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ABSTRACT This paper introduces TURSpider, a novel Turkish Text-to-SQL dataset developed through
human translation of the widely used Spider dataset, aimed at addressing the current lack of complex, cross-
domain SQL datasets for the Turkish language. TURSpider incorporates a wide range of query difficulties,
including nested queries, to create a comprehensive benchmark for Turkish Text-to-SQL tasks. The dataset
enables cross-language comparison and significantly enhances the training and evaluation of large language
models (LLMs) in generating SQL queries from Turkish natural language inputs. We fine-tuned several
Turkish-supported LLMs on TURSpider and evaluated their performance in comparison to state-of-the-
art models like GPT-3.5 Turbo and GPT-4. Our results show that fine-tuned Turkish LLMs demonstrate
competitive performance, with onemodel even surpassingGPT-basedmodels on execution accuracy.We also
apply the Chain-of-Feedback (CoF) methodology to further improve model performance, demonstrating its
effectiveness across multiple LLMs. This work provides a valuable resource for Turkish NLP and addresses
specific challenges in developing accurate Text-to-SQL models for low-resource languages.

INDEX TERMS Text-to-SQL, LLM, large language models, Turkish, dataset, TURSpider.

I. INTRODUCTION
The Text-to-SQL task aims to translate natural language
statements into SQL queries based on given databases. This
task has attracted significant interest from both academia
and industry due to its potential to enable non-expert users
to automatically extract information from databases using
natural language. Text-to-SQL facilitates the development
of question-answering systems [1] and chatbots capable
of retrieving and presenting information stored within
databases.

Recently, the development of large language models
(LLMs) such as PaLM [2], GPT-4 [3] has driven substantial
progress in the Text-to-SQL domain. These models use
advanced techniques to manage the challenges [4] of
converting natural language into SQL queries. The Spi-
der [5] benchmark is frequently employed to evaluate these
models due to its complexity, which includes many nested
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queries and advanced SQL clauses such as GROUP BY
and ORDER BY.

Most research in this field has focused on the English
language, with limited attention given to non-English lan-
guages. There are several datasets available in languages such
as Chinese [6], Russian [7], Arabic [8], and Portuguese [9],
including counterparts to the popular Spider dataset; however,
the resources for Turkish remain notably limited. Although
a Turkish Text-to-SQL dataset [10] exists, it only includes
basic SQL queries, typically with a SELECT statement and
a single WHERE clause, and does not have complex nested
queries. This highlights the need for a more comprehensive
benchmark for the Turkish Text-to-SQL task. The primary
purpose of this study is to develop this benchmark dataset to
allow evaluation of models and cross-language comparisons.
With the development of the dataset, we were able to seek
answers to the following research questions:

1) Can inference-based state-of-the-art LLMs already
solve the Turkish Text-to-SQL problem? We address
this by evaluating state-of-the-art LLMs on the Turkish
Text-to-SQL task.
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2) Can Turkish LLMs fine-tuned on the Turkish Spider
(TURSpider) dataset solve the Turkish Text-to-SQL
problem? We explore this by fine-tuning Turkish
LLMs on the TURSpider dataset and assessing their
performance.

3) How do fine-tuned Turkish LLMs perform compared
to the GPT-3.5 Turbo and GPT-4 on the TURSpi-
der dataset? We investigate this by comparing the
performance of fine-tuned Turkish LLMs with GPT-
3.5 Turbo and GPT-4 on TURSpider.

4) How can we improve LLM performances for the
Turkish Text-to-SQL problem? We approach this by
applying the CoF methodology to enhance LLM
performance on Turkish Text-to-SQL.

To address these research questions, the TURSpider
dataset, with complex domain queries and a substantial
number of examples similar to the Spider dataset, was
essential. Instead of creating an entirely new dataset from
scratch, we chose to translate the original Spider dataset
to facilitate cross-language comparisons. Moreover, rather
than relying on machine translation, we employed a rigorous
human translation approach to ensure a high-quality, authen-
tic Turkish dataset.

Open-source Turkish-supported large language models do
not perform well for the Turkish Text-to-SQL problem.
Therefore, we fine-tuned these models using our proposed
TURSpider dataset to enhance their capabilities.We observed
that this fine-tuning significantly improves the models’
performance in handling Turkish Text-to-SQL tasks.

This paper presents the development and release of the
TURSpider dataset, along with an exploration of fine-tuning
LLMs to enhance their capabilities in Turkish Text-to-SQL
tasks. Our contributions can be summarized as follows:

• Construction of the TURSpider Dataset: We created and
released the TURSpider dataset, which is specifically
designed for Turkish. This provides a benchmark for
evaluating Text-to-SQL systems in Turkish, improving
the availability of large-scale Turkish Text-to-SQL
datasets.

