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Abstract
Retrieving the correct data from databases quickly and accurately using Structured
Query Language (SQL) is a crucial task in Software Engineering, but one that
is time-consuming if done manually, and complicated to navigate if done through
an application. However, asking a specific question about the database in natural
language and using a Large Language Model (LLM) to generate a SQL query that
retrieves the desired data is more time-efficient and intuitive for practitioners. This
Text-to-SQL process is nonetheless difficult for LLMs, as it requires high-reasoning
and domain-knowledge capabilities. This study aims to gain a better understanding
for failures of LLMs in this context by exploring how the complexity of a Text-to-
SQL task, and the active parameter count of LLMs, affect the type of failures, how
often they occur, and how consistent the failure rates are. To achieve this, three
randomly sampled sets of Text-to-SQL questions of different complexities from the
BIRD and LiveSQLBench-Base-Lite datasets are run on the Qwen3 A3B, Qwen3
A22B and Qwen3 A35B LLMs via Amazon Bedrock using a two-step prompting
strategy. The results are first analyzed descriptively and then statistically tested.
The results show that selecting the correct tables to use in the generated query
is the most common subcategory of failure observed across LLMs, that increases
in size between the selected LLMs do not significantly affect performance on any
complexity, and that none of the examined LLMs are significantly different in failure
reliability across complexities. With that being said, all three LLMs achieve absolute
failure consistency, in at least 76% of the Text-to-SQL questions, indicating that
failures are likely systematic due to an inability to produce a correct answer.

Keywords: Empirical software engineering, Quasi-experiment, Text-to-SQL, Large
Language Models, BIRD dataset, Query complexity, Statistical analysis
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1
Introduction

Large Language Models (LLMs) have rapidly advanced in capability, making it fea-
sible for organizations and inexperienced users to interact with complex data plat-
forms using natural language instead of technical query languages [1], [2], [3]. LLMs
traditionally receive a user question, interpret it based on the design of the model
and use internal tools in order to formulate a coherent output. Current LLM imple-
mentations that are relevant to this study demonstrate this workflow in the context
of transforming Natural Language Queries (NLQs) to Structured Query Language
(SQL) in a process referred to as Text-to-SQL [4].

The utilization of LLMs in Text-to-SQL tasks has the potential to significantly lower
the barrier to database query formulation, especially when translating NLQs into
queries over complex database tables, giving them a practical use case in developers’
workflows [1]. This challenge in query formulation mirrors how developers interact
with SQL in practice. A study on student developers shows that converting thought-
solutions into SQL code requires more effort than the initial stages of data planning
and presenting the solution in natural language [5]. Additionally, these students have
demonstrated better problem-solving performance when describing the solution in
natural language than during the conversion step [5]. This gap between the phases
suggests that adopting Text-to-SQL systems can mitigate the pressure caused by
writing SQL code and allow junior developers to leverage their problem-solving
skills to express their intent in the form of NLQs.

Beyond developers, Text-to-SQL leverages a familiar communication channel, i.e.
natural language, and executes a technical task when requested [1], [6]. LLMs used
within Text-to-SQL systems can therefore aid with the process of decision-making,
and precise data analysis or retrieval, which is helpful in many daily practices for
several industries that involve nontechnical users accessing essential data [1], [6].

One such use case is within the medical field. When handling digitized medical
records, physicians spend up to 35% of their working hours on documentation and
review of patient records [7]. The process often requires searching for specific pieces
of information across multiple graphical user interfaces while keeping fragmented
data in mind, and using them to either perform a procedure, or input them manually
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1. Introduction

when ordering certain medical tests [8]. This cognitive overload may contribute to
diagnostic errors as Singh et al. [9] found that 15.3% of delayed diagnoses were
caused by failure to review previous documentation. This highlights the potential
benefits of integrating Text-to-SQL with medical records for patient information
retrieval using natural language instead of manual navigation, especially to help
mitigate risks associated with fragmented data retrieval.

The level of difficulty when translating NLQs to SQL queries varies, and is referred
to as query complexity. Recent Text-to-SQL papers report low accuracy scores
for LLMs that attempt to construct complex SQL queries from NLQs [10], [11],
[12]. When model outputs are incorrect, research has identified distinct failure
modes that are associated with different sources of error in the generated SQL query.
Baig et al. [13] conducted a systematic literature review and reported syntactic
and semantic errors as the two primary failure modes within Text-to-SQL. This
has been supported by later Text-to-SQL experimentation work [14]. However,
Peng et al. [15] introduce execution errors as an additional category that captures
cases where syntactically correct queries produce unexpected results when executed.
This study adopts syntactic and semantic failure modes, but renames execution
errors as hallucination in order to more accurately reflect cases captured by the
mode’s redefined dimensions. The process of classification for each of the failure
modes is presented later in Chapter 4. Despite advances in the Text-to-SQL field,
various failure modes remain prevalent, and more research regarding the causes of
these failures is required in order to mitigate them. Additionally, research on which
models are the most reliable for use cases of different complexity helps align resource
demands with adequately powerful models since resource demands of larger LLMs
are increasingly difficult to meet.

1.1 Problem Description
Existing experimental research on Text-to-SQL highlights that the reliability of mod-
els in generating helpful SQL queries is negatively correlated with database size and
complexity [11], [12], [16]. This indicates that the performance of models decreases
as databases mirror real-world relational data modeling.

In order for future research to investigate effective solutions that improve the per-
formance of LLMs in Text-to-SQL tasks, more insightful reasoning about failure
modes of tasks is required. Current research does not systematically analyze failure
modes in relation to the utilized models and queries. Performance is often measured
solely via accuracy percentages, overemphasizing static results, and omitting other
possible contributing factors or correlated variables that would aid in interpreting
accuracy metrics.

In summary, understanding which conditions lead to failure or success is essential for
interpreting the performance correctly. By exploring the relationship between failure
modes and other variables such as query complexity and repeated-run reliability,
this study supports accuracy and reliability measures for more meaningful model
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1. Introduction

comparisons, and ultimately more advanced Text-to-SQL systems.

1.2 Purpose of the Study

The study analyzes the performance and categorizes the outcomes of open-source
LLMs from the same family in a systematic experimental research setting, comparing
models of varying parameter sizes on databases that replicate real-world relational
structures. The purpose is to:

• Draw conclusions regarding how models fail in comparison to other models
through the types of failures, as well as through exploring accuracy and relia-
bility.

• Investigate how model size impacts performance on Text-to-SQL tasks across
different query complexities, and derive implications regarding model selection
under relevant resource and reliability constraints.

• Gain an understanding for the reliability of open-source LLMs in Text-to-SQL
contexts.

1.3 Significance of the Study

The study explores why open-source LLMs output SQL queries with certain failures
when prompted. Rather than relying solely on aggregate accuracy percentages, the
study investigates failure modes, model reliability, and the effects of model size and
query complexity, making the results more pragmatic for interpreting performance
in the real world. This is essential for both researchers and practitioners, since a
model’s performance can include both accuracy and reliability measures.

For researchers, the study offers a more fine-grained evaluation of Text-to-SQL sys-
tems and therefore supports future works on analyzing failures and improving the
current systems. For practitioners, the results can inform model selection by pre-
senting how the different models perform under varying level of query complexity
and resource constraints.

The practical implementations of this work extend to domains where natural lan-
guage offers a convenient method of access to relational databases that would im-
prove efficiency and support decision-making. For example, domains such as health-
care, finance and education are ones where Text-to-SQL systems can help users
retrieve information more intuitively, accurately and efficiently, reducing concerns
regarding manual data querying and connection while improving the access of data
in practice [1], [2], [17], [18].

3



1. Introduction

1.4 Research Questions
RQ1: Comparative Error Analysis and Failure Subcategories
How do the most commonly occurring subcategories of failure modes differ between
LLMs? This is a step that provides more details about the syntactic, semantic, or
hallucination failure modes for each of the models, aiming to gain insights into how
different sources of failures emerge across increasing model sizes.

RQ2: Impact of Model Size on Text-to-SQL Accuracy
For each query complexity, how do the Text-to-SQL accuracies differ between LLMs
of larger and smaller sizes? This is an important question that helps with under-
standing the impact of model size on success rates. Specifically, investigating this
effect helps determine if the use of models with larger model sizes is justified by
significant performance gains, or if smaller models are adequate for various Text-to-
SQL tasks.

RQ3: Impact of Query Complexity on Failure Consistency
For each of the analyzed LLMs, how are the consistencies of test case failures affected
as query complexity increases? LLMs can provide varying outputs for the same
input. Therefore, this question aims to investigate how this behavior changes as
query complexity increases by analyzing how reliably do repeated executions of the
same Text-to-SQL task lead to the same outcome.

1.5 Thesis Outline
The following table presents an overview of the structure for this study with short
explanations regarding each of the chapters.

Chapter Relevance
Background Provides prerequisite information and terms for the rest of the

study.
Related Work Presents relevant studies and positions this study.
Methods Presents the methods used in this study and provides an evalua-

tion of the study’s validity at the planning stage.
Results Presents the results of the study.
Discussion Presents a discussion of the study’s results, some exploration of

possible reasons why, and identified threats to the validity of the
study.

Conclusion Presents conclusions drawn from the results of the study.

4



2
Background

2.1 Natural Language to SQL

Natural Language Processing (NLP) enables computers to understand, interpret,
and generate natural language. It has many applications in various fields such as
the medical field, machine translation, text summarization, and query answering.
NLP was developed to simplify user interaction with computers, in particular, by
helping users communicate naturally, since not all users are proficient in machine-
specific languages and may not have the time or resources to learn new programming
languages or become proficient in existing ones [19].

One of the uses of NLP is to interpret NLQs. An NLQ is a query expressed in
everyday natural language rather than in a formal or structured query language.
The goal of NLP in this context is to understand the user’s intent and translate the
query into a form that a computer system can process, such as a search request or
a database query [20].

Text-to-SQL systems are designed to translate NLQs into executable SQL state-
ments [21]. From a computational perspective, turning NLQs into SQL queries
means converting an informal natural language into a structured query that a
database can understand and execute [22]. This requires understanding the user’s
intent and accurately connecting that request to the structure of the database, such
as its schema and fields [23].

SQL is a database query language that provides high flexibility along with strong
functionality for database systems. It is widely used in different fields, such as
software development, finance, medicine, or education, in order to create, delete,
update, and retrieve data. However, non-technical users often find it challenging
to learn SQL. Even for technical users, writing complex and correct SQL queries in
different databases and table schemas can be difficult [4].

These challenges place Text-to-SQL as a challenging semantic parsing task, where
interpreting user intent and accurately generating structured and executable queries
are critical [23].

5



2. Background

2.2 LLMs for Text-to-SQL
This section examines the role of LLMs in Text-to-SQL systems, with a focus on
their development, generation variability, and the impact of model size through
active parameters in Mixture-of-Experts architectures.

2.2.1 Evolution of Text-to-SQL Systems
Early Text-to-SQL systems used a rule-based approach for their implementations.
In this approach, grammatical rules were predefined and strategies to turn NLQs
into SQL queries were designed manually [24]. Even though these systems performed
well for simple cases, they struggled with handling complex queries and databases
with different structures and schemas [25].

The introduction of deep neural networks greatly advanced Text-to-SQL systems
through large models for the interpretation of natural language and generating SQL
queries. These models became better at working with new unseen databases by
learning how NLQs relate to the structure of the database, making them more
flexible than earlier approaches [25].

More recently, advances in LLMs have significantly improved the performance of
Text-to-SQL systems, mostly due to improved natural language understanding and
code generation capabilities [21]. LLMs are pretrained on large and diverse datasets,
which allows them to learn linguistic patterns, have strong reasoning abilities, and
capture the complex relationships between NLQs and structured database schemas.
As a result, LLM-based Text-to-SQL systems can generate accurate SQL queries
and generalize to unseen database schemas with minimal task-specific training [25].

Figure 2.1 presents the process of a Text-to-SQL system. The NLQ of a user is
processed by an LLM with the help of the database schema, translated into an
executable SQL statement, and executed on the database to produce the final result.

Figure 2.1: Overview of an LLM-based Text-to-SQL system.
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2. Background

2.2.2 Stochasticity of LLMs
Despite these advances, LLM-based Text-to-SQL systems are facing challenges. For
example, LLM-based systems may be inconsistent in their responses when asked to
generate SQL statements [23]. This behavior comes from the stochastic nature of
LLM decoding.

