antipatterns present in the training,

validation, and tests sets created in Section 3.2.4. Designing them, we started with broad
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instructions, allowing models to use their judgement and reasoning to a wide extent. As

we identified instances where the model misinterpreted certain antipatterns or detected

them incorrectly, we moved towards more concrete and specific instructions to eliminate

ambiguity and ensure the model consistently adhered to our intended criteria.

Ultimately, it was necessary to define all detected antipatterns explicitly and, in certain

cases, to specify the exact method calls and coding patterns to look out for. When models

were provided only with the names of antipatterns, they tended to construct their own

definitions, which were at times inconsistent with those proposed by Karwin [3]. We

attribute this behaviour to the limited availability of literature on SQL antipatterns within

the training data of LLMs, resulting in them “hallucinating” the definitions.

Furthermore, for the “ID Required”, “31 Flavors”, “Poor Man’s Search Engine”, and

“Implicit Columns” antipatterns, it was necessary to provide explicit localisation rules to

ensure consistent localisation behaviour.

For the Few-Shot Prompting technique, which required concrete examples, we acquired

the examples from the training set produced in Section 3.2.4 by default. For antipattern

variants and edge cases, which we were unable to find representative examples for from the

training set, we created the examples synthetically.

We ultimately settled on the instructions detailed in Figures 7 and 8 for detecting antipatterns

in generated and non-generated source files, respectively, consistent between all prompting

strategies listed in Section 2.4. The complete prompts for all prompting strategies,

containing sample input files, are shown in Appendix 8.

− ID Requ i r ed : Never i d e n t i f y t h i s i s s u e i n c l a s s e s r e p r e s e n t i n g views ,
a s v iews canno t c o n t a i n p r ima ry keys . I f t h e c l a s s r e p r e s e n t s a t a b l e ,
a lways d e t e c t t h e a n t i p a t t e r n , i f t h e name of t h e p r ima ry key i s j u s t

" i d " ( case− i n s e n s i t i v e ) . Also d e t e c t t h e i s s u e i f a s y n t h e t i c p r ima ry
key column e x i s t s , even though a n o t h e r un ique c o n s t r a i n t e x i s t s , which
i s s u i t a b l e a s a p r ima ry key ( t h e c o n s t r a i n t i s on columns , which a r e
v i r t u a l l y immutab le by n a t u r e ) , and which does no t c o m p l i c a t e f o r e i g n
keys r e f e r e n c i n g t h e t a b l e t oo much . Only i n c l u d e t h e l i n e s o f t h e
p r ima ry key column d e f i n i t i o n i n t h e l i n e range , do no t i n c l u d e
comments o r a n y t h i n g e l s e .
− Key l e s s En t ry : A column , which r e f e r s t o a n o t h e r t a b l e , i s m i s s i ng
i t s f o r e i g n key . Never i d e n t i f y t h i s i s s u e i n c l a s s e s r e p r e s e n t i n g
views , a s v iews canno t c o n t a i n f o r e i g n keys . Only r e p o r t t h i s i s s u e i f
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t h e " Keys " c l a s s p r ov i d ed a t t h e end c o n t a i n s a p r ima ry key t h a t t h i s
i s a p p r o p r i a t e f o r t h i s column t o r e f e r t o .
− Rounding E r r o r s : S t o r i n g f i x ed −p r e c i s i o n v a l u e s i n f l o a t i n g −p o i n t
t yp e columns , such as FLOAT and REAL, r a t h e r t h an u s i ng f i x ed −p r e c i s i o n

t y p e s l i k e DECIMAL and NUMERIC.
− 31 F l a v o r s : S p e c i f y i n g a l l owed v a l u e s i n t h e column d e f i n i t i o n , i . e .
w i th a CHECK c o n s t r a i n t o r an ENUM type , r a t h e r t h an u s i ng a lookup
t a b l e . Only i n c l u d e t h e l i n e s o f t h e column d e f i n i t i o n i n t h e l i n e
range , do no t i n c l u d e comments o r a n y t h i n g e l s e . Do no t r e p o r t t h e
i s s u e i f t h e CHECK c o n s t r a i n t i s used t o check t h e v a l u e f o r emp t i n e s s
o r a g a i n s t a r ange o f v a l u e s ( i n c l u d i n g g r e a t e r / l e s s e r t h an compa r i sons
) .
− Fea r o f t h e Unknown : A s p e c i a l d e f a u l t va lue , such as an empty s t r i n g
, i s used t o mark a m i s s i ng va lue , r a t h e r t h an NULL, and t h e s p e c i a l
v a l u e does no t ho ld a s eman t i c meaning . A column , which can neve r be
NULL i n p r a c t i c e ( e . g . i t has a d e f a u l t v a l u e ) , i s marked as NULLABLE.

I f t h e f i l e does no t c o n t a i n any a n t i p a t t e r n s , l e a v e t h e l i s t o f
o c c u r r e n c e s empty .

Figure 7. Detection instructions used in DDL prompts.

− Poor Man’ s Sea r ch Engine : Usage o f LIKE , ILIKE or r e g u l a r
e x p r e s s i o n s t o pe r fo rm f u l l − t e x t s e a r c h . Repo r t t h e i s s u e i f i t i s n ’ t
obv iou s from t h e method i n p u t p a r ame t e r s , whe the r t h e p a t t e r n s c o n t a i n
w i l d c a r d s used f o r f u l l − t e x t s e a r c h . Do no t r e p o r t t h e i s s u e i f LIKE ,
ILIKE or r egex i s used f o r p r e f i x s e a r c h . Only i n c l u d e t h e l i n e ( s )
where t h e f u l l − t e x t s e a r c h c o n d i t i o n i s c r e a t e d i n t h e l i n e r ange .
− I m p l i c i t Columns : A query f e t c h i n g a l l columns from a d a t a b a s e
t a b l e . In a d d i t i o n t o obv ious v i o l a t i o n s , r e p o r t c a s e s where jOOQ
f e t c h e s a l l columns o f a t a b l e i n t o r e c o r d s o r g e n e r a t e d DAOs ( l o c a t e d
i n a package end ing wi th ‘ t a b l e s . daos ‘ ) . Do no t r e p o r t t h i s i s s u e i f
i t o c c u r s w i t h i n a ‘ f e t chCoun t ‘ o r ‘ f e t c h E x i s t s ‘ c a l l . Only i n c l u d e
t h e l i n e ( s ) where t h e b l i n d p r o j e c t i o n i s s e l e c t e d i n t h e l i n e range ,
do no t i n c l u d e t h e r e s t o f t h e que ry .
− Fea r o f t h e Unknown : Query l o g i c u s e s a NULLABLE column i n a way
t h a t p r oduce s i n c o r r e c t r e s u l t s w i th NULL. Do no t r e p o r t i s s u e s t h a t
a r i s e from i n s u f f i c i e n t n u l l −h a n d l i n g i n Java code . Also do no t r e p o r t
t h e i s s u e i f you ’ r e un su r e i f t h e column i s NULLABLE.

Only i d e n t i f y p rob lems i n code , which i n t e r a c t s d i r e c t l y wi th t h e jOOQ
DSL or g e n e r a t e d DAOs ( l o c a t e d i n a package end ing wi th
‘ t a b l e s . daos ‘ ) . Do no t i d e n t i f y p rob lems i n code , which i n t e r a c t s w i th
h i g h e r l e v e l a b s t r a c t i o n s . In c a s e o f m u l t i p l e c o n s e c u t i v e i s s u e s ,
r e p o r t them s e p a r a t e l y , even i f t h ey a r e on c o n s e c u t i v e l i n e s . I f t h e
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f i l e does no t c o n t a i n any a n t i p a t t e r n s , l e a v e t h e l i s t o f o c c u r r e n c e s
empty .

Figure 8. Detection instructions used in DML/DQL prompts.

4.3 Quantitative Analysis

Following the finalisation of the prompt design, we analysed each project in the validation

set created in Section 3.2.4 using all combinations of models and prompting strategies. We

subsequently evaluated the resulting outputs against the ground truth.

We performed the analysis using the OpenAI Python SDK [98], accessing the models

through OpenRouter [99] as a unified gateway for different LLM providers, using the

following parameters for LLMs:

■ Temperature: Used to control the randomness of the output, with higher values

resulting in less deterministic results. Using a value of zero encourages the model

to select the most likely token, reducing randomness and improving repeatability,

making the output as deterministic as possible. We used the default value 1.0

for OpenAI gpt-oss-120B, since using near-zero values caused it to repeat tokens

infinitely, and this issue did not resolve with any other parameter changes. We used

the value 0.0 for all other models, except for OpenAI GPT-5.2, which did not support

the parameter when being used as a reasoning model.

■ Effort: Used to control how much internal reasoning the model performs before

generating a response. Higher effort levels enable deeper, multi-step analysis,

generally improving reliability, while being slower, costlier, and less deterministic.

We used the highest supported value for each reasoning model to leverage improved

reliability, while compensating for decreased determinism with other techniques.

In Table 3 we show the selected parameter combinations for each model used for analysis.

Table 3. Model parameters used for analysis.

Model Temperature Effort

OpenAI GPT-5.2 (reasoning) Unsupported xhigh

Continues...
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Table 3 – Continues...

Model Temperature Effort

Z.ai GLM-5 (reasoning) 0.0 Unsupported

Anthropic Claude Opus 4.5 (non-reasoning) 0.0 none

OpenAI gpt-oss-120B (reasoning) 1.0 high

While OpenRouter provides a convenient unified API, it acts as an abstraction layer where

internal routing and caching semantics can vary. To maintain strict control over the

experimental environment, we explicitly disabled OpenRouter’s automatic model fallbacks.

This ensured that requests were evaluated exclusively by the requested model or failed

outright, triggering our local retry mechanism. We also considered OpenRouter’s default

request caching; however, because each analysed source file generated a strictly unique

prompt and the evaluation was executed in a single pass, gateway-level caching could not

artificially influence our results.

In essence, we were evaluating the performance of the models and prompts in performing

a multi-label (there were multiple antipatterns that could be detected) multi-occurrence

(each antipattern could occur multiple times within each file) localisation (in addition to

classification, we aimed to detect the location of the antipattern occurrences) task. For this

reason, we employed a combination of spatial overlap criteria and classification metrics for

evaluation, using Intersection over Union (IoU) and F1-score.

The first step involved quantifying the localisation performance using IoU. We define a line

span S as the set of line indices within an inclusive range in a source code file.

S = {i ∈ N | start ≤ i ≤ end} (4.1)

For a predicted line span Sp and a ground truth line span Sg, the IoU is defined as:

IoU = |Sp ∩ Sg|
|Sp ∪ Sg|

(4.2)

This metric produces a value between 0 and 1, where 1 represents an exact line-level match.

In this methodology, the IoU serves as the qualification gate for all subsequent metrics. A

prediction is classified as a true positive (TP) if its spatial overlap with the ground truth
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exceeds the threshold: IoU ≥ 0.5. If the IoU is below this threshold, the prediction is

classified as a false positive (FP), while missed ground truth spans are considered false

negatives (FN).

Using this qualification gate, we classify the predictions into TPs, FPs, and FNs, employing

Non-Maximum Suppression (NMS): in cases of multi-occurrence where multiple predic-

tions overlap a single ground truth span, only the prediction with the highest spatial overlap

is assigned as a TP, while subsequent overlaps are penalised as FPs.

Based on the classifications, we calculated the precision (P ) and recall (R) of the model at

the selected threshold, defined as:

P = TP
TP + FP

, R = TP
TP + FN

(4.3)

Precision measures the exactness of the model by calculating the ratio of correctly identified

detections to the total number of detections, thereby indicating the extent to which the

model avoids FPs. Recall measures the completeness of the model by calculating the

ratio of correctly identified detections to the total number of antipattern occurrences in the

ground truth, reflecting the model’s ability to minimize FNs.

Using these values, we calculated the F1-score, which provides a balanced assessment

of model performance at the selected threshold by calculating the harmonic mean of

precision and recall, serving as a single unified metric that penalizes extreme values in

either component:

F1 = 2 · P · R

P + R
(4.4)

We calculated P , R and F1 for each antipattern separately, and as a weighted average of all

antipatterns:

x̄w =
∑n

i=1 wixi∑n
i=1 wi

(4.5)

This way, we were provided with an understanding of which models and prompts are the

best in the detection of antipatterns in general, but we also had the opportunity to study

the differences in further detail. Additionally, we recorded the cost and runtime of each

analysis and the number of requests retried due to incorrectly formatted (e.g., empty or

non-JSON) responses provided models.
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We acquired the data about costs from the OpenRouter dashboard due to a subtlety in the

OpenAI Python SDK’s API for structured outputs: if the client-side validation for the

output fails, the request, including its usage data, cannot be obtained from the client code,

making accurate cost calculations impossible. We represent the cost in USD including

VAT, and the runtime in seconds.

Based on the results of this analysis, we could provide answers to RQ1 and RQ2 in

Sections 7.1 and 7.2, and we could decide on the preferred prompting strategy for the

development of an antipattern detection tool in Chapter 5.

4.4 Qualitative Analysis

We manually inspected the results produced by each combination of model and prompting

strategy. Where possible, we also inspected the reasoning data to identify behavioural

patterns that could explain the frequent FPs and FNs in the results. We then compared our

experimental findings with existing literature on prompting strategies and LLM behaviour.

We discuss the results of the qualitative analysis in Section 8.1.1.
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5 Development of Antipattern Detector

This chapter provides an overview of the developed command-line tool for detecting the

seven targeted SQL antipatterns, which employs the most effective prompting strategy

identified based on the analysis that was described in Section 4.3. We discuss the tool’s

architectural design, internal workflow, and configuration options, as well as the coding

process used to implement it.

The tool was developed with the assistance of OpenAI Codex [11], using the GPT-5.4

[100] model, in a semi-autonomous agentic coding process. The development process was

organised around iterative implementation tasks. For each task, we specified the intended

behaviour, constraints, and expected outcome, after which the coding agent inspected the

existing codebase, proposed or implemented the necessary changes, and ran relevant checks

where applicable. Human supervision was retained throughout the process: generated

changes were reviewed, requirements were clarified when necessary, and architectural

decisions, evaluation requirements, and final acceptance of the implementation remained

under human control. In this way, Codex was used primarily as an implementation assistant,

while the design goals and validation criteria were defined by us.

5.1 Architecture

We implemented the tool as a monolithic command-line interface (CLI) application.

Compared to a graphical user interface (GUI) application, this approach offers greater

versatility, allowing the tool to be run in non-interactive environments, such as continuous

integration (CI) pipelines and batch evaluation scripts. Additionally, the CLI approach

avoids coupling the core analysis logic to a particular user interface. This allows for

developing alternative frontends in the future, such as a standalone desktop application or

an IDE extension, without requiring substantial changes to the analysis pipeline.

The tool is built as a self-contained executable without local runtime dependencies (e.g.,
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Python or Node.js), simplifying distribution and use in controlled evaluation environments.

It features extensive configuration options (detailed in Section 5.5), which can be provided

as command-line options, environment variables, or in a configuration file. In case of

duplicated options, command-line options take precedence over environment variables,

which in turn take precedence over the configuration file.

A high-level diagram of the tool’s architecture is shown in Figure 9.

Figure 9. Components of the SQL antipattern detection tool.

5.2 Workflow

Although the tool is implemented as a monolithic application, its internal architecture is

organised as the staged pipeline shown in Figure 10. The main stages of the pipeline are

the following:

■ Input and configuration: The tool receives command-line arguments, validates

the input directory, and combines command-line options, environment variables,

an optional configuration file, and built-in defaults into a single validated runtime

configuration.

■ Model setup: The selected model is resolved from an explicit provider-prefixed

identifier. The provider prefix determines which LLM client is created and which

API key is required.

■ Source-file discovery: The selected project directory is recursively scanned for Java
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source files. The tool then applies jOOQ-oriented inclusion and exclusion heuristics

to retain only files likely to contain relevant schema or query logic.

■ Candidate preparation: Each retained Java file is converted into an analysis

candidate containing its path, contents, analysis category, and optional contextual

information. The analysis category determines whether the file is analysed as

schema-definition code or query/application code. The tool also attaches the closest

available key-definition context when such context is found.

■ Per-file analysis: Candidate files are processed concurrently up to the configured

concurrency limit. For each candidate, the source code is converted into a line-

numbered representation and inserted into an LLM request. When the prompt-size

budget requires it, the source context and any attached key-definition context are

truncated while preserving useful context where possible.

■ Validation and failure handling: If a request fails or returns data in an unexpected

format, the tool retries it according to the configured retry count. If all attempts fail,

the error is reported as a per-file result instead of aborting the whole run.

■ Aggregation and rendering: After all candidates have been processed, the tool

sorts the per-file results, computes a run-level summary, and renders the structured

result as text, JSON, or CSV. The rendered output is then written either to standard

output or to a configured output file.
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Figure 10. Workflow of the SQL antipattern detection tool.
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5.3 Result Representation

The tool supports two analysis modes. In localisation mode, the output contains occurrence-

level findings with source locations and explanations. In classification mode, the output

contains only the distinct antipatterns detected in each file. The output of a run is a

structured report consisting of run-level metadata, aggregate statistics, and per-file analysis

results. The text rendering is intended for human inspection, while JSON and CSV outputs

support automated processing, evaluation scripts, and integration with other tools.

Figure 11 shows a shortened text rendering of an analysis report in the localisation mode.

The report begins with the selected model and analysed directory, followed by aggregate

statistics. Individual findings are then grouped by file and include the detected antipattern,

source location, relevant code fragment, and an explanation.

jOOQ Ant ipa t t e rn Detec tor
Model goog l e : gemini −3.1− f l a s h − l i t e −prev iew
D i r e c t o r y / home / k r i s t o / mas t e r s − t h e s i s / sample−p r o j e c t

Summary
Scanned Java f i l e s 164
A p p l i c a b l e f i l e s 39
Analyzed f i l e s 39
F a i l e d f i l e s 0
F i l e s wi th f i n d i n g s 7
T o t a l o c c u r r e n c e s 14
D i s t i n c t a n t i p a t t e r n s 2
I n p u t t o k e n s 68739
Outpu t t o k e n s 1925
T o t a l t o k e n s 70664

Findings
−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

s r c / main / j a v a / com / i n v e n t o r y / p r o s t a / bo t / j ooq / t a b l e s / AccountChat . j a v a
ID Required (54 −54)
Code p u b l i c f i n a l T ab l eF i e l d <AccountChatRecord , Long> ID =
c r e a t e F i e l d (DSL . name ( " i d " ) , SQLDataType . BIGINT . n u l l a b l e ( f a l s e ) .
i d e n t i t y ( t r u e ) , t h i s , " " ) ;
E x p l a n a t i o n The p r ima ry key i s named ’ id ’ , which i s a g e n e r i c name
t h a t p r o v i d e s no s eman t i c i n f o r m a t i o n abou t t h e e n t i t y . Cons i d e r
renaming i t t o ’ a c c o u n t _ c h a t _ i d ’ t o improve c l a r i t y and c o n s i s t e n c y
a c r o s s t h e d a t a b a s e schema .
−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

s r c / main / j a v a / com / i n v e n t o r y / p r o s t a / bo t / r e p o s i t o r y / AccountRepo . j a v a
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I m p l i c i t Columns (64 −64)
Code d s l . s e l e c t ( )
E x p l a n a t i o n Using s e l e c t ( ) w i t h o u t a rgumen t s f e t c h e s a l l columns from

t h e t a b l e , which can l e a d t o pe r fo rmance i s s u e s and u n n e c e s s a r y d a t a
t r a n s f e r . E x p l i c i t l y l i s t on ly t h e r e q u i r e d columns i n t h e s e l e c t

c l a u s e .

I m p l i c i t Columns (90 −90)
Code d s l . s e l e c t (ACCOUNT. f i e l d s ( ) )
E x p l a n a t i o n Using ACCOUNT. f i e l d s ( ) f e t c h e s a l l columns from t h e t a b l e
, which i s i n e f f i c i e n t i f on ly a s u b s e t o f d a t a i s needed . S p e c i f y
on ly t h e n e c e s s a r y columns t o improve que ry pe r fo rmance and
m a i n t a i n a b i l i t y .

Figure 11. Results displayed by the tool (truncated).

5.4 Implementation Technologies

The tool utilises the following technologies:

■ Bun [101]: Modern JavaScript toolkit, consisting of a JavaScript runtime, bundler,

test runner, and package manager. It was selected for its high performance, simple

setup, built-in support for TypeScript, and built-in ability to compile applications

into standalone executables.

■ TypeScript [102]: Strongly typed superset of JavaScript, enabling developers to

catch errors (e.g., type mismatches and nullability errors) during development, rather

than at runtime. It was selected for its compile-time type safety and enhanced IDE

support compared to JavaScript.

■ Biome [103]: Modern code formatter and linter for JavaScript and TypeScript. It was

selected for its high performance, simple setup, and built-in support for TypeScript.

■ Vercel AI SDK [104]: Standardised interface for communicating with LLM providers,

hiding provider-specific interface differences behind a unified abstraction.

■ Commander [105]: Lightweight framework for building CLI applications, used for

parsing command-line arguments.

■ fast-glob [106]: Performance-oriented library for traversing the file system and

retrieving file paths based on “glob” patterns (e.g., **/*.java). Used to find relevant

files in the directory of the analysed project.
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■ p-limit [107]: Library for running multiple asynchronous functions with limited

concurrency. Used to perform a limited number of parallel requests against the LLM

provider.

■ Zod [108]: TypeScript-first library for schema validation. Used for defining schemas

for configuration options and LLM responses, and for validating objects against their

respective schemas.

5.5 Configuration Interface

The configuration interface was designed to support both interactive use and automated

evaluation runs. The available options can be grouped into five categories: model selection,

analysis behaviour, execution control, output control, and provider authentication. This

made it possible to reuse the same implementation for manual inspection, quantitative

experiments, and automated result collection.

Although the tool provides user-friendly defaults for common command-line usage, most

of the execution parameters can be overridden to support controlled experiments. For

example, the output format can be changed from human-readable text to JSON or CSV,

allowing results to be consumed by evaluation scripts or third-party tooling. Similarly,

while the default prompts are embedded within the executable binary to keep the tool fully

self-contained by default, they can be loaded from a JSON file with an execution parameter,

enabling the use of other prompting strategies or the detection of additional antipatterns.

A comprehensive overview of all available configuration options, including their accepted

parameters and default values, is provided in Appendix 9.

5.6 Quantitative Analysis

To validate the detection performance of the finalised tool, we performed an analysis

on each project in the test set produced in Section 3.2.4, using the tool in the default

“localisation” mode. As in Section 4.3, we evaluated the tool using metrics suitable for a

multi-label multi-occurrence localisation task: IoU and F1-score.

So far, we have treated the task as a localisation task, and validating it as such; however,

there is not much comparison data available for such an approach. To compare our results
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against other works regarding detecting antipatterns and code smells using LLMs, we also

evaluated it as a multi-label classification task.

To achieve this, we re-analysed the projects in the test set, this time using the tool in the

“classification” mode, and compared the results against the ground truth. In this case, a

prediction was considered a TP, if the tool detected an antipattern within a file, and the

ground truth also contained the same antipattern within that file.

Based on the results of the quantitative analysis, we provide an answer to RQ3 in Section 7.3.

We compare our performance metrics against previous works regarding both SQL antipattern

detection and LLM-based code smell detection in Section 8.1.3.

5.7 Qualitative Analysis

We manually inspected the differences between the tool’s results and the ground truth,

seeking patterns within the FPs and FNs and discussing their root causes in Section 8.1.2.

We also compared the outputs of the “localisation” and “classification” modes. The

differences in the results were analysed to identify common localisation errors and their

underlying causes, and to explain why classification metrics may yield stronger results than

localisation metrics.
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6 Project Analysis

This chapter outlines the framework for our large-scale empirical analysis, which applies

the newly developed tool to the complete dataset of 602 mined software projects. We

detail the statistical methods and metrics used to examine the prevalence and co-occurrence

patterns of the seven evaluated SQL antipatterns in real-world projects.

6.1 Quantitative Analysis

For each of the seven targeted antipatterns, we calculated the following statistical values:

■ the total number of detected antipattern occurrences,

■ the number of projects containing that antipattern,

■ the average number of detected occurrences per project among all 602 projects,

■ the average number of detected occurrences per project among projects containing

that antipattern,

■ the number of detected occurrences per 100 jOOQ statements among all 602 projects.

For antipatterns, which have been studied by other works, we compared our results to theirs.

Other works [4], [5], which detect SQL antipatterns by extracting SQL statements from

source code and parsing them, receive the number of SQL statements in the project as a

side product of the extraction step. However, since the jOOQ API allows SQL statements

to be constructed dynamically, it is difficult to accurately estimate the number of SQL

statements in the projects.

Therefore, rather than estimating the number of SQL statements in the projects, we estimate

the number of jOOQ statements as the number of references to jOOQ API methods that

execute an SQL statement. It should be noted that because loop constructs and conditional

query building can generate a vastly different number of actual SQL statements at runtime

than static method references imply, this proxy measurement introduces a margin of error.

As a result, the numbers between our study and others are not directly comparable. Despite
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this, they can be used as indications of broader trends.