• Fine-tuning Turkish Language Models: Using the TUR-
Spider dataset, we fine-tuned Turkish large language
models. By refining these models with the new dataset,
we show that one can improve their ability to handle
Text-to-SQL tasks, making them more useful in real-
world applications.

• Comparative Analysis with Advanced Language Mod-
els: Our study compares the fine-tuned Turkish large
language models with advanced models like OpenAI
GPT-3.5 Turbo and GPT-4. This comparison helps us
understand the performance and abilities of Turkish-
specific models compared to globally trained ones, pro-
viding insights into language modeling across different
languages.

The organization of the paper is as follows: In Section II,
we describe the task formulation of the Text-to-SQL task in
terms of large language models. In Section III, we explain

related works. Section IV describes how we constructed the
TURSpider dataset with detailed steps. Section V shows the
experimental setup for our comparative experiments and fine-
tuning of large language models, along with results and error
analysis. Finally, Section VI presents the conclusion of the
study.

II. TASK FORMULATION
In the context of LanguageModel-based Text-to-SQL (LLM-
based Text-to-SQL), the task involves processing an input
comprising a natural language statement (N ) and correspond-
ing database schema information (S). The database schema
(S) is represented as S = (T ,C), where T = {t1, . . . , tm}

denotes multiple tables and C = {c1, . . . , cn} represents
columns within those tables.

The main goal of the Text-to-SQL task is to automatically
generate a target SQL query (Q) based on the provided
natural language statement (N ) and the database schema
information (S). This involves using an LLM to understand
the natural language statement (N ) within the context of the
given database schema (S) and subsequently generate the
corresponding SQL query (Q). The task can be formulated
as:

Q = LLM(N , S)

The database schema (S) serves as essential contextual
information for understanding the semantics of the natural
language statement (N ) and creating an accurate SQL query
(Q) that properly interacts with the database tables and
columns defined within S.

Several challenges in the Text-to-SQL domain were
discussed in a recent study [11]. The ordering issue arises
when SQL queries with identical outcomes have predicates
listed in different orders, leading to multiple valid query
representations. The complex and cross-domain task requires
models to handle diverse and complicated SQL queries across
various domains, needing a high level of generalization. The
lack of information issue is caused by insufficient domain-
specific knowledge and rare entities in natural language
queries, resulting in inaccurate translations. The mismatch
problem occurs when there is a discrepancy between SQL
column names and their natural language descriptions,
causing confusion. The lexical problem comes from the
absence of key words in the training set, which makes it
difficult for the model to handle out-of-domain terms. Lastly,
the schema representation problem involves the difficulty
of generalizing models to unseen database schemas, which
requires accurately encoding and linking natural language
with schema information.

III. RELATED WORK
Text-to-SQL research has been an active area of study in
recent years, supported by the availability of diverse datasets
and benchmarks, particularly designed for English [12], [13],
[14], [15] and Chinese [6], [16], [17], [18], [19] languages.
The Spider dataset, introduced by Yu et al. [5], features
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complex and cross-domain SQL queries, distinguishing it
from other datasets like WikiSQL [14]. Spider consists of
10,181 questions and 5,693 unique SQL queries sourced from
200 databases covering 138 different domains. The dataset
was carefully curated and reviewed by 11 computer science
students, spending a total of 1,000 man-hours.

Efforts have been made to adapt the Spider dataset
into other languages in chronological order. Min et al. [6]
developed CSpider, a Chinese adaptation, by translating the
English questions while maintaining the original database
schemas in English. They translated all English questions
into Chinese for training and development sets but kept the
database schema in English. This translation involved two
NLP researchers and one computer science student, ensuring
accuracy through multiple checks.

Nguyen et al. [20] created ViText2SQL, a large Text-
to-SQL dataset for Vietnamese, by translating questions
and database schemas into Vietnamese for the training and
development sets of Spider. This was done by one NLP
researcher and two proficient computer science students,
with careful validation to maintain accuracy. Their human-
translated dataset is significantly more reliable than those
consisting of machine-translated questions. They found that
the overall results for Vietnamese were slightly lower but
comparable to the results in English.

Jose and Cozman [9] created a Portuguese version of the
Spider dataset by translating the questions while keeping
the original English database schema. They extracted and
translated the questions using the Google Cloud Translation
API.1 They concluded that a multilingual approach was
necessary, as conducting all experiments solely in Portuguese
was insufficient. Their experiments demonstrated that train-
ing with both the original and translated datasets yields better
results, even if the target language is Portuguese.