During generation, LLMs determine the possibility score for various possible words
and samples from this distribution [26]. The randomness level for these sampled
words is determined by a temperature value, which is also thought to be the primary
factor for randomness [27]. Low temperature values, for example ones close to
zero, make the model more deterministic, which leads the model to select the word
with the highest probability almost every time and hence makes the output more
predictable [26]. Higher temperature values, for example close to one, increase the
diversity of sampled tokens, making the model’s outputs more varied and potentially
more creative, but also less predictable.

However, it is important to note that even setting the temperature to zero does
not guarantee identical results across different generation attempts. The internal
workings of LLMs and their decision-making process are too complex and difficult
to interpret [13]. Many other factors can still introduce variability. As a result, LLMs
may produce different SQL queries for the same input, where some are correct, while
others contain syntactic, hallucination, or semantic failures.

This randomness gives rise to significant concerns regarding the reliability of such
Text-to-SQL systems using LLMs, particularly in applications where consistent and
correct query generation is critical. Therefore, understanding whether model failures
are systematic or stochastic is important in order to evaluate the robustness and
practical usability of these systems.

2.2.3 Active Parameters in Mixture-of-Experts LLMs
Mixture-of-Experts (MoE) architectures introduce conditional computation into trans-
former models by activating only a subset of parameters for each input. Unlike dense
models, where all parameters are used for every token, MoE layers consist of multi-
ple expert networks and a routing mechanism that selects a small number of experts
per token. This idea was introduced by Shazeer et al. [28], who proposed sparsely-
gated MoE layers where a gating network activates only a few experts per input
sample. Thus, the number of active parameters during inference is much lower than
the overall number of parameters in the model.

This design creates a distinction between total parameters and active parameters.
The total parameter count includes all experts in the model, while active param-
eters refer only to those involved in processing a given input. As shown in the
Switch Transformer, this allows models to scale to very large sizes while keeping the
computational cost per token approximately constant [29].

Figure 2.2 illustrates the concept of sparse activation in an MoE model. Given an
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input sequence, the routing mechanism selects only a subset of available experts
based on the characteristics of the input. In this example, the question “Why is my
Python loop skipping the first element” is mainly related to programming syntax
and logical reasoning. Therefore, the Syntax & Languages and Logic experts are
activated, while less relevant experts such as Data Structure and Inheritance remain
inactive.

Figure 2.2: Illustration of sparse activation in a Mixture-of-Experts model.

In this context, the concept of active parameters can be used to describe the number
of those parameters in a model that are used while analyzing a certain input token.
Even if a model contains tens of billions of parameters, the number of active pa-
rameters per token can be significantly lower, due to the sparse routing mechanism.
Therefore, active parameters offer a better depiction of the computational capability
and cost of the model when running.

The MoE architecture is suitable for Text-to-SQL transformations as this process
involves a variety of subtasks such as natural language understanding, database
schema parsing, and SQL generation. In a recent survey on LLM-based Text-to-
SQL systems, MoE is discussed as a method which uses multiple experts in the
transformation process, and SQL-GEN is mentioned as a framework using MoE
architecture to generate multi-dialect SQL [30]. The reason behind implementing
this mechanism in SQL-GEN is the difference in syntax and functions among various
dialects of SQL like SQLite, PostgreSQL, and BigQuery. To solve this problem, the
SQL-GEN employs MoE to merge these dialect models in a single system, where
expert routing helps support different SQL dialects [31]. MoE architecture is used
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in models such as DeepSeek-V3, Qwen3 MoE models, and Mistral Large 3. While
many popular models, such as Llama 3, GPT-3.5, and Anthropic Claude 3 are dense
models where all parameters are used at each run.

2.3 SQL Query Complexity
This section discusses SQL query complexity in Text-to-SQL tasks, including current
methods of measuring complexity and its observed influence on model performance.

2.3.1 Query Complexity Types
In the context of Text-to-SQL tasks, query complexity refers to a quantification that
classifies SQL queries based on how difficult they are to reason about and generate.
There are different approaches for measuring this complexity. Lei et al. takes the
simplest approach of counting a query’s tokens by splitting queries on whitespace
characters and assigning a complexity for various intervals of token counts [11].
This approach fails to consider any dimensions of complexity besides token count
and therefore does not account for specific statements or additional semantic factors
that contribute to query complexity.

Examining the internal structure of queries, Jamil et al. [32] recognizes queries as
one of the SQL-database objects that affect the total effort required for building
various relational database applications. Therefore, when writing SQL queries to
combine tables or retrieve data in a database application, Jamil et al. defines the
effort related to query metrics as a sum of the following counts, each having a
specific weight: 1. Total queries written 2. Simple select statements 3. Nested select
statements.

Subali and Rochimah [33] extend previous approaches that rely exclusively on count-
ing simple or nested statements’ by attaching weights to attributes within the state-
ments themselves, such as the number of table joins. The complexity is then calcu-
lated by adding products of components and their corresponding weights [33]. Using
this method, similarly long but differently structured queries are distinguished, since
more relevant attributes are considered. Figure 2.3 illustrates underlying structures
of the aforementioned query complexity measures, each with an SQL query example.

These methods are objective and quantifiable in terms of measurement, however,
they consider the SQL query on its own, since complexity is evaluated from a hu-
man perspective. In the context of Text-to-SQL, additional dimensions aside from
query complexity are intuitively relevant, such as the NLQ’s intent and clarity as
well as the complexity of the database schema. This broader outlook is reflected
by Li et al. [12], who present a complexity metric for Text-to-SQL tasks in which
Text-to-SQL domain experts evaluate each task and classify it as simple, moderate,
or challenging by assigning a 1-3 score for each of the following dimensions: 1. Ques-
tion understanding 2. Knowledge reasoning 3. Data complexity 4. SQL complexity.
This approach can be considered a subjective categorization of complexity since ex-
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Counts of tokens
(split by whitespace)

Simple SELECT
statements

Nested SELECT
statements

Counts of query at-
tributes

SELECT name, age
FROM Students
WHERE age > 18;

SELECT name, age FROM Students
WHERE age > 18;

SELECT name
FROM Students
WHERE age > (

SELECT AVG(age)
FROM Students);

9 tokens

4 attributes

5 attributes

Figure 2.3: Illustration of different units used for measuring query complexity. The
left column lists measurement types, while the right column provides corresponding
SQL examples. Token-based complexity is computed by splitting the query on
whitespace, resulting in nine tokens for the connected example. Attribute-based
complexity follows the definition of output variables, input variables, nested queries,
join tables, and total tables (including subqueries) outlined by Subali and Rochimah
[33]. Thereby, the simple select statement contains four attributes, while the nested
query contains five due to the additional subquery.

perts assigning four scores that define task difficulty limits reproducibility for other
researchers. However, the inclusion of domain-relevant dimensions provides a more
comprehensive categorization of complexity in Text-to-SQL tasks.

2.3.2 Impact on LLM Performance

Across many research papers that utilize schema and query complexity when bench-
marking the accuracy of different models on Text-to-SQL tasks, an intuitive pattern
emerges. The impact of increased difficulty is reflected on accuracy results [11], [12],
[15], [17], [18], despite how complexity is measured. Therefore, schema and query
complexities are shown to have significant impact on model performance. Overall,
models perform better on simple schemas and flat query structures, such as single-
table selections, compared to those involving large schemas, and nested subqueries
[34], or arithmetic operations, GROUP BY clauses and JOIN operations [18],
[35]. Although recent advances in LLMs have improved robustness, as mentioned
earlier, performance degradation on increased difficulty for complex, cross-domain
benchmarks indicates that schema and query complexity continue to be major fac-
tors.
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2.4 Text-to-SQL Datasets

Text-to-SQL datasets are collections of .json objects which typically contain the
following properties:

• Natural Language Question (NLQ)

• Golden SQL query (ground truth query)

• Unique question identifier

• Database identifier

In this study, each of these .json objects is referred to as a test case and each
ground truth query for a test case is referred to as the golden SQL query for that
test case. Datasets vary in size, but comprise traditionally large amounts of test
cases, which are split into 3 independent sets: training, validation and test sets.
One popular use case is training Text-to-SQL models on the training set, internally
validating on the validation set and reserving the test set for a final evaluation or
benchmarking on unseen data that datasets do not generally open-source. In this
study, since LLMs are benchmarked via API calls and the analysis requires access to
the golden queries, only validation sets will be utilized. More information regarding
the selection of datasets and LLMs is presented in Sect. 4.2.3.

In terms of a dataset’s overall difficulty, advancements in Text-to-SQL models have
prompted the creation of more complicated datasets. The goal of developing newer
datasets is mainly to address limitations of previous datasets by growing closer to
real-world relational databases, and further challenging Text-to-SQL models. One
of the first large-scale datasets is WikiSQL [36], but queries were limited to one ta-
ble. The Spider 1.0 dataset [37] addresses this issue by incorporating cross-domain
databases with multiple tables, nested queries and NLQs that require more compli-
cated SQL components, such as JOIN, or ORDER BY. However, Text-to-SQL
models continued to improve performance on the Spider dataset, increasing the per-
centage of correctly answered NLQs from 53.5% [38], to 85.3% [39] within 3 years.
The same model was only able to achieve 50.7% on BIRD [12], which featured
much larger schemas in comparison to previous datasets and included abbreviated
column names. Additionally, the dataset incorporated expert-annotated difficulty
classifications for each test case that consider dimensions beyond the golden query’s
complexity, such as the NLQ’s intent and database complexity, as mentioned in
Sect. 2.3.1. Spider 2.0 [11] is considered the most advanced Text-to-SQL dataset
since it expands on the scale and complexity of tables per database and of keywords
per golden query compared to BIRD, targeting more advanced LLM capabilities.

One conclusion that can be reached from the progression of the datasets mentioned
is that the overall difficulty of a dataset is mainly determined by how complicated
the dataset’s tables, NLQs and expected golden queries are. The scale of databases’
schemas and them being cross-domain, meaning encompassing different industries
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such as healthcare and finance, are additional common ways to distinguish difficult
relational databases that reflect enormous, real-world industry usages.

2.5 Evaluation Metrics in Text-to-SQL
The evaluation metrics used in Text-to-SQL can be divided into two groups, Content
Matching-Based Metrics and Execution-Based Metrics, each containing two distinct
metrics [21].

2.5.1 Content Matching-Based Metrics
The Content Matching-Based Metrics look at the structure of the SQL query gener-
ated by the model and compares the similarities to the golden query. This evaluation
ensures that the model follows the correct syntax and structure of SQL, even if the
model query is not fully optimized for performance or returns the correct data [21],
[25].

The first metric here is Component Matching (CM), which measures the average
number of matches between the model query and the golden query [25]. This metric
looks at each component of an SQL query, such as SELECT, FROM, and WHERE,
separately. A component is considered correct as long as it corresponds to the
same component in the golden query, regardless of the order [21]. This method
allows flexibility in the structure of the query while making sure that all necessary
elements of an SQL query are properly incorporated and formatted [21], [25].

The other metric is Exact Matching (EM), which is a more restrictive metric than
CM. This metric does not allow for any differences between the model query and
the golden query, whether it is the order of the components or the structure of the
query, as both must be identical [1]. However, the downside of this approach is that
it penalizes queries that are semantically correct but are structured differently [25].

2.5.2 Execution-Based Metrics
The Execution-Based Metrics evaluate the performance of the model query. This
evaluation looks at the result of the model query when running against the database
to check the correctness of the results, as well as the efficiency of running the query
[21], [25].

Execution Accuracy (EX) is one of the metrics. This metric evaluates whether the
model query returns the same result as the golden query when both are executed
on the same database. Unlike Exact Matching, EX does not require the generated
query to have the same textual form or structure as the golden query. A query can
therefore be considered correct under EX if it produces the correct output, even if
it uses different SQL clauses, ordering, or an alternative but equivalent formulation
[1].

Efficiency Score (ES) is the other metric. This metric compares and measures the
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computational runtime and efficiency between the model query and the golden query.
This is because even though the model query returns the correct result, it may have
introduced unnecessary steps, which makes it inefficient. The score penalizes queries
that introduce extra complexity, such as redundant subqueries or unnecessary joins,
even when the results match [21], [25].
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Related Work

3.1 Manual Error Analysis
When analyzing model outputs of failed Text-to-SQL test cases, recent studies rely
on random sampling and manual inspection of results in order to complement model
performance scores with observed error analysis. Benchmarking datasets [11], [12]
as well as a study regarding prompting approaches [39] randomly sample a set of
incorrect executions in order to conduct manual error analyses. For example, Pour-
reza and Rafiei [39] specify that the sampling was done from the training split of
the utilized dataset and that the results were placed in manually-defined categories.
In some cases, such as some of the error categories observed in Lei et al. [11], no
subcategories are derived, meaning that the error taxonomies vary in granularity
across studies.