To study the co-occurrence patterns of SQL antipatterns, we calculated the Jaccard Indexes,

Conditional Probabilities, and Spearman’s correlations between the antipatterns, both at

the project and file level.

The Jaccard Index measures the degree of co-occurrence between two SQL antipatterns,

allowing us to identify “antipattern clusters”—groups of antipatterns that consistently occur

together. A value of 1.0 indicates that two antipatterns always appear together, while 0.0

indicates that they never appear in the same project or file.

Given A and B, which represent the sets of projects or files containing each antipattern,

and |A| and |B|, which represent the number of observations in those sets:

J(A, B) = |A ∩ B|
|A ∪ B|

(6.1)

Conditional Probability measures the directional dependency between two SQL antipatterns.

It calculates the likelihood that antipattern B is present, given the presence of antipattern A.

This metric allows us to identify “indicator” antipatterns, which may predict the presence

of others.

P (B|A) = |A ∩ B|
|A|

(6.2)

Spearman’s correlation (ρ) measures the relationship between the intensity of two an-

tipatterns, rather than just their presence. Whereas the other metrics merely indicate the

presence of a smell, Spearman’s correlation incorporates occurrence frequencies to assess

whether increases in one antipattern are associated with increases in another.

To account for tied ranks, which occur frequently when multiple projects share the same

antipattern count, a correction factor T is applied to the variance. This factor is calculated for

each antipattern based on the number of tied groups G and the number of tied observations

tj within the j-th group:
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T =
G∑

j=1

t3
j − tj

12 (6.3)

Given di, which represents the difference between the ranks of frequencies of the two

antipatterns in a project or file i, and n, which represents the total number of projects or

files containing at least one of the antipatterns:

n = |A ∪ B| (6.4)

ρ =
n3−n

6 −∑
d2

i − TA − TB√(
n3−n

6 − 2TA

) (
n3−n

6 − 2TB

) (6.5)

Based on these results, we provide an answer to RQ4 in Section 7.4.

For two of the detected query antipatterns (“Implicit Columns” and “Poor Man’s Search

Engine”), we analysed the jOOQ API methods associated with each antipattern occurrence.

We employed an iterative pattern-matching approach, assigning a label to each antipattern

occurrence by comparing the containing code snippet against a collection of patterns, each

of which indicated an associated API pattern for the antipattern occurrence.

We skipped the analysis for all database design antipatterns, since for them, the associations

only display how jOOQ generates classes based on an underlying problematic schema, and

do not provide insights into potential API design issues.

We also skipped the analysis for the “Fear of the Unknown” antipattern, which we detect

from both classes representing the database schema and source classes containing DQL

and DML statements. We initially planned to constrain the labelling to only occurrences

found in DQL and DML statements, but only a negligible number of “Fear of the Unknown”

occurrences (16 occurrences, 1.3 % of total) were found in DQL and DML statements, not

providing a sufficient sample size.

Based on this analysis, we provide an answer to RQ5 in Section 7.5. We developed the

pattern collection iteratively until we were able to assign a label to at least 98 % of all

antipattern occurrences, at which point only uncommon occurrences were left unlabelled,

which did not affect the answer to the research question.
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6.2 Qualitative Analysis

We discussed the results of quantitative analysis from a qualitative perspective in Sec-

tions 8.1.3 to 8.1.5. We assessed whether there were any major discrepancies between the

prevalence numbers found by us and prior works focusing on plain SQL, and discussed the

reasons behind them.

Additionally, we examined the most prominent co-occurrence patterns between antipatterns,

discussing their implications, as well as the jOOQ API methods most commonly associated

with SQL antipatterns.
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7 Results

This chapter presents the empirical results of our research, directly answering the five

research questions formulated in Section 1.1. We report on the comparative performance

of the evaluated LLMs and prompting strategies, the detection performance of the finalised

detection tool, and the estimated prevalence of SQL antipatterns. Further interpretation of

these findings is reserved for Section 8.1.

7.1 RQ1: How do different LLMs compare in identifying SQL
antipatterns in Java code that uses jOOQ for database access?

To evaluate the baseline performance of LLMs in detecting the seven qualifying SQL

antipatterns, we used the performance of the Zero-Shot Prompting strategy, which uses

the fewest prompt engineering methods and is the most representative of real-life use. In

Table 4 we show the baseline detection performance of SQL antipatterns for each compared

LLM, calculated as the weighted average of the detection performances of individual

antipatterns. In Appendix 10 we show the baseline detection performances for individual

SQL antipatterns.

Table 4. Binary evaluation metrics, costs, runtimes, and retry counts for detection of SQL antipatterns using
Zero-Shot Prompting.

Model Precision Recall F1-Score Cost (USD) Runtime (s) Retries

OpenAI GPT-5.2

(reasoning)
0.85 0.92 0.88 26.16 2423 1

Z.ai GLM-5 (reasoning) 0.88 0.89 0.88 11.77 5774 175

Anthropic Claude Opus

4.5 (non-reasoning)
0.88 0.89 0.88 29.97 367 0

OpenAI gpt-oss-120B

(reasoning)
0.83 0.87 0.83 1.49 2808 0

All near-SotA models (GPT-5.2, GLM-5, and Opus 4.5) achieved a weighted average

F1-score of 0.88, demonstrating strong detection performance. The difference lies in the
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paranoia of the models: GPT-5.2 achieved a greater recall than the other models (0.92 vs

0.89), but a lower precision (0.85 vs 0.88), capturing more TPs, while also returning more

FPs.

However, the models achieved strong performance at significantly different costs and

runtimes. As is common for non-reasoning models, Opus 4.5 was the fastest but also the

most expensive, completing the analysis of 20 projects (containing 823 analysed “relevant”

files) in six minutes and seven seconds at a cost of $29.97. GLM-5 was the opposite:

nearly three times cheaper at $11.77, but also over 15 times slower due to stability issues

explained later. GPT-5.2 was in the middle, costing slightly less than Opus 4.5 at $26.16,

but being 6.6 times slower due to its heavy reasoning process. The gpt-oss-120B model

was by far the cheapest, costing just $1.49 while being slightly slower than GPT-5.2.

An interesting difference between the near-SotA models was that Opus 4.5 was consistently

superior in the precision of detecting the “Keyless Entry” antipattern, achieving a precision

of at least 0.72 in all prompting strategies, also consistently displaying a very high recall of

at least 0.98, while all other models never exceeded a precision of 0.64.

It should also be noted that for both the baseline prompting strategy and all tested prompting

strategies, GLM-5 and gpt-oss-120B models showed unstable behaviour. The GLM-5

model was by far the slowest with inconsistent runtimes and had a tendency to return

misformatted and empty responses, causing the analysis for these files to be retried.

The gpt-oss-120B model had a tendency to end up in long/infinite cycles during its reasoning

process, causing inconsistent and long runtimes. The model also suffered from several

anomalies that mainly affected the precision of the model. In some cases, it detected

the same antipattern occurrence twice, while in others it denoted an antipattern-free file

with a detected antipattern occurrence with a line span consisting of values between −1

and 0, ignoring the instructions in the prompt. In numerous cases, the model filled the

output fields with nonsensical values, such as choosing line ranges that extend beyond the

bounds of the analysed files, which hinders both the precision and recall of the results in

our methodology.

In Figure 12, we display an example where the reasoning process of the model “leaked”

into the final response, causing multiple anomalies for one antipattern occurrence: an
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invalid line range, an incorrect code fragment containing Unicode-encoded non-breaking

space characters, and a reasoning for the antipattern occurrence where the model is berating

its previous thinking process. Interestingly, the occurrence of such anomalies was higher

for files, which required more reasoning tokens to be analysed. We did not spot any such

anomalies in the results for other models. An interpretation of these stability issues is

discussed in Section 8.1.1.

Response ( o c c u r r e n c e s =[ A n t i p a t t e r n O c c u r r e n c e (
a n t i p a t t e r n N a m e =< An t i pa t t e rnName . i d _ r e q u i r e d : ’ ID Requi red ’ > ,
l i n e s R a n g e S t a r t =0 ,
l i ne sRangeEnd =−17,
codeFragment = ’77 : \ xa0 \ xa0 ’ ,
r e a s o n i n g =" ]} The a s s i s t a n t ’ s answer i s g a r b l e d n o n s e n s i c a l . Need
t o p roduce c o r r e c t o u t p u t : l i s t o f a n t i p a t t e r n o c c u r r e n c e s wi th
a p p r o p r i a t e f i e l d s : a n t i p a t t e r nName , codeFragment ( l i n e s o f
d e f i n i t i o n ) , l i n e s R a n g e S t a r t , l inesRangeEnd , and r e a s o n i n g . Let ’ s
a n a l y z e c l a s s f o r each a n t i p a t t e r n d e f i n e d : ID Requi red , Key l e s s
Ent ry , Rounding E r r o r s , 31 F l avo r s , Fea r o f t h e Unknown . Also
c o n s i d e r t h a t c l a s s i s f o r a t a b l e ( no t a view ) . F i r s t , ID Requ i r ed
: p r ima ry key column name "

) ] )

Figure 12. Example of an anomalous response provided by the gpt-oss-120B model.

7.2 RQ2: How do different prompting strategies affect the detection
performance of LLMs in identifying SQL antipatterns in Java code
that uses jOOQ for database access?

In the following sections, we analyse the effects of the evaluated prompting strategies

on the detection performance of SQL antipatterns. It should be noted that due to the

stability issues described in the previous section, which resulted in extremely inconsistent

runtimes for the GLM-5 and gpt-oss-120B models, we omitted these models from all

runtime comparisons between the evaluated prompting strategies and the baseline.

7.2.1 Few-Shot Prompting

As shown by the binary evaluation metrics in Table 5, only GLM-5 showed a slight

improvement in the precision (0.89 vs 0.88), recall (0.90 vs 0.89), and F1-score (0.89 vs

0.88). For all other models, the improvements, if any, were within the margin of error.
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Table 5. Binary evaluation metrics, costs, runtimes, and retry counts for detection of SQL antipatterns using
Few-Shot Prompting.

Model Precision Recall F1-Score Cost (USD) Runtime (s) Retries

OpenAI GPT-5.2

(reasoning)
0.86 0.92 0.88 29.97 2507 0

Z.ai GLM-5 (reasoning) 0.89 0.90 0.89 14.85 4281 9

Anthropic Claude Opus

4.5 (non-reasoning)
0.88 0.89 0.88 45.00 352 0

OpenAI gpt-oss-120B

(reasoning)
0.83 0.87 0.84 2.00 543 1

In Appendix 11 we show the detection performances for individual SQL antipatterns

using the Few-Shot Prompting strategy. The differences compared to the baseline were

generally negligible, except for the gpt-oss-120B model, which saw the F1-score for the

“Keyless Entry” antipattern decrease from 0.77 to 0.71, and the F1-score for the “Fear of

the Unknown” antipattern increase from 0.18 to 0.42.

Using the Few-Shot Prompting strategy, the average analysis cost across all models

increased by 31 %, showing a significant increase in cost at a negligible increase in

detection performance. On the contrary, the runtime did not see significant changes

compared to the baseline: for GPT-5.2 it increased by 3 %, while for Opus 4.5 it decreased

by 4 %. While the runtimes of the two open models decreased significantly, these changes

were an effect of the stability issues affecting the models.

7.2.2 Chain-of-Thought Prompting

Using the CoT strategy, the average analysis cost across all models increased by 23 %

compared to baseline, while the runtime for GPT-5.2 increased by 20 % and the runtime

for Opus 4.5 increased by 160 %, as shown in Table 6.
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Table 6. Binary evaluation metrics, costs, runtimes, and retry counts for detection of SQL antipatterns using
Chain-of-Thought Prompting.

Model Precision Recall F1-Score Cost (USD) Runtime (s) Retries

OpenAI GPT-5.2

(reasoning)
0.85 0.91 0.87 30.43 2896 1

Z.ai GLM-5 (reasoning) 0.87 0.88 0.87 15.39 9628 234

Anthropic Claude Opus

4.5 (non-reasoning)
0.92 0.90 0.90 40.86 956 0

OpenAI gpt-oss-120B

(reasoning)
0.81 0.85 0.82 1.62 895 3

The prompting strategy did not improve performance over the baseline for any of the

reasoning models; on the contrary, the F1-score decreased slightly for all of them. The

non-reasoning model, Claude Opus 4.5, on the other hand, saw small improvements in the

F1-score, increasing from 0.88 to 0.90.

In Appendix 12 we show the detection performances for individual SQL antipatterns using

the CoT prompting strategy. Performance improvements in Opus 4.5 can be seen for

multiple antipatterns: for the “Implicit Columns” antipattern, both precision and recall

metrics improved noticeably (from 0.94 to 0.97, and from 0.93 to 0.95), while the “ID

Required” antipattern saw significant improvements in detection precision (from 0.90 to

0.95). Contrarily, the precision for the “Keyless Entry” antipattern dropped from 0.77 to

0.72. The precision for the “Fear of the Unknown” antipattern increased from 0.60 to

0.88, while the recall dropped from 0.50 to 0.39, resulting in the F1-score remaining nearly

identical.

While all other models also experienced fluctuations in their precision and recall scores

for individual antipatterns, these fluctuations were mostly negligible. The most notable

exception was the “31 Flavors” antipattern for the GPT-5.2 model, which saw a significant

decrease in both precision and recall, resulting in the F1-score decreasing from 0.75 to

0.58. We observed the largest overall decline in the precision and recall scores of the

gpt-oss-120B model, further discussed in Section 8.1.1.
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7.2.3 Tree-of-Thought Prompting

The ToT strategy was by far the most computationally expensive: the average analysis cost

(across all models) increased by 88 % compared to baseline, while the runtime for GPT-5.2

increased by 94 %, and the runtime for Opus 4.5 increased by a staggering 1181 %, as

shown in Table 7.
Table 7. Binary evaluation metrics, costs, runtimes, and retry counts for detection of SQL antipatterns using
Tree-of-Thought Prompting.

Model Precision Recall F1-Score Cost (USD) Runtime (s) Retries

OpenAI GPT-5.2

(reasoning)
0.87 0.91 0.89 51.70 4702 2

Z.ai GLM-5 (reasoning) 0.92 0.88 0.87 16.42 5359 14

Anthropic Claude Opus

4.5 (non-reasoning)
0.92 0.90 0.90 81.43 4701 9

OpenAI gpt-oss-120B

(reasoning)
0.81 0.83 0.81 2.13 2139 58

The results were similar to the ones of the CoT prompting strategy, with the non-reasoning

model, Claude Opus 4.5, seeing the largest improvement in the F1-score, increasing from

0.88 to 0.90. The F1-score dropped slightly for two of the three reasoning models, but

interestingly, the GPT-5.2 model saw slight improvements in its detection performance.

Once again, the gpt-oss-120B model exhibited the largest overall reduction in detection

performance, exceeding even the decline observed with the CoT strategy.

In Appendix 13 we show the detection performances for individual SQL antipatterns using

the ToT prompting strategy. Similarly to the CoT strategy, performance improvements in

Opus 4.5 can be seen for multiple antipatterns: for the “Implicit Columns” antipattern,

both precision and recall metrics improved slightly, while the “ID Required” antipattern

saw significant improvements in detection precision (from 0.90 to 0.96). The precision

for the “Fear of the Unknown” antipattern increased from 0.60 to 0.87, while the recall

dropped from 0.50 to 0.39, resulting in an overall decrease in the F1-score.

While all other models also saw fluctuations to their precision and recall scores for individual

antipatterns, they were mostly negligible. The most notable exception was the “Keyless

Entry” antipattern for the GPT-5.2 model, which saw a significant increase in precision,
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increasing from 0.53 to 0.65.

7.2.4 Summary

None of the evaluated prompting strategies showed a consistent improvement in detection

performance across all models. Prompting strategies designed to elicit reasoning (CoT, ToT)

displayed a 2 % increase in the F1-score for the non-reasoning model, while often degrading

the performance of reasoning models. Few-Shot Prompting increased the F1-score for

GLM-5 while not affecting the performance of the other models.

Compounded with the fact that the more complex prompting strategies resulted in a large

increase in analysis costs and runtimes, we ultimately found that they were not reliably

beneficial in this setting. Therefore, we used our baseline Zero-Shot prompts for the

development of our SQL antipattern detection tool.

7.3 RQ3: How accurately can the developed LLM-based tool detect
SQL antipatterns in Java code that uses jOOQ for database access?

We performed the analysis of the tool using the Claude Opus 4.5 model, with reasoning

disabled, and temperature set to 0.0. The tool performed the analysis using the previously

developed Zero-Shot prompts. We selected the Claude Opus 4.5 model for the analysis

because it was tied for the best performance under the Zero-Shot strategy while also being

by far the fastest model evaluated. The cost of the analysis of 20 projects (containing 502

analysed “relevant” files) was $14.34 and the runtime was 386 seconds.

Importantly, during the subsequent qualitative analysis of the tool’s output (discussed

in detail in Section 8.1.2), we discovered several inaccuracies and omissions in our

human-annotated ground truth. Because these human errors negatively affected the tool’s

performance metrics, we evaluated the tool against both the original (uncorrected) and

revised (corrected) ground truth datasets.

Table 8 summarises the absolute detection counts—TPs, FPs, and FNs—for each individual

antipattern when evaluated against the original, uncorrected ground truth. Detailed

confusion matrices for each individual antipattern, reflecting both the uncorrected and

corrected datasets, are available in Appendix 14.
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Table 8. Absolute detection counts of SQL antipatterns using the developed tool (uncorrected).

Antipattern TP FP FN

Implicit Columns 253 4 17

ID Required 89 13 16

Keyless Entry 35 30 1

Fear of the Unknown 19 24 17

31 Flavors 38 1 1

Poor Man’s Search Engine 13 4 8

Rounding Errors 13 0 3

In Tables 9 and 10, we show the overall confusion matrix for the tool, before and after

applying corrections regarding mistakes in the ground truth.

Table 9. Confusion matrix for detection of SQL antipatterns using the developed tool.

Predicted Presence

Present Absent Total

Actual

Presence

Present 460 63 523

Absent 76 N/A1 76

Total 536 63 599

Table 10. Confusion matrix for detection of SQL antipatterns using the developed tool (corrected).

Predicted Presence

Present Absent Total

Actual

Presence

Present 512 51 563

Absent 24 N/A 24

Total 536 51 587

We calculated the detection performance of our developed tool for each individual

antipattern, as well as the overall detection performance, calculated as the weighted

average of the detection performances of individual antipatterns. As the corrections to
1There is no clear way of calculating the number of True Negatives in the context of antipattern localisation,

and the number would dwarf all other numbers in the table without offering much additional value. Therefore,

we omit the number of True Negatives from our confusion matrices.
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ground truth are inherently biased towards impacting detection performances positively, we

provide detection performances for both uncorrected and corrected ground truths, shown

in Tables 11 and 12.
Table 11. Binary evaluation metrics for detection of SQL antipatterns using the developed tool (uncorrected).

Antipattern Precision Recall F1-Score

Implicit Columns 0.98 0.94 0.96

ID Required 0.87 0.85 0.86

Keyless Entry 0.54 0.97 0.69

Fear of the Unknown 0.44 0.53 0.48

31 Flavors 0.97 0.97 0.97

Poor Man’s Search Engine 0.76 0.62 0.68

Rounding Errors 1.00 0.81 0.90

Total 0.88 0.88 0.88

Table 12. Binary evaluation metrics for detection of SQL antipatterns using the developed tool (corrected).

Antipattern Precision Recall F1-Score

Implicit Columns 1.00 0.94 0.97

ID Required 0.99 0.94 0.96

Keyless Entry 0.75 1.00 0.86

Fear of the Unknown 0.98 0.71 0.82

31 Flavors 0.97 0.97 0.97

Poor Man’s Search Engine 0.76 0.62 0.68

Rounding Errors 1.00 0.81 0.90

Total 0.96 0.91 0.93

7.3.1 Without Localisation

We also performed the analysis using the classification mode, which detects antipatterns

on a per-file basis, without specifying the exact location. The other settings remained the

same: we used the Claude Opus 4.5 model, with reasoning disabled, and temperature set

to 0.0. With these settings, the cost of the analysis was $12.24 and the runtime was 295

seconds.

Similarly to before, we analysed the FPs and FNs in the results, and made corrections to

errors found to be mistakes in the ground truth. In Appendix 15, we show the confusion

matrices for each individual antipattern, along with corrected versions where necessary.
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In Tables 13 and 14, we show the overall confusion matrix for the tool, before and after

applying corrections regarding mistakes in the ground truth.

Table 13. Confusion matrix for detection of SQL antipatterns using the developed tool without localisation.

Predicted Presence

Present Absent Total

Actual

Presence

Present 244 20 264

Absent 63 N/A 63

Total 307 20 327

Table 14. Confusion matrix for detection of SQL antipatterns using the developed tool without localisation
(corrected).

Predicted Presence

Present Absent Total

Actual

Presence

Present 283 14 297

Absent 24 N/A 24

Total 307 14 321

Based on the uncorrected and corrected confusion matrices, we calculated the detection

performance of our developed tool for each individual antipattern, as well as the overall

detection performance, calculated as the weighted average of the detection performances

of individual antipatterns, shown in Tables 15 and 16.

Table 15. Binary evaluation metrics for detection of SQL antipatterns using the developed tool without
localisation (uncorrected).

Antipattern Precision Recall F1-Score

Implicit Columns 0.95 0.99 0.97

ID Required 0.95 0.90 0.93

Keyless Entry 0.41 1.00 0.58

Fear of the Unknown 0.35 0.88 0.50

31 Flavors 1.00 1.00 1.00

Poor Man’s Search Engine 1.00 0.91 0.95

Rounding Errors 1.00 0.60 0.75

Continues...
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Table 15 – Continues...

Antipattern Precision Recall F1-Score

Total 0.88 0.92 0.88

Table 16. Binary evaluation metrics for detection of SQL antipatterns using the developed tool without
localisation (corrected).

Antipattern Precision Recall F1-Score

Implicit Columns 0.97 1.00 0.98

ID Required 1.00 0.95 0.98

Keyless Entry 0.77 1.00 0.87

Fear of the Unknown 0.74 0.94 0.83

31 Flavors 1.00 1.00 1.00

Poor Man’s Search Engine 1.00 0.91 0.95

Rounding Errors 1.00 0.60 0.75

Total 0.93 0.95 0.94

As seen from Tables 15 and 16, the weighted average detection performance remained

similar to the localised version. Interestingly, the tool became significantly more paranoid

in detecting several antipatterns (“Implicit Columns”, “Fear of the Unknown”), displaying

a lower precision at a higher or similar recall. The “Poor Man’s Search Engine” antipattern,

which suffered from issues with localisation behaviour (discussed in Section 8.1.2), saw a

significant increase in both detection precision (1.00 vs 0.76) and recall (0.91 vs 0.62).

Overall, the tool shows a strong detection performance for most evaluated SQL antipatterns,

both in localisation and classification modes. The most difficult antipatterns to detect, both

for LLMs and human annotators, are “Keyless Entry” and “Fear of the Unknown”, which

require the most thorough understanding of the relationships of entities and business logic

in the codebase.

7.4 RQ4: What patterns can be observed in the occurrence of SQL
antipatterns in Java code that uses jOOQ for database access?

We analysed the complete set of 602 projects (containing 17 450 analysed “relevant” files)

with our tool, using the Claude Opus 4.5 model, with reasoning disabled, and temperature

set to 0.0. The cost of the analysis was $1036.32 and the runtime was 12 391 seconds (3h
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31m). The results of the analysis are shown in Table 17.

Table 17. Prevalence of SQL antipatterns in analysed projects.

Antipattern
Occurrence

Count

Containing
Project
Count

Occurrences
per Project

Occurrences
per

Containing
Project

Occurrences
per 100
jOOQ

Statements

Implicit

Columns
7289 535 12.11 13.62 21.94

ID Required 3597 523 5.98 6.88 10.83

Keyless

Entry
2153 200 3.58 10.77 6.48

Fear of the

Unknown
1256 205 2.09 6.13 3.78

31 Flavors 390 87 0.65 4.48 1.17

Poor Man’s

Search

Engine

583 114 0.97 5.11 1.75

Rounding

Errors
663 86 1.10 7.71 2.00

Total 15 931 601 26.46 26.51 47.96

In total, we flagged 15 931 occurrences of the seven detected antipatterns. “Implicit

Columns” and “ID Required” are by far the most prevalent antipatterns, existing in 89 %

and 87 % of the analysed projects, respectively. Although the remaining antipatterns

appear in far fewer projects—with “Fear of the Unknown” leading the secondary group at

34 %—their concentration within affected projects remains high.

By evaluating Jaccard Indexes, Conditional Probabilities, and Spearman correlations

(detailed in Appendices 16–21), we identified distinct co-occurrence patterns among these

antipatterns:

■ The Ubiquitous Pair: “Implicit Columns” and “ID Required” frequently co-exist

(Jaccard: 0.81) and scale together in intensity (Spearman: 0.43).

■ Constraint Neglect: “Keyless Entry” and “Fear of the Unknown” demonstrate a

mutual linkage. Half of the projects containing one will also contain the other,
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sharing a moderate positive correlation (Spearman: 0.32).