Bakshandaeva et al. [7] contributed PAUQ, the first
publicly available Russian Text-to-SQL dataset, by localizing
all components of Spider into Russian, including questions,
SQL queries, and database content. They also added new
samples for improvement. The translation processwas similar
to CSpider, utilizing human and machine translation datasets.
They created a machine-translated (MT) dataset using the
Yandex Translate API.2 Their experiments compared the
performance of models trained on manually translated (MT)
PAUQ data with those trained on machine-translated (MT) or
combined (MT + HT) datasets. Results indicated that MT +

HTmodels performed comparably to those trained on PAUQ.
Almohaimeed et al. [8] introduced Ar-Spider, the first

Arabic cross-domain Text-to-SQL dataset, by translating
Spider into Arabic using GPT-3 [21] and professional
translators post-edited for training and development sets. The
translation was performed by two professional translators
and verified by three computer science graduate students.
Their experiments showed that combining English and

1https://googleapis.dev/python/translation/latest/index.html
2https://yandex.cloud/ru/docs/translate/

Arabic datasets during training did not improve performance.
Models trained on the Arabic Ar-Spider dataset performed
worse than those trained on the English dataset.

Additionally, Dou et al. [22] presented MultiSpider, the
largest multilingual Text-to-SQL dataset, which covers seven
languages (English, German, French, Spanish, Japanese,
Chinese, and Vietnamese).

IV. TURSPIDER DATASET CONSTRUCTION
We created the TURSpider dataset by manually translating
the original Spider dataset from English to Turkish. We chose
to translate instead of developing a new dataset to facilitate
cross-language studies, given that Spider includes transla-
tions in various languages, which simplifies comparative
analysis. Initially, we conducted a comprehensive analysis
of the Spider dataset, consisting of 166 databases, each
containing 684 unique table names. These tables contain
various columns with varying amounts of data, all data is
stored in SQLite [23] files.

For the translation process, we employed a human trans-
lation approach as illustrated in Figure 1. We collaborated
with three third-year Computer Engineering students from
Istanbul Technical University, who are proficient in English
and have achieved high scores in database courses. The
data to be translated was divided into three parts, with each
student responsible for translating their assigned portion.
The process involved a multi-layered quality check system:
the second student cross-checked, corrected, and validated
the initial translation done by the first student, and the
third student then cross-checked, corrected, and verified the
second student’s work. This approach ensured that each
student had the opportunity to contribute to every round of
translation, enabling efficient cross-checking, correction, and
verification.

The human translation approach was applied to both the
database schema, including database names, table names,
and column names, as well as the dataset translation,
which included questions and queries from the training and
development sets. We did not include the Spider test set
because it was not publicly available.

FIGURE 1. TURSpider human translation approach.

We followed several steps for the translation process:
Firstly, we translated the English database names into
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Turkish. Next, we translated the table names within these
databases into Turkish as well. Moreover, we translated both
the table names and column names of the tables. Despite
some table names being located under different databases,
we translated them differently based on their domains. For
example, the word ‘‘department’’ has been translated as
both ‘‘departman’’ and ‘‘bakanlık’’ (ministry in English) in
some databases. Finally, the questions and queries within the
training and development datasets were translated based on
the translated database, table, and column names. Figure 2
illustrates the database schema structure along with examples
from the English Spider and TURSpider datasets for both
training and development data.

FIGURE 2. TURSpider database schema info.

A. MAN-HOURS SPENT
In the process of translating the dataset, we also analyzed
the total man-hours spent. In the first round of database
translation, 52 man-hours were utilized. For the development
set’s first round, 28 man-hours were consumed, while the
first round of the training set’s translation required 170 man-
hours. Moving on to the second round of translations, a total
of 72 man-hours were invested, followed by 42 man-hours in
the third and final round. Thus, a total of 364 man-hours was
dedicated to translating the Spider dataset into the TURSpider
dataset, as shown in Figure 3.

B. DATA STATISTICS
The TURSpider dataset comprises two main subsets: a
development set and a training set, aligned with the structure
and scale of the popular Spider dataset. The development

FIGURE 3. Man-hours spent across translation phases.

set contains 1034 data rows with 1023 unique questions
and 584 distinct SQL queries. In the training set, there are
8659 data rows, 8506 unique questions, and corresponding
SQL queries. Additionally, SQL query difficulty levels were
considered. Table 2 presents both simple and challenging
NL statements and their corresponding SQL queries in
both English and Turkish. For detailed statistics, including
question and SQL query uniqueness, and difficulty levels,
please refer to Table 1. The size and variety of TURSpider,
with its unique questions and diverse SQL queries, suggest
that the findings could be useful for real-world applications.

TABLE 1. TURSpider dataset distribution. # Q, # SQL, # E, # M, # H, and #
EH denote the numbers of unique questions, unique SQL queries, easy,
medium, hard, and extra hard level SQL queries, respectively.

TABLE 2. Example natural language statements with corresponding SQL
queries in TURSpider.