Manually defining the categories, which the encountered errors are grouped under,
is a shared approach by Lei et al. [11] and Li et al. [12]. While the results are
informative, they remain limited to the specific experiment as they do not differ-
entiate between failure modes clearly. This study addresses these inconsistencies
by utilizing the failure modes as the first level in the multi-level error analysis, and
placing each encountered error in a suitable subcategory under its failure mode. The
process of conducting the error analyses is explained comprehensively in Sect. 4.2.6.

3.2 Consistency of LLM Outputs
Several recent approaches, such as SQL-PaLM, RESDSQL, and DIN-SQL, report
strong results on benchmark datasets such as Spider, typically evaluated using EX
[39], [40], [41]. However, these studies typically evaluate models using a single
execution per test case and report average accuracy metrics across datasets. The
consistency of model outputs under multiple generations has received less attention.

Multiple generations or other improvement strategies have been used in many works
to improve reliability. For example, SQL-PaLM generates multiple SQL candi-
dates and applies execution-based filtering and selection to improve the accuracy
of generated queries [40]. Similarly, DIN-SQL introduces multi-stage reasoning with
self-correction to refine model predictions, while RESDSQL improves Text-to-SQL
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generation through a multi-stage pipeline that decouples schema linking and SQL
skeleton parsing [39], [41]. These approaches show that multiple intermediate or
alternative outputs can improve performance, which means that a single generation
may be sensitive to variations in decoding processes.

Furthermore, some works explore prompting strategies that leverage database schema
information and structural alignment between NLQs and SQL queries. For example,
schema-aware prompting methods construct prompts that explicitly link questions,
schema elements, and SQL structures to improve generation accuracy [42], while
frameworks such as StructGPT enable LLMs to iteratively retrieve and reason over
structured data sources when interacting with structured data systems [43]. Al-
though these methods improve syntactic and semantic validity, there is no explicit
analysis of how variability changes between multiple executions under identical con-
ditions in the context of Text-to-SQL.

In general, existing research on Text-to-SQL systems has largely focused on con-
sistency as a way to improve accuracy, rather than as a factor in need of system-
atic study. Few works carefully analyze the distribution of generated SQL queries
across multiple generations or explore how stochasticity leads to unstable error pat-
terns. This study addresses this gap by systematically analyzing multiple genera-
tions for identical inputs and exploring how consistently LLMs produce the same
failure mode.

3.3 Model Size & LLM Performance

Previous studies on LLMs have indicated that increasing model size can improve
LLM performance in tasks such as structured output generation and code synthesis
[44], [45]. For example, increasing the size of LLMs leads to improved performance
and can lead to emergent abilities such as improved reasoning and generalization of
complex tasks [46], [47], which is important for tasks such as translating NLQs into
correct SQL queries.

For the Text-to-SQL domain, some studies have reported results for models of dif-
ferent sizes, but no specific impact of model size is discussed. More recent work has
made use of large pre-trained models such as PaLM-2 as the primary component of
systems like SQL-PaLM. This has achieved high performance on benchmarks using
few-shot prompting combined with execution-based consistency filtering, demon-
strating the effectiveness of LLMs for Text-to-SQL [40]. However, in these works,
the focus is generally on peak performance rather than comparisons across a range
of model sizes.

Some studies specifically focus on improving performance on smaller or lightweight
models. For example, SPS-SQL demonstrates how schema-aware pre-synthesized
queries can improve the accuracy of small open-source LLMs on datasets like Spider,
achieving performance competitive with models in the 7B parameter range [48]. Sim-
ilarly, studies on small language models for Text-to-SQL test cases (e.g., 0.5B–1.5B
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parameters) show that their performance can be improved through post-training
and corrective approaches, allowing them to achieve competitive results compared
to larger models [49]. These results demonstrate the ability of smaller models to
achieve competitive results with appropriate techniques, but also highlight the lack
of understanding of size effects.

Although most of the work focuses on finding the best-performing model, little
attention is paid to the relationship between model size and SQL generation quality.
As a result, comprehensive empirical studies that compare small- and large language
models under unified experimental settings are few. This study aims to bridge this
research gap by assessing Text-to-SQL performance across models of different sizes.

3.4 Prompting Strategies & Reasoning
Recent papers regarding prompting strategies have proven to enhance reasoning
capabilities of LLMs. One such strategy is the use of Chain-of-Thought (CoT)
prompting [50], which displays how providing intermediate reasoning steps improves
LLM reasoning on multi-level tasks. Instead of simply requesting an answer as the
output, the model is encouraged to produce step-by-step explanations. This enables
more structured and interpretable outputs for the user while simultaneously guiding
the model reach the correct final result. Although the paper evaluates the strategy
on arithmetic and symbolic reasoning tasks, this approach has similar implicated
benefits for other contexts. The improvements reflect a generalizable pattern for
how reasoning of LLMs can be improved in the context of Text-to-SQL, where
query generation often requires multi-step reasoning over differently complex schema
elements and user intent.

Another strategy is decomposed prompting, a general method for handling complex
tasks through separate prompts [51]. Instead of relying on a single prompt to pro-
duce the desired output, the approach defines a prompt for each distinct job such as
reasoning or formatting. These intermediate outputs are later combined to produce
the final result. This structure of prompts allows for more fine-grained control over
the reasoning process and can improve performance on tasks that are too complex
for the model to reason on its own [51].

When connecting CoT to Text-to-SQL, strategies that break up prompts into mul-
tiple steps are theoretically relevant. However, distinct steps are not beneficial for
Text-to-SQL tasks since outputs from each step would be required for prompting the
next step. For example, if the first step is inferring the table names that are relevant
to the NLQ, the next step of formulating the query requires table names, which a se-
quential execution of the decomposition strategy would achieve. Therefore, Zhou et
al. [52] introduce least-to-most prompting, a modification of decomposed prompting,
where steps are solved sequentially in increasing order of complexity. The strategy
separates a given question into multiple simpler questions, with each intermediate
model output being fed into prompts of subsequent questions, leading to a step-
by-step solution. This sequential strategy guides the model through a reasoning
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process decided by the prompt design, reducing the risk of LLMs failing to reason
correctly. For Text-to-SQL test cases, such a stepwise solution aligns well with first
determining relevant tables, and then constructing a syntactically correct query with
the given table names.

These strategies have shown improved reasoning results compared to traditional
user prompting [50], [51], [52]. Decomposed prompting has particularly outper-
formed CoT when evaluated in studies comparing it to other strategies [51], [52].
Comparisons have, however, been conducted using arithmetic or symbolic tasks,
meaning that a gap exists for leveraging these strategies in the context of guiding
LLMs towards solving Text-to-SQL test cases by decomposing them into separate
generalizable prompts.
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Following the research strategy categorization proposed by Stol and Fitzgerald [53],
this study aligns closest to a laboratory experiment environment since it investigates
the relationship between various variables using predetermined test cases and quan-
tifiable outcomes that can be compared. The experiment itself is designed in such a
manner that produces the desired variables via distinct repetitions of executing the
same test cases on different models. Since the same set of test cases is run across all
models without randomly assigning them to treatment conditions, this experiment
can be classified as a quasi-experiment, as per the distinction made by Wohlin et
al. [54] between true randomized experiments and quasi-experiments within Soft-
ware Engineering (SE). Additionally, this is a technology-oriented experiment and
no subjects are therefore involved as Wohlin et al. note “in technology-oriented
experiments, different technical treatments are applied to objects.” [54, p. 73].

In order to further structure the experimentation within SE, this study is grounded
by the process described by Wohlin et al. [54]. Overall, the book separates an exper-
iment into four intertwined steps: 1. Scoping 2. Planning 3. Operation 4. Analysis
and Interpretation.

In the preceding sections of this thesis, the context, overall objective, RQs and high-
level boundaries were outlined. In the following sections, this thesis elaborates on
considerations made for each of the four steps in an SE experiment. The Scoping step
utilizes the context and goal of the experiment to formulate a clear goal definition,
as well as ensures that the experiment’s setup achieves the intended goals. The
Planning phase provides a comprehensive set of decisions regarding the selection of
test cases, models, datasets, and variables per RQ. Additionally, this step includes
experimental design and statistical test choices for each of the RQs.

The next phase described by Wohlin et al. [54] is Operation, which comprises:
1. Setting up an environment that does not affect the results but rather observes
them based on the applied treatments. 2. Defining data that the experiment in-
tends to collect before validating it. 3. Discarding invalid data. When valid and
sufficient data is available, Analysis and Interpretation can be conducted based on
experimental design and statistical test choices made during the Planning phase.
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4.1 Scoping
The Goal-Question-Metric (GQM) template is highlighted by Wohlin et al. [54] as
the framework used when defining the goal of the experiment since the GQM model
guarantees that the evaluation process is systematic and consistent with specified
goals. Therefore, the scope of the experiment conducted in this study will be deter-
mined using the GQM model as followed:

Analyze the behavior of open-source LLMs
for the purpose of comparison and evaluation
with respect to reliability, accuracy, and failure characteristics
from the point of view of researchers
in the context of executing Text-to-SQL benchmark test cases pub-
lished by the BIRD team on open-source LLMs.

This study evaluates the performance and behavior of open-source LLMs from the
same family on Text-to-SQL test cases derived from datasets published by the BIRD
team. This enables a thorough examination of how these LLMs behave while working
on Text-to-SQL problems. In particular, this research focuses on discovering the
reliability of the models, their level of accuracy in producing SQL queries, and the
failure characteristics when executing the model query. The results are intended
to support researchers in understanding the strengths and limitations of LLMs in
Text-to-SQL contexts. More information regarding the selection of LLMs and test
cases is presented in Sect. 4.2.3.

The experimental objects for this experiment are therefore the selected LLMs and
the Text-to-SQL test cases derived from the selected datasets. These cases represent
problem instances on which the performance of the models is evaluated, while the
models act as the executing entities that process test cases and generate SQL queries
as output.

4.2 Planning

4.2.1 Design
The experimental design of this study follows the standard design types described
by Wohlin et al. [54]. The experimental design is described separately for each RQ,
since each RQ focuses on a different variable of interest. The number of runs, which
refers to the repeated executions of the same input query for a given model, is fixed at
50. The repeated runs aim to account for the stochastic nature of LLM outputs. For
all test cases, prompt design, meaning the structure of the input prompt provided
to the LLMs, will be kept constant. Least-to-most prompting, which is explained
further in Sect. 4.2.4, is the selected prompting strategy.
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4.2.2 Variables & Experimental Design
The variables are initially introduced at a general level and summarized in Table 4.1.
The role of each variable is then specified separately for each research question to
clarify how they contribute to the corresponding analysis.

The variables used in the experiment are the following:

• Query Complexity: Represents the structural difficulty of SQL queries.

• Model Size: Measured as the number of active parameters in each selected
model.

• Accuracy: Measures whether the model query produces the correct execu-
tion result compared with the golden query, following the execution accuracy
introduced in Sect. 2.5.2.

• Failure Mode: Describes the type of failure in an incorrect SQL query.

• Consistency: A derived percentage measure of how often repeated executions
of failed test-cases result in the same failure mode for a given query.

Table 4.1: Experiment Variables and Definitions

Variable Scale Values / Levels

Query Complexity Ordinal Simple, Moderate, Challenging
Model Size Ordinal A3B, A22B, A35B
Accuracy Dichotomous nominal Incorrect, Correct
Failure Mode Nominal Syntactic, Hallucination, Semantic
Consistency Ratio 0–100%

RQ1 is addressed through a manual error analysis for each model by analyzing
the failure modes from the incorrect portion of the collected data. The variable of
interest for this research question is Failure Mode

RQ2 follows a one-factor design with more than two treatments. The factor is
Model Size, with three levels: A3B, A22B, and A35B, and the dependent variable is
Accuracy. The prompt design and number of runs are fixed. The research question
evaluates how the size of the model affects the accuracy of the model on Text-to-SQL
test cases.

• Factor: Model Size

• Dependent variable: Accuracy

RQ3 follows a one-factor design with more than two treatments as well. The factor
is Query Complexity, with three levels: simple, moderate, and challenging. The
dependent variable is Consistency. The prompt design and number of runs are
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fixed. The research question investigates the reliability of model outputs and their
consistency when the same input is executed repeatedly.