■ Query Decay vs Schema Decay: At the file level, design and query antipatterns

exhibit negative correlations, naturally segregating into different files. Conversely,

query antipatterns like “Poor Man’s Search Engine” and “Implicit Columns” often

share the same files.

Furthermore, the conditional probability data highlights that the presence of rare antipatterns

acts as a weak indicator for common ones. The deeper implications of these co-occurrence

patterns are explored further in Section 8.1.4.

7.5 RQ5: Which jOOQ API methods are most frequently associated
with query antipattern occurrences?

In the following sections, we examine the jOOQ API methods most commonly associated

with the “Implicit Columns” and “Poor Man’s Search Engine” SQL antipatterns.

7.5.1 Implicit Columns

As shown in Table 18, we found that the most frequently associated methods for the “Implicit

Columns” antipattern are DSL.selectFrom(TABLE) and DSL.select().from(TABLE),

making up nearly three quarters of all “Implicit Columns” antipattern occurrences in total.

Calls to TABLE.fields() and DSL.asterisk() are associated with 9.1 % and 3.8 % of

all occurrences. Generated DAO methods and plain SQL queries containing * wildcards

are both associated with close to 2 % of all occurrences.

Table 18. jOOQ API methods most commonly associated with the “Implicit Columns” SQL antipattern.

Method Signature
Antipattern

Occurrence Count
Percentage of

All Occurrences

DSL/DSLContext.selectFrom(TABLE) 3417 46.9

DSL/DSLContext.select().from(TABLE) 1810 24.8

TABLE.fields() 665 9.1

DSL.asterisk() 280 3.8

Generated DAO methods (combined) 163 2.2

DSL/DSLContext.fetch(TABLE, ...) 151 2.1

Plain SQL wildcards 137 1.9

Continues...
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Table 18 – Continues...

Method Signature
Antipattern

Occurrence Count
Percentage of

All Occurrences

DSL/DSLContext.fetchOne(TABLE, ...) 130 1.8

DSL/DSLContext.select(TABLE).from(TABLE) 107 1.5

Other/uncategorised 429 5.9

7.5.2 Poor Man’s Search Engine

As shown in Table 19, the method most commonly associated with the “Poor Man’s Search

Engine” SQL antipattern is the Field.like DSL method with embedded % wildcards,

accounting for nearly half of all antipattern occurrences at 46.8 %. The case-insensitive

variant, Field.likeIgnoreCase, makes up another 14.9 % of all occurrences.

DSL methods Field.containsIgnoreCase and Field.contains are associated with

16.5 % and 10.5 % of all occurrences. Plain SQL queries with the LIKE operator and

preceding and succeeding wildcards make up 2.9 % of all occurrences, while regex matching

operations using the Field.likeRegex DSL method make up 2.1 % of all occurrences.

Table 19. jOOQ API methods most commonly associated with the “Poor Man’s Search Engine” SQL
antipattern.

Method Signature
Antipattern

Occurrence Count
Percentage of

All Occurrences

Field.like 273 46.8

Field.containsIgnoreCase 96 16.5

Field.likeIgnoreCase 87 14.9

Field.contains 61 10.5

Plain SQL LIKE 17 2.9

Field.likeRegex 12 2.1

Other/uncategorised 37 6.3
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8 Analysis

In this chapter, we critically analyse the empirical findings of our study to understand the

capabilities and limitations of LLMs in detecting the seven evaluated SQL antipatterns. We

also reflect on the successes and shortcomings of the research process, discuss the study’s

limitations, and outline directions for future research.

8.1 Interpretation of Results

This section discusses the results of our quantitative and qualitative analysis, exploring the

underlying causes of model behaviour, comparing our findings to existing literature, and

examining the co-occurrence patterns of SQL antipatterns.

8.1.1 LLM Capabilities and Limitations in Static Analysis

Across all prompting strategies, we noticed a pattern where more common antipatterns

were generally detected with a higher performance than rarer antipatterns. This can have

multiple contributing factors:

■ Lack of training data: Due to fewer cases in the training set, the instructions for

detecting less common antipatterns may not be as refined and resilient to variations

in coding patterns.

■ Low confidence: Due to fewer cases in the validation set, each individual detection

error causes a large reduction of the F1-score for less common antipatterns.

■ Detection complexity: The most common antipatterns, “Implicit Columns” and

“ID Required”, are in most cases self-contained and do not require cross-referencing

multiple pieces of code, while some less common antipatterns, such as “Keyless

Entry” and “Fear of the Unknown” require additional context to be detected correctly.

When evaluating the Few-Shot Prompting strategy, the improvements we observed during

development did not materialise in our evaluations on the validation set. We suspect that
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this is due to a classic case of overtraining: the provided examples were largely based on

the training set, which guided the models to make the correct decisions for the edge cases

present in the training set, but they did not have a large impact when tested on a different

data set. The only exception was the gpt-oss-120B model, indicating that the additional

clarity from the provided examples had an outsized impact for the gpt-oss-120B model

compared to others.

Regarding the CoT strategy, the large increases in runtime we observed indicate that the

prompt functions as expected by eliciting additional reasoning in the models. The increases

in runtime align with the results of Meincke et al. [55, p. 3–6], who found CoT prompts to

take anywhere from 20–80 % more time than direct prompts for reasoning models, and

35–600 % for non-reasoning models.

In terms of detection performance, our results also loosely align with the findings of

Meincke et al. [55, p. 3–6], who found the effect of CoT prompting to be nuanced for

both reasoning and non-reasoning models. Although they found the average performance

of non-reasoning models to generally improve (in the range of 4.4 % and 13.5 %), CoT

introduced additional variability, causing errors that would have not occurred without

it. For reasoning models, it only yielded marginal improvements on average, while also

negatively affecting the performance of some models. It should be noted that the models

used in their research were generally multiple generations older, architecturally different,

and smaller than the models used by us, which could explain the discrepancies between our

results.

During the evaluation, the gpt-oss-120B model had a tendency to end up in long or even

infinite cycles during its reasoning process, causing inconsistent and long runtimes. The

model also frequently produced anomalous responses, first discussed in Section 7.1, which

hindered both the precision and recall of the model. We observed that the anomalies were

more prevalent for files, which required more reasoning tokens to be analysed.

When evaluating both the CoT and ToT strategies, we also observed the largest overall

decline in the precision and recall scores of the gpt-oss-120B model, along with an increased

prevalence of anomalies. As CoT and ToT were the most reasoning-heavy prompting

strategies, these observations are consistent with the amplification of “context rot”—a
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phenomenon where LLM performance consistently degrades and becomes increasingly

unreliable as input context length grows [109], but this causal explanation was not isolated

experimentally.

8.1.2 Qualitative Analysis of Detection Errors

In this section, we qualitatively analyse the underlying causes of the FPs and FNs observed

during the evaluation of the developed tool (as presented in Section 7.3). We structure this

analysis by the respective SQL antipatterns.

Implicit Columns

The main causes of FNs were DML statements, which returned all columns of modified

rows with the returning() and returningResult() methods, which translate to the

RETURNING * clause in plain SQL. It appears that the model did not associate these

methods with the “Implicit Columns” antipattern, although they return blind projections

from the database. Such DML statements accounted for 14 of the 17 FNs.

One FP and one FN were caused by different localisation behaviour: while the ground

truth annotated the entire multi-line SELECT clause, the tool only attributed the antipattern

to the line directly causing the antipattern.

The final three FPs and two FNs were caused by mistakes in the ground truth: in one case,

an antipattern occurrence was attributed to the wrong source file; in the second case, the

line number was off by one; in the final case, the ground truth was missing an annotation

altogether.

ID Required

Six FNs were caused by the tool not flagging primary key columns named as “id”, while

one FN was caused by the tool not recognising an opportunity to use an alternative ID field

as the primary key instead of the synthetic primary key. One FP was caused by the tool

suggesting replacing a synthetic primary key with a field, which would make foreign keys

too large and complex (a field containing internet URLs).

The remaining FPs and FNs were caused by mistakes in the ground truth: in five cases, the

ground truth contained incorrect line ranges for antipattern occurrences; in four cases, the

ground truth contained invalid antipattern occurrences; in seven cases, the ground truth
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was missing valid antipattern occurrences detected by the tool.

Keyless Entry

Half of the FPs (15) were caused by the tool flagging missing foreign keys in tables used

for audit logging. We did not flag these columns as antipattern occurrences in the ground

truth because these tables store historical data, which could refer to rows that do not exist

any more. The prompt instructions did not specify an exception for audit tables; therefore,

these errors were likely caused by imprecise instructions.

One FP was caused by an ambiguity in database object names. The affected schema

contained a table named “island”, which had a primary key column named “id”. The

second table contained a column named “island_id”, which the tool considered a reference

to the aforementioned primary key. However, the columns had different data types, and

“island_id” actually referred to an external identifier.

The other 14 FPs and one FN were caused by mistakes in the ground truth: in one case, the

ground truth contained an incorrect line range for an antipattern occurrence; in the other

13 cases, the ground truth was missing valid antipattern occurrences.

Nine of these FPs were edge cases, which we decided to resolve in favour of the tool:

the tool flagged nine columns storing usernames of application users. While the affected

database schema contained a table for users, the username was neither a primary nor unique

key in that table. We considered the missing unique key an integrity violation of its own,

and resolving it would have resulted in definite cases of the “Keyless Entry” antipattern;

hence, we considered these nine detections to be mistakes in the ground truth.

Fear of the Unknown

Ten FNs were caused by the tool not flagging columns, which used NOT NULL constraints

with special default values (e.g., an empty string or the Unix epoch (January 1, 1970,

00:00:00 UTC)) to indicate “missing” values, rather than using nullable columns.

The other seven FNs were caused by the tool not flagging columns, which had default values

and contained values that were non-nullable by nature (e.g., boolean values indicating

state).

One FP was caused by the model suggesting a refactoring opportunity in a complex query,
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rather than pointing out an actual antipattern occurrence.

The other 23 FPs were all caused by mistakes in the ground truth, which was missing many

“Fear of the Unknown” antipattern occurrences. In six cases, it was missing columns,

which used default values to represent missing values; in the other 17 cases, it was missing

columns, which were nullable, but contained values non-nullable by nature.

31 Flavors

The single FN was caused by the tool not flagging the CHECK constraint shown in Figure 13,

which validated a SMALLINT column against a range of values representing different

authorisation methods. This error was likely due to imprecise prompt instructions because

the prompt contained an instruction to ignore CHECK constraints checking for ranges (e.g.,

valid ages), but did not account for edge cases of this kind.

( ( ( a u t h o r i z e _ t y p e >= 0) AND ( a u t h o r i z e _ t y p e <= 1) ) )

Figure 13. CHECK constraint causing a false negative “31 Flavors” detection.

The single FP was caused by the tool flagging a VARCHAR(50) column named “status”,

while there was nothing in the schema definition code indicating that the column contained

a fixed set of values.

Poor Man’s Search Engine

Seven FNs and two FPs were caused by differences in localisation behaviour. In cases

where two or more consecutive lines contained distinct occurrences of the “Poor Man’s

Search Engine” antipattern, the ground truth contained annotations for each of them

separately. The tool grouped them together as one antipattern occurrence, although the

prompt contained instructions to do otherwise.

The remaining two FPs were caused by the tool flagging usages of the LIKE operator

without any wildcards as antipattern occurrences. In these cases, the LIKE operator behaved

similarly to an ordinary equality check, which could be determined from the logic of the

class being analysed.

The final FN was caused by the tool not flagging a usage of the containsIgnoreCase

jOOQ DSL method, which is translated into the LIKE operator with preceding and

succeeding wildcards. We suspect that the antipattern occurrence was not flagged because

88



the condition was stored in an intermediate Java collection before being used in a query.

Rounding Errors

The three FNs were all the same kind: the model did not consider casino game coefficients

stored in DOUBLE columns as “Rounding Errors” antipattern occurrences. However, we

annotated these columns as antipattern occurrences in the ground truth because these

coefficients were used to calculate monetary winning in the business logic.

8.1.3 Comparison with Existing Tools and Literature

Sousa et al. [48] were able to classify a variation of the “Implicit Columns” antipattern

(called the “Use of SELECT * (asterisk wildcard)” or “USA” issue in their work) in

PL/SQL projects with an F1-score of 1.00 using the GPT-4o model, with Phi-4, Gemini

2.0 Flash, and GPT-4o mini models displaying a lower F1-score. While achieving a higher

detection performance than us, their work only included a subset of the “Implicit Columns”

antipattern, simplifying the detection task for models. In total, they detected eight PL/SQL

code smells, with the GPT-4o and Phi-4 models achieving an overall F1-score of 0.79.

Nagy and Cleve [60] did not measure the detection performance of their tool, SQLInspect.

However, their tool relies on SQL query extraction from Java code. In their performance

evaluation against multiple codebases, the query extractor achieved a precision of at least

0.879 and a recall of at least 0.715 [110, p. 492], resulting in a minimum F1-score of

0.79 for SQL query extraction, which they suggest using as an upper bound for the SQL

antipattern detection performance of SQLInspect [4, p. 328]. The overlap of detected

antipatterns between our tool and SQLInspect is limited to the “Fear of the Unknown” and

“Implicit Columns” antipatterns.

The suggested upper bound F1-score of 0.79 is lower than both the corrected (0.97) and

uncorrected (0.96) F1-scores of our tool for the “Implicit Columns” antipattern. It is also

lower than the corrected F1-score of our tool for the “Fear of the Unknown” antipattern

(0.82), but higher than the uncorrected F1-score (0.48). However, it should be noted

that SQLInspect only detects the “Fear of the Unknown” antipattern in DQL and DML

statements, and does not detect schema-level issues.

In Table 20, we show the detection performance of our tool in classification mode, compared

89



against works regarding LLM-based antipattern, smell, and vulnerability detection in various

domains. Based on F1-score, we selected the results of the best-performing model(s) from

each work. While not a direct comparison, it shows that our tool performs adequately

compared to other tools using a similar methodology in other domains.

Table 20. Detection performance of the developed tool compared to various LLM-based detection tools.

Tool Year Model Domain Precision Recall F1-Score

Tamberg and

Bahsi [111]
2024 GPT-4

Software vulnerability

detection
0.76 0.60 0.67

Sousa et al. [48] 2025 GPT-4o
PL/SQL smell

detection
0.68 0.93 0.79

Sousa et al. [48] 2025 Phi-4
PL/SQL smell

detection
0.70 0.90 0.79

Blaauwendraad

[46]
2025 GPT 4o-mini

Traditional code

smell detection
0.26 0.61 0.37

Sadik and

Govind [47]
2025 GPT-4

Traditional code

smell detection
0.79 0.41 0.54

Ploom and

Eessaar [112]
2026 Gemini 3 Pro

UML diagram smell

detection from PDFs
0.82 0.69 0.75

Ours

(uncorrected)
2026

Claude Opus 4.5

(non-reasoning)

SQL antipattern

detection in jOOQ
0.88 0.92 0.88

Ours

(corrected)
2026

Claude Opus 4.5

(non-reasoning)

SQL antipattern

detection in jOOQ
0.93 0.95 0.94

Compared to Muse et al. [4, p. 322], who found the “Implicit Columns” antipattern to be

present in 1.67 % of all SQL statements, and the “Fear of the Unknown” antipattern to be

present in 0.8 % of all SQL statements, our prevalence numbers are vastly larger.

While our metric—occurrences per 100 jOOQ statements—allows for multiple occurrences

within a single statement, Muse et al. used a binary count for each antipattern, recording

only its presence or absence per statement. Due to this difference in granularity, as well the

difference in statement count estimations (explained in Section 6.1), these numbers are not

directly comparable. Despite this, they can be used as indications of broader trends.

We found there to be 21.94 occurrences of “Implicit Columns” per 100 SQL statements,

which is over 13 times more than found in SQL statements by Muse et al. [4, p. 322]. We
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believe that this difference originates from a difference in detection methodologies: while

SQLInspect, which was used by Muse et al., only detects wildcards in SELECT statements

[60, p. 150], we also detect other blind projections generated by jOOQ, which comprised

the vast majority of “Implicit Columns” antipattern occurrences detected by us (as shown

in Section 8.1.5).

We also found there to be 3.78 occurrences of “Fear of the Unknown” per 100

SQL statements, which is nearly five times more than found in SQL statements by

Muse et al. [4, p. 322]. We believe that this difference also originates from a difference

in detection methodologies: while SQLInspect detects the antipattern only from DML

and DQL statements [60, pp. 149–150], we also detect it from the database schema. As

seen from the file-level Jaccard Indices (Appendix 17), we found the majority of “Fear

of the Unknown” antipattern occurrences from classes representing the database schema,

alongside design antipatterns.

8.1.4 The Anatomy of SQL Decay

We found the “Implicit Columns” and “ID Required” antipatterns to be almost ubiquitous

across the dataset. Because they are present in 89 % and 87 % of projects respectively,

their high project-wise Jaccard Index (0.81) is largely a byproduct of their high individ-

ual prevalence. Nevertheless, their near-ubiquity suggests that they represent baseline

characteristics of poor SQL design in the analysed projects. Furthermore, their moderate

project-wise Spearman correlation (0.43) suggests that these antipatterns tend to increase

together: projects with more generic primary keys often also contain more queries with

blind projections.

The “Keyless Entry” and “Fear of the Unknown” antipatterns form a second, lower-

prevalence co-occurrence pattern. They are the third and fourth most prevalent antipatterns,

appearing in 33 % and 34 % of projects, respectively. Their project-wise Jaccard Index

of 0.34 indicates that roughly one third of projects exhibiting at least one of the two

antipatterns exhibit both. This association is also reflected in the conditional probabilities:

approximately half of the projects with “Keyless Entry” also exhibit “Fear of the Unknown”,

and vice versa. Together with their moderate project-wise Spearman correlation of 0.32,

these results suggest a possible broader tendency towards underutilising database-level
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constraints: projects omitting NOT NULL constraints are also more likely than average to

omit foreign key constraints, and vice versa, likely shifting data integrity responsibilities to

the application layer.

As expected, the file-level Spearman correlations between DDL and DML/DQL antipatterns

are negative, since these antipatterns generally cannot occur within the same source files.

The positive file-level Spearman correlation between “Implicit Columns” and “Poor Man’s

Search Engine” indicates that while most antipatterns are isolated at the file level, these

query antipatterns show a slight localised tendency to increase together.

The Conditional Probability analysis indicates that rarer SQL antipatterns frequently

co-occur with more prevalent ones, rather than appearing in isolation. For instance, finding

the “Poor Man’s Search Engine” antipattern yields a 95 % probability of also finding the

“Implicit Columns” antipattern within the same project. Given that “Implicit Columns”

already has a high baseline prevalence (present in 89 % of all projects), this high conditional

probability suggests that niche antipatterns rarely exist in isolation; a codebase exhibiting

rarer, specific antipatterns almost universally suffers from more common antipatterns as

well.

8.1.5 Associations with jOOQ API Design

Our analysis of the jOOQ API methods associated with SQL antipattern occurrences

highlights several implications for the library’s documentation and possible API design

review.

Regarding the “Implicit Columns” antipattern, we found that jOOQ DSL methods, which

fetch records containing all columns from the underlying database table(s), make up nearly

three quarters of all occurrences. Although the jOOQ documentation explicitly discourages

the use of such methods in order to avoid fetching redundant data [81], they represent

some of the simplest and most straightforward approaches to data retrieval in jOOQ and

appear frequently among the detected antipattern occurrences. In contrast, calls to methods,

which make the intent of fetching all columns from tables explicit, are much less frequently

associated with the antipattern.

For the “Poor Man’s Search Engine” SQL antipattern, while the Field.like DSL method is
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directly translated into an equivalent SQL statement, a significant portion of occurrences are

associated with DSL methods like Field.containsIgnoreCase and Field.contains.

These methods implicitly add preceding and succeeding % wildcards to the generated SQL.

By hiding the wildcard mechanics, these abstraction methods may make occurrences of the

“Poor Man’s Search Engine” antipattern less obvious to developers.

8.2 Reflection on Work Process

We performed the reflection of the thesis based on the experiential learning theory by

Kolb [113], according to which a concrete experience (performing the work) is followed by

reflection, learning from the experience gained, and testing the results in new conditions.

In the present work, we did not perform testing in new conditions; however, we highlight

what others undertaking similar work could learn from this study.

8.2.1 Successes

The primary success of this research lies in the successful design and implementation of the

LLM-powered static analysis CLI tool, as well as the large-scale empirical analysis of 602

open-source jOOQ projects. By formulating antipattern detection as a multi-label, multi-

occurrence localisation task, we demonstrated the potential of LLMs to address the parsing

limitations of dynamic, DSL-based database frameworks. Furthermore, processing over

17 000 relevant source files allowed us to extract actionable, real-world insights, successfully

bridging the gap between theoretical database design flaws and actual developer behaviour

in modern Java environments.

Although the final focus of the thesis was settled upon relatively late in the research

process, pivoting to an LLM-based methodology ultimately proved to be a critical success.

Attempting to achieve similar detection capabilities using traditional static analysis would

have been exponentially more complex, partially due to unforeseen complexities. For

instance, detecting the “31 Flavors” antipattern requires evaluating fragments of raw SQL

CHECK constraints embedded as strings within jOOQ-generated Java classes, effectively

forcing a fragile, multi-language parsing pipeline. Furthermore, the highly dynamic nature

of the jOOQ DSL would have demanded complex, intra-procedural data flow analysis. By

leveraging the semantic and contextual understanding of LLMs, we successfully bypassed
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these rigid parsing barriers, validating that the modern AI-driven approach was the right

tool for the job.

Beyond the technical achievements, the work process itself was a highly successful experi-

ment in human-AI collaboration. The use of a semi-autonomous agentic workflow proved

invaluable not only for coding—allowing for rapid iteration of the tool’s architecture, con-

currency handling, and file-system traversal logic—but also for agentic writing. Leveraging

LLMs as writing assistants helped streamline the drafting and structuring of complex

arguments, allowing the research effort to remain focused on core complexities, rather

than getting bogged down in boilerplate implementation or writer’s block. Additionally,

undertaking this thesis served as an excellent vehicle for personal and professional growth,

significantly strengthening my academic writing skills and providing a great, hands-on

opportunity to master LaTeX.

Finally, a major highlight of this research process was the highly pleasant and productive

collaboration with my supervisor. His continuous feedback and deep domain expertise

were instrumental in shaping the direction of the study. Through our discussions, he helped

to level up the overall methodology of the thesis by a significant margin.

8.2.2 Shortcomings and Problems

A significant overarching problem during this research was the severely compressed

timeline. The final topic of the thesis only became fully clear near New Year’s Eve, which

meant that a good amount of previous exploratory work had to be left aside. This pivot

drastically shortened the window available for executing the core experiments. Because

the scope of the thesis remained remarkably broad despite this temporal constraint, certain

aspects of the methodology and analysis may not have received the thorough attention they

ultimately deserved.

Consequently, the rushed timeline led to suboptimal data management practices: specifically,

we did not adequately preserve intermediate results at each step. The failure to persist

raw detection results for individual model evaluations resulted in redundant API calls

whenever minor pipeline adjustments were introduced. This oversight not only inflated

computational costs but also reduced the overall transparency and reproducibility of the

study. Furthermore, this prevented us from rigorously evaluating the statistical significance
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of the performance differences between the alternative prompting strategies and the baseline.

Another significant shortcoming of this research was the reliance on a single human

annotator for establishing the ground truth dataset. Despite our rigorous efforts to maintain

internal consistency—including the creation of decision trees and a 30-day washout period

that yielded a high Cohen’s Kappa of 0.834—the single annotator setup was ultimately

not reliable enough. Qualitative analysis during the evaluation phase revealed numerous

human inaccuracies, missed occurrences, and misclassified edge cases. Relying on one

individual’s subjective interpretation inherently introduced blind spots and bias into the

dataset, meaning the LLMs were benchmarked against a fallible human baseline rather

than an objective consensus.

Additionally, the research suffered from unfortunate timing regarding the release cycle of

new language models. The landscape of LLMs evolves at a rapid pace, and just as we

moved past the model evaluation stage, highly compelling small language models were

released. Most notably, Google Gemma 4 and Alibaba Cloud Qwen 3.5 and 3.6 became

available. Because our evaluation framework was already committed to the selected models,

we were unable to test these newly released model families, which otherwise looked to be

perfect candidates for high-performance, cost-effective, and locally hosted static analysis.

8.2.3 Suggestions for Future Improvements

Should this study be repeated or expanded upon, it is imperative that a multi-annotator

setup be employed for dataset creation. Engaging multiple independent domain experts to

review the jOOQ source code and cross-validate antipattern occurrences would dramatically

improve the objective correctness of the ground truth. Resolving annotator disagreements

through consensus discussions would eliminate the subjective biases and blind spots

that hindered the dataset in this study, resulting in a much more resilient benchmark for

evaluating LLM performance.

To improve methodological rigour, future iterations of this work must incorporate strict

data versioning and artifact tracking practices. Every intermediate result—such as the raw

JSON responses returned by the LLMs for each prompt variation—should be persistently

stored and logged. Doing so will eliminate the need for redundant API calls, save on

research costs, and ensure total transparency, allowing peer researchers to inspect the exact
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reasoning steps and outputs generated at any point during the evaluation phase.