• Factor: Query Complexity

• Dependent variable: Consistency

4.2.3 Object Selection
The objects in this study, as mentioned in Sect. 4.1, are the test cases derived from
the selected datasets, and the open-source LLMs from the same family.

The datasets selected for the experiment are ones published by the BIRD team.
This includes both the LiveSQLBench-Base-Lite dataset [55] and the development
or validation set of the original BIRD dataset [12]. The combination of chosen
datasets yields the distributions of test cases shown in Table 4.2. However, the
LiveSQLBench-Base-Lite dataset includes create, read, update and delete (CRUD)
operation test cases, and the experiment relies on EX as an essential metric. There-
fore, non-read test cases are omitted. The distributions of read test cases are pre-
sented in Table 4.3. The motivations for relying on these datasets for the evaluation
are:

1. The BIRD team allows access to the golden SQL queries, which is a require-
ment for manual evaluation of model outputs.

2. All datasets published by the BIRD team have integrated query complexity
categories that acknowledge difficulties across multiple dimension of the test
cases.

3. Though there have been advancements in the performance of LLMs on the
BIRD dataset, accuracy percentages are far from desirable real-world perfor-
mance [12], [23], [40], making the dataset viable and the results relevant to
research within the Text-to-SQL field.

Table 4.2: Distributions of all test cases by complexity

Dataset Count per Complexity
Simple Moderate Challenging All

BIRD dev 925 464 145 1534
Base lite 91 124 55 270
Both datasets 1016 588 200 1804

Since both of the chosen datasets provide query complexity categorization for each
test case via the difficulty property, and the RQs are concerned with query complex-
ity, the experiment is best conducted with equal distributions of each complexity
category. However, within each category, test cases are sampled randomly, making
Stratified Random Sampling [54], [56] the overall strategy utilized when selecting a
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Table 4.3: Distributions of read test cases by complexity

Dataset Count per Complexity
Simple Moderate Challenging All

BIRD dev 925 464 145 1534
Base lite 42 89 49 180
Both datasets 967 553 194 1714

set of test cases for the experiment, where complexity categories are what the sam-
pling technique refers to as strata. In this case, selecting per stratum aims to gather
a set of test cases representative of the entire range of query complexity while the
randomization reduces selection bias within each stratum. Datasets are combined
and 100 test cases are randomly sampled from each stratum as shown in Table 4.4
for an overall count of 300 test cases.

Table 4.4: Distributions of the sampled set of read test cases by complexity

Count per Complexity
Simple Moderate Challenging All

100 100 100 300

Regarding the open-source LLMs that the test cases are run on, the experiment
relies on Amazon AWS Bedrock [57], since it provides a unified API for accessing
a range of high-performing models. All three of the selected models are from the
same model family, Qwen3, and run on the eu-north-1 region. The motivations for
choosing Qwen3 models and AWS Bedrock are as follows:

1. AWS Bedrock provides a unified API for model access, which avoids local
deployment differences and simplifies model access.

2. Selecting models from the same model family helps mitigate effects of archi-
tectural differences other than parameter size.

3. The experiment’s design requires three models with increasing parameter sizes,
and Qwen3 offers suitable models across multiple parameter sizes. The pricing
of Qwen3 models is compatible with the experiment’s budget.

When selecting models from the Qwen3 family, purposive sampling [56] was utilized
since it allowed the selection to be focused on increasing parameter sizes. Therefore,
the models shown in Table 4.5 were selected.

4.2.4 Prompting Strategy
In order to maximize the benefits of user prompting in the context of Text-to-SQL
tasks, the experiment applies least-to-most prompting strategy [52] since it splits a
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Table 4.5: The three selected Qwen3 models and their active parameter counts.

Model Name Active Parameter Count
Qwen3 A3B 3 billion
Qwen3 A22B 22 billion
Qwen3 A35B 35 billion

test case into multiple smaller prompts, utilizing the output of each sub-prompt as
input for the next. This has shown significant improvements across language and
mathematical reasoning domains [52]. Additionally, the strategy improves perfor-
mance by managing context windows more efficiently. By decomposing a task into
shorter and more concise sub-prompts, it avoids performance degradation associated
with increasing context windows, even when the input remains within a model’s ad-
vertised context window limits [58], [59]. However, it is important to note that from
the works that this study examined, least-to-most prompting has not been applied
in Text-to-SQL contexts specifically.

Since the test cases follow a consistent structure, the initial task of analyzing the
NLQ remains identical, making a manual decomposition of the process appropriate.
This means that the researchers decide how to split the test case into two sequential
prompting steps. In the first step, the model is tasked with establishing which
tables are relevant for answering the NLQ. In the second step, the model is asked to
formulate a correct SQL query which satisfies the NLQ and uses the tables outputted
from step one.

4.2.5 Data Collection
The experimental process is structured around a fixed trial procedure that aims
to provide a systematic evaluation of the selected models. In each trial, a test
case passes through a series of stages, from input preparation to query execution,
evaluation, and logging relevant information.

Trial Procedure:

• Input: NLQ + Database schema.

• Processing: Python script sends input to the selected model.

• Output: The SQL query generated by the model is collected by the script.

• Execution: Model SQL query and the golden query are executed against the
corresponding database.

• Evaluation & Logging: After evaluating the result of the execution step, the
relevant information is logged.

During each trial, the selected model is first prompted to select the necessary ta-
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bles needed to answer the NLQ. In this prompt, the model is given all tables and
corresponding column names from the database related to the NLQ, as shown in Fig-
ure 4.1a. All decoding parameters are set to default in this first step of the prompt-
ing strategy except max_tokens which is set to 512, temperature is set to 0.0, and a
timeout of 300 seconds. In the second prompting step, the tables retrieved from the
first step are provided alongside their full descriptions. The selected model is asked
to produce an SQL query that answers the given NLQ, as shown in Figure 4.1b.
Even in this step, all decoding parameters are set to default, except max_tokens
which is now set to 1024, in order to have a larger limit size for the model output.
Temperature is kept as 0.0, and the timeout remains at 300 seconds.

You are a schema selection
assistant for Text -to -

SQL.

Return the set of tables
needed to answer the
question .

{ all_allowed_tables }

{NLQ}

{ schema_text }

(a) Summarized template for table se-
lection prompt.

You are a Text -to -SQL
expert .

Using the selected tables ,
schema , context and

the question , write one
SQLite query that

answers the question .

{ selected_tables }

{ schema_text }

{ context }

{NLQ}

Return only the SQL query.

(b) Summarized template for SQL gen-
eration prompt.

Figure 4.1: Least-to-most prompting for Text-to-SQL. (a) Step 1 selects the rele-
vant tables, and (b) Step 2 generates the final SQL query using the selected schema
and context. More detailed templates for both steps are presented in Figure B.2
and Figure B.3.

The trial procedure is repeated under the same input conditions. An overview of
the trial procedure is shown in Figure 4.2.

Evaluation:

The evaluation as well as logging of the result start when the model query is collected,
meaning after step 3 in the trial procedure. The evaluation process is illustrated in
Figure 4.3.

The model query is executed against the database. If the model query cannot be
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Figure 4.2: Trial procedure for Text-to-SQL generation and evaluation.

Figure 4.3: The Evaluation and logging process.
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executed against the database, the error is further inspected. When the failure is
caused by an invalid SQL syntax, the output is classified as a syntactic error. If
syntax itself is not the main issue, the output is classified as a hallucination error.
In this study, hallucination errors refer to cases where the model query includes
nonexistent table or column names.

If the model query can be executed successfully, the returned result is compared
with the result of the golden query. If the returned result does not match that of
the golden query, the output is classified as a semantic error. This means that the
model query is syntactically valid and executable, but does not return the expected
answer. If both queries return the same answer, the output is classified as correct.

At the end of each trial, the result is logged. The logged information include whether
the model query was correct or incorrect, the assigned failure mode if it is incorrect.
A more detailed view of the collected data is illustrated in Figure B.1. This en-
sures that both successful and unsuccessful trials are consistently recorded for later
analysis.

4.2.6 Hypothesis and Analysis Procedure
Once the experimental data is collected, various analyses are conducted in order
to answer the research questions posed in Sect. 1.4. Initially, a descriptive-analysis
approach will be utilized for all research questions. This allows for a simplified
and summarized presentation of the collected data while simultaneously gaining an
intuition for the kind of findings that are feasible for each research question. This
is followed by statistical analyses for RQ2 and RQ3.

A manual error analysis is conducted for RQ1, inspired by Lei et al. [11], in order to
draw more in-depth categorizations of the failure modes. The procedure consists of
using the stratified random sampling strategy, as described in Sect. 4.2.3, to choose
50 samples from the incorrect portion of the collected data for each model. The
error analysis is conducted primarily by one annotator. The purpose of the analysis
is descriptive rather than to establish a validated taxonomy of Text-to-SQL errors.
Each failed case is inspected using a fixed comparison procedure, the generated
model SQL query, the golden SQL query, and the execution outputs are compared
with respect to selected columns, tables, filters, aggregation, ordering, and output
format.

For each test case, the golden query is taken as the definition of what the correct
result should look like. The comparison begins by looking at the golden query and
identifying selected columns, tables used, join conditions, filtering criteria, aggre-
gation operations, sorting order, limits, and formatting. The model query is then
compared to these characteristics in order to find the main structural or semantic
difference. Comparison of the outputs between the generated model query and the
golden query is done as well to determine whether the difference is due to missing
rows, extra rows, duplicate rows, wrong column order, or extra columns.
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Each error is already assigned to a failure mode during the trial procedure, semantic
if the model query executes but returns an incorrect result, syntactic if the output
is not a valid executable SQL query, and hallucination if the model query references
a nonexistent table, column.

After this, failure reasons that describe the same underlying cause is grouped under
the same subcategory name. For test cases with an ambiguous underlying cause, the
classification is discussed before assigning a failure subcategory. The same subcate-
gory name is reused whenever a new case reflects the same type of error, making the
categorization consistent between test cases and suitable for grouped visualization.

In cases where the NLQ allows more than one reasonable interpretation, the golden
query is still considered the reference answer that keeps the evaluation consistent.

In RQ2, the accuracy dependent variable is a dichotomous variable and is explored
using two methods of classification for the 50 runs of each test case. The primary
method, majority-vote, is classifying a test case as correct by majority vote if the
category “correct” occurs more often than any other outcome across the 50 runs and
incorrect otherwise, similar to the majority-vote criterion explained by Liu et al. [34].
The other supplementary method of classification, at-least-one-correct, is classifying
a test case as correct if at least one of the 50 runs produces a “correct” result,
and incorrect otherwise. The majority-vote criterion is the reliable measure that
provides a realistic expectation of what the performance on a test case is. The at-
least-one-correct criterion is a more lenient method that explores latent capabilities
of the models.

Regarding the experimental design of RQ2, explained in Sect. 4.2.1, statistical meth-
ods of analysis suggested by Wohlin et al. [54] are ideally parametric ones. However,
the dependent variable, accuracy, is a dichotomous nominal variable, and the mea-
surements are repeated for each of the models, which violates the independence and
continuity assumptions of parametric tests. A Non-parametric alternative, Kruskal-
Wallis [60], is also unsuitable as it assumes independence of observations. Because
of the dichotomous nominal type of response and repeated measures across model
size treatments via multiple runs, a non-parametric Cochran’s Q test [61], [62] is
utilized for each of the complexity groups in order to investigate the difference be-
tween success outcomes. This is done once for each of the three complexity groups
as the design of RQ2 investigates the difference between models for each complexity
group separately. The null and alternative hypotheses for each of the Cochran’s Q
tests are:

- H0: The success proportions are the same across the model-size treatments.

- H1: At least one model-size treatment has a different success proportion.

Regarding RQ3, the dependent variable, consistency, is calculated once for all 50
attempts of the failed test cases. It is calculated as the count of the most com-
monly occurring failure mode, ncommon, divided by the total count of runs, 50, and
multiplied by 100 for percentage conversion, as seen in Eq. 4.1. The workflow that
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For each test case
(50 attempts)

> 25 correct attempts? Exclude from consistency analysis
(not a failed test case)

Count failure mode occurrences
among the 50 attempts

Find dominant failure mode
ncommon = max(failure counts)

Compute consistency
consistency = ncommon

50 · 100

Consistency value saved for
the test case with query

complexity attached

No

Yes

As per the calculation of consistency in Eq. 4.1.

Figure 4.4: Workflow for selecting failed test cases and calculating failure consis-
tency for RQ3. A test case is absolutely consistent if the computed consistency is
equal to 100.

determines how test cases are selected for the measurement of consistency and what
determines the most commonly occurring failure mode is shown in Figure 4.4. An
absolutely consistent test case is one where ncommon is exactly 50, meaning that the
same failure mode is outputted for all 50 attempts of the test case.

ncommon

ntotal

· 100 (4.1)

From the perspective of measurement scale, consistency does not violate the assump-
tions of parametric tests. Regarding normality however, parametric tests expect the
dependent variable to approximately follow a normal distribution [54]. The con-
sistency for all three models deviate significantly from a normal distribution, as
indicated by the histogram plots for each of the models (see Figure C.2). There-
fore, a non-parametric approach is more appropriate. For the experimental design
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of RQ3, unlike RQ2, the Kruskal-Wallis test is a suitable non-parametric test that
compares query complexity levels for each model separately. The null and alternative
hypotheses for each model are:

- H0: The distributions of consistency are the same across all query complexities.

- H1: At least one query complexity level differs in its distribution of consistency.

For all statistical tests in RQ2 and RQ3, IBM’s SPSS software [63] is utilized, and
a significance level of α = 0.05 is adopted as a convention widely accepted when
conducting statistical analysis [54]. This means that results will be considered sig-
nificant for a p-value under 0.05 (p < 0.05) and that there is a 5% chance that
the null hypothesis is rejected falsely (Type-I-Error). For Cochran’s Q analyses
with significant results (p < 0.05), the McNemar’s test is run as a post-hoc test
with Bonferroni correction [64] on all pairs of model-size treatments, similar to the
methodology adopted by Quintela-Pumares et al. [65]. This is done in order to
explore which of the pairs are significantly different in success proportions more
specifically. Applying the Bonferroni correction on the original significance level,
α = 0.05, gives a corrected threshold of α1 ≈ 0.0167 as shown in Eq. 4.2. This
controls the type-I-error rate at 5% between model-size treatment pairs.

α1 = α

nunique pairs
= 0.05

3 ≈ 0.0167 (4.2)

4.2.7 Validity Evaluation
This section highlights possible validity threats that may affect the results. This is
done during the planning stage in order to examine the results with greater caution
regarding these aspects.

4.2.7.1 Internal Validity

One of the threats to internal validity in this experiment is prompt design. Prompt-
ing introduces potential effects to the outputs of LLMs due to the highly-sensitive
nature of models to prompt design. Since both of the prompts in this experiment
are designed and written by the researchers, and combined with the NLQs during
execution, the specific phrasing, ordering or structure chosen during prompt design
may unintentionally influence the generated SQL in ways unrelated to the treatment,
thereby constituting a potential internal validity threat.

4.2.7.2 External Validity

Threats to external validity in this experiment relate to the selection of the LLMs
and the test cases. The three LLMs selected for this experiment, Qwen3 A3B,
Qwen3 A22B, and Qwen3 A35B belong to the same model family and are based
on an MoE architecture. Thus, the results may be influenced by factors beyond
model size such as training data, or characteristics specific to Qwen3 models. The
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other threat that affects external validity is that of selecting test cases. All test
cases were selected from datasets published by the BIRD team. Therefore, the
experiment may be influenced by characteristics specific to the datasets, such as
their language, question style, database schemas, SQL patterns, and annotation
decisions. In addition, each test case has a predefined complexity level assigned by
the BIRD team, as explained in Sect. 2.3.1. Since this definition of complexity may
differ from how complexity is defined in other benchmarks or practical settings, this
is acknowledged as a possible threat to external validity.

4.2.7.3 Conclusion Validity

Possible threats to conclusion validity are mainly related to statistical power, sta-
tistical test assumptions and validity of outcomes. Although non-parametric tests
such as Cochran’s Q and Kruskal-Wallis tests are used, they may still fail to detect
real differences if the sample size is too small or if differences between models are
subtle. The validity of the outcomes is also a possible threat, since the evaluation
depends on the trial procedure used to compare generated model SQL query output
with golden query output and to classify failure modes. Any incorrect classification
or inconsistent comparison of outputs may affect the conclusions drawn from the
results. Finally, test cases may vary in difficulty, database structure, ambiguity, and
required SQL operations, even within the same complexity category. This random
heterogeneity is therefore acknowledged as a possible threat when interpreting the
experimental results.

4.2.7.4 Construct Validity

The trial procedure is a potential threat to construct validity because it compares
model outputs against predetermined criteria for equivalence. These criteria may
not exhaustively capture all cases in which two responses are effectively equal. For
example, differently ordered lists or semantically identical phrases may be treated
as non-equivalent. As a result, the measured performance may differ from the ac-
tual performance, which could affect conclusions about the relationship between
the treatment and the outcome. The categorization of failure modes into syntac-
tic, hallucination, or semantic failures may also affect construct validity since the
boundaries between the failure modes are not always clear.

Another threat to construct validity is that accuracy does not account for other
factors such as efficiency. This affects how to interpret the results of the study, as
how accurate the generated SQL queries are does not indicate how efficient they
are. Finally, another aspect of construct validity in this study is the use of Artificial
Intelligence (AI) tools, such as ChatGPT. Considering the potential risks associated
with AI tools, including hallucinations where the AI makes up false data, AI was
applied with caution. In this study, ChatGPT is used to improve the formality of
the language when needed. However, it was never used to create content. All infor-
mation provided was verified using external papers and books. In addition, Claude
is used to create boilerplate scripts. All code created by Claude is thoroughly exam-
ined and tested. The AI tools serve to automate repetitive tasks, accelerate initial
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code development which allows the researchers to focus on research and analysis.
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Results

Table 5.1 summarizes the overall outcome distribution using the majority result
across 50 attempts for each test case. Across the 300 evaluated test cases per model,
Qwen3 A22B achieved the highest proportion of correct outcomes with 50.3%, fol-
lowed by Qwen3 A3B with 47.3% and Qwen3 A35B with 45.7%. Semantic failures
were the dominant error type for all three models, ranging from 45.3% to 50.3%,
while syntactic and hallucination failures occurred less frequently. This indicates
that most incorrect outputs were executable queries that returned results differ-
ent from the golden query, rather than failures caused by invalid SQL syntax or
nonexistent schema elements.

Table 5.1: Overall classification of model outputs. Counts and percentages are
reported over 300 evaluated test cases per model.

Model Correct Syntactic Hallucination Semantic
Qwen3 A3B 142 (47.3%) 5 (1.7%) 17 (5.7%) 136 (45.3%)
Qwen3 A22B 151 (50.3%) 0 (0.0%) 3 (1.0%) 146 (48.7%)
Qwen3 A35B 137 (45.7%) 6 (2.0%) 5 (1.7%) 152 (50.6%)

5.1 RQ1: Comparative Error Analysis and Fail-
ure Subcategories

The first research question investigates how the most commonly occurring subcat-
egories of failure modes differ between LLMs. To answer this question, from the
incorrect outputs of each model, 50 failed test cases were sampled and categorized,
following the procedure described in Sect. 4.2.6. Therefore, 100% in Figures 5.1–
5.2–5.3 corresponds to 50 analyzed failures for each model, rather than the full set
of 300 evaluated test cases. The total number of failures before sampling was 158 for
Qwen3 A3B, 149 for Qwen3 A22B, and 163 for Qwen3 A35B as shown in Table 5.2.

As shown in Figure 5.1, for the Qwen3 A3B model, semantic errors made up the
largest category, accounting for 88% of the sampled errors (44/50), followed by hal-
lucination errors at 10% (5/50) and syntactic errors at 2% (1/50). Among the sub-
categories, schema linking errors were the most common, representing 34% (17/50)
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Table 5.2: Number of total failed cases for each model and the number of failed
cases used for the manual error analysis.

Model Total failures Manually analyzed failures
Qwen3 A3B 158 50
Qwen3 A22B 149 50
Qwen3 A35B 163 50

of all errors. Other subcategories included aggregation errors 12% (6/50), wrong
filter logic 10% (5/50), and wrong filter value 8% (4/50). Errors related to halluci-
nation consisted of non-existent column errors 4% (2/50), non-existent table errors
4% (2/50), and wrong SQL dialect 2% (1/50). The syntactic category consisted of
SQL syntax errors, which accounted for 2% (1/50) of the sampled errors.

As shown in Figure 5.2, for the Qwen3 A22B model, semantic errors accounted for
the largest distributions of errors as well, representing 94% (47/50) of the analyzed
sample, while hallucination errors accounted for 6% (3/50). No syntactic errors
were observed for this model. The most common subcategories were schema linking
errors and aggregation errors, each accounting for 22% (11/50) of all errors. These
were followed by projection errors and duplicate errors, each at 10% (5/50). Other
subcategories included calculation errors at 8% (4/50), wrong filter logic, wrong
filter value, and golden query issues at 6% (3/50) each, as well as NULL handling
errors at 4% (2/50). For hallucination errors, non-existent column errors at 4%
(2/50), and non-existent table errors at 2% (1/50).

Lastly for the Qwen3 A35B model, as shown in Figure 5.3, semantic errors made
up 96% (48/50) of the sample, followed by hallucination errors and syntactic errors,
each accounting for 2% (1/50). The most common subcategory was schema linking
error at 26% (13/50), followed by aggregation error at 16% (8/50), projection error at
14% (7/50), and calculation error at 12% (6/50). Additional semantic subcategories
included wrong filter value, output format error, and golden query issue, each at
6% (3/50), while duplicate error accounted for 4% (2/50). Row selection error,
NULL handling error, and wrong filter logic each accounted for 2% (1/50). The
hallucination category consisted of non-existent column errors 2% (1/50), and the
syntactic category consisted of SQL syntax errors 2% (1/50).

Figure 5.4 focuses on the three most common semantic failure subcategories for
each model. Schema linking refers to errors that involve the use of incorrect table,
column, or relationship selection. For example, as shown in Figure 5.5, the generated
model query uses the trans table, while the golden query uses the order table. The
model does not hallucinate a non-existent table, but it selects the wrong schema
element for the question, which leads to an incorrect result.
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Figure 5.1: Error Analysis of failures for Qwen3 A3B.

Figure 5.2: Error Analysis of failures for Qwen3 A22B.
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Figure 5.3: Error Analysis of failures for Qwen3 A35B.

Figure 5.4: Top three most common semantic subcategories of each model. Each
model is based on 50 analyzed failed cases, and the numbers inside the bars show the
absolute number of cases in each subcategory. The y-axis shows the corresponding
percentage of the 50 analyzed failures.
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Schema linking error example

Question: How often does account number 3 request an account statement to be
released? What was the aim of debiting 3539 in total?

Golden query
• Uses tables account + order

Result:
POPLATEK MESICNE
POJISTNE

Model query
• Uses tables account + trans

Result:
Empty

Main divergence: The model links the question to the wrong source table trans,
so the generated query is executable but returns the wrong output.

Figure 5.5: Example of an schema linking error. In Appendix A, Figure A.1
illustrates a more detailed view.

Aggregation refers to incorrect use of aggregate functions or grouping. Figure 5.6
illustrates this type of error. The golden query considers the number of consumption
entries each month that are greater than 1000, among customers who pay using
euros. However, the model query aggregates using the condition “HAVING SUM
(y.Consumption) > 1000” grouped by customers. Although the model query is
syntactically valid, the incorrect aggregation level leads to wrong output.

Aggregation error example

Question: Among the customers who paid in euro, how many of them have a
monthly consumption of over 1000?

Golden query
• Counts monthly records where
Consumption > 1000

Result:
1242

Model query
• Groups results by CustomerID
• Counts customers through HAVING
SUM(Consumption) > 1000

Result:
2730

Main divergence: The model changes the aggregation level from monthly con-
sumption records to total consumption per customer, producing a different count.

Figure 5.6: Example of an aggregation error. In Appendix A, Figure A.2 illustrates
a more detailed view.

Projection refers to incorrect selected output columns, and wrong filter logic refers
to incorrect conditions in WHERE or HAVING clauses. The results show that
schema linking and aggregation errors appear among the most common semantic
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subcategories for all three models. Projection errors appear among the top three
semantic subcategories for Qwen3 A22B and Qwen3 A35B, while wrong filter logic
appears among the top three only for Qwen3 A3B. The definitions of the failure
subcategories are provided in Appendix A, Table A.1.

Answer to RQ1. Overall, the results show that the evaluated models mainly differ
at the failure subcategory level rather than at the broad failure mode level. Semantic
failures dominate across all three models. While the most common semantic subcat-
egories vary, schema linking errors appears as the largest or co-largest subcategory
across all three models.