8.3 Limitations

A primary limitation of this study is the reliance on a single human annotator for establishing

the ground truth dataset. Although an intra-annotator agreement check was conducted

after a 30-day washout period, yielding a high Cohen’s Kappa of 0.834, this metric

only demonstrates internal consistency rather than objective correctness. As revealed

during the qualitative analysis of detection errors, the ground truth contained several

human inaccuracies, including missed antipattern occurrences, imprecise line ranges,

and misclassified edge cases. Subjective interpretations of complex code structures or

systematic blind spots regarding specific jOOQ patterns remain unchecked by independent

domain experts, meaning the evaluated LLMs are benchmarked against one individual’s

fallible interpretation rather than an independently verified consensus.

Consequently, the retroactive corrections made to the ground truth during the evaluation

phase introduce a bias in favour of the developed tool. While the corrected F1-scores

account for human annotation errors successfully identified by the tool (i.e., false pos-

itives that were actually true positives), this methodology inherently ignores ‘unknown

unknowns’—antipattern occurrences missed by both the human annotator and the language

model. Because the ground truth was only corrected in locations where the tool flagged an

anomaly, the revised performance metrics effectively represent an optimistic upper bound

rather than an absolute measure of the tool’s detection capabilities.

Another limitation relates to the calculation of antipattern prevalence metrics, specifically

occurrences per 100 statements. Due to the dynamic nature of the jOOQ DSL, extracting

and counting exact SQL statements statically is highly error-prone. Consequently, jOOQ

API method calls were used as a proxy to estimate the total number of executed statements.

Because loop constructs and conditional query building can generate a vastly different

number of actual SQL statements at runtime than static method references imply, this proxy

measurement introduces a margin of error, invalidating direct comparisons with density

metrics from previous plain SQL studies.

Regarding external validity, the dataset utilised for evaluating antipattern prevalence consists
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entirely of open-source projects mined from GitHub. Open-source repositories often

exhibit different architectural patterns, code review cadences, and developer demographics

compared to closed-source enterprise systems. Because jOOQ is widely utilised in

enterprise environments dealing with complex databases, the prevalence rates and co-

occurrence clusters identified in this study may not perfectly generalise to proprietary

industrial codebases.

The repository mining process was also constrained by the technical limitations of the

GitHub Code Search API, specifically its hard limit of 1000 results per query, which

introduced potential blind spots, further explored in Section 3.1.1.

Additionally, the sampling process was not based on a perfectly filtered initial dataset. As

the research progressed, it became evident that the dataset contained minor imperfections,

such as the inclusion of a duplicated project and an incomplete heuristic list for excluding

irrelevant files. Although further corrections were made later in the study, these retroactive

adjustments imply that the initial sampling pool used to create the training, validation,

and test splits contained slight flaws that marginally skewed the representativeness of the

evaluated sample.

Another limitation concerns the evaluation of the prompting strategies, specifically the

risk of overtraining observed in the Few-Shot strategy. The examples provided to the

models within the Few-Shot prompts were largely derived from the training set. While

this effectively guided the models to make correct decisions for specific edge cases during

prompt development, these improvements largely failed to materialise when evaluated

against the unseen validation set. This discrepancy suggests that the models may have

overfitted to the provided examples, limiting their generalisation capabilities when presented

with novel code structures.

An additional limitation regarding the evaluation of prompting strategies is the inability

to formally determine the statistical significance of the observed performance differences.

Consequently, the comparisons between prompting strategies rely solely on absolute metric

differences, lacking the rigorous statistical validation required to prove whether the marginal

fluctuations in F1-scores were true improvements or merely the result of random variance.

Furthermore, the selection of prompting strategies evaluated in this research was deliberately
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restricted to keep the scope of the thesis manageable. The experiments were strictly limited

to techniques that could be fully executed within a single request-response cycle, namely

Zero-Shot, Few-Shot, and single-prompt variations of Chain-of-Thought and Tree-of-

Thought. More complex, multi-agent, or iterative multi-turn prompting frameworks were

excluded from this comparative analysis.

From a Design Science Research perspective, the developed CLI artefact was evaluated

purely algorithmically (an artificial ex-post evaluation) against an annotated dataset. While

the tool achieved a high F1-score, algorithmic performance does not inherently translate to

practical utility. Due to time constraints, the study does not evaluate the tool in a naturalistic

setting, leaving questions unanswered regarding whether the LLM-generated explanations

are easily understood by developers, if the false-positive rate induces alert fatigue, or if the

execution times are viable for integration into real-world developer workflows.

Finally, the inherent non-determinism of LLMs poses a fundamental constraint on the

tool’s reliability. Although we maximised determinism through multiple technical

means—specifically by disabling model reasoning (in the final tool), utilising a zero-

temperature setting, and enforcing strict structured outputs—LLMs remain fundamentally

probabilistic by nature. Consequently, the tool cannot guarantee the absolute, repeatable

determinism that developers traditionally expect from static analysis utilities. Furthermore,

due to the high financial costs associated with processing large codebases through commer-

cial LLM APIs, the quantitative evaluations in this study were only executed once. Relying

on a single evaluation run means the potential variance in detection performance across

multiple iterations of the same dataset remains unmeasured.

The use of OpenRouter as an API gateway introduces an additional layer of potential

non-determinism affecting future reproducibility. Because OpenRouter dynamically routes

requests for open-weights models (such as GLM-5 or gpt-oss-120B) to different backend

hosting providers, variations in backend inference engines or quantization methods could

introduce token-level output differences. Furthermore, if a provider silently updates a

model version behind the same endpoint, future replications of this study could yield

different results. Finally, while API caching did not affect our single-pass methodology (as

noted in Section 4.3), future researchers attempting to measure detection variance across

multiple iterations of the same dataset must explicitly account for (or disable) OpenRouter’s
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caching semantics to avoid artificially skewed stability metrics.

8.4 Future Work

The catalogue of SQL antipatterns evaluated in this thesis is limited to Karwin’s foundational

work. Future work could expand this tool to allow for detecting antipatterns from more

extensive and specialised taxonomies [14], [19], [20], [21] and Karwin’s follow-up book

[23], as well as vendor-specific literature [22].

This thesis deliberately restricted the evaluated prompting strategies to single request-

response cycles to manage scope. Exploring more complex (e.g., multi-turn or multi-agent)

prompting frameworks could offer sophisticated pathways for improvement, refining

reasoning pathways and achieving a higher degree of analytical rigour.

The accurate detection of complex antipatterns (e.g., “Keyless Entry” and “Fear of

the Unknown”) is currently constrained by the limited cross-file context provided in

prompts. Implementing a Retrieval-Augmented Generation (RAG) architecture represents

a promising methodological enhancement. By indexing the relevant parts of a codebase,

a RAG-enabled system could dynamically supply the LLM with comprehensive context,

thereby substantially improving both precision and recall for context-dependent antipatterns.

To offset the token overhead of retrieving this additional context, future implementations

could pair RAG with lightweight pre-filtering mechanisms, such as regular expressions or

basic AST parsing. By using these heuristics to isolate and send only the specific code

blocks containing jOOQ queries—rather than entire source files—the tool could drastically

shrink the required context windows, conserving API resources and significantly reducing

analysis costs.

The financial costs and latency associated with utilising frontier commercial models present

a significant barrier to the continuous analysis of large-scale codebases. The landscape

of LLMs is evolving rapidly, and during the later stages of this study, several promising

families of small language models (Alibaba Cloud Qwen 3.5 and 3.6, Google Gemma

4) were released, potentially offering significant improvements over the medium-sized

model (gpt-oss-120B) evaluated in this study. Future research could also include small

language models, and explore fine-tuning them using the manually annotated ground truth
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dataset developed in this study. These approaches could achieve comparable detection

performance while drastically reducing costs. Such models are also viable for self-hosting,

ensuring data privacy for proprietary enterprise applications.

The current tool implementation only provides core detection functionality, which future

work could extend upon. The architecture allows alternative user interfaces to be developed

independently of the tool, while more interactive interfaces could enable more advanced

functionality. For instance, a user interface could be used to mark detections – both false

positives and deliberate violations – as ignored, so subsequent analyses would not re-detect

the same antipattern occurrences.

While this research demonstrates the efficacy of LLMs in bypassing the parsing limitations

of the jOOQ DSL specifically, the underlying methodology is highly adaptable. Expanding

the detection logic to encompass other query builders, such as LINQ and SQLAlchemy,

would broaden the tool’s applicability.

While the results of the large-scale analysis were used to find the jOOQ DSL methods most

commonly associated with query antipatterns, we did not evaluate them regarding database

design antipatterns. The 15 931 flagged antipattern occurrences could be further processed

and analysed, seeking patterns among the detections, which could be used to improve

detection heuristics in other tools, such as scripts analysing database system tables.
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9 Summary

This thesis developed an automated, LLM-powered static analysis tool to detect SQL

antipatterns in Java source code that uses jOOQ, and subsequently conducted a large-scale

empirical analysis of their estimated prevalence.

The study began with mining 602 open-source jOOQ projects. To establish a ground

truth, 61 representative projects were manually annotated, resulting in 1562 antipattern

occurrences across 19 SQL antipatterns. Following statistical viability filtering, 12

antipatterns were excluded, leaving seven for all subsequent stages of the study. This

filtered dataset enabled a systematic evaluation of four advanced LLMs across multiple

prompting strategies. The evaluation revealed that complex reasoning prompts, such as

Chain-of-Thought and Tree-of-Thought, generally failed to improve detection performance.

Instead, these strategies drastically increased computational costs, extended runtimes,

and in some cases degraded model stability. Consequently, the final detection tool was

engineered using Claude Opus 4.5 without reasoning, with a baseline Zero-Shot Prompting

strategy, achieving a high F1-score of 0.88 in a multi-label multi-occurrence localisation

task.

Deploying the finalised tool across the entire 602-project corpus flagged 15 931 occurrences

of seven distinct antipatterns. The empirical data demonstrated frequent co-occurrence

among detected antipatterns; notably, the “Implicit Columns” and “ID Required” an-

tipatterns were almost ubiquitous, occurring in nearly 90 % of the analysed repositories.

Furthermore, the analysis revealed that the vast majority of the detected query antipattern

occurrences were associated with a few specific jOOQ convenience methods, such as

selectFrom and Field.like.

To ensure repeatability and facilitate future research, we open-sourced all artefacts produced

as parts of the thesis. The finalised tool is available in the following GitHub repository:

https://github.com/kristoisberg/jooq-antipattern-detector. All other artefacts, including
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experimental scripts and their results, evaluated prompts, and source code for this document,

are available in the following GitHub repository: https://github.com/kristoisberg/masters-

thesis.

Ultimately, this study highlights the potential of LLMs to address the parsing limitations

of dynamic, DSL-based database frameworks. By detailing the convenience methods

most commonly observed alongside detected antipatterns, the research provides actionable

insights to help developers avoid common database pitfalls and recognise recurring design

risks in their codebases.
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Appendix 2 – Search terms used to find projects from GitHub
# Maven
l anguage : xml "< a r t i f a c t I d > jooq </ a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq −"
l anguage : xml "< a r t i f a c t I d > jooq−codegen−maven </ a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−codegen </ a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−meta / a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−meta−e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−meta−e x t e n s i o n s −l i q u i b a s e < / a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−meta−e x t e n s i o n s −h i b e r n a t e < / a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−p o s t g r e s −e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−j a ck son −e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−jpa−e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−r e a c t o r −e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−beans−e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : xml "< a r t i f a c t I d > jooq−checke r < / a r t i f a c t I d >"

l anguage : " Maven POM" "< a r t i f a c t I d > jooq </ a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq −"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−codegen−maven </ a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−codegen </ a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−meta < / a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−meta−e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−meta−e x t e n s i o n s −l i q u i b a s e < /
a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−meta−e x t e n s i o n s −h i b e r n a t e < /
a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−p o s t g r e s −e x t e n s i o n s < / a r t i f a c t I d
>"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−j a ck son −e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−jpa−e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−r e a c t o r −e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−beans−e x t e n s i o n s < / a r t i f a c t I d >"
l anguage : " Maven POM" "< a r t i f a c t I d > jooq−checke r < / a r t i f a c t I d >"

# Grad l e s h o r t s y n t a x
l anguage : g r a d l e " \ " o rg . j ooq : j ooq : "
l anguage : g r a d l e " ’ o rg . j ooq : j ooq : "
l anguage : g r a d l e " \ " o rg . j ooq : jooq −"
l anguage : g r a d l e " ’ o rg . j ooq : jooq −"
l anguage : g r a d l e " \ " o rg . j ooq : jooq−meta "
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l a nguage : g r a d l e " ’ o rg . j ooq : jooq−meta "
l anguage : g r a d l e " \ " o rg . j ooq : j ooq "
l anguage : g r a d l e " ’ o rg . j ooq : j ooq "

# Grad l e long s y n t a x
l anguage : g r a d l e " group : \ " o rg . j ooq \ " "
l anguage : g r a d l e " group : \ " o rg . j ooq \ " "
l anguage : g r a d l e " group : ’ o rg . jooq ’ "
l anguage : g r a d l e " group : ’ o rg . jooq ’ "

# Grad l e p l u g i n s
l anguage : g r a d l e " jooq−codegen−g r a d l e "
l anguage : g r a d l e " \ " nu . s t u d e r . j ooq \ " "
l anguage : g r a d l e " ’ nu . s t u d e r . jooq ’ "

# Grad l e K o t l i n s y n t a x
e x t e n s i o n : k t s " o rg . j ooq : jooq : "
e x t e n s i o n : k t s " o rg . j ooq : jooq −"
e x t e n s i o n : k t s " o rg . j ooq : jooq "
e x t e n s i o n : k t s " jooq−codegen−g r a d l e "
e x t e n s i o n : k t s " nu . s t u d e r . j ooq "

Figure 14. Search terms used to find projects from GitHub.
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Appendix 3 – Projects omitted from the dataset

■ jOOQ/jOOQ, zhoupan/jooq-android, rubenvidalcss/test-gamma-jooq, cf-

testorg/jOOQ-test: the source code of jOOQ, rather than projects using jOOQ.

■ aizedevops/spring-boot-projects, alephzed/baeldung-tutorials, bkama-

raj5054/tutorials1, chaimu100/java-test-for-codeql, ennva/java-tutorials-

master, eugenp/tutorials, ganigapetaravali/jmeter, iotaplatforms/tutorials,

iSharkFly-Docs/java-tutorials, joniyed/Super-Java, KevinOCM99/tutorials,

kraczo/craw, nice1111hh/Java2, nicolaj0/smino, pivotal-mark-higuera/tutorials,

ramesh1972/samples-biz, ranjan-projects/tutorials, Rohan-flutterint/tutorials,

shydesky/tutorials, syliGaye/tutorials, TheShubham-K/getting-started-with-

springboot, zubairmujeeb/spring-boot-sample-projects, tuyucheng7/taketoday-

tutorial4j-backup, tuyucheng777/taketoday-tutorial4j: repository clones of a

Spring tutorial by Baeldung.

■ neekon2508/SpringStudy, qkrtkdwns3410/pro-spring-6,

sivaprasadreddy/beginning-spring-boot-2, steveyangpi/pro-spring-6-Learning:

repository clones of a Spring tutorial by Apress.

■ devYSK/study_repo, hnstsn/jooq-practice, kyhyeok/jOOQ, pnci1029/mypro,

today8934/jOOQ-first-look: repository clones of a jOOQ tutorial by Inflearn.

■ silentbalanceyh/vertx-zero-0.6, 51568488/vertx-zero, silentbalanceyh/vertx-zero:

repository clones of zero-ws/zero-ecotope.

■ jhavierc/EjemplosJava, optimus-alfaomega/Java-Casos-Practicos: repository

clones of picodotdev/blog-ejemplos.

■ Davincii254/Stroom: repository clone of gchq/stroom (discovered later).
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Appendix 4 – List of annotated antipatterns

Table 21. List of annotated antipatterns.

Category Antipattern

Logical Database Design Antipatterns Jaywalking

Naive Trees

ID Required

Keyless Entry

Entity-Attribute-Value

Polymorphic Associations

Multicolumn Attributes

Metadata Tribbles

Physical Database Design Antipatterns Rounding Errors

31 Flavors

Phantom Files

Query Antipatterns Fear of the Unknown

Ambiguous Groups

Random Selection

Poor Man’s Search Engine

Implicit Columns

Application Development Antipatterns Readable Passwords

SQL Injection

Standard Operating Procedures
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Appendix 5 – Decision diagrams for the antipattern annotation
process

Figure 15. Decision tree for annotating the “Jaywalking” SQL antipattern.
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Figure 16. Decision tree for annotating the “Naive Trees” SQL antipattern.
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Figure 17. Decision tree for annotating the “ID Required” SQL antipattern.
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Figure 18. Decision tree for annotating the “Keyless Entry” SQL antipattern.

120



Figure 19. Decision tree for annotating the “Entity-Attribute-Value” SQL antipattern.
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Figure 20. Decision tree for annotating the “Polymorphic Associations” SQL antipattern.
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Figure 21. Decision tree for annotating the “Multicolumn Attributes” SQL antipattern.
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Figure 22. Decision tree for annotating the “Metadata Tribbles” SQL antipattern.
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Figure 23. Decision tree for annotating the “Rounding Errors” SQL antipattern.
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Figure 24. Decision tree for annotating the “31 Flavors” SQL antipattern.
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Figure 25. Decision tree for annotating the “Phantom Files” SQL antipattern.
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Figure 26. Decision tree for annotating the “Fear of the Unknown” SQL antipattern.
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Figure 27. Decision tree for annotating the “Ambiguous Groups” SQL antipattern.
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Figure 28. Decision tree for annotating the “Random Selection” SQL antipattern.
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Figure 29. Decision tree for annotating the “Poor Man’s Search Engine” SQL antipattern.
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Figure 30. Decision tree for annotating the “Implicit Columns” SQL antipattern.
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Figure 31. Decision tree for annotating the “Readable Passwords” SQL antipattern.
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Figure 32. Decision tree for annotating the “SQL Injection” SQL antipattern.
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Figure 33. Decision tree for annotating the “Standard Operating Procedures” SQL antipattern.
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Appendix 6 – Intra-annotator confusion matrix

Figure 34. Intra-annotator confusion matrix.

136



Appendix 7 – Models considered for inclusion in the analysis

Table 22. Models considered for inclusion in the analysis.

Model
Reaso-
ning

Parameter
Count (B)

AAII1 1M tokens
I/O (USD)

Repeata-
bility

Structured
Outputs

Verdict

Google Gemini

3.1 Pro Preview
Yes N/A2 57

2.00

12.00

In preview,

no snapshot

available

Supported,

reliable

Omitted due

to non-

repeatability

Anthropic

Claude 4.6

Opus thinking

Yes N/A 53
5.00

25.00

No snapshot

available

Supported,

reliable

Omitted due

to non-

repeatability

Anthropic

Claude 4.6

Sonnet thinking

Yes N/A 51
3.00

15.00

No snapshot

available

Supported,

reliable

Omitted due

to non-

repeatability

OpenAI

GPT-5.2
Yes N/A 51

1.75

14.00

Offers

snapshots

Supported,

reliable

Selected as

the closed

model

Z.ai GLM-5 Yes 744 50
1.00

3.20

Open

weights

Supported,

unreliable

Selected as

the open

model

Anthropic

Claude 4.5

Opus thinking

Yes N/A 49
5.00

25.00

Offers

snapshots

Supported,

reliable

Omitted in

favour of

GPT-5.2

Google Gemini

3 Pro Preview
Yes N/A 48

2.00

12.00

In preview,

no snapshot

available

Supported,

reliable

Omitted due

to non-

repeatability

Kimi K2.5 Yes 1000 47
0.60

3.00

Open

weights

Supported,

unreliable

Omitted in

favour of

GLM-5

OpenAI

GPT-5.1
Yes N/A 47

1.25

10.00

Offers

snapshots

Supported,

reliable

Omitted in

favour of

GPT-5.2

Continues...
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Table 22 – Continues...

Model
Reaso-
ning

Parameter
Count (B)

AAII
1M tokens
I/O (USD)

Repeata-
bility

Structured
Outputs

Verdict

Google Gemini

3 Flash Preview
Yes N/A 46

0.50

3.00

In preview,

no snapshot

available

Supported,

reliable

Omitted due

to non-

repeatability

Anthropic

Claude 4.6

Opus

non-thinking

No N/A 46
5.00

25.00

No snapshot

available

Supported,

reliable

Omitted due

to non-

repeatability

Anthropic

Claude 4.6

Sonnet

non-thinking

No N/A 44
3.00

15.00

No snapshot

available

Supported,

reliable

Omitted due

to non-

repeatability

Anthropic

Claude 4.5

Opus

non-thinking

No N/A 43
5.00

25.00

Offers

snapshots

Supported,

reliable

Selected

as the non-

reasoning

model

Anthropic

Claude 4.5

Sonnet thinking

Yes N/A 42
3.00

15.00

Offers

snapshots

Supported,

reliable

Omitted in

favour of

GPT-5.2

Z.ai GLM-4.7 Yes 357 42
0.40

2.00

Open

weights

Supported,

unreliable

Omitted in

favour of

GLM-5

xAI Grok 4 Yes N/A 41
3.00

15.00

Offers

snapshots

Supported,

reliable

Omitted in

favour of

GPT-5.2

DeepSeek V3.2 Yes 685 41
0.26

0.38

Open

weights

Supported,

unreliable

Omitted in

favour of

GLM-5

Kimi K2

Thinking
Yes 1000 40

0.47

2.00

Open

weights

Supported,

unreliable

Omitted in

favour of

GLM-5

MiniMax-M2.1 Yes 230 39
0.28

1.20

Open

weights

Supported,

reliable

Omitted in

favour of

GLM-5

Continues...
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Table 22 – Continues...

Model
Reaso-
ning

Parameter
Count (B)

AAII
1M tokens
I/O (USD)

Repeata-
bility

Structured
Outputs

Verdict

Xiaomi

MiMo-V2-Flash
Yes 309 39

Free at

the time

Open

weights
Unsupported

Omitted due

to no

structured

outputs

xAI Grok

4.1 Fast
Yes N/A 38

0.20

0.50

No snapshot

available

Supported,

reliable

Omitted due

to non-

repeatability

Kwaipilot

KAT-Coder-Pro

V1

No N/A 36
0.30

1.20

No snapshot

available

Supported,

reliable

Omitted due

to non-

repeatability

OpenAI

gpt-oss-120B
Yes 117 33

0.039

0.19

Open

weights

Supported,

unreliable

Selected

as the

medium

model

Z.ai

GLM-4.7-Flash
Yes 30 30

0.06

0.40

Open

weights

Supported,

unreliable

Selected

as the small

model, later

omitted due

to instability

OpenAI

gpt-oss-20B
Yes 21 25

0.03

0.14

Open

weights

Supported,

unreliable

Omitted in

favour of

GLM-4.7-

Flash

1 Artificial Analysis Intelligence Index
2 Parameter count is unknown for closed-weight models.
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Appendix 8 – Evaluated antipattern detection prompts
You a r e a s e n i o r s o f t w a r e d e v e l o p e r wi th e x p e r t i s e i n Java , jOOQ and
SQL . Analyze t h e p r ov i d ed Java c l a s s and check f o r t h e f o l l o w i n g
d a t a b a s e d e s i g n a n t i p a t t e r n s , a s d e f i n e d by B i l l Karwin :

− ID Requ i r ed : Never i d e n t i f y t h i s i s s u e i n c l a s s e s r e p r e s e n t i n g views ,
a s v iews canno t c o n t a i n p r ima ry keys . I f t h e c l a s s r e p r e s e n t s a t a b l e ,
a lways d e t e c t t h e a n t i p a t t e r n , i f t h e name of t h e p r ima ry key i s j u s t

" i d " ( case− i n s e n s i t i v e ) . Also d e t e c t t h e i s s u e i f a s y n t h e t i c p r ima ry
key column e x i s t s , even though a n o t h e r un ique c o n s t r a i n t e x i s t s , which
i s s u i t a b l e a s a p r ima ry key ( t h e c o n s t r a i n t i s on columns , which a r e
v i r t u a l l y immutab le by n a t u r e ) , and which does no t c o m p l i c a t e f o r e i g n
keys r e f e r e n c i n g t h e t a b l e t oo much . Only i n c l u d e t h e l i n e s o f t h e
p r ima ry key column d e f i n i t i o n i n t h e l i n e range , do no t i n c l u d e
comments o r a n y t h i n g e l s e .
− Key l e s s En t ry : A column , which r e f e r s t o a n o t h e r t a b l e , i s m i s s i ng
i t s f o r e i g n key . Never i d e n t i f y t h i s i s s u e i n c l a s s e s r e p r e s e n t i n g
views , a s v iews canno t c o n t a i n f o r e i g n keys . Only r e p o r t t h i s i s s u e i f
t h e " Keys " c l a s s p r ov i d ed a t t h e end c o n t a i n s a p r ima ry key t h a t t h i s
i s a p p r o p r i a t e f o r t h i s column t o r e f e r t o .
− Rounding E r r o r s : S t o r i n g f i x ed −p r e c i s i o n v a l u e s i n f l o a t i n g −p o i n t
t yp e columns , such as FLOAT and REAL, r a t h e r t h an u s i ng f i x ed −p r e c i s i o n

t y p e s l i k e DECIMAL and NUMERIC.
− 31 F l a v o r s : S p e c i f y i n g a l l owed v a l u e s i n t h e column d e f i n i t i o n , i . e .
w i th a CHECK c o n s t r a i n t o r an ENUM type , r a t h e r t h an u s i ng a lookup
t a b l e . Only i n c l u d e t h e l i n e s o f t h e column d e f i n i t i o n i n t h e l i n e
range , do no t i n c l u d e comments o r a n y t h i n g e l s e . Do no t r e p o r t t h e
i s s u e i f t h e CHECK c o n s t r a i n t i s used t o check t h e v a l u e f o r emp t i n e s s
o r a g a i n s t a r ange o f v a l u e s ( i n c l u d i n g g r e a t e r / l e s s e r t h an compa r i sons
) .
− Fea r o f t h e Unknown : A s p e c i a l d e f a u l t va lue , such as an empty s t r i n g
, i s used t o mark a m i s s i ng va lue , r a t h e r t h an NULL, and t h e s p e c i a l
v a l u e does no t ho ld a s eman t i c meaning . A column , which can neve r be
NULL i n p r a c t i c e ( e . g . i t has a d e f a u l t v a l u e ) , i s marked as NULLABLE.