5.2 RQ2: Impact of Model Size on Text-to-SQL
Accuracy

The second research questions asks how accuracies differ between LLMs of larger and
smaller sizes for each query complexity. Because accuracy is measured per complex-
ity and each row is based on 100 test cases, the values in Table 5.3 can be interpreted
as both counts out of 100 and percentages. The accuracy was primarily evaluated
using the majority-vote criterion, as explained in Sect. 4.2.6. The accuracies for the
supplementary at-least-one-correct criterion are presented in parentheses. Statistical
tests were run for both criteria.

The primary results show that performance is highest for simple queries, where all
models perform nearly equally well: Qwen3 A3B achieves 52% correct outcomes,
which corresponds to 52 correct test cases, while Qwen3 A22B and Qwen3 A35B
achieve 51% each, meaning 51 correct test cases each. The mode is additionally
Correct for all models in this setting.

For moderate queries, a minimal separation emerges. Qwen3 A22B remains above
the halfway mark with 52% correct, whereas Qwen3 A3B and Qwen3 A35B both
fall below 50%, with 46% and 48% respectively, which corresponds to a difference
of 6 test cases between 52% and 46%. The mode values for Qwen3 A3B and Qwen3
A35B shift therefore to Incorrect.

Challenging queries cause all models to perform below 50%, with Qwen3 A22B at
46%, Qwen3 A3B at 44%, and Qwen3 A35B at 38%, meaning a difference 8 test
cases between the Qwen3 A22B and Qwen3 A35B model. The mode values of both
Qwen3 A3B and Qwen3 A35B remain Incorrect, and Qwen3 A22B shifts to Incorrect
as well.

Overall, the frequency of the Correct mode decreased from three out of three models,
to zero out of three when increasing query complexity from simple to challenging.

The overall differences between models are visualized more clearly in Figure 5.7. The
figure highlights how all models drop in performance across complexities, especially
when increasing the query complexity from moderate to challenging where the model

38



5. Results

Table 5.3: Accuracy results across models for each query complexity level under the
majority-vote criterion. Values for each row are out of 100 test cases per complexity
level and therefore correspond numerically to counts. Values in parentheses show
the accuracy results of the at-least-one-correct criterion.

Complexity Model Correct (%) Incorrect (%) Mode

Simple
Qwen3 A3B 52 (53) 48 (47) Correct
Qwen3 A22B 51 (57) 49 (43) Correct
Qwen3 A35B 51 (53) 49 (47) Correct

Moderate
Qwen3 A3B 46 (49) 54 (51) Incorrect
Qwen3 A22B 52 (58) 48 (42) Correct
Qwen3 A35B 48 (51) 52 (49) Incorrect

Challenging
Qwen3 A3B 44 (46) 56 (54) Incorrect
Qwen3 A22B 46 (56) 54 (44) Incorrect
Qwen3 A35B 38 (40) 62 (60) Incorrect

with the highest active parameter count, Qwen3 A35B, succeeds in 10 less test cases
while the best performing model Qwen3 A22B succeeds in 6 less test cases, meaning
a difference of 4 test cases only.

When examining the per-complexity differences between models on the same sets of
100 test cases for each query complexity, there were no significant differences between
the success proportions of the models on the simple, moderate, or challenging queries,
as seen in the results of Cochran’s Q test in Table 5.4. Therefore, when utilizing the
majority-vote criterion for evaluation, the null hypothesis that states “The success
proportions are the same across the model-size treatments” fails to be rejected for
all query complexities.

When the threshold for classifying a test case as Correct is defined more leniently
under the at-least-one-correct criterion, as explained in Sect. 4.2.6, success rates
increase marginally across all complexity levels, as shown in the accuracies in paren-
theses in Table 5.3.

Table 5.4: Results of Cochran’s Q tests on each query complexity under the
majority-vote criterion.

Query complexity Q p-value
Simple 0.091 0.956
Moderate 2.240 0.326
Challenging 3.355 0.187

Statistically significant differences emerge on challenging queries between models
when running the Cochran’s Q test under the at-least-one-correct criterion (Q =

39



5. Results

Figure 5.7: Line plot of models’ success rates for each of the query complexity
levels under the majority-vote criterion.

11.879, p = 0.003), as shown in Table 5.5. The Qwen3 A22B and Qwen3 A35B pair
of models is however the only pair with significantly different success proportions
(p = 0.002), as per the results of a post-hoc pairwise McNemar test on challenging
queries, presented in Table 5.6. This p-value is below the Bonferroni corrected alpha
threshold (α1 < 0.0167) and is therefore significant. The simple and moderate query
complexities did not show statistical significance however (see Table 5.5). Therefore,
when utilizing the at-least-one-correct criterion for evaluation, the null hypothesis
that states “The success proportions are the same across the model-size treatments”
is rejected for challenging queries, but cannot be rejected for simple and moderate
queries.

Table 5.5: Results of Cochran’s Q tests on each query complexity separately under
the at-least-one-correct criterion.

Query complexity Q p-value
Simple 1.684 0.431
Moderate 4.467 0.107
Challenging 11.879 0.003

Results for the matched set of 100 challenging test cases on which both models were
evaluated are presented in the contingency table in Table 5.7. The table shows that
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Table 5.6: Results of pairwise McNemar tests across model-pairs on the challenging
query complexity under the at-least-one-correct criterion.

Qwen3 A3B
& Qwen3 A22B

Qwen3 A3B
& Qwen3 A35B

Qwen3 A22B
& Qwen3 A35B

p-value 0.064 0.238 0.002

the pair produced the same accuracy on 76% of the test cases: 40% where both
were Incorrect and 36% where both were Correct, meaning that the pair produced
a Correct result in at least one attempt for 36 test cases, and Incorrect for 40
test cases. The remaining 24%, or 24 test cases, are discordant pairs: 20% of the
test cases where only the Qwen3 A22B model was Correct, while test cases where
only the Qwen3 A35B model produced a Correct SQL query are the remaining 4%,
which correspond to a difference of 16 more test cases that the Qwen3 A22B model
produced a Correct SQL query for.

Table 5.7: Contingency table for Qwen3 A22B and Qwen3 A35B on the set of 100
challenging test cases. Values represent percentages but correspond numerically to
counts as well since the each query complexity has exactly 100 test cases.

A35B Correct (%) A35B Incorrect (%)
A22B Correct (%) 36 20
A22B Incorrect (%) 4 40

Answer to RQ2. Overall, model size increases do not show a consistent advantage
across query complexities. For simple and moderate queries, Qwen3 A22B per-
forms best, while Qwen A35B is the worst performing model on challenging queries,
showing that the larger model is not necessarily more accurate. Statistically, no
significant differences are found between models when accuracy is defined by the
majority-correct criterion. Under the supplementary at-least-one-correct criterion,
a significant difference appears only for challenging queries. More specifically, Qwen
A35B is found to perform significantly worse than the smaller Qwen A22B. In prac-
tice, this suggests that for Text-to-SQL systems that sample multiple SQL queries,
testing which model works best for the expected difficulty of Text-to-SQL tasks is
more relevant than selecting the largest model. More on the implications of these
results is presented in Chapter 6.

5.3 RQ3: Impact of Query Complexity on Failure
Consistency

The third RQ investigates how the consistencies of test case failures are affected by
the various query complexity levels. The results of exploring those consistencies for
each model are presented in Table 5.8. Since RQ3 is only concerned with failed test
cases, the number of cases analyzed for each model is reduced from the total count
of test cases to 158 failed test cases for the Qwen3 A3B model (48 + 54 + 56), 151
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for the Qwen3 A22B (49 + 48 + 54), and 163 for the Qwen3 A35B (49 + 52 + 62)
when going through the workflow shown in Figure 4.4. Since consistency values are
presented as percentages, the median being at 100% across all query complexities
for all models is interpreted as reaching the maximum possible value of failure mode
consistency at the 50th percentile, meaning that at least half of the failed test cases
are absolutely consistent. Absolutely consistent test cases are defined in Sect. 4.2.6
and Figure 4.4. The percentage of absolutely consistent cases in the next column
presents a clearer picture since it represents the amount of failed test cases in which
all 50 runs yielded the same failure mode. Finally, the minimum and maximum
consistencies allow for understanding of values at the lower and upper bounds of
consistency as they show the consistency of the least and most consistent failed test
cases.

Table 5.8: Descriptive statistics of consistency for failed test cases, grouped by
model and query complexity. Consistency values are multiplied by 100 and reported
as percentages, as explained in Sect. 4.2.6.

Model Complexity N Median Absolute consistency
(%) Min, Max

Qwen3 A3B
Simple 48 100 94 (98, 100)
Moderate 54 100 91 (96, 100)
Challenging 56 100 89 (94, 100)

Qwen3 A22B
Simple 49 100 78 (56, 100)
Moderate 48 100 81 (36, 100)
Challenging 54 100 76 (34, 100)

Qwen3 A35B
Simple 49 100 92 (56, 100)
Moderate 52 100 92 (52, 100)
Challenging 62 100 92 (50, 100)

For the Qwen3 A3B model, the table shows that the amount of failed test cases
increases with relatively similar amounts when increasing the query complexity.
The percentage of absolutely consistent failures decreases with increased complexity
as well, meaning that failure modes are less often the exact same on challenging
test cases than on moderate and simple ones across all 50 runs. Examining the least
consistent failed test cases for the same model shows that the minimum consistency
does decrease when increasing complexity as well, but it does not drop below 94%
for challenging test cases.

As mentioned in Sect. 5.2, in the case of the Qwen3 A22B model, there is no notable
change in the amount of failed test cases between moderate and simple query com-
plexities, though the challenging complexity displays an increase in the amount of
failed cases. Inspecting percentages of cases with absolute failure mode consistency
shows lower values across all query complexities for this model. Though no trend of
decline between the absolute consistency of simple and moderate queries is observed,
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the challenging queries have a smaller proportion of absolutely consistent test cases
failures. This is reflected in the minimum and maximum consistencies of the model
as the minimum goes as low as 34% for the least consistent challenging test case,
and closely inconsistent on the moderate case with 36%, while the least consistent
simple test case is still above 50% of consistency with 56%.

The biggest model in terms of model size, Qwen3 A35B has the largest number of
failed test cases in total at 163, notably failing more often on challenging test cases
than the other query complexities, though failures occur more often for moderate
test cases than simple ones as well, with an increase of 49 to 52. Despite the
difference in the amount of failed cases, the percentage of ones that the model
achieved absolute consistency of failure mode outcomes on are the exact same at
92% across all three query complexities. The minimum consistency values decrease
for each step of increase in query complexity, though all hover around and above
the 50% mark, meaning that for the least consistent failed test cases, half or more
of the attempts produce the same failure mode when evaluating model outputs.

No statistical significance was found between consistency value groups of the three
query complexities for any of the models, as presented in Table 5.9. Therefore, the
null hypothesis that states “The distributions of consistency are the same across all
query complexities” cannot be rejected for any of the models.

Table 5.9: Results of Kruskal-Wallis tests across difficulty groups for each model.

Model H p-value
Qwen3 A3B 0.718 0.698
Qwen3 A22B 0.604 0.739
Qwen3 A35B 0.014 0.993

Answer to RQ3. The results show small variability patterns in consistency across
models. Qwen3 A3B and Qwen3 A35B show somewhat lower minimum consistencies
as complexity increases, while Qwen3 A22B has the lowest absolute-consistency rates
overall and the lowest minimum consistencies. Statistical results for all three models
do not suggest that increasing query complexity changes the consistency of failed test
cases for any of the analyzed models as no significant difference was found between
complexity levels. However, the high baseline of absolute consistency across the
models is an important finding despite the statistical results. It illustrates that
when these models fail, they systematically produce the exact same failure mode
across all 50 attempts. More discussion regarding these findings is presented in
Chapter 6.
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RQ1: How do the most commonly occurring subcategories of failure
modes differ between LLMs?

Within the manual error analysis of the failed test cases, the findings indicate that
while the models managed to generate executable SQL queries, they did not succeed
in generating SQL queries that were semantically aligned with golden SQL queries.
Thus, it can be stated that the challenge was not primarily SQL syntax or halluci-
nation, but rather correct understanding of the intent of the NLQs and matching it
with database schemas.