I f t h e f i l e does no t c o n t a i n any a n t i p a t t e r n s , l e a v e t h e l i s t o f
o c c u r r e n c e s empty .

< a n a l y z e d _ c l a s s >
1 : /∗
2 : ∗ Thi s f i l e i s g e n e r a t e d by jOOQ .
3 : ∗ /
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4 : package edu . j a v a . s c r a p p e r . model . j ooq . t a b l e s ;
5 :
6 : impo r t edu . j a v a . s c r a p p e r . model . j ooq . Defau l tSchema ;
7 : impo r t edu . j a v a . s c r a p p e r . model . j ooq . Keys ;
8 : impo r t j a v a . u t i l . A r r ays ;
9 : impo r t j a v a . u t i l . L i s t ;
10 : impo r t j a v ax . a n n o t a t i o n . p r o c e s s i n g . Gene r a t ed ;
11 : impo r t o rg . j e t b r a i n s . a n n o t a t i o n s . NotNul l ;
12 : impo r t o rg . j e t b r a i n s . a n n o t a t i o n s . N u l l a b l e ;
13 : impo r t o rg . j ooq . F i e l d ;
14 : impo r t o rg . j ooq . Fore ignKey ;
15 : impo r t o rg . j ooq . I d e n t i t y ;
16 : impo r t o rg . j ooq . Name ;
17 : impo r t o rg . j ooq . Record ;
18 : impo r t o rg . j ooq . Schema ;
19 : impo r t o rg . j ooq . Tab le ;
20 : impo r t o rg . j ooq . T a b l e F i e l d ;
21 : impo r t o rg . j ooq . Tab l eOp t i on s ;
22 : impo r t o rg . j ooq . UniqueKey ;
23 : impo r t o rg . j ooq . impl . DSL ;
24 : impo r t o rg . j ooq . impl . SQLDataType ;
25 : impo r t o rg . j ooq . impl . Tab l e Imp l ;
26 :
27 :
28 : /∗∗
29 : ∗ Thi s c l a s s i s g e n e r a t e d by jOOQ .
30 : ∗ /
31 : @Generated (
32 : v a l u e = {
33 : " h t t p s : / / www. jooq . o rg " ,
34 : "jOOQ v e r s i o n : 3 . 1 8 . 4 "
35 : } ,
36 : comments = " Th i s c l a s s i s g e n e r a t e d by jOOQ"
37 : )
38 : @SuppressWarnings ({ " a l l " , " unchecked " , " r aw type s " } )
39 : p u b l i c c l a s s Link e x t e n d s TableImpl <Record > {
40 :
41 : p r i v a t e s t a t i c f i n a l l ong s e r i a l V e r s i o n U I D = 1L ;
42 :
43 : /∗∗
44 : ∗ The r e f e r e n c e i n s t a n c e o f <code >LINK</ code >
45 : ∗ /
46 : p u b l i c s t a t i c f i n a l Link LINK = new Link ( ) ;
47 :
48 : /∗∗
49 : ∗ The c l a s s h o l d i n g r e c o r d s f o r t h i s t yp e
50 : ∗ /
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51 : @Override
52 : @NotNull
53 : p u b l i c Class <Record > ge tRecordType ( ) {
54 : r e t u r n Record . c l a s s ;
55 : }
56 :
57 : /∗∗
58 : ∗ The column <code >LINK . ID </ code > .
59 : ∗ /
60 : p u b l i c f i n a l Tab l eF i e l d <Record , Long> ID = c r e a t e F i e l d (DSL . name ( " ID
" ) , SQLDataType . BIGINT . n u l l a b l e ( f a l s e ) . i d e n t i t y ( t r u e ) , t h i s , " " ) ;
61 :
62 : /∗∗
63 : ∗ The column <code >LINK .URL</ code > .
64 : ∗ /
65 : p u b l i c f i n a l Tab l eF i e l d <Record , S t r i n g > URL = c r e a t e F i e l d (DSL . name
( "URL" ) , SQLDataType .VARCHAR(1000000000) . n u l l a b l e ( f a l s e ) , t h i s , " " ) ;
66 :
67 : p r i v a t e Link (Name a l i a s , Table <Record > a l i a s e d ) {
68 : t h i s ( a l i a s , a l i a s e d , n u l l ) ;
69 : }
70 :
71 : p r i v a t e Link (Name a l i a s , Table <Record > a l i a s e d , F i e l d <? >[]
p a r a m e t e r s ) {
72 : s up e r ( a l i a s , n u l l , a l i a s e d , p a r ame t e r s , DSL . comment ( " " ) ,
Tab l eOp t i on s . t a b l e ( ) ) ;
73 : }
74 :
75 : /∗∗
76 : ∗ C r e a t e an a l i a s e d <code >LINK</ code > t a b l e r e f e r e n c e
77 : ∗ /
78 : p u b l i c Link ( S t r i n g a l i a s ) {
79 : t h i s (DSL . name ( a l i a s ) , LINK) ;
80 : }
81 :
82 : /∗∗
83 : ∗ C r e a t e an a l i a s e d <code >LINK</ code > t a b l e r e f e r e n c e
84 : ∗ /
85 : p u b l i c Link (Name a l i a s ) {
86 : t h i s ( a l i a s , LINK) ;
87 : }
88 :
89 : /∗∗
90 : ∗ C r e a t e a <code >LINK</ code > t a b l e r e f e r e n c e
91 : ∗ /
92 : p u b l i c Link ( ) {
93 : t h i s (DSL . name ( " LINK " ) , n u l l ) ;
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94 : }
95 :
96 : p u b l i c <O e x t e n d s Record > Link ( Table <O> c h i l d , ForeignKey <O, Record
> key ) {
97 : s up e r ( c h i l d , key , LINK) ;
98 : }
99 :
100 : @Override
101 : @Nullable
102 : p u b l i c Schema getSchema ( ) {
103 : r e t u r n a l i a s e d ( ) ? n u l l : Defau l tSchema .DEFAULT_SCHEMA;
104 : }
105 :
106 : @Override
107 : @NotNull
108 : p u b l i c I d e n t i t y <Record , Long> g e t I d e n t i t y ( ) {
109 : r e t u r n ( I d e n t i t y <Record , Long >) s up e r . g e t I d e n t i t y ( ) ;
110 : }
111 :
112 : @Override
113 : @NotNull
114 : p u b l i c UniqueKey <Record > ge tP r imaryKey ( ) {
115 : r e t u r n Keys . CONSTRAINT_2 ;
116 : }
117 :
118 : @Override
119 : @NotNull
120 : p u b l i c L i s t <UniqueKey <Record >> getUniqueKeys ( ) {
121 : r e t u r n Ar r ays . a s L i s t ( Keys . CONSTRAINT_23 ) ;
122 : }
123 :
124 : @Override
125 : @NotNull
126 : p u b l i c Link as ( S t r i n g a l i a s ) {
127 : r e t u r n new Link (DSL . name ( a l i a s ) , t h i s ) ;
128 : }
129 :
130 : @Override
131 : @NotNull
132 : p u b l i c Link as (Name a l i a s ) {
133 : r e t u r n new Link ( a l i a s , t h i s ) ;
134 : }
135 :
136 : @Override
137 : @NotNull
138 : p u b l i c Link as ( Table <?> a l i a s ) {
139 : r e t u r n new Link ( a l i a s . g e tQua l i f i edName ( ) , t h i s ) ;

143



140 : }
141 :
142 : /∗∗
143 : ∗ Rename t h i s t a b l e
144 : ∗ /
145 : @Override
146 : @NotNull
147 : p u b l i c Link rename ( S t r i n g name ) {
148 : r e t u r n new Link (DSL . name ( name ) , n u l l ) ;
149 : }
150 :
151 : /∗∗
152 : ∗ Rename t h i s t a b l e
153 : ∗ /
154 : @Override
155 : @NotNull
156 : p u b l i c Link rename (Name name ) {
157 : r e t u r n new Link ( name , n u l l ) ;
158 : }
159 :
160 : /∗∗
161 : ∗ Rename t h i s t a b l e
162 : ∗ /
163 : @Override
164 : @NotNull
165 : p u b l i c Link rename ( Table <?> name ) {
166 : r e t u r n new Link ( name . ge tQua l i f i edName ( ) , n u l l ) ;
167 : }
168 : }
</ a n a l y z e d _ c l a s s >

< k e y _ d e f i n i t i o n s _ f o r _ r e f e r e n c e >
/∗
∗ Thi s f i l e i s g e n e r a t e d by jOOQ .
∗ /
package edu . j a v a . s c r a p p e r . model . j ooq ;

impo r t edu . j a v a . s c r a p p e r . model . j ooq . t a b l e s . G i t R e p o s i t o r y ;
impo r t edu . j a v a . s c r a p p e r . model . j ooq . t a b l e s . Link ;
impo r t edu . j a v a . s c r a p p e r . model . j ooq . t a b l e s . S t a c k o v e r f l o w Q u e s t i o n ;
impo r t edu . j a v a . s c r a p p e r . model . j ooq . t a b l e s . TgChat ;
impo r t edu . j a v a . s c r a p p e r . model . j ooq . t a b l e s . TgChatLink ;
impo r t j a v ax . a n n o t a t i o n . p r o c e s s i n g . Gene r a t ed ;
impo r t o rg . j ooq . Fore ignKey ;
impo r t o rg . j ooq . Record ;
impo r t o rg . j ooq . T a b l e F i e l d ;
impo r t o rg . j ooq . UniqueKey ;
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impo r t o rg . j ooq . impl . DSL ;
impo r t o rg . j ooq . impl . I n t e r n a l ;

/∗∗
∗ A c l a s s mode l l i ng f o r e i g n key r e l a t i o n s h i p s and c o n s t r a i n t s o f t a b l e s

i n t h e
∗ d e f a u l t schema .
∗ /
@Generated (
v a l u e = {
" h t t p s : / / www. jooq . o rg " ,
"jOOQ v e r s i o n : 3 . 1 8 . 4 "
} ,
comments = " Th i s c l a s s i s g e n e r a t e d by jOOQ"
)
@SuppressWarnings ({ " a l l " , " unchecked " , " r aw type s " } )
p u b l i c c l a s s Keys {

/ /
−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

/ / UNIQUE and PRIMARY KEY d e f i n i t i o n s
/ /

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

p u b l i c s t a t i c f i n a l UniqueKey <Record > CONSTRAINT_3 = I n t e r n a l .
c r ea t eUn iqueKey ( G i t R e p o s i t o r y . GIT_REPOSITORY , DSL . name ( " CONSTRAINT_3 " ) ,
new T a b l e F i e l d [ ] { G i t R e p o s i t o r y . GIT_REPOSITORY . ID } , t r u e ) ;

p u b l i c s t a t i c f i n a l UniqueKey <Record > CONSTRAINT_392 = I n t e r n a l .
c r ea t eUn iqueKey ( G i t R e p o s i t o r y . GIT_REPOSITORY , DSL . name ( " CONSTRAINT_392
" ) , new T a b l e F i e l d [ ] { G i t R e p o s i t o r y . GIT_REPOSITORY .URN } , t r u e ) ;
p u b l i c s t a t i c f i n a l UniqueKey <Record > CONSTRAINT_2 = I n t e r n a l .
c r ea t eUn iqueKey ( Link . LINK , DSL . name ( " CONSTRAINT_2 " ) , new T a b l e F i e l d [ ] {

Link . LINK . ID } , t r u e ) ;
p u b l i c s t a t i c f i n a l UniqueKey <Record > CONSTRAINT_23 = I n t e r n a l .
c r ea t eUn iqueKey ( Link . LINK , DSL . name ( " CONSTRAINT_23 " ) , new T a b l e F i e l d [ ]
{ Link . LINK .URL } , t r u e ) ;
p u b l i c s t a t i c f i n a l UniqueKey <Record > CONSTRAINT_9 = I n t e r n a l .
c r ea t eUn iqueKey ( S t a c k o v e r f l o w Q u e s t i o n .STACKOVERFLOW_QUESTION, DSL . name
( " CONSTRAINT_9 " ) , new T a b l e F i e l d [ ] { S t a c k o v e r f l o w Q u e s t i o n .
STACKOVERFLOW_QUESTION. ID } , t r u e ) ;
p u b l i c s t a t i c f i n a l UniqueKey <Record > CONSTRAINT_9D3 = I n t e r n a l .
c r ea t eUn iqueKey ( S t a c k o v e r f l o w Q u e s t i o n .STACKOVERFLOW_QUESTION, DSL . name
( " CONSTRAINT_9D3 " ) , new T a b l e F i e l d [ ] { S t a c k o v e r f l o w Q u e s t i o n .
STACKOVERFLOW_QUESTION.URN } , t r u e ) ;
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p u b l i c s t a t i c f i n a l UniqueKey <Record > CONSTRAINT_D = I n t e r n a l .
c r ea t eUn iqueKey ( TgChat .TG_CHAT, DSL . name ( "CONSTRAINT_D" ) , new
T a b l e F i e l d [ ] { TgChat .TG_CHAT. ID } , t r u e ) ;
p u b l i c s t a t i c f i n a l UniqueKey <Record > CONSTRAINT_816 = I n t e r n a l .
c r ea t eUn iqueKey ( TgChatLink . TG_CHAT_LINK , DSL . name ( " CONSTRAINT_816 " ) ,
new T a b l e F i e l d [ ] { TgChatLink . TG_CHAT_LINK . TG_CHAT_ID , TgChatLink .
TG_CHAT_LINK . LINK_ID } , t r u e ) ;

/ /
−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

/ / FOREIGN KEY d e f i n i t i o n s
/ /

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

p u b l i c s t a t i c f i n a l ForeignKey <Record , Record > CONSTRAINT_39 = I n t e r n a l
. c r e a t e F o r e i g n K e y ( G i t R e p o s i t o r y . GIT_REPOSITORY , DSL . name ( " CONSTRAINT_39
" ) , new T a b l e F i e l d [ ] { G i t R e p o s i t o r y . GIT_REPOSITORY . LINK_ID } , Keys .
CONSTRAINT_2 , new T a b l e F i e l d [ ] { Link . LINK . ID } , t r u e ) ;
p u b l i c s t a t i c f i n a l ForeignKey <Record , Record > CONSTRAINT_9D = I n t e r n a l
. c r e a t e F o r e i g n K e y ( S t a c k o v e r f l o w Q u e s t i o n .STACKOVERFLOW_QUESTION, DSL .
name ( "CONSTRAINT_9D" ) , new T a b l e F i e l d [ ] { S t a c k o v e r f l o w Q u e s t i o n .
STACKOVERFLOW_QUESTION. LINK_ID } , Keys . CONSTRAINT_2 , new T a b l e F i e l d [ ] {

Link . LINK . ID } , t r u e ) ;
p u b l i c s t a t i c f i n a l ForeignKey <Record , Record > CONSTRAINT_8 = I n t e r n a l .
c r e a t e F o r e i g n K e y ( TgChatLink . TG_CHAT_LINK , DSL . name ( " CONSTRAINT_8 " ) , new

T a b l e F i e l d [ ] { TgChatLink . TG_CHAT_LINK . TG_CHAT_ID } , Keys . CONSTRAINT_D
, new T a b l e F i e l d [ ] { TgChat .TG_CHAT. ID } , t r u e ) ;
p u b l i c s t a t i c f i n a l ForeignKey <Record , Record > CONSTRAINT_81 = I n t e r n a l
. c r e a t e F o r e i g n K e y ( TgChatLink . TG_CHAT_LINK , DSL . name ( " CONSTRAINT_81 " ) ,
new T a b l e F i e l d [ ] { TgChatLink . TG_CHAT_LINK . LINK_ID } , Keys . CONSTRAINT_2
, new T a b l e F i e l d [ ] { Link . LINK . ID } , t r u e ) ;
}
</ k e y _ d e f i n i t i o n s _ f o r _ r e f e r e n c e >

Figure 35. Prompt for detecting design antipatterns using Zero-Shot Prompting.

You a r e a s e n i o r s o f t w a r e d e v e l o p e r wi th e x p e r t i s e i n Java , jOOQ and
SQL . Analyze t h e p r ov i d ed Java c l a s s and check f o r t h e f o l l o w i n g SQL
query a n t i p a t t e r n s , a s d e f i n e d by B i l l Karwin :

− Poor Man’ s Sea r ch Engine : Usage o f LIKE , ILIKE or r e g u l a r e x p r e s s i o n s
t o pe r fo rm f u l l − t e x t s e a r c h . Repo r t t h e i s s u e i f i t i s n ’ t obv iou s from
t h e method i n p u t p a r ame t e r s , whe the r t h e p a t t e r n s c o n t a i n w i l d c a r d s

used f o r f u l l − t e x t s e a r c h . Do no t r e p o r t t h e i s s u e i f LIKE , ILIKE or
r egex i s used f o r p r e f i x s e a r c h . Only i n c l u d e t h e l i n e ( s ) where t h e
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f u l l − t e x t s e a r c h c o n d i t i o n i s c r e a t e d i n t h e l i n e r ange .
− I m p l i c i t Columns : A query f e t c h i n g a l l columns from a d a t a b a s e t a b l e .

In a d d i t i o n t o obv ious v i o l a t i o n s , r e p o r t c a s e s where jOOQ f e t c h e s a l l
columns of a t a b l e i n t o r e c o r d s o r g e n e r a t e d DAOs ( l o c a t e d i n a

package end ing wi th ‘ t a b l e s . daos ‘ ) . Do no t r e p o r t t h i s i s s u e i f i t
o c c u r s w i t h i n a ‘ f e t chCoun t ‘ o r ‘ f e t c h E x i s t s ‘ c a l l . Only i n c l u d e t h e
l i n e ( s ) where t h e b l i n d p r o j e c t i o n i s s e l e c t e d i n t h e l i n e range , do
no t i n c l u d e t h e r e s t o f t h e que ry .
− Fea r o f t h e Unknown : Query l o g i c u s e s a NULLABLE column i n a way t h a t

p roduce s i n c o r r e c t r e s u l t s w i th NULL. Do no t r e p o r t i s s u e s t h a t a r i s e
from i n s u f f i c i e n t n u l l −h a n d l i n g i n Java code . Also do no t r e p o r t t h e
i s s u e i f you ’ r e un su r e i f t h e column i s NULLABLE.

Only i d e n t i f y p rob lems i n code , which i n t e r a c t s d i r e c t l y wi th t h e jOOQ
DSL or g e n e r a t e d DAOs ( l o c a t e d i n a package end ing wi th ‘ t a b l e s . daos ‘ ) .

Do no t i d e n t i f y p rob lems i n code , which i n t e r a c t s w i th h i g h e r l e v e l
a b s t r a c t i o n s . In c a s e o f m u l t i p l e c o n s e c u t i v e i s s u e s , r e p o r t them
s e p a r a t e l y , even i f t h ey a r e on c o n s e c u t i v e l i n e s . I f t h e f i l e does no t

c o n t a i n any a n t i p a t t e r n s , l e a v e t h e l i s t o f o c c u r r e n c e s empty .

< a n a l y z e d _ c l a s s >
1 : package edu . j a v a . s c r a p p e r . r e p o s i t o r i e s . j ooq ;
2 :
3 : impo r t edu . j a v a . s c r a p p e r . model . Link ;
4 : impo r t edu . j a v a . s c r a p p e r . model . TgChatLink ;
5 : impo r t edu . j a v a . s c r a p p e r . r e p o s i t o r i e s . Cha tL i nkRepo s i t o r y ;
6 : impo r t j a v a . u t i l . L i s t ;
7 : impo r t o rg . j ooq . DSLContext ;
8 : impo r t s t a t i c edu . j a v a . s c r a p p e r . model . j ooq . Tab l e s . LINK ;
9 : impo r t s t a t i c edu . j a v a . s c r a p p e r . model . j ooq . Tab l e s . TG_CHAT_LINK ;
10 :
11 : p u b l i c c l a s s J ooqCha tL i nkRepo s i t o r y implemen t s Cha tL i nkRepo s i t o r y {
12 :
13 : p r i v a t e f i n a l DSLContext c o n t e x t ;
14 :
15 : p u b l i c J ooqCha tL i nkRepo s i t o r y ( DSLContext c o n t e x t ) {
16 : t h i s . c o n t e x t = c o n t e x t ;
17 : }
18 :
19 : @Override
20 : p u b l i c vo id addLink ( long cha t I d , l ong l i n k I d ) {
21 : c o n t e x t
22 : . i n s e r t I n t o (TG_CHAT_LINK , TG_CHAT_LINK . TG_CHAT_ID , TG_CHAT_LINK .
LINK_ID )
23 : . v a l u e s ( c h a t I d , l i n k I d )
24 : . e x e c u t e ( ) ;
25 : }
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26 :
27 : @Override
28 : p u b l i c vo id removeLink ( long cha t I d , l ong l i n k I d ) {
29 : c o n t e x t
30 : . d e l e t e (TG_CHAT_LINK)
31 : . where (TG_CHAT_LINK . TG_CHAT_ID . eq ( c h a t I d ) ) . and (TG_CHAT_LINK . LINK_ID
. eq ( l i n k I d ) )
32 : . e x e c u t e ( ) ;
33 : }
34 :
35 : @Override
36 : p u b l i c L i s t <Link > ge tL ink sByCha t I d ( l ong c h a t I d ) {
37 : r e t u r n c o n t e x t
38 : . s e l e c t (LINK . ID , LINK .URL)
39 : . from (TG_CHAT_LINK) . l e f t J o i n (LINK) . on (TG_CHAT_LINK . LINK_ID . eq (LINK .
ID ) )
40 : . where (TG_CHAT_LINK . TG_CHAT_ID . eq ( c h a t I d ) ) . f e t c h I n t o ( Link . c l a s s ) ;
41 : }
42 :
43 : @Override
44 : p u b l i c vo id d e l e t e C h a t R e l a t e d L i n k s ( l ong c h a t I d ) {
45 : c o n t e x t
46 : . d e l e t e (TG_CHAT_LINK)
47 : . where (TG_CHAT_LINK . TG_CHAT_ID . eq ( c h a t I d ) )
48 : . e x e c u t e ( ) ;
49 : }
50 :
51 : @Override
52 : p u b l i c boo l e an ex i s t sByCha tAndL ink Id ( long cha t I d , l ong l i n k I d ) {
53 :
54 : L i s t <TgChatLink > t gCha tL i nk s = c o n t e x t
55 : . s e l e c t ( ) . from (TG_CHAT_LINK)
56 : . where (TG_CHAT_LINK . TG_CHAT_ID . eq ( c h a t I d ) ) . and (TG_CHAT_LINK . LINK_ID
. eq ( l i n k I d ) )
57 : . f e t c h I n t o ( TgChatLink . c l a s s ) ;
58 : r e t u r n ! t gCha tL i nk s . i sEmpty ( ) ;
59 : }
60 : }
</ a n a l y z e d _ c l a s s >

Figure 36. Prompt for detecting query antipatterns using Zero-Shot Prompting.