Schema linking appears to be a particularly important bottleneck. This connects to
the definition of Text-to-SQL as a task that requires both understanding the intent
of the NLQ and linking that to the correct database schema. The observed schema
linking failures show that models can generate executable SQL queries while still
selecting the wrong table, or schema path. This supports the motivation behind
schema-aware Text-to-SQL approaches [41], where schema linking is treated as a
separate and important part of the generation process. This suggests that improving
the ability of the model to write valid SQL is not sufficient if the model still fails
to select the correct tables, columns, or schema relationships needed to answer the
NLQ.

The findings also help explain why multi-stage systems such as SQL-PaLM, DIN-
SQL, and RESDSQL can be useful. These approaches use mechanisms such as
candidate generation, execution filtering, self-correction, or explicit schema reason-
ing to improve reliability [39], [40], [41]. The RQ1 findings support the need for such
mechanisms because many errors are not invalid SQL queries, but syntactically valid
queries that retrieve the wrong result.

The comparison between models also connects to the model size discussion in prior
work. Earlier studies [46], [47] suggest that larger models can improve reasoning
and structured generation. The RQ1 findings indicate that model scaling alone
may not remove the main Text-to-SQL bottlenecks. Even when some surface-level
failures appear reduced, the same types of deeper semantic failure remain visible.
This suggests that larger active parameter count may improve some aspects of gen-
eration, but schema linking and aggregation-related problems still require targeted
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mechanisms.

Finally, these findings should be interpreted in relation to the evaluation method.
Execution-based evaluation allows structurally different SQL queries to be accepted
when they return the same result, but the result from executing golden query still
defines the expected answer. This made the evaluation systematic and reproducible,
but as a result, some semantic failures may reflect ambiguity in the NLQ or a valid
alternative interpretation that differs from the golden query. In Appendix A, Fig-
ure A.3 shows such a case. The question asks whether molecule TR124 is carcino-
genic. The golden SQL returns the raw database label “-”, while the model SQL
maps this label to the more explicit answer “No”. Under the evaluation procedure,
this is counted as incorrect because the result does not exactly match the golden
output. However, from the perspective of the NLQ, “No” can be considered a valid
answer.

RQ2: For each query complexity, how do the Text-to-SQL accuracies
differ between LLMs of larger and smaller sizes?

The very similar accuracies on simple queries across all three models under the pri-
mary majority-vote criterion, together with the statistical results not showing any
significant difference between them, indicate that the increases in model size between
the selected models may not have been large enough to produce clear variation in
accuracy performance. The first increase, from Qwen3 A3B to Qwen3 A22B, cor-
responds to a sevenfold increase in active parameter count, while the increase from
Qwen3 A22B to Qwen3 A35B is approximately one-and-a-half times. An alternative
explanation is that performance on simple queries may already be close to a ceiling
for these models, making the increase in active parameter count not sufficient to
detect a change in accuracies, similar to the findings of Song et al. [18] on simpler
test cases. For moderate and challenging queries, the observed accuracies vary more
noticeably and Qwen3 A22B achieves the highest accuracy, but the statistical results
still indicate that these differences are likely due to random chance.

Overall, across query complexities, a pattern of accuracy degradation is observed
when increasing the difficulty of test cases, which is consistent with expectations [11],
[12], [15], [17]. These observed differences are descriptive only, as no cross-complexity
test was performed. However, such cross-complexity patterns remain interesting
because they suggest that the complexity of test cases that practitioners intend to
execute, may help identify an LLM choice that achieves a certain accuracy threshold
while minimizing diminishing returns. This supports the benefit of utilizing multi-
model approaches, where test cases are routed to appropriate models based on query
complexity [34].

The supplementary at-least-one-correct criterion improved accuracies across all mod-
els, indicating that the models exhibit latent capability for producing correct SQL
queries under repeated sampling. However, statistical tests show no significant dif-
ferences for the simple and moderate query complexities. For challenging queries,
in contrast, there is a significant difference in accuracies between Qwen3 A22B and
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Qwen3 A35B, with Qwen3 A22B including 16 more correct test cases out of 100.
This suggests that Qwen3 A22B has the strongest latent capability, or at least the
highest observed ceiling on challenging Text-to-SQL test cases.

RQ3: For each of the analyzed LLMs, how are the consistencies of test-
case failures affected as query complexity increases?

From the analysis of failure mode consistency, additional context and understand-
ing for the accuracy findings of RQ2 can be concluded. Although accuracy results,
especially under the at-least-one-correct criterion highlight Qwen3 A22B as the best
performing model, the consistency values indicate that its failed test cases are less
stable than failures of the other models. More specifically, Qwen3 A22B has the low-
est minimum consistency values and the lowest proportions of absolutely consistent
failed test cases across the models, which suggests that its failures are more sensi-
tive to repeated sampling, and therefore less reliable. This may help explain why
the model benefits more from the supplementary accuracy criterion on challenging
queries as it is more likely to occasionally produce a correct result. Qwen3 A3B in
contrast, shows high failure consistency, with a minimum value of 94%, indicating
that its failures are more systematic and less affected by sampling noise.

Generally, the median consistency of 100% across all models, as well as the high
proportion of absolutely consistent failed test cases, suggests that many failures are
systematic rather than random. This means that when a model fails to solve a
test case initially, the model is unlikely to produce a correct result for the given
decoding parameters, even after repeated sampling. Within each model, having no
statistically significant differences across query complexity levels in the consistency
results indicates that small differences in the proportion of absolutely consistent
failed test cases are likely due to random chance. Therefore, the observed systematic
failure patterns are not clearly caused or affected by query complexity within each
model.

6.1 Threats to Validity
The manual error analysis used for RQ1 introduces a threat to construct validity.
The fine-grained failure subgroups are based on manual inspection of 50 failed test
cases for each model. Although this supports a more detailed analysis of failure
patterns, some cases may contain multiple possible sources of error, and assigning
one dominant subgroup can simplify the cause of the failure. The subgroup re-
sults should therefore be interpreted as descriptive patterns rather than complete
explanations of all model failures.

Another threat to construct validity is the high proportion of semantic failures which
may have been partially influenced by the evaluation procedure. Since the golden
query is treated as the reference for the definition of a correct answer, generated
queries are counted incorrect whenever their execution result differs from the golden
result. This provides a consistent evaluation procedure, but it can also label valid
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alternative interpretations of an NLQ as a semantic failure. Therefore, the semantic
failure rate should be understood as failure relative to the golden query reference,
rather than as an absolute measure of invalid SQL reasoning.

External validity is limited by the selected datasets and models. The experiment
uses test cases published by the BIRD team and three Qwen3 models that can
be accessed using the same interface. While this enhances internal consistency in
the experimental design, the conclusions cannot be directly generalized to different
datasets and families of models. In addition, the labeling of test cases as simple,
moderate, or challenging is derived from the underlying dataset, implying that con-
clusions will depend largely on how the dataset developers classified the queries.
However, under a similar selection of objects, the results should be valid.

Other threats to the validity in Sect 4.2.7 remain relevant but are not changed
by the observed results. They are therefore treated as general limitations of the
experimental design rather than result specific threats.

6.2 Implications & Lessons Learned
The results and interpretation regarding the first research question highlight the
need for researchers to include safeguards such as intent clarification, schema ver-
ification, or user confirmation when designing Text-to-SQL systems. Additionally,
they support that future research improvements may need to focus more on valida-
tion mechanisms that check whether the model query matches the NLQ intent, not
only whether it executes successfully.

For researchers and practitioners, the interpretations of the second research ques-
tion’s results imply that when utilizing LLMs in Text-to-SQL contexts, small dif-
ferences in active parameter count are likely not worth the extra costs in budget
and resources for larger LLMs, in terms of model size, if that is a concern when se-
lecting an LLM. This aligns well with recommendations of smaller models for small
businesses and research purposes [18].

Furthermore, the findings are interesting since they indicate that, depending on
test-case complexity, the best model for researchers looking to explore a retry loop
or other Text-to-SQL settings that benefit from multiple sampled outputs may not
be the largest available model in terms of model size.

The findings made by the results of the third research question suggest that accu-
racy alone is insufficient as a standalone measure of Text-to-SQL performance. For
researchers, the results indicate that future evaluations should complement accu-
racy with reliability measures in order to gain additional understanding of failure
reliability under repeated sampling. This is important for distinguishing between
systematic and stochastic failures. For practitioners, the findings suggest that model
selection should consider both accuracy and reliability. Even though LLMs do not
deliver production-level accuracies at the current stage of research, access to reliabil-
ity measures becomes increasingly essential for practitioners as Text-to-SQL systems
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advance, especially in client-facing deployments where reliability is expected.

From conducting this study, the following lessons learned can be concluded:

• The choice of the evaluation method and criterion should be context-
dependent. The accuracy in this study is defined as execution accuracy (EX),
and both the majority-vote and at-least-one-correct criteria led to different
statistical outcomes, specifically for challenging queries. This suggests that
Text-to-SQL evaluation criteria should be selected based on the intended de-
ployment architecture or the research purpose rather than adopting the setup
from a certain study blindly. Additionally, studies reporting a single criterion
or relying on a single attempt may not be exploring true model capabilities.

• Following an established experimental framework structures decision-
making before the execution. Grounding the study’s methods in Wohlin
et al. [54] guidelines ensured that design choices, validity threats, and statis-
tical test selections were addressed during the planning phase. This prevented
reactive decisions and determined the analysis procedure independently of the
results, which strengthens the credibility of the study.

• Manual error analysis benefits from a predefined comparison pro-
cedure. Defining the process of examining selected columns, tables, filters,
aggregation, and output format before assigning a subcategory, helped keep
the categorization consistent across the 150 analyzed test cases and three mod-
els.

• Model selection required balancing research value and feasibility.
The selected models needed to be relevant to the research goal, available
through the same platform, and possible to run within the available budget.
This showed that experimental design is not only a theoretical choice, but also
depends on practical constraints.

• Logging more information than initially expected was valuable. Stor-
ing only the final correctness outcome would not be sufficient for later analysis.
In order to understand and verify the results, it was useful to log additional
information such as the natural language question, selected tables, generated
SQL query, golden SQL query, repetition number and model name. This made
it possible to trace individual cases and inspect unexpected outcomes. There-
fore, a key lesson was that experimental logging should be designed not only
for the planned analysis but also for debugging, validation, and reproducibility.

6.3 Limitations & Delimitations
Limitations:

• It was not feasible to run entire Text-to-SQL datasets on the LLMs. Resources
were limited to personal contributions on the AWS computing platform. Since
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datasets include thousands of data points, API call costs would have become
unmanageable if the entirety of both datasets were run on each model.

• Since available Text-to-SQL datasets are designed for academic testing and
benchmarking, they follow naming conventions and high clarity level, which
industry-level databases in the real-world might not, therefore worsening LLM
results in real-world use cases.

• Prompt engineering may be a factor in the results. LLMs can be sensitive
to small prompt variations, meaning that unnoticeable formatting or uninten-
tional language patterns when prompting could have affected the results.

Delimitations:

• This study does not provide solutions that improve accuracy or reliability
results. Rather, the study focuses on observing relationships between data and
making reasonable conclusions regarding failures that can aid future solutions.

• NLQs, databases, and more generally, test cases, are limited to English only
content due to the selected datasets. The goal of the study is not to test
the translation or language knowledge of the LLMs, rendering this variable
irrelevant.

• Model queries, as well as golden queries, are limited to the SQLite dialect due
to the selected datasets. The cross-dialect results of LLMs on SQL queries are
therefore not explored.

• Differences between the selected LLMs beyond active parameter count are
disregarded. Since the variable of interest between the changing LLMs is
model size, other architectural changes can cause confusions that make the
scope of the study wider than the study’s intended topic, and are thereby
disregarded but acknowledged.
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This study presents research that explores the failure modes, accuracy, and reliabil-
ity of open-source LLMs across different query complexities. The study evaluated
three Qwen3 models with different active parameter counts: Qwen3 A3B, Qwen3
A22B, and Qwen3 A35B, on Text-to-SQL test cases derived from the BIRD and
LiveSQLBench-Base-Lite datasets. The selected test cases were divided into three
query complexity levels: simple, moderate, and challenging. For each test case,
the models were prompted to generate an SQL query based on the given NLQ and
the database schema. The generated model query was then executed and compared
with the corresponding golden query. Each such trial was repeated multiple times to
account for the stochastic nature of the LLM outputs and to analyze the consistency
of failures.