You a r e a s e n i o r s o f t w a r e d e v e l o p e r wi th e x p e r t i s e i n Java , jOOQ and
SQL . Analyze t h e p r ov i d ed Java c l a s s and check f o r t h e f o l l o w i n g
d a t a b a s e d e s i g n a n t i p a t t e r n s , a s d e f i n e d by B i l l Karwin :

− ID Requ i r ed : Never i d e n t i f y t h i s i s s u e i n c l a s s e s r e p r e s e n t i n g views ,
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as v iews canno t c o n t a i n p r ima ry keys . I f t h e c l a s s r e p r e s e n t s a t a b l e ,
a lways d e t e c t t h e a n t i p a t t e r n , i f t h e name of t h e p r ima ry key i s j u s t

" i d " ( case− i n s e n s i t i v e ) . Also d e t e c t t h e i s s u e i f a s y n t h e t i c p r ima ry
key column e x i s t s , even though a n o t h e r un ique c o n s t r a i n t e x i s t s , which
i s s u i t a b l e a s a p r ima ry key ( t h e c o n s t r a i n t i s on columns , which a r e
v i r t u a l l y immutab le by n a t u r e ) , and which does no t c o m p l i c a t e f o r e i g n
keys r e f e r e n c i n g t h e t a b l e t oo much . Only i n c l u d e t h e l i n e s o f t h e
p r ima ry key column d e f i n i t i o n i n t h e l i n e range , do no t i n c l u d e
comments o r a n y t h i n g e l s e .
− Key l e s s En t ry : A column , which r e f e r s t o a n o t h e r t a b l e , i s m i s s i ng
i t s f o r e i g n key . Never i d e n t i f y t h i s i s s u e i n c l a s s e s r e p r e s e n t i n g
views , a s v iews canno t c o n t a i n f o r e i g n keys . Only r e p o r t t h i s i s s u e i f
t h e " Keys " c l a s s p r ov i d ed a t t h e end c o n t a i n s a p r ima ry key t h a t t h i s
i s a p p r o p r i a t e f o r t h i s column t o r e f e r t o .
− Rounding E r r o r s : S t o r i n g f i x ed −p r e c i s i o n v a l u e s i n f l o a t i n g −p o i n t
t yp e columns , such as FLOAT and REAL, r a t h e r t h an u s i ng f i x ed −p r e c i s i o n

t y p e s l i k e DECIMAL and NUMERIC.
− 31 F l a v o r s : S p e c i f y i n g a l l owed v a l u e s i n t h e column d e f i n i t i o n , i . e .
w i th a CHECK c o n s t r a i n t o r an ENUM type , r a t h e r t h an u s i ng a lookup
t a b l e . Only i n c l u d e t h e l i n e s o f t h e column d e f i n i t i o n i n t h e l i n e
range , do no t i n c l u d e comments o r a n y t h i n g e l s e . Do no t r e p o r t t h e
i s s u e i f t h e CHECK c o n s t r a i n t i s used t o check t h e v a l u e f o r emp t i n e s s
o r a g a i n s t a r ange o f v a l u e s ( i n c l u d i n g g r e a t e r / l e s s e r t h an compa r i sons
) .
− Fea r o f t h e Unknown : A s p e c i a l d e f a u l t va lue , such as an empty s t r i n g
, i s used t o mark a m i s s i ng va lue , r a t h e r t h an NULL, and t h e s p e c i a l
v a l u e does no t ho ld a s eman t i c meaning . A column , which can neve r be
NULL i n p r a c t i c e ( e . g . i t has a d e f a u l t v a l u e ) , i s marked as NULLABLE.

I f t h e f i l e does no t c o n t a i n any a n t i p a t t e r n s , l e a v e t h e l i s t o f
o c c u r r e n c e s empty .

< a n a l y z e d _ c l a s s >
( same as above )
</ a n a l y z e d _ c l a s s >

< k e y _ d e f i n i t i o n s _ f o r _ r e f e r e n c e >
( same as above )
</ k e y _ d e f i n i t i o n s _ f o r _ r e f e r e n c e >

<example >
< inpu t >
. . .
59 : /∗∗
60 : ∗ The column <code >wor ld . c i t y . ID </ code > .
61 : ∗ /
62 : p u b l i c f i n a l Tab l eF i e l d <Ci tyRecord , I n t e g e r > ID = c r e a t e F i e l d ( " ID " ,
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org . j ooq . impl . SQLDataType . INTEGER . n u l l a b l e ( f a l s e ) . i d e n t i t y ( t r u e ) , t h i s
, " " ) ;
. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " ID Requ i r ed " ,
" l i n e s R a n g e S t a r t " : 62 ,
" l i ne sRangeEnd " : 62 ,
" codeFragment " : " p u b l i c f i n a l T ab l eF i e l d <Ci tyRecord , I n t e g e r > ID =
c r e a t e F i e l d ( " ID " , o rg . j ooq . impl . SQLDataType . INTEGER . n u l l a b l e ( f a l s e ) .
i d e n t i t y ( t r u e ) , t h i s , " " ) ; "
" r e a s o n i n g " : " a n t i p a t t e r n − t h e p r ima ry key i s c a l l e d ID "
}
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
59 : /∗∗
60 : ∗ The column <code > pe r son . PERSON_ID</ code > .
61 : ∗ /
62 : p u b l i c f i n a l Tab l eF i e l d <PersonRecord , Long> PERSON_ID = c r e a t e F i e l d
( " p e r s o n _ i d " , o rg . j ooq . impl . SQLDataType . BIGINT . n u l l a b l e ( f a l s e ) . i d e n t i t y
( t r u e ) , t h i s , " " ) ;
63 :
64 : /∗∗
65 : ∗ The column <code > pe r son . IDENTIFICATION_CODE</ code > .
66 : ∗ /
67 : p u b l i c f i n a l Tab l eF i e l d <PersonRecord , S t r i n g > IDENTIFICATION_CODE =

c r e a t e F i e l d ( " i d e n t i f i c a t i o n _ c o d e " , o rg . j ooq . impl . SQLDataType .VARCHAR
( 1 1 ) . n u l l a b l e ( f a l s e ) , t h i s , " " ) ;
. . .
@Override
p u b l i c L i s t <UniqueKey <PersonRecord >> ge tKeys ( ) {
r e t u r n Ar rays . < UniqueKey <PersonRecord >> a s L i s t ( Keys .
KEY_PERSON_IDENTIFICATION_CODE , Keys . KEY_PERSON_PRIMARY) ;
}
. . .
Keys . j a v a :
. . .
p u b l i c s t a t i c f i n a l UniqueKey < F i l eReco rd >
KEY_PERSON_IDENTIFICATION_CODE = I n t e r n a l . c r ea t eUn iqueKey ( Pe r son . PERSON
, " K E Y _ p e r s o n _ i d e n t i f i c a t i o n _ c o d e " , Pe r son . PERSON . IDENTIFICATION_CODE ) ;
p u b l i c s t a t i c f i n a l UniqueKey < F i l eReco rd > KEY_PERSON_PRIMARY = I n t e r n a l
. c r ea t eUn iqueKey ( Pe r son . PERSON, "KEY_person_PRIMARY " , Pe r son . PERSON .
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PERSON_ID) ;
. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " ID Requ i r ed " ,
" l i n e s R a n g e S t a r t " : 62 ,
" l i ne sRangeEnd " : 62 ,
" codeFragment " : " p u b l i c f i n a l T ab l eF i e l d <PersonRecord , Long> PERSON_ID
= c r e a t e F i e l d ( " p e r s o n _ i d " , o rg . j ooq . impl . SQLDataType . BIGINT . n u l l a b l e (
f a l s e ) . i d e n t i t y ( t r u e ) , t h i s , " " ) ; "
" r e a s o n i n g " : " a n t i p a t t e r n − t h e r e i s a n o t h e r s u i t a b l e un ique key "
}
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
59 : /∗∗
60 : ∗ The column <code > pe r son . PERSON_ID</ code > .
61 : ∗ /
62 : p u b l i c f i n a l Tab l eF i e l d <PersonRecord , Long> PERSON_ID = c r e a t e F i e l d
( " p e r s o n _ i d " , o rg . j ooq . impl . SQLDataType . BIGINT . n u l l a b l e ( f a l s e ) . i d e n t i t y
( t r u e ) , t h i s , " " ) ;
63 :
64 : /∗∗
65 : ∗ The column <code > pe r son .NAME</ code > .
66 : ∗ /
67 : p u b l i c f i n a l Tab l eF i e l d <PersonRecord , S t r i n g > NAME = c r e a t e F i e l d ( "
name " , o rg . j ooq . impl . SQLDataType .VARCHAR( 3 2 ) . n u l l a b l e ( f a l s e ) , t h i s , " " )
;
. . .
@Override
p u b l i c L i s t <UniqueKey <PersonRecord >> ge tKeys ( ) {
r e t u r n Ar rays . < UniqueKey <PersonRecord >> a s L i s t ( Keys .KEY_PERSON_NAME,
Keys . KEY_PERSON_PRIMARY) ;
}
. . .
Keys . j a v a :
. . .
p u b l i c s t a t i c f i n a l UniqueKey < F i l eReco rd > KEY_PERSON_NAME = I n t e r n a l .
c r ea t eUn iqueKey ( Pe r son . PERSON, " KEY_person_name " , Pe r son . PERSON .NAME) ;
p u b l i c s t a t i c f i n a l UniqueKey < F i l eReco rd > KEY_PERSON_PRIMARY = I n t e r n a l
. c r ea t eUn iqueKey ( Pe r son . PERSON, "KEY_person_PRIMARY " , Pe r son . PERSON .
PERSON_ID) ;
. . .
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</ i npu t >
< ou tpu t >
( n o t h i n g − no t an a n t i p a t t e r n , t h e a l t e r n a t i v e key i s t oo v o l a t i l e )
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
40 : /∗∗
41 : ∗ The column <code > pe r son . PERSON_ID</ code > .
42 : ∗ /
43 : p u b l i c f i n a l Tab l eF i e l d <PersonRecord , Long> PERSON_ID = c r e a t e F i e l d
( " p e r s o n _ i d " , o rg . j ooq . impl . SQLDataType . BIGINT . n u l l a b l e ( f a l s e ) . i d e n t i t y
( t r u e ) , t h i s , " " ) ;
44 :
45 : /∗∗
46 : ∗ The column <code > pe r son . FIRST_NAME</ code > .
47 : ∗ /
48 : p u b l i c f i n a l Tab l eF i e l d <PersonRecord , S t r i n g > FIRST_NAME =
c r e a t e F i e l d ( " f i r s t _ n a m e " , o rg . j ooq . impl . SQLDataType .VARCHAR( 5 0 ) .
n u l l a b l e ( f a l s e ) , t h i s , " " ) ;
49 :
50 : /∗∗
51 : ∗ The column <code > pe r son .LAST_NAME</ code > .
52 : ∗ /
53 : p u b l i c f i n a l Tab l eF i e l d <PersonRecord , S t r i n g > LAST_NAME =
c r e a t e F i e l d ( " l a s t _name " , o rg . j ooq . impl . SQLDataType .VARCHAR( 5 0 ) . n u l l a b l e
( f a l s e ) , t h i s , " " ) ;
54 :
55 : /∗∗
56 : ∗ The column <code > pe r son . DATE_OF_BIRTH</ code > .
57 : ∗ /
58 : p u b l i c f i n a l Tab l eF i e l d <PersonRecord , Loca lDate > DATE_OF_BIRTH =
c r e a t e F i e l d ( " d a t e _ o f _ b i r t h " , o rg . j ooq . impl . SQLDataType .LOCALDATE.
n u l l a b l e ( f a l s e ) , t h i s , " " ) ;
. . .
@Override
p u b l i c L i s t <UniqueKey <PersonRecord >> ge tKeys ( ) {
r e t u r n Ar rays . < UniqueKey <PersonRecord >> a s L i s t ( Keys . KEY_PERSON_PRIMARY,
Keys .KEY_PERSON_NAME_DOB_UNIQUE) ;
}
. . .
Keys . j a v a :
. . .
p u b l i c s t a t i c f i n a l UniqueKey <PersonRecord > KEY_PERSON_PRIMARY =
I n t e r n a l . c r ea t eUn iqueKey ( Pe r son . PERSON, "KEY_person_PRIMARY " , Pe r son .
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PERSON . PERSON_ID) ;
p u b l i c s t a t i c f i n a l UniqueKey <PersonRecord > KEY_PERSON_NAME_DOB_UNIQUE
= I n t e r n a l . c r ea t eUn iqueKey ( Pe r son . PERSON, " KEY_person_name_dob_unique " ,

Pe r son . PERSON . FIRST_NAME , Pe r son . PERSON .LAST_NAME, Pe r son . PERSON .
DATE_OF_BIRTH) ;
. . .
</ i npu t >
< ou tpu t >
( n o t h i n g − no t an a n t i p a t t e r n , t h e a l t e r n a t i v e key would c o m p l i c a t e
f o r e i g n keys t oo much )
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
61 : /∗∗
62 : ∗ The column <code >PUBLIC .DEPARTMENT. ORG_ID</ code > .
63 : ∗ /
64 : p u b l i c f i n a l Tab l eF i e l d <Depar tmentRecord , Long> ORG_ID =
c r e a t e F i e l d (DSL . name ( " ORG_ID " ) , SQLDataType . BIGINT . n u l l a b l e ( f a l s e ) ,
t h i s , " " ) ;
. . .
Keys . j a v a :
. . .
p u b l i c s t a t i c f i n a l UniqueKey <OrgRecord > CONSTRAINT_1 = I n t e r n a l .
c r ea t eUn iqueKey ( Org .ORG, DSL . name ( " CONSTRAINT_1 " ) , new T a b l e F i e l d [ ] {
Org .ORG. ID } , t r u e ) ;
. . .
( no DEPARTMENT f o r e i g n key r e f e r e n c i n g CONSTRAINT_1 a v a i l a b l e )
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " Key l e s s En t r y " ,
" l i n e s R a n g e S t a r t " : 64 ,
" l i ne sRangeEnd " : 64 ,
" codeFragment " : " p u b l i c f i n a l T ab l eF i e l d <Depar tmentRecord , Long> ORG_ID
= c r e a t e F i e l d (DSL . name ( " ORG_ID " ) , SQLDataType . BIGINT . n u l l a b l e ( f a l s e ) ,

t h i s , " " ) ; "
" r e a s o n i n g " : " a n t i p a t t e r n − f o r e i g n key mi s s i ng wi th s u i t a b l e t a r g e t
a v a i l a b l e "
}
</ ou tpu t >
</ example >

<example >
< inpu t >

153



. . .
81 : /∗∗
82 : ∗ The column <code >PUBLIC .DEPARTMENT.CREATED_BY</ code > .
83 : ∗ /
84 : p u b l i c f i n a l Tab l eF i e l d <Depar tmentRecord , Long> CREATED_BY =
c r e a t e F i e l d (DSL . name ( "CREATED_BY" ) , SQLDataType . BIGINT , t h i s , " " ) ;
. . .
Keys . j a v a :
. . .
p u b l i c s t a t i c f i n a l UniqueKey <UserRecord > UX_USER_ID = I n t e r n a l .
c r ea t eUn iqueKey ( User . USER, DSL . name ( " UX_USER_ID " ) , new T a b l e F i e l d [ ] {
User . USER . ID } , t r u e ) ;
. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " Key l e s s En t r y " ,
" l i n e s R a n g e S t a r t " : 84 ,
" l i ne sRangeEnd " : 84 ,
" codeFragment " : " p u b l i c f i n a l T ab l eF i e l d <Depar tmentRecord , Long>
CREATED_BY = c r e a t e F i e l d (DSL . name ( "CREATED_BY" ) , SQLDataType . BIGINT ,
t h i s , " " ) ; "
" r e a s o n i n g " : " a n t i p a t t e r n − f o r e i g n key mi s s i ng wi th s u i t a b l e t a r g e t
a v a i l a b l e "
}
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
50 : /∗∗
51 : ∗ The column <code > p u b l i c . s c e n a r i o . p l an_ i d < / code > .
52 : ∗ /
53 : p u b l i c f i n a l Tab l eF i e l d < Scena r i oReco rd , Long> PLAN_ID = c r e a t e F i e l d
(DSL . name ( " p l a n _ i d " ) , SQLDataType . BIGINT . n u l l a b l e ( f a l s e ) , t h i s , " " ) ;
. . .
Keys . j a v a :
. . .
( no f o r e i g n key on t h e PLAN_ID column , bu t a l s o no p r ima ry key f o r a
t a b l e r e l a t e d t o p l a n s a v a i l a b l e )
. . .
</ i npu t >
< ou tpu t >
( n o t h i n g − no t an a n t i p a t t e r n , s u i t a b l e p r ima ry key no t a v a i l a b l e )
</ ou tpu t >
</ example >
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<example >
< inpu t >
. . .
79 : /∗∗
80 : ∗ The column <code >wor ld . c o u n t r y . Su r f aceArea < / code > .
81 : ∗ /
82 : p u b l i c f i n a l Tab l eF i e l d <CountryRecord , Double > SURFACEAREA =
c r e a t e F i e l d ( " Su r f a c eArea " , o rg . j ooq . impl . SQLDataType . FLOAT . n u l l a b l e (
f a l s e ) . d e f a u l t V a l u e ( org . j ooq . impl . DSL . i n l i n e ( " 0 . 0 0 " , o rg . j ooq . impl .
SQLDataType . FLOAT) ) , t h i s , " " ) ;
. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " Rounding E r r o r s " ,
" l i n e s R a n g e S t a r t " : 82 ,
" l i ne sRangeEnd " : 82 ,
" codeFragment " : " p u b l i c f i n a l T ab l eF i e l d <CountryRecord , Double >
SURFACEAREA = c r e a t e F i e l d ( " Su r f a c eArea " , o rg . j ooq . impl . SQLDataType .
FLOAT . n u l l a b l e ( f a l s e ) . d e f a u l t V a l u e ( o rg . j ooq . impl . DSL . i n l i n e ( " 0 . 0 0 " , o rg
. j ooq . impl . SQLDataType . FLOAT) ) , t h i s , " " ) ; "
" r e a s o n i n g " : " a n t i p a t t e r n − p r e t t y much eve ry use o f an i m p r e c i s e
f l o a t i n g p o i n t t yp e i s i n c o r r e c t "
}
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
121 : /∗∗
122 : ∗ The column <code > p u b l i c . f i l m . r a t i n g < / code > .
123 : ∗ /
124 : p u b l i c f i n a l T ab l eF i e l d <Fi lmRecord , MpaaRating > RATING =
c r e a t e F i e l d (DSL . name ( " r a t i n g " ) , SQLDataType .VARCHAR. d e f a u l t V a l u e (DSL .
f i e l d (DSL . raw ( " ’G ’ : : mpaa_ r a t i ng " ) , SQLDataType .VARCHAR) ) . asEnumDataType
( MpaaRating . c l a s s ) , t h i s , " " ) ;
. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : "31 F l a v o r s " ,
" l i n e s R a n g e S t a r t " : 124 ,
" l i ne sRangeEnd " : 124 ,
" codeFragment " : " p u b l i c f i n a l T ab l eF i e l d <Fi lmRecord , MpaaRating > RATING
= c r e a t e F i e l d (DSL . name ( " r a t i n g " ) , SQLDataType .VARCHAR. d e f a u l t V a l u e (DSL
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. f i e l d (DSL . raw ( " ’G ’ : : mpaa_ r a t i ng " ) , SQLDataType .VARCHAR) ) .
asEnumDataType ( MpaaRating . c l a s s ) , t h i s , " " ) ; "
" r e a s o n i n g " : " a n t i p a t t e r n − use o f an ENUM t o r e s t r i c t v a l u e o p t i o n s "
}
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
68 : /∗∗
69 : ∗ The column <code > p a s t o . t i p o < / code > .
70 : ∗ /
71 : p u b l i c f i n a l Tab l eF i e l d <Pas toRecord , S t r i n g > TIPO = c r e a t e F i e l d (DSL
. name ( " t i p o " ) , SQLDataType .CLOB. n u l l a b l e ( f a l s e ) , t h i s , " " ) ;
. . .
126 : @Override
127 : p u b l i c L i s t <Check <Pas toRecord >> ge tChecks ( ) {
128 : r e t u r n Ar r ays . a s L i s t (
129 : I n t e r n a l . c r e a t eCheck ( t h i s , DSL . name ( " " ) , " t i p o i n ( ’ c o l a z i o n e ’ , ’
pranzo ’ , ’ cena ’ , ’ s pun t i no ’ ) " , t r u e )
130 : ) ;
131 : }
. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : "31 F l a v o r s " ,
" l i n e s R a n g e S t a r t " : 124 ,
" l i ne sRangeEnd " : 124 ,
" codeFragment " : " p u b l i c f i n a l T ab l eF i e l d <Pas toRecord , S t r i n g > TIPO =
c r e a t e F i e l d (DSL . name ( " t i p o " ) , SQLDataType .CLOB. n u l l a b l e ( f a l s e ) , t h i s ,
" " ) ; "
" r e a s o n i n g " : " a n t i p a t t e r n − use o f an CHECK c o n s t r a i n t t o r e s t r i c t
v a l u e o p t i o n s "
}
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
72 : /∗∗
73 : ∗ The column <code > p u b l i c . d ragon . name </ code > .
74 : ∗ /
75 : p u b l i c f i n a l Tab l eF i e l d <DragonRecord , S t r i n g > NAME = c r e a t e F i e l d (
DSL . name ( " name " ) , SQLDataType .VARCHAR. n u l l a b l e ( f a l s e ) , t h i s , " " ) ;
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. . .
84 : /∗∗
85 : ∗ The column <code > p u b l i c . d ragon . age < / code > .
86 : ∗ /
87 : p u b l i c f i n a l Tab l eF i e l d <DragonRecord , I n t e g e r > AGE = c r e a t e F i e l d (
DSL . name ( " age " ) , SQLDataType . INTEGER . n u l l a b l e ( f a l s e ) , t h i s , " " ) ;
. . .
215 : @Override
216 : p u b l i c L i s t <Check <DragonRecord >> ge tChecks ( ) {
217 : r e t u r n Ar r ays . a s L i s t (
218 : I n t e r n a l . c r e a t eCheck ( t h i s , DSL . name ( " d ragon_age_check " ) , " ( ( age >
0) ) " , t r u e ) ,
219 : I n t e r n a l . c r e a t eCheck ( t h i s , DSL . name ( " dragon_name_check " ) , " ( ( ( name
) : : t e x t <> ’ ’ : : t e x t ) ) " , t r u e )
220 : ) ;
221 : }
. . .
</ i npu t >
< ou tpu t >
( n o t h i n g − n e i t h e r o f t h e CHECK c o n s t r a i n t s v a l i d a t e t h e v a l u e a g a i n s t
a p r e d e t e r m i n e d s e t o f v a l u e s ( emp t i n e s s check doesn ’ t coun t e i t h e r ) )
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
59 : /∗∗
60 : ∗ The column <code >wor ld . c o u n t r y . Code </ code > .
61 : ∗ /
62 : p u b l i c f i n a l Tab l eF i e l d <CountryRecord , S t r i n g > CODE = c r e a t e F i e l d ( "
Code " , o rg . j ooq . impl . SQLDataType .CHAR( 3 ) . n u l l a b l e ( f a l s e ) . d e f a u l t V a l u e (
o rg . j ooq . impl . DSL . i n l i n e ( " " , o rg . j ooq . impl . SQLDataType .CHAR) ) , t h i s ,
" " ) ;
. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " Fea r o f t h e Unknown " ,
" l i n e s R a n g e S t a r t " : 62 ,
" l i ne sRangeEnd " : 62 ,
" codeFragment " : " p u b l i c f i n a l T ab l eF i e l d <CountryRecord , S t r i n g > CODE =
c r e a t e F i e l d ( " Code " , o rg . j ooq . impl . SQLDataType .CHAR( 3 ) . n u l l a b l e ( f a l s e ) .
d e f a u l t V a l u e ( o rg . j ooq . impl . DSL . i n l i n e ( " " , o rg . j ooq . impl . SQLDataType .
CHAR) ) , t h i s , " " ) ; "
" r e a s o n i n g " : " a n t i p a t t e r n − use o f a s p e c i a l non−b u s i n e s s v a l u e t o
r e p r e s e n t a m i s s i ng va lue , r a t h e r t h an n u l l "
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}
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
77 : /∗∗
78 : ∗ The column <code > p u b l i c . l i n k . upda t e t ime </ code > .
79 : ∗ /
80 : p u b l i c f i n a l Tab l eF i e l d <LinkRecord , LocalDateTime > UPDATETIME =
c r e a t e F i e l d (DSL . name ( " u p d a t e t i m e " ) , SQLDataType .LOCALDATETIME( 6 ) .
d e f a u l t V a l u e (DSL . f i e l d ( " now ( ) " , SQLDataType .LOCALDATETIME) ) , t h i s , " " ) ;
. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " Fea r o f t h e Unknown " ,
" l i n e s R a n g e S t a r t " : 80 ,
" l i ne sRangeEnd " : 80 ,
" codeFragment " : " p u b l i c f i n a l T ab l eF i e l d <LinkRecord , LocalDateTime >
UPDATETIME = c r e a t e F i e l d (DSL . name ( " u p d a t e t i m e " ) , SQLDataType .
LOCALDATETIME( 6 ) . d e f a u l t V a l u e (DSL . f i e l d ( " now ( ) " , SQLDataType .
LOCALDATETIME) ) , t h i s , " " ) ; "
" r e a s o n i n g " : " a n t i p a t t e r n − a column , which can no t be n u l l i n p r a c t i c e
, i s n u l l a b l e "
}
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
93 : /∗∗
94 : ∗ The column <code > t e x e r a _ d b . wo rk f l ow_execu t i on s . name </ code > .
95 : ∗ /
96 : p u b l i c f i n a l Tab l eF i e l d <Workf lowExecut ionsRecord , S t r i n g > NAME =
c r e a t e F i e l d (DSL . name ( " name " ) , o rg . j ooq . impl . SQLDataType .VARCHAR(128 ) .
n u l l a b l e ( f a l s e ) . d e f a u l t V a l u e ( org . j ooq . impl . DSL . i n l i n e ( " U n t i t l e d
Execu t i on " , o rg . j ooq . impl . SQLDataType .VARCHAR) ) , t h i s , " " ) ;
. . .
</ i npu t >
< ou tpu t >
( n o t h i n g − t h e d e f a u l t v a l u e has a s eman t i c meaning )
</ ou tpu t >
</ example >
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Figure 37. Prompt for detecting design antipatterns using Few-Shot Prompting.

You a r e a s e n i o r s o f t w a r e d e v e l o p e r wi th e x p e r t i s e i n Java , jOOQ and
SQL . Analyze t h e p r ov i d ed Java c l a s s and check f o r t h e f o l l o w i n g SQL
query a n t i p a t t e r n s , a s d e f i n e d by B i l l Karwin :

− Poor Man’ s Sea r ch Engine : Usage o f LIKE , ILIKE or r e g u l a r e x p r e s s i o n s
t o pe r fo rm f u l l − t e x t s e a r c h . Repo r t t h e i s s u e i f i t i s n ’ t obv iou s from
t h e method i n p u t p a r ame t e r s , whe the r t h e p a t t e r n s c o n t a i n w i l d c a r d s

used f o r f u l l − t e x t s e a r c h . Do no t r e p o r t t h e i s s u e i f LIKE , ILIKE or
r egex i s used f o r p r e f i x s e a r c h . Only i n c l u d e t h e l i n e ( s ) where t h e
f u l l − t e x t s e a r c h c o n d i t i o n i s c r e a t e d i n t h e l i n e r ange .
− I m p l i c i t Columns : A query f e t c h i n g a l l columns from a d a t a b a s e t a b l e .

In a d d i t i o n t o obv ious v i o l a t i o n s , r e p o r t c a s e s where jOOQ f e t c h e s a l l
columns of a t a b l e i n t o r e c o r d s o r g e n e r a t e d DAOs ( l o c a t e d i n a

package end ing wi th ‘ t a b l e s . daos ‘ ) . Do no t r e p o r t t h i s i s s u e i f i t
o c c u r s w i t h i n a ‘ f e t chCoun t ‘ o r ‘ f e t c h E x i s t s ‘ c a l l . Only i n c l u d e t h e
l i n e ( s ) where t h e b l i n d p r o j e c t i o n i s s e l e c t e d i n t h e l i n e range , do
no t i n c l u d e t h e r e s t o f t h e que ry .
− Fea r o f t h e Unknown : Query l o g i c u s e s a NULLABLE column i n a way t h a t

p roduce s i n c o r r e c t r e s u l t s w i th NULL. Do no t r e p o r t i s s u e s t h a t a r i s e
from i n s u f f i c i e n t n u l l −h a n d l i n g i n Java code . Also do no t r e p o r t t h e
i s s u e i f you ’ r e un su r e i f t h e column i s NULLABLE.

Only i d e n t i f y p rob lems i n code , which i n t e r a c t s d i r e c t l y wi th t h e jOOQ
DSL or g e n e r a t e d DAOs ( l o c a t e d i n a package end ing wi th ‘ t a b l e s . daos ‘ ) .

Do no t i d e n t i f y p rob lems i n code , which i n t e r a c t s w i th h i g h e r l e v e l
a b s t r a c t i o n s . In c a s e o f m u l t i p l e c o n s e c u t i v e i s s u e s , r e p o r t them
s e p a r a t e l y , even i f t h ey a r e on c o n s e c u t i v e l i n e s . I f t h e f i l e does no t

c o n t a i n any a n t i p a t t e r n s , l e a v e t h e l i s t o f o c c u r r e n c e s empty .

< a n a l y z e d _ c l a s s >
( same as above )
</ a n a l y z e d _ c l a s s >

<example >
< inpu t >
. . .
20 : @Tran s a c t i on a l ( r eadOnly = t r u e )
21 : p u b l i c L i s t < S t r i n g > ge tTagSugge s t i on sFo r Image ( S t r i n g c a t ego r y ,
S t r i n g tag , UUID imageId ) {
22 : UUID r e p o I d = ge tRepoId ( imageId ) ;
23 :
24 : r e t u r n
25 : d s l . s e l e c t ( Tab l e s . IMAGE_TAGS .TAG)
26 : . from ( Tab l e s . IMAGE_TAGS)
27 : . where ( Tab l e s . IMAGE_TAGS . REPOSITORY_ID . eq ( r e p o I d ) )
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28 : . and ( Tab l e s . IMAGE_TAGS .TAG. l i k e I g n o r e C a s e ("%"+ t a g +"%") )
29 : . and ( Tab l e s . IMAGE_TAGS .TAG_CATEGORY. l i k e I g n o r e C a s e ("%"+ c a t e g o r y
+"%") )
30 : . and ( Tab l e s . IMAGE_TAGS . IMAGE_ID . no tEqua l ( imageId ) )
31 : . l i m i t ( 5 )
32 : . f e t c h ( Tab l e s . IMAGE_TAGS .TAG) ;
33 : }
. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " Poor Man’ s Sea rch Engine " ,
" l i n e s R a n g e S t a r t " : 28 ,
" l i ne sRangeEnd " : 28 ,
" codeFragment " : " . and ( Tab l e s . IMAGE_TAGS .TAG. l i k e I g n o r e C a s e ("%"+ t a g +"%")
) " ,
" r e a s o n i n g " : " a n t i p a t t e r n − use o f ILIKE f o r f u l l − t e x t s e a r c h "
} , {
" a n t i p a t t e r n N a m e " : " Poor Man’ s Sea rch Engine " ,
" l i n e s R a n g e S t a r t " : 29 ,
" l i ne sRangeEnd " : 29 ,
" codeFragment " : " . and ( Tab l e s . IMAGE_TAGS .TAG_CATEGORY. l i k e I g n o r e C a s e
("%"+ c a t e g o r y +"%") ) " ,
" r e a s o n i n g " : " a n t i p a t t e r n − use o f ILIKE f o r f u l l − t e x t s e a r c h "
}
</ ou tpu t >
</ example >

<example >
< inpu t >
( t a g and c a t e g o r y a r e pa s s ed i n from o u t s i d e t h e c l a s s )
. . .
20 : @Tran s a c t i on a l ( r eadOnly = t r u e )
21 : p u b l i c L i s t < S t r i n g > ge tTagSugge s t i on sFo r Image ( S t r i n g c a t ego r y ,
S t r i n g tag , UUID imageId ) {
22 : UUID r e p o I d = ge tRepoId ( imageId ) ;
23 :
24 : r e t u r n
25 : d s l . s e l e c t ( Tab l e s . IMAGE_TAGS .TAG)
26 : . from ( Tab l e s . IMAGE_TAGS)
27 : . where ( Tab l e s . IMAGE_TAGS . REPOSITORY_ID . eq ( r e p o I d ) )
28 : . and ( Tab l e s . IMAGE_TAGS .TAG. l i k e I g n o r e C a s e ( t a g ) )
29 : . and ( Tab l e s . IMAGE_TAGS .TAG_CATEGORY. l i k e I g n o r e C a s e ( c a t e g o r y ) )
30 : . and ( Tab l e s . IMAGE_TAGS . IMAGE_ID . no tEqua l ( imageId ) )
31 : . l i m i t ( 5 )
32 : . f e t c h ( Tab l e s . IMAGE_TAGS .TAG) ;
33 : }
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. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " Poor Man’ s Sea rch Engine " ,
" l i n e s R a n g e S t a r t " : 28 ,
" l i ne sRangeEnd " : 28 ,
" codeFragment " : " . and ( Tab l e s . IMAGE_TAGS .TAG. l i k e I g n o r e C a s e ("%"+ t a g +"%")
) " ,
" r e a s o n i n g " : " a n t i p a t t e r n − use o f ILIKE , no t a b l e t o f i g u r e ou t from
t h e c l a s s i f i t ’ s used f o r f u l l − t e x t s e a r c h "
} , {
" a n t i p a t t e r n N a m e " : " Poor Man’ s Sea rch Engine " ,
" l i n e s R a n g e S t a r t " : 29 ,
" l i ne sRangeEnd " : 29 ,
" codeFragment " : " . and ( Tab l e s . IMAGE_TAGS .TAG_CATEGORY. l i k e I g n o r e C a s e
("%"+ c a t e g o r y +"%") ) " ,
" r e a s o n i n g " : " a n t i p a t t e r n − use o f ILIKE , no t a b l e t o f i g u r e ou t from
t h e c l a s s i f i t ’ s used f o r f u l l − t e x t s e a r c h "
}
</ ou tpu t >
</ example >

<example >
< inpu t >
62 : @Override
63 : p u b l i c L i s t <Link > f i n d B y I d I n ( L i s t <Long> i d s ) {
64 : r e t u r n c o n t e x t
65 : . s e l e c t ( ) . from (LINK) . where (LINK . ID . i n ( i d s ) ) . f e t c h I n t o ( Link . c l a s s ) ;
66 : }
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " I m p l i c i t Columns " ,
" l i n e s R a n g e S t a r t " : 65 ,
" l i ne sRangeEnd " : 65 ,
" codeFragment " : " . s e l e c t ( ) . from (LINK) . where (LINK . ID . i n ( i d s ) ) . f e t c h I n t o (
Link . c l a s s ) ; " ,
" r e a s o n i n g " : " a n t i p a t t e r n − s e l e c t ( ) . from (LINK) f e t c h e s a l l columns
from t h e t a b l e "
}
</ ou tpu t >
</ example >

<example >
< inpu t >
65 : p r i v a t e Void p r e V a l i d a t e P a r a m s ( R e p l i c a t i o n P a r a m . D u p l i c a t e d u p l i c a t e
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) {
66 : boo l e an e x i s t s = d s l C o n t e x t . f e t c h E x i s t s ( d s l C o n t e x t . s e l e c t F r o m (IMAGE
) . where (IMAGE. ID . eq ( d u p l i c a t e . imageId ( ) ) ) ) ;
67 :
68 : i f ( ! e x i s t s ) {
69 : throw new I m a g e R e p l i c a t i o n U s e r E x c e p t i o n ( " Image wi th ID " +
d u p l i c a t e . imageId ( ) + " does no t e x i s t " ) ;
70 : }
71 :
72 : r e t u r n n u l l ;
73 : }
</ i npu t >
< ou tpu t >
( n o t h i n g − t h e s e l e c tF rom , which by i t s e l f would f e t c h a r e c o r d wi th
a l l columns , i s wrapped i n a f e t c h E x i s t s )
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
impo r t com . example . o n b o a r d i n g s e r v i c e . j ooq . t a b l e s . daos .
OnboardingDocumentsDao ;
. . .
p r i v a t e f i n a l OnboardingDocumentsDao documentsDao ;
. . .
47 : @Override
48 : p u b l i c L i s t <DocumentDto > getDocuments ( ) {
49 : r e t u r n documentsDao . f i n d A l l ( ) . s t r e am ( )
50 : . map ( i t −> DocumentDto . o f ( i t . getKey ( ) , i t . g e t F i l e n ame ( ) ) )
51 : . t o L i s t ( ) ;
52 : }
. . .
</ i npu t >
< ou tpu t >
{
" a n t i p a t t e r n N a m e " : " I m p l i c i t Columns " ,
" l i n e s R a n g e S t a r t " : 49 ,
" l i ne sRangeEnd " : 49 ,
" codeFragment " : " documentsDao . f i n d A l l ( ) " ,
" r e a s o n i n g " : " a n t i p a t t e r n − g e n e r a t e d DAOs f e t c h a l l columns from t h e
t a b l e "
}
</ ou tpu t >
</ example >

<example >
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< inpu t >
. . .
impo r t com . example . o n b o a r d i n g s e r v i c e . b u s i n e s s . OnboardingDocumentsDao ;
. . .
p r i v a t e f i n a l OnboardingDocumentsDao documentsDao ;
. . .
47 : @Override
48 : p u b l i c L i s t <DocumentDto > getDocuments ( ) {
49 : r e t u r n documentsDao . f i n d A l l ( ) . s t r e am ( )
50 : . map ( i t −> DocumentDto . o f ( i t . getKey ( ) , i t . g e t F i l e n ame ( ) ) )
51 : . t o L i s t ( ) ;
52 : }
. . .
</ i npu t >
< ou tpu t >
( n o t h i n g − t h e DAO i s no t g e n e r a t e d and i s a n a l y s e d s e p a r a t e l y )
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
34 : p u b l i c Author a f f i c h e r A u t e u r ( I n t e g e r i d ) {
35 : r e t u r n d s l C o n t e x t . s e l e c t F r o m (AUTHOR) . where (AUTHOR. ID . eq ( i d ) ) .
f e t c h S i n g l e I n t o ( Author . c l a s s ) ;
36 : }
. . .
50 : p u b l i c vo id m o d i f i e r A u t e u r ( AuthorVo a u t h o r ) {
51 : Author _ a u t h o r = t h i s . a f f i c h e r A u t e u r ( a u t h o r . g e t I d ( ) . i n t V a l u e ( ) ) ;
52 :
53 : d s l C o n t e x t . upda t e (AUTHOR)
54 : . s e t (AUTHOR. FIRST_NAME , a u t h o r . g e tF i r s tName ( ) )
55 : . s e t (AUTHOR.LAST_NAME, a u t h o r . ge tLastName ( ) )
56 : . where (AUTHOR. ID . eq ( a u t h o r . g e t I d ( ) . i n t V a l u e ( ) ) ) . e x e c u t e ( ) ;
57 : }
. . .
</ i npu t >
< ou tpu t >
( n o t h i n g − whi l e t h e r e i s a p o t e n t i a l n u l l a b i l i t y i s s u e here , i t ’ s
caused by t h e Java code )
</ ou tpu t >
</ example >

<example >
< inpu t >
. . .
72 : p r i v a t e Cond i t i o n g e t I d C o n d i t i o n (UUID i d ) {
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73 : i f ( i d == n u l l ) {
74 : r e t u r n TASK. TASK_TYPE_ID . eq (TASK. TASK_TYPE_ID) ; / / 1==1
75 : } e l s e {
76 : r e t u r n TASK. TASK_TYPE_ID . eq ( i d ) ;
77 : }
78 : }
. . .
</ i npu t >
< ou tpu t >
( n o t h i n g − assume t h a t TASK_TYPE_ID i s non−n u l l a b l e )
</ ou tpu t >
</ example >

Figure 38. Prompt for detecting query antipatterns using Few-Shot Prompting.

You a r e a s e n i o r s o f t w a r e d e v e l o p e r wi th e x p e r t i s e i n Java , jOOQ and
SQL . Analyze t h e p r ov i d ed Java c l a s s and check f o r t h e f o l l o w i n g
d a t a b a s e d e s i g n a n t i p a t t e r n s , a s d e f i n e d by B i l l Karwin :

− ID Requ i r ed : Never i d e n t i f y t h i s i s s u e i n c l a s s e s r e p r e s e n t i n g views ,
a s v iews canno t c o n t a i n p r ima ry keys . I f t h e c l a s s r e p r e s e n t s a t a b l e ,
a lways d e t e c t t h e a n t i p a t t e r n , i f t h e name of t h e p r ima ry key i s j u s t

" i d " ( case− i n s e n s i t i v e ) . Also d e t e c t t h e i s s u e i f a s y n t h e t i c p r ima ry
key column e x i s t s , even though a n o t h e r un ique c o n s t r a i n t e x i s t s , which
i s s u i t a b l e a s a p r ima ry key ( t h e c o n s t r a i n t i s on columns , which a r e
v i r t u a l l y immutab le by n a t u r e ) , and which does no t c o m p l i c a t e f o r e i g n
keys r e f e r e n c i n g t h e t a b l e t oo much . Only i n c l u d e t h e l i n e s o f t h e
p r ima ry key column d e f i n i t i o n i n t h e l i n e range , do no t i n c l u d e
comments o r a n y t h i n g e l s e .
− Key l e s s En t ry : A column , which r e f e r s t o a n o t h e r t a b l e , i s m i s s i ng
i t s f o r e i g n key . Never i d e n t i f y t h i s i s s u e i n c l a s s e s r e p r e s e n t i n g
views , a s v iews canno t c o n t a i n f o r e i g n keys . Only r e p o r t t h i s i s s u e i f
t h e " Keys " c l a s s p r ov i d ed a t t h e end c o n t a i n s a p r ima ry key t h a t t h i s
i s a p p r o p r i a t e f o r t h i s column t o r e f e r t o .
− Rounding E r r o r s : S t o r i n g f i x ed −p r e c i s i o n v a l u e s i n f l o a t i n g −p o i n t
t yp e columns , such as FLOAT and REAL, r a t h e r t h an u s i ng f i x ed −p r e c i s i o n

t y p e s l i k e DECIMAL and NUMERIC.
− 31 F l a v o r s : S p e c i f y i n g a l l owed v a l u e s i n t h e column d e f i n i t i o n , i . e .
w i th a CHECK c o n s t r a i n t o r an ENUM type , r a t h e r t h an u s i ng a lookup
t a b l e . Only i n c l u d e t h e l i n e s o f t h e column d e f i n i t i o n i n t h e l i n e
range , do no t i n c l u d e comments o r a n y t h i n g e l s e . Do no t r e p o r t t h e
i s s u e i f t h e CHECK c o n s t r a i n t i s used t o check t h e v a l u e f o r emp t i n e s s
o r a g a i n s t a r ange o f v a l u e s ( i n c l u d i n g g r e a t e r / l e s s e r t h an compa r i sons
) .
− Fea r o f t h e Unknown : A s p e c i a l d e f a u l t va lue , such as an empty s t r i n g
, i s used t o mark a m i s s i ng va lue , r a t h e r t h an NULL, and t h e s p e c i a l
v a l u e does no t ho ld a s eman t i c meaning . A column , which can neve r be
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NULL i n p r a c t i c e ( e . g . i t has a d e f a u l t v a l u e ) , i s marked as NULLABLE.

I f t h e f i l e does no t c o n t a i n any a n t i p a t t e r n s , l e a v e t h e l i s t o f
o c c u r r e n c e s empty .

< a n a l y z e d _ c l a s s >
( same as above )
</ a n a l y z e d _ c l a s s >

< k e y _ d e f i n i t i o n s _ f o r _ r e f e r e n c e >
( same as above )
</ k e y _ d e f i n i t i o n s _ f o r _ r e f e r e n c e >

Let ’ s t h i n k s t e p by s t e p .

Figure 39. Prompt for detecting design antipatterns using Chain-of-Thought Prompting.

You a r e a s e n i o r s o f t w a r e d e v e l o p e r wi th e x p e r t i s e i n Java , jOOQ and
SQL . Analyze t h e p r ov i d ed Java c l a s s and check f o r t h e f o l l o w i n g SQL
query a n t i p a t t e r n s , a s d e f i n e d by B i l l Karwin :

− Poor Man’ s Sea r ch Engine : Usage o f LIKE , ILIKE or r e g u l a r e x p r e s s i o n s
t o pe r fo rm f u l l − t e x t s e a r c h . Repo r t t h e i s s u e i f i t i s n ’ t obv iou s from
t h e method i n p u t p a r ame t e r s , whe the r t h e p a t t e r n s c o n t a i n w i l d c a r d s

used f o r f u l l − t e x t s e a r c h . Do no t r e p o r t t h e i s s u e i f LIKE , ILIKE or
r egex i s used f o r p r e f i x s e a r c h . Only i n c l u d e t h e l i n e ( s ) where t h e
f u l l − t e x t s e a r c h c o n d i t i o n i s c r e a t e d i n t h e l i n e r ange .
− I m p l i c i t Columns : A query f e t c h i n g a l l columns from a d a t a b a s e t a b l e .

In a d d i t i o n t o obv ious v i o l a t i o n s , r e p o r t c a s e s where jOOQ f e t c h e s a l l
columns of a t a b l e i n t o r e c o r d s o r g e n e r a t e d DAOs ( l o c a t e d i n a

package end ing wi th ‘ t a b l e s . daos ‘ ) . Do no t r e p o r t t h i s i s s u e i f i t
o c c u r s w i t h i n a ‘ f e t chCoun t ‘ o r ‘ f e t c h E x i s t s ‘ c a l l . Only i n c l u d e t h e
l i n e ( s ) where t h e b l i n d p r o j e c t i o n i s s e l e c t e d i n t h e l i n e range , do
no t i n c l u d e t h e r e s t o f t h e que ry .
− Fea r o f t h e Unknown : Query l o g i c u s e s a NULLABLE column i n a way t h a t

p roduce s i n c o r r e c t r e s u l t s w i th NULL. Do no t r e p o r t i s s u e s t h a t a r i s e
from i n s u f f i c i e n t n u l l −h a n d l i n g i n Java code . Also do no t r e p o r t t h e
i s s u e i f you ’ r e un su r e i f t h e column i s NULLABLE.

Only i d e n t i f y p rob lems i n code , which i n t e r a c t s d i r e c t l y wi th t h e jOOQ
DSL or g e n e r a t e d DAOs ( l o c a t e d i n a package end ing wi th ‘ t a b l e s . daos ‘ ) .

Do no t i d e n t i f y p rob lems i n code , which i n t e r a c t s w i th h i g h e r l e v e l
a b s t r a c t i o n s . In c a s e o f m u l t i p l e c o n s e c u t i v e i s s u e s , r e p o r t them
s e p a r a t e l y , even i f t h ey a r e on c o n s e c u t i v e l i n e s . I f t h e f i l e does no t

c o n t a i n any a n t i p a t t e r n s , l e a v e t h e l i s t o f o c c u r r e n c e s empty .

< a n a l y z e d _ c l a s s >
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( same as above )
</ a n a l y z e d _ c l a s s >

Let ’ s t h i n k s t e p by s t e p .

Figure 40. Prompt for detecting query antipatterns using Chain-of-Thought Prompting.

S imu l a t e e x a c t l y 3 e x p e r t s working i n p a r a l l e l on t h e same comple t e
t a s k .

Ru les :
1 . Every e x p e r t must i n s p e c t t h e e n t i r e Java c l a s s and a l l t a r g e t
a n t i p a t t e r n s .
2 . E x p e r t s must no t s p l i t t h e work by a n t i p a t t e r n , method , o r l i n e
r ange .
3 . On each round , a l l r ema in i ng e x p e r t s pe r fo rm t h e same k ind of s t e p
on t h e same f u l l t a s k .
4 . I f an e x p e r t changes t h e i r mind , t h ey may drop out , bu t on ly a f t e r
f i r s t a t t e m p t i n g t h e f u l l t a s k i n d e p e n d e n t l y .
5 . A f t e r t h e rounds , p roduce a f i n a l con s en su s based on ly on i s s u e s
ag r e ed by t h e r ema i n i ng e x p e r t s .

The t a s k i s : Analyze t h e p r ov i d ed Java c l a s s and check f o r t h e
f o l l o w i n g d a t a b a s e d e s i g n a n t i p a t t e r n s , a s d e f i n e d by B i l l Karwin :

− ID Requ i r ed : Never i d e n t i f y t h i s i s s u e i n c l a s s e s r e p r e s e n t i n g views ,
a s v iews canno t c o n t a i n p r ima ry keys . I f t h e c l a s s r e p r e s e n t s a t a b l e ,
a lways d e t e c t t h e a n t i p a t t e r n , i f t h e name of t h e p r ima ry key i s j u s t

" i d " ( case− i n s e n s i t i v e ) . Also d e t e c t t h e i s s u e i f a s y n t h e t i c p r ima ry
key column e x i s t s , even though a n o t h e r un ique c o n s t r a i n t e x i s t s , which
i s s u i t a b l e a s a p r ima ry key ( t h e c o n s t r a i n t i s on columns , which a r e
v i r t u a l l y immutab le by n a t u r e ) , and which does no t c o m p l i c a t e f o r e i g n
keys r e f e r e n c i n g t h e t a b l e t oo much . Only i n c l u d e t h e l i n e s o f t h e
p r ima ry key column d e f i n i t i o n i n t h e l i n e range , do no t i n c l u d e
comments o r a n y t h i n g e l s e .
− Key l e s s En t ry : A column , which r e f e r s t o a n o t h e r t a b l e , i s m i s s i ng
i t s f o r e i g n key . Never i d e n t i f y t h i s i s s u e i n c l a s s e s r e p r e s e n t i n g
views , a s v iews canno t c o n t a i n f o r e i g n keys . Only r e p o r t t h i s i s s u e i f
t h e " Keys " c l a s s p r ov i d ed a t t h e end c o n t a i n s a p r ima ry key t h a t t h i s
i s a p p r o p r i a t e f o r t h i s column t o r e f e r t o .
− Rounding E r r o r s : S t o r i n g f i x ed −p r e c i s i o n v a l u e s i n f l o a t i n g −p o i n t
t yp e columns , such as FLOAT and REAL, r a t h e r t h an u s i ng f i x ed −p r e c i s i o n

t y p e s l i k e DECIMAL and NUMERIC.
− 31 F l a v o r s : S p e c i f y i n g a l l owed v a l u e s i n t h e column d e f i n i t i o n , i . e .
w i th a CHECK c o n s t r a i n t o r an ENUM type , r a t h e r t h an u s i ng a lookup
t a b l e . Only i n c l u d e t h e l i n e s o f t h e column d e f i n i t i o n i n t h e l i n e
range , do no t i n c l u d e comments o r a n y t h i n g e l s e . Do no t r e p o r t t h e
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i s s u e i f t h e CHECK c o n s t r a i n t i s used t o check t h e v a l u e f o r emp t i n e s s
o r a g a i n s t a r ange o f v a l u e s ( i n c l u d i n g g r e a t e r / l e s s e r t h an compa r i sons
) .
− Fea r o f t h e Unknown : A s p e c i a l d e f a u l t va lue , such as an empty s t r i n g
, i s used t o mark a m i s s i ng va lue , r a t h e r t h an NULL, and t h e s p e c i a l
v a l u e does no t ho ld a s eman t i c meaning . A column , which can neve r be
NULL i n p r a c t i c e ( e . g . i t has a d e f a u l t v a l u e ) , i s marked as NULLABLE.