In order to investigate failure modes in depth, a manual error analysis was performed.
The results show that the evaluated models were generally able to produce exe-
cutable SQL queries, while the main challenge was producing SQL queries that are
semantically aligned with the intended meaning of the NLQ and database schema.
Semantic failures were the dominant failure mode in all three models. Schema link-
ing and aggregation-related errors were among the most common sources of semantic
failures. The findings highlight some key areas where future Text-to-SQL models
can be improved.

The accuracy analysis also provides useful insights for model selection. Under the
primary majority-vote criterion, the differences between the selected models were
not statistically significant. This suggests that increasing the active parameter
count alone may not guarantee better Text-to-SQL performance. This indicates
that larger models may not always justify their additional computational cost when
the accuracy gains are small or uncertain. Under the supplementary at-least-one-
correct criterion, the models achieved higher accuracy, and a significant difference
was observed for challenging queries between Qwen3 A22B and Qwen3 A35B. This
shows that repeated sampling can reveal latent model capability, especially for more
difficult Text-to-SQL test cases.

The consistency analysis shows that the outcomes of many failed test cases were
highly consistent across repeated attempts, indicating that failures were often sys-
tematic rather than purely random. The absence of statistically significant differ-
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ences in consistency across query complexity levels suggests that failure reliability
cannot be explained only by the assigned complexity level and that other factors
may play an important role.

Overall, the findings are useful for researchers aiming to improve Text-to-SQL sys-
tems and for practitioners who need to select models under resource constraints.
Future work could extend this study by analyzing a broader range of LLM families,
datasets and prompting strategies. In addition, evaluation methods that better ac-
count for semantically equivalent SQL output and valid alternative interpretations
of the NLQ could be developed. Future studies may also test whether stronger
schema linking and improved aggregation handling reduce the dominant semantic
failure patterns observed in this study. Such work could contribute to a more reliable
understanding of when Text-to-SQL systems can be used in practice, and what kind
of improvements are needed before they can be trusted in high-stakes or complex
database environments.

7.1 Future Work
During this study, the following possible areas of future work were identified:

Standardized Complexity Metric. As query complexity is an essential part of
the methodology in this study, the collected test cases were limited to ones published
by the BIRD team and based on the complexity levels assigned by their annotators.
In order to enable more consistent evaluations of query complexity, a standardized
tool that measures query complexity entire test cases, including the NLQ, database
and expected query on a reasonable categorical or numerical metric would be bene-
ficial. This would additionally allow researchers to measure complexity on existing
datasets, making the available pool of datasets with complexity much more diverse.

Model Scaling and Architecture Choices. From the findings of this study, one
unexpected results was the insignificant change in reliable performance from smaller
to larger models which was possibly due to the small increases in active parameter
counts. It would therefore be an interesting area of study to replicate the study
with a set of models from the same family, though with larger and clearer model size
differences. Another alternative is to select models with relatively similar increases
in parameter count, though with dense models instead of MoE models, in order to
observe how reliability and performance are affected between the architectures, in
the context of Text-to-SQL.

Explaining Failures. The results of this study could not statistically show that
changes in dichotomous accuracy results are caused by changes in model size. There-
fore, statistically exploring other possible factors that contribute to accuracy, such
as prompting strategies and prompt wording would be a helpful future work that
would aid in improving Text-to-SQL models.
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A
Error Analysis

Figure A.1: Example of a schema linking error. The model query uses a different
source table than the golden query, resulting in an incorrect output.

Table A.1: Failure subcategory definitions used in the manual error analysis.

Failure subcategories Definition Example
Schema Linking Error The model query uses an incorrect but

existing table, column, or join path.
Fig A.1

Aggregation Error The model query uses incorrect count-
ing, grouping, aggregation scope, or
aggregation level.

Fig A.2

Wrong Filter Logic The model query uses an incorrect
structure, such as an extra filter, miss-
ing filter, or wrong logical operator.

Fig A.4

I
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Failure subcategories Definition Example
Wrong Filter Value The model query uses an incorrect lit-

eral value in a filter, even when the
general condition is relevant.

Fig A.5

Calculation Error The model query uses an incorrect for-
mula, arithmetic operation, percent-
age conversion, or derived metric cal-
culation.

Fig A.6

Projection Error The model query selects incorrect,
missing, or unnecessary output
columns compared with the expected
answer.

Fig A.8

Output Format Error The model query returns mostly rele-
vant content but in the wrong repre-
sentation, encoding, or output shape.

Fig A.3

Duplicate Error The model query incorrectly keeps or
removes duplicate rows, often due to
incorrect use or omission of DISTINCT.

Fig A.7

Row Selection Error The model query selects the wrong
specific row or subset of rows, often
due to incorrect ranking, ordering, or
LIMIT.

Fig A.9

NULL Handling Error The model query handles NULL values
incorrectly, either by including or ex-
cluding them in a way that changes
the result.

Fig A.10

Golden Query Issue The observed failure appears to result
from a problem, ambiguity, or validity
issue in the golden query rather than
from the generated model query.

Nonexistent Column The model referenced a nonexistent
column name.

Nonexistent Table The model referenced a nonexistent
table name.

SQL Syntax The model query is not an executable
SQL query due to syntax errors, or
invalid SQL structure.

II



Bibliography

Figure A.2: Example of an aggregation error. The model query aggregates con-
sumption at the customer level, while the golden query filters monthly consumption
records directly.

Figure A.3: Example of an output format error. The model’s result is presented
differently from the golden result, but it may still be considered a valid interpretation
of the NLQ.
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Figure A.4: Example of a wrong filter logic. The golden query interprets block
named "Masques" and "Mirage" as sets whose block is either Masques or Mirage.
The model query treats "Masques" as the block value, but treats "Mirage" as a set
name.

Figure A.5: Example of a wrong filter value. The model query uses the literal
value ’40’, while the database stores the matching charter number as ’0040’, causing
the filter to select the wrong records.
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Figure A.6: Example of a calculation Error. The model query returns the result as
a decimal proportion, whereas the golden query converts the value to a percentage.
The error is therefore caused by an incorrect arithmetic transformation, specifically
the missing percentage conversion.

Figure A.7: Example of a duplicate handling error. The model query omits DIS-
TINCT, causing the same molecule ID to appear multiple times when several match-
ing bonds are found.

V



Bibliography

Figure A.8: Example of a projection error. The model query returns two endpoint
columns, while the golden query expects one column containing atom IDs.

Figure A.9: Example of a row selection error. The model query uses an incorrect
LIMIT/OFFSET combination and returns more ranked rows than the specific rows
expected by the golden query.
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Figure A.10: Example of a NULL handling error. The model query omits the
AvgScrRead IS NOT NULL condition, allowing rows with missing values to affect
the result selection.

VII



Bibliography

VIII



B
Reproducibility Elements

{
Name of the model: "..." ,
Question id: "..." ,
Complexity level: "..." ,
Golden SQL query: "..." ,
Model SQL query: "..." ,
Tables used by the model: ["..."] ,
Output of executing model SQL query: [...] ,
Output of executing golden SQL query: [...] ,
Result of comparing the outputs : "..." ,
Repetition number : "..."

}

Figure B.1: Structure of a logged record for a trial.
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B. Reproducibility Elements

You are a schema selection assistant for Text -to -SQL.

Select the smallest set of tables needed to answer the
question . Include JOIN table names if needed . If unsure ,
include the table name.

Rules:
- Output ONLY valid JSON.
- Format : {{" tables ": [" table1 ", " table2 "]}}
- Use ONLY table names from the allowed list.
- Do NOT include explanations or extra text.
- Do NOT include parentheses or anything besides the JSON.

Valid examples :
{{" tables ": [" students "]}}
{{" tables ": [" orders ", " customers "]}}

Allowed tables :
{ allowed_tables }

Question :
{ question }

Schema :
{ schema_text }

Figure B.2: Prompt template for table selection (Step 1 of least-to-most prompt-
ing).
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B. Reproducibility Elements

You are a Text -to -SQL expert .

Using the selected tables below , the database
clarifications , and the natural language question , write

one SQLite SQL query that answers the question .

Selected Tables :
{', '.join( selected_tables )}

Database Schema for Selected Tables :
{ schema_text }

Clarifications :
{case.get (" evidence ", "")}

Natural Language Question :
{case [" question "]}

Return only the SQL query.

Figure B.3: Prompt template for SQL generation (Step 2 of least-to-most prompt-
ing).

XI



B. Reproducibility Elements

Query Complexity Simple Moderate Challenging
Question ids 82, 831, 554, 542, 695,

998, 799, 1134, 223,
69, 202, 422, 1410,
929, 546, 86, 950, 400,
299, 301, 1665, 844,
200, 318, 1505, 1314,
1512, 1361, 476, 748,
313, 389, 181, 614,
132, 1585, 61, 464,
496, 1129, 1673, 84,
1131, 502, 953, 54,
1004, 1575, 549, 1221,
756, 1313, 1363, 1045,
1145, 428, 1157, 13,
190, 1619, 1517, 1508,
143, 599, 225, 858,
809, 742, 103, 878,
900, 540, 1522, 1153,
396, 1133, 88, 311,
873, 713, 312, 902,
442, 697, 161, 1713,
564, 841, 580, 722, 10,
1197, 679, 430, 1536,
577, 323, 393, 369,
725

1506, 906, 222, 1106,
68, 1240, 970, 360,
761, 1182, 1375, 723,
1158, 100, 402, 466,
943, 1127, 1501, 766,
31, 615, 397, 1112,
1560, 1200, 185, 93,
958, 1316, 459, 408,
1291, 1430, 407, 1602,
40, 1475, 1327, 1225,
427, 732, 1098, 1440,
1146, 1395, 1121,
1548, 1529, 270, 1164,
1101, 508, 522, 822,
1474, 1229, 1162,
213, 1103, 236, 814,
1684, 255, 683, 1104,
1691, 894, 35, 1454,
1152, 152, 298, 511,
1289, 450, 188, 1252,
1264, 446, 391, 135,
175, 1170, 637, 1095,
899, 1274, 327, 1439,
753, 1125, 1388, 1047,
1093, 657, 272, 1401,
81, 1167

73, 173, 1242, 169,
1247, 1236, 730, 125,
818, 1190, 198, 1694,
268, 249, 319, 328,
1231, 1232, 1171,
1223, 1481, 62, 1037,
1161, 1339, 306, 1307,
834, 1457, 277, 772,
1239, 231, 371, 1295,
431, 1270, 634, 1115,
1183, 247, 1076, 835,
1359, 263, 1460, 28,
1241, 1041, 701, 1202,
1001, 994, 896, 1028,
1549, 1191, 1169,
1552, 744, 962, 290,
1114, 1302, 206, 1257,
477, 1036, 1192, 1168,
1437, 521, 212, 1476,
302, 1429, 1071, 307,
87, 1686, 819, 322,
506, 149, 775, 253,
1243, 1292, 639, 829,
334, 285, 337, 523,
513, 416, 1448, 94,
743, 1194

Table B.1: A full list of the 300 question identifiers for test cases sampled for this
study, grouped by query complexity.
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B. Reproducibility Elements

INPUT:
- Dataset of cases
- SQLite databases
- LLM model
- number of repetitions

OUTPUT :
- JSONL file with predictions and evaluation results

FOR each selected case in the dataset DO
(tables , schema ) <-- ExtractDatabaseSchema (case)

Prompt 1: ask the model to SelectRelevantTables (question
, tables , schema )

selected_tables <-- ParseTableList (model response )

FOR each repetition from 1 to repetitions DO
Prompt 2: ask the model to GenerateSQL (question ,

context , selected_tables )
sql <-- CleanSQL (model response )

TRY
predicted_result <-- ExecuteSQL (case.db_id , sql)

CATCH SQL error
SaveFailureRecord (case , sql , selected_tables , "

Hallucination " or " Syntactic ")
CONTINUE

END TRY

gold_result <-- ExecuteSQL (case.db_id , case.SQL)

IF CompareResults ( predicted_result , gold_result ) =
correct THEN

SaveSuccessRecord (case , sql , selected_tables , "
Correct ", predicted_result , gold_result )

ELSE
SaveFailureRecord (case , sql , selected_tables , "

Semantic ", predicted_result , gold_result )
END IF

END FOR
END FOR

Figure B.4: Pseudocode of the experiment’s script, executed once for each selected
model.
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C
Supplementary Statistical Results

(a) (b)

(c)

Figure C.1: Frequencies of consistency values for: (a) Qwen3 A3B; (b) Qwen3
A22B; (c) Qwen3 A35B.
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C. Supplementary Statistical Results

Figure C.2: Per-test-case consistency for the bottom 20% of test cases ranked by
consistency.
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