I f t h e f i l e does no t c o n t a i n any a n t i p a t t e r n s , l e a v e t h e l i s t o f
o c c u r r e n c e s empty .

< a n a l y z e d _ c l a s s >
( same as above )
</ a n a l y z e d _ c l a s s >

< k e y _ d e f i n i t i o n s _ f o r _ r e f e r e n c e >
( same as above )
</ k e y _ d e f i n i t i o n s _ f o r _ r e f e r e n c e >

Figure 41. Prompt for detecting design antipatterns using Tree-of-Thought Prompting.

S imu l a t e e x a c t l y 3 e x p e r t s working i n p a r a l l e l on t h e same comple t e
t a s k .

Ru les :
1 . Every e x p e r t must i n s p e c t t h e e n t i r e Java c l a s s and a l l t a r g e t
a n t i p a t t e r n s .
2 . E x p e r t s must no t s p l i t t h e work by a n t i p a t t e r n , method , o r l i n e
r ange .
3 . On each round , a l l r ema in i ng e x p e r t s pe r fo rm t h e same k ind of s t e p
on t h e same f u l l t a s k .
4 . I f an e x p e r t changes t h e i r mind , t h ey may drop out , bu t on ly a f t e r
f i r s t a t t e m p t i n g t h e f u l l t a s k i n d e p e n d e n t l y .
5 . A f t e r t h e rounds , p roduce a f i n a l con s en su s based on ly on i s s u e s
ag r e ed by t h e r ema i n i ng e x p e r t s .

The t a s k i s : Analyze t h e p r ov i d ed Java c l a s s and check f o r t h e
f o l l o w i n g SQL query a n t i p a t t e r n s , a s d e f i n e d by B i l l Karwin :

− Poor Man’ s Sea r ch Engine : Usage o f LIKE , ILIKE or r e g u l a r e x p r e s s i o n s
t o pe r fo rm f u l l − t e x t s e a r c h . Repo r t t h e i s s u e i f i t i s n ’ t obv iou s from
t h e method i n p u t p a r ame t e r s , whe the r t h e p a t t e r n s c o n t a i n w i l d c a r d s

used f o r f u l l − t e x t s e a r c h . Do no t r e p o r t t h e i s s u e i f LIKE , ILIKE or
r egex i s used f o r p r e f i x s e a r c h . Only i n c l u d e t h e l i n e ( s ) where t h e
f u l l − t e x t s e a r c h c o n d i t i o n i s c r e a t e d i n t h e l i n e r ange .
− I m p l i c i t Columns : A query f e t c h i n g a l l columns from a d a t a b a s e t a b l e .

In a d d i t i o n t o obv ious v i o l a t i o n s , r e p o r t c a s e s where jOOQ f e t c h e s a l l
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columns of a t a b l e i n t o r e c o r d s o r g e n e r a t e d DAOs ( l o c a t e d i n a
package end ing wi th ‘ t a b l e s . daos ‘ ) . Do no t r e p o r t t h i s i s s u e i f i t
o c c u r s w i t h i n a ‘ f e t chCoun t ‘ o r ‘ f e t c h E x i s t s ‘ c a l l . Only i n c l u d e t h e
l i n e ( s ) where t h e b l i n d p r o j e c t i o n i s s e l e c t e d i n t h e l i n e range , do
no t i n c l u d e t h e r e s t o f t h e que ry .
− Fea r o f t h e Unknown : Query l o g i c u s e s a NULLABLE column i n a way t h a t

p roduce s i n c o r r e c t r e s u l t s w i th NULL. Do no t r e p o r t i s s u e s t h a t a r i s e
from i n s u f f i c i e n t n u l l −h a n d l i n g i n Java code . Also do no t r e p o r t t h e
i s s u e i f you ’ r e un su r e i f t h e column i s NULLABLE.

Only i d e n t i f y p rob lems i n code , which i n t e r a c t s d i r e c t l y wi th t h e jOOQ
DSL or g e n e r a t e d DAOs ( l o c a t e d i n a package end ing wi th ‘ t a b l e s . daos ‘ ) .

Do no t i d e n t i f y p rob lems i n code , which i n t e r a c t s w i th h i g h e r l e v e l
a b s t r a c t i o n s . In c a s e o f m u l t i p l e c o n s e c u t i v e i s s u e s , r e p o r t them
s e p a r a t e l y , even i f t h ey a r e on c o n s e c u t i v e l i n e s . I f t h e f i l e does no t

c o n t a i n any a n t i p a t t e r n s , l e a v e t h e l i s t o f o c c u r r e n c e s empty .

< a n a l y z e d _ c l a s s >
( same as above )
</ a n a l y z e d _ c l a s s >

Figure 42. Prompt for detecting query antipatterns using Tree-of-Thought Prompting.
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Appendix 9 – Configuration options offered by the developed
SQL antipattern detection tool

Table 23. Configuration options offered by the developed SQL antipattern detection tool.

Name Description Accepted values Default value

directory Positional argument, always re-

quired. Path to the project to

analyse.

Valid path to a directory. N/A

model Model used for analysis, with

provider prefix.

google, anthropic, openai,

openrouter:model-name

anthropic:claude-

opus-4.5

thinking-

effort

Thinking effort used by the model

for analysis.

none, minimal, low,

medium, high, xhigh

none

temperature Sampling temperature used by

the model for analysis.

Finite number. 0.0

concurrency Number of files to analyse con-

currently.

Positive integer. 8

retries Retries per file on transient model

failures.

Positive integer. 2

format Output format. text, json, csv text

output Write output to a file instead of

stdout.

Path to an output file (the

file is created if missing).

N/A

mode Analysis mode. localisation, classification localisation

debug Print per-file progress and retries

to stderr.

N/A N/A

gemini-api-

key

Key for the Gemini API, required

if the provider prefix in “model”

equals “gemini”.

Valid Gemini API key. N/A

anthropic-

api-key

Key for the Anthropic API, re-

quired if the provider prefix in

“model” equals “anthropic”.

Valid Anthropic API key. N/A

openai-api-

key

Key for the OpenAI API, required

if the provider prefix in “model”

equals “openai”.

Valid OpenAI API key. N/A

Continues...
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Table 23 – Continues...

Name Description Accepted values Default value

openrouter-

api-key

Key for the OpenRouter API, re-

quired if the provider prefix in

“model” equals “openrouter”.

Valid OpenRouter API

key.

N/A

config-file File used to load the configuration

options of the tool.

Valid path to a .yml con-

figuration file.

N/A

prompts-file File used to load the prompts used

by the tool.

Valid path to a .json

prompts file.

N/A

help Displays the help page for the

tool, does not run the analysis.

N/A N/A
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Appendix 10 – Binary evaluation metrics for detection of indi-
vidual SQL antipatterns using Zero-Shot Prompting

Table 24. Binary evaluation metrics for detection of the “Implicit Columns” SQL antipattern using Zero-Shot
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.93 0.96 0.94

Z.ai GLM-5 (reasoning) 0.95 0.93 0.94

Anthropic Claude Opus 4.5 (non-reasoning) 0.94 0.93 0.93

OpenAI gpt-oss-120B (reasoning) 0.88 0.92 0.90

Table 25. Binary evaluation metrics for detection of the “ID Required” SQL antipattern using Zero-Shot
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.92 0.96 0.94

Z.ai GLM-5 (reasoning) 0.93 0.95 0.94

Anthropic Claude Opus 4.5 (non-reasoning) 0.90 0.92 0.91

OpenAI gpt-oss-120B (reasoning) 0.88 0.97 0.92

Table 26. Binary evaluation metrics for detection of the “Keyless Entry” SQL antipattern using Zero-Shot
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.53 0.96 0.69

Z.ai GLM-5 (reasoning) 0.53 0.98 0.69

Anthropic Claude Opus 4.5 (non-reasoning) 0.77 0.98 0.87

OpenAI gpt-oss-120B (reasoning) 0.64 0.98 0.77

Table 27. Binary evaluation metrics for detection of the “Fear of the Unknown” SQL antipattern using
Zero-Shot Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.51 0.56 0.53

Z.ai GLM-5 (reasoning) 0.67 0.33 0.44

Continues...
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Table 27 – Continues...

Model Precision Recall F1-Score

Anthropic Claude Opus 4.5 (non-reasoning) 0.60 0.50 0.55

OpenAI gpt-oss-120B (reasoning) 0.50 0.11 0.18

Table 28. Binary evaluation metrics for detection of the “31 Flavors” SQL antipattern using Zero-Shot
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 1.00 0.60 0.75

Z.ai GLM-5 (reasoning) 1.00 0.60 0.75

Anthropic Claude Opus 4.5 (non-reasoning) 0.89 0.53 0.67

OpenAI gpt-oss-120B (reasoning) 1.00 0.60 0.75

Table 29. Binary evaluation metrics for detection of the “Poor Man’s Search Engine” SQL antipattern using
Zero-Shot Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.60 0.80 0.69

Z.ai GLM-5 (reasoning) 0.67 0.87 0.75

Anthropic Claude Opus 4.5 (non-reasoning) 0.59 0.67 0.63

OpenAI gpt-oss-120B (reasoning) 0.42 0.67 0.51

Table 30. Binary evaluation metrics for detection of the “Rounding Errors” SQL antipattern using Zero-Shot
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.83 1.00 0.91

Z.ai GLM-5 (reasoning) 1.00 1.00 1.00

Anthropic Claude Opus 4.5 (non-reasoning) 0.83 1.00 0.91

OpenAI gpt-oss-120B (reasoning) 0.91 1.00 0.95
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Appendix 11 – Binary evaluation metrics for detection of indi-
vidual SQL antipatterns using Few-Shot Prompting

Table 31. Binary evaluation metrics for detection of the “Implicit Columns” SQL antipattern using Few-Shot
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.94 0.96 0.95

Z.ai GLM-5 (reasoning) 0.96 0.94 0.95

Anthropic Claude Opus 4.5 (non-reasoning) 0.95 0.92 0.93

OpenAI gpt-oss-120B (reasoning) 0.89 0.91 0.90

Table 32. Binary evaluation metrics for detection of the “ID Required” SQL antipattern using Few-Shot
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.91 0.97 0.94

Z.ai GLM-5 (reasoning) 0.95 0.93 0.94

Anthropic Claude Opus 4.5 (non-reasoning) 0.92 0.91 0.91

OpenAI gpt-oss-120B (reasoning) 0.88 0.94 0.91

Table 33. Binary evaluation metrics for detection of the “Keyless Entry” SQL antipattern using Few-Shot
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.52 0.98 0.68

Z.ai GLM-5 (reasoning) 0.54 0.98 0.70

Anthropic Claude Opus 4.5 (non-reasoning) 0.78 1.00 0.88

OpenAI gpt-oss-120B (reasoning) 0.59 0.89 0.71

Table 34. Binary evaluation metrics for detection of the “Fear of the Unknown” SQL antipattern using
Few-Shot Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.51 0.50 0.51

Z.ai GLM-5 (reasoning) 0.64 0.44 0.52

Continues...
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Table 34 – Continues...

Model Precision Recall F1-Score

Anthropic Claude Opus 4.5 (non-reasoning) 0.38 0.53 0.44

OpenAI gpt-oss-120B (reasoning) 0.57 0.33 0.42

Table 35. Binary evaluation metrics for detection of the “31 Flavors” SQL antipattern using Few-Shot
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 1.00 0.60 0.75

Z.ai GLM-5 (reasoning) 1.00 0.60 0.75

Anthropic Claude Opus 4.5 (non-reasoning) 1.00 0.60 0.75

OpenAI gpt-oss-120B (reasoning) 1.00 0.60 0.75

Table 36. Binary evaluation metrics for detection of the “Poor Man’s Search Engine” SQL antipattern using
Few-Shot Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.68 0.87 0.76

Z.ai GLM-5 (reasoning) 0.76 0.87 0.81

Anthropic Claude Opus 4.5 (non-reasoning) 0.56 0.67 0.61

OpenAI gpt-oss-120B (reasoning) 0.45 0.67 0.54

Table 37. Binary evaluation metrics for detection of the “Rounding Errors” SQL antipattern using Few-Shot
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.83 1.00 0.91

Z.ai GLM-5 (reasoning) 1.00 1.00 1.00

Anthropic Claude Opus 4.5 (non-reasoning) 0.83 1.00 0.91

OpenAI gpt-oss-120B (reasoning) 0.77 1.00 0.87
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Appendix 12 – Binary evaluation metrics for detection of indi-
vidual SQL antipatterns using Chain-of-Thought Prompting

Table 38. Binary evaluation metrics for detection of the “Implicit Columns” SQL antipattern using
Chain-of-Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.92 0.96 0.94

Z.ai GLM-5 (reasoning) 0.94 0.93 0.94

Anthropic Claude Opus 4.5 (non-reasoning) 0.97 0.95 0.96

OpenAI gpt-oss-120B (reasoning) 0.88 0.89 0.89

Table 39. Binary evaluation metrics for detection of the “ID Required” SQL antipattern using Chain-of-
Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.91 0.94 0.93

Z.ai GLM-5 (reasoning) 0.92 0.95 0.94

Anthropic Claude Opus 4.5 (non-reasoning) 0.95 0.92 0.93

OpenAI gpt-oss-120B (reasoning) 0.86 0.96 0.91

Table 40. Binary evaluation metrics for detection of the “Keyless Entry” SQL antipattern using Chain-of-
Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.56 0.96 0.71

Z.ai GLM-5 (reasoning) 0.53 0.98 0.69

Anthropic Claude Opus 4.5 (non-reasoning) 0.72 0.98 0.83

OpenAI gpt-oss-120B (reasoning) 0.61 0.91 0.73

Table 41. Binary evaluation metrics for detection of the “Fear of the Unknown” SQL antipattern using
Chain-of-Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.49 0.50 0.49

Z.ai GLM-5 (reasoning) 0.60 0.25 0.35
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175



Table 41 – Continues...

Model Precision Recall F1-Score

Anthropic Claude Opus 4.5 (non-reasoning) 0.88 0.39 0.54

OpenAI gpt-oss-120B (reasoning) 0.33 0.19 0.25

Table 42. Binary evaluation metrics for detection of the “31 Flavors” SQL antipattern using Chain-of-Thought
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.78 0.47 0.58

Z.ai GLM-5 (reasoning) 1.00 0.60 0.75

Anthropic Claude Opus 4.5 (non-reasoning) 1.00 0.60 0.75

OpenAI gpt-oss-120B (reasoning) 1.00 0.60 0.75

Table 43. Binary evaluation metrics for detection of the “Poor Man’s Search Engine” SQL antipattern using
Chain-of-Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.62 0.87 0.72

Z.ai GLM-5 (reasoning) 0.64 0.67 0.65

Anthropic Claude Opus 4.5 (non-reasoning) 0.58 0.80 0.67

OpenAI gpt-oss-120B (reasoning) 0.24 0.67 0.36

Table 44. Binary evaluation metrics for detection of the “Rounding Errors” SQL antipattern using Chain-of-
Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.83 1.00 0.91

Z.ai GLM-5 (reasoning) 1.00 1.00 1.00

Anthropic Claude Opus 4.5 (non-reasoning) 1.00 1.00 1.00

OpenAI gpt-oss-120B (reasoning) 0.91 1.00 0.95
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Appendix 13 – Binary evaluation metrics for detection of indi-
vidual SQL antipatterns using Tree-of-Thought Prompting

Table 45. Binary evaluation metrics for detection of the “Implicit Columns” SQL antipattern using
Tree-of-Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.93 0.96 0.95

Z.ai GLM-5 (reasoning) 0.96 0.94 0.95

Anthropic Claude Opus 4.5 (non-reasoning) 0.96 0.94 0.95

OpenAI gpt-oss-120B (reasoning) 0.89 0.87 0.88

Table 46. Binary evaluation metrics for detection of the “ID Required” SQL antipattern using Tree-of-Thought
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.91 0.95 0.93

Z.ai GLM-5 (reasoning) 0.92 0.95 0.94

Anthropic Claude Opus 4.5 (non-reasoning) 0.96 0.92 0.94

OpenAI gpt-oss-120B (reasoning) 0.91 0.97 0.94

Table 47. Binary evaluation metrics for detection of the “Keyless Entry” SQL antipattern using Tree-of-
Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.65 0.95 0.77

Z.ai GLM-5 (reasoning) 0.57 0.98 0.72

Anthropic Claude Opus 4.5 (non-reasoning) 0.74 0.98 0.85

OpenAI gpt-oss-120B (reasoning) 0.64 0.88 0.74

Table 48. Binary evaluation metrics for detection of the “Fear of the Unknown” SQL antipattern using
Tree-of-Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.53 0.44 0.48

Z.ai GLM-5 (reasoning) 1.00 0.17 0.29
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Table 48 – Continues...

Model Precision Recall F1-Score

Anthropic Claude Opus 4.5 (non-reasoning) 0.78 0.39 0.52

OpenAI gpt-oss-120B (reasoning) 0.14 0.11 0.13

Table 49. Binary evaluation metrics for detection of the “31 Flavors” SQL antipattern using Tree-of-Thought
Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 1.00 0.60 0.75

Z.ai GLM-5 (reasoning) 0.89 0.53 0.67

Anthropic Claude Opus 4.5 (non-reasoning) 1.00 0.60 0.75

OpenAI gpt-oss-120B (reasoning) 0.88 0.47 0.61

Table 50. Binary evaluation metrics for detection of the “Poor Man’s Search Engine” SQL antipattern using
Tree-of-Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 0.62 0.87 0.72

Z.ai GLM-5 (reasoning) 0.75 0.60 0.67

Anthropic Claude Opus 4.5 (non-reasoning) 0.55 0.80 0.65

OpenAI gpt-oss-120B (reasoning) 0.33 0.60 0.43

Table 51. Binary evaluation metrics for detection of the “Rounding Errors” SQL antipattern using Tree-of-
Thought Prompting.

Model Precision Recall F1-Score

OpenAI GPT-5.2 (reasoning) 1.00 1.00 1.00

Z.ai GLM-5 (reasoning) 1.00 1.00 1.00

Anthropic Claude Opus 4.5 (non-reasoning) 1.00 1.00 1.00

OpenAI gpt-oss-120B (reasoning) 1.00 1.00 1.00
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Appendix 14 – Confusion matrices for individual SQL antipat-
terns with localisation

Table 52. Confusion matrix for detection of the “Implicit Columns” SQL antipattern using the developed
tool.

Predicted Presence

Present Absent Total

Actual

Presence

Present 253 17 270

Absent 4 N/A 4

Total 257 17 274

Table 53. Confusion matrix for detection of the “Implicit Columns” SQL antipattern using the developed
tool (corrected).

Predicted Presence

Present Absent Total

Actual

Presence

Present 256 15 271

Absent 1 N/A 1

Total 257 15 272

Table 54. Confusion matrix for detection of the “ID Required” SQL antipattern using the developed tool.

Predicted Presence

Present Absent Total

Actual

Presence

Present 89 16 105

Absent 13 N/A 13

Total 102 16 118
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Table 55. Confusion matrix for detection of the “ID Required” SQL antipattern using the developed tool
(corrected).

Predicted Presence

Present Absent Total

Actual

Presence

Present 101 7 108

Absent 1 N/A 1

Total 102 7 109

Table 56. Confusion matrix for detection of the “Keyless Entry” SQL antipattern using the developed tool.

Predicted Presence

Present Absent Total

Actual

Presence

Present 35 1 36

Absent 30 N/A 30

Total 65 1 66

Table 57. Confusion matrix for detection of the “Keyless Entry” SQL antipattern using the developed tool
(corrected).

Predicted Presence

Present Absent Total

Actual

Presence

Present 49 0 49

Absent 16 N/A 16

Total 65 0 65

Table 58. Confusion matrix for detection of the “Fear of the Unknown” SQL antipattern using the developed
tool.

Predicted Presence

Present Absent Total

Actual

Presence

Present 19 17 36

Absent 24 N/A 24

Total 43 17 60
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Table 59. Confusion matrix for detection of the “Fear of the Unknown” SQL antipattern using the developed
tool (corrected).

Predicted Presence

Present Absent Total

Actual

Presence

Present 42 17 59

Absent 1 N/A 1

Total 43 17 60

Table 60. Confusion matrix for detection of the “31 Flavors” SQL antipattern using the developed tool.

Predicted Presence

Present Absent Total

Actual

Presence

Present 38 1 39

Absent 1 N/A 1

Total 39 1 40

Table 61. Confusion matrix for detection of the “Poor Man’s Search Engine” SQL antipattern using the
developed tool.

Predicted Presence

Present Absent Total

Actual

Presence

Present 13 8 21

Absent 4 N/A 4

Total 17 8 25

Table 62. Confusion matrix for detection of the “Rounding Errors” SQL antipattern using the developed tool.

Predicted Presence

Present Absent Total

Actual

Presence

Present 13 3 16

Absent 0 N/A 0

Total 13 3 16
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Appendix 15 – Confusion matrices for individual SQL antipat-
terns without localisation

Table 63. Confusion matrix for detection of the “Implicit Columns” SQL antipattern using the developed
tool without localisation.

Predicted Presence

Present Absent Total

Actual

Presence

Present 82 1 83

Absent 4 N/A 4

Total 86 1 87

Table 64. Confusion matrix for detection of the “Implicit Columns” SQL antipattern using the developed
tool without localisation (corrected).

Predicted Presence

Present Absent Total

Actual

Presence

Present 83 0 83

Absent 3 N/A 3

Total 86 0 86

Table 65. Confusion matrix for detection of the “ID Required” SQL antipattern using the developed tool
without localisation.

Predicted Presence

Present Absent Total

Actual

Presence

Present 95 10 105

Absent 5 N/A 5

Total 100 10 110
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Table 66. Confusion matrix for detection of the “ID Required” SQL antipattern using the developed tool
without localisation (corrected).

Predicted Presence

Present Absent Total

Actual

Presence

Present 100 5 105

Absent 0 N/A 0

Total 100 5 105

Table 67. Confusion matrix for detection of the “Keyless Entry” SQL antipattern using the developed tool
without localisation.

Predicted Presence

Present Absent Total

Actual

Presence

Present 18 0 18

Absent 26 N/A 26

Total 44 0 44

Table 68. Confusion matrix for detection of the “Keyless Entry” SQL antipattern using the developed tool
without localisation (corrected).

Predicted Presence

Present Absent Total

Actual

Presence

Present 34 0 34

Absent 10 N/A 10

Total 44 0 44

Table 69. Confusion matrix for detection of the “Fear of the Unknown” SQL antipattern using the developed
tool without localisation.

Predicted Presence

Present Absent Total

Actual

Presence

Present 15 2 17

Absent 28 N/A 28

Total 43 2 45
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Table 70. Confusion matrix for detection of the “Fear of the Unknown” SQL antipattern using the developed
tool without localisation (corrected).

Predicted Presence

Present Absent Total

Actual

Presence

Present 32 2 34

Absent 11 N/A 11

Total 43 2 45

Table 71. Confusion matrix for detection of the “31 Flavors” SQL antipattern using the developed tool
without localisation.

Predicted Presence

Present Absent Total

Actual

Presence

Present 15 0 15

Absent 0 N/A 0

Total 15 0 15

Table 72. Confusion matrix for detection of the “Poor Man’s Search Engine” SQL antipattern using the
developed tool without localisation.

Predicted Presence

Present Absent Total

Actual

Presence

Present 10 1 11

Absent 0 N/A 0

Total 10 1 11

Table 73. Confusion matrix for detection of the “Rounding Errors” SQL antipattern using the developed tool
without localisation.

Predicted Presence

Present Absent Total

Actual

Presence

Present 9 6 15

Absent 0 N/A 0

Total 9 6 15
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Appendix 16 – Project-level Jaccard Index

Figure 43. Project-level Jaccard Index.
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Appendix 17 – File-level Jaccard Index

Figure 44. File-level Jaccard Index.
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Appendix 18 – Project-level Conditional Probability

Figure 45. Project-level Conditional Probability.

187



Appendix 19 – File-level Conditional Probability

Figure 46. File-level Conditional Probability.
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Appendix 20 – Project-level Spearman Correlation

Figure 47. Project-level Spearman Correlation.
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Appendix 21 – File-level Spearman Correlation

Figure 48. File-level Spearman Correlation.
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