C. EVALUATION
We evaluated the translated dataset by applying an inter-
annotator agreement measure. Three different students
translated the same set of sentences, and the agreement
among their translations was calculated. The inter-annotator
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agreement measured 86.36% for the training set and 81.04%
for the development set, indicating substantial agreement in
the translations.

V. EXPERIMENTS
Two types of experiments were conducted to evaluate
the TURSpider dataset for the Text-to-SQL task. Firstly,
we employed an inference-only approach, utilizing the pre-
trained LLM for predictions without any training. Secondly,
we implemented a fine-tuning approach, where the LLMwas
further trained on our training set of TURSpider.

A. EXPERIMENTAL SETUP
In the literature, there is ongoing effort concerning Turkish
large language models (LLMs), with new models continu-
ously emerging. InApril 2024, we conducted our experiments
on selected models from Hugging Face [24]. In selecting
Turkish language models for fine-tuning, we prioritized
popular options such as Llama-2 [25] and Mistral [26] based
models, opting for models with similar sizes, namely 7B.
Thus, our choices included Trendyol LLM, Turkcell LLM,
and Sambalingo LLM, all of which are industry-specific
models from the Hugging Face repository. After the fine-
tuning process, we call them TrendyolSQL, TurkcellSQL,
and SambaLingoSQL, respectively.

1) DATASET
We conducted experiments on our proposed TURSpider
dataset.

2) EVALUATION
We use execution accuracy (EX) [14] as the evaluation
metric for all experiments. Execution accuracy measures
the correctness by executing the ground truth (G) and the
predicted (P) SQL queries over the underlying database and
comparing the execution results. If the results are the same,
then the prediction is considered as correct.

We first calculated the match score between ground truth
SQL and prediction SQL:

match(G,P) =

{
1 : G = P
0 : G ̸= P

(1)

Then, the execution accuracy (EX) is calculated by:

EX =

∑N
n=1 match(G,P)

N
(2)

3) IMPLEMENTATION
In our finetuning methodology, we utilized models con-
figured with 4-bit quantization and 16-bit floating-point
precision for computations. Additionally, the tokenizer
was adjusted for right-side padding. During training,
we employed SFTTrainer from Hugging Face with a batch
size of 4 on a single A100 GPU, implementing a cosine
learning rate schedule.

For GPT-3.5 Turbo [27] and GPT-4 [3] inferences, default
values, such as temperature settings, were employed within
the OpenAI API.

An example of an LLM prompt (in Turkish) used as
input for Text-to-SQL translation is shown in Figure 4.
The prompt translation in English is: ‘‘Write SQL query
for given natural language statement and table information.
Natural language statement: Where is the youngest teacher
from? Table Information: teacher (Teacher_ID, Name, Age,
Hometown)’’

We have shared the code used in our experiments via a
GitHub repository, which can be accessed at.3

FIGURE 4. LLM prompt for Text-to-SQL translation.

4) LARGE LANGUAGE MODELS
We conducted experiments on the TURSpider dataset by
using inference-only and fine-tuning approaches with the
following models:

• GPT-3.5 Turbo is an OpenAI model available through
the OpenAI API, which features a context window of
16,385 tokens, allowing it to process and understand
more extensive text inputs.

• GPT-4 is an OpenAI model that represents a remarkable
advancement in artificial intelligence technology. With
a context window of 128,000 tokens and approximately
1 trillion parameters, this model is designed to tackle
complex tasks with exceptional accuracy and efficiency.

• Trendyol-LLM-7b-base-v0.1 is a generative model
based on the Mistral 7B model, which is trained in both
English and Turkish.

• SambaLingo-Turkish-Base is a pretrained bilingual
Turkish and English model that adapts Llama-2-7b to
Turkish by training on 42 billion tokens.

• Turkcell-LLM-7b-v1 is an extended version of a
Mistral-based Large Language Model (LLM) for Turk-
ish. It was trained on a cleaned Turkish raw dataset con-
taining 5 billion tokens. The training process involved
using the DORA [28] and LORA [29] methods.

B. RESULTS
We provided 1034 natural language statements and database
schemas from the TURSpider development set to GPT-
3.5 Turbo and GPT-4. The execution accuracy values of
SQL queries obtained through inference-based methods were
measured to be 55.99 and 57.25, respectively. However, fine-
tuning Turkish-supported large language models (LLMs)
with 8659 natural language statements and SQL query

3https://github.com/alibugra/TURSpider
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pairs from the TURSpider training set, along with database
schemas, resulted in different accuracies for different LLMs.
For TrendyolSQL, an accuracy of 25.04 was achieved,
for SambaLingoSQL it was 30.65, and for TurkcellSQL
it was 58.22. These results are presented in Table 3.
The TurkcellSQL model demonstrated higher accuracy
compared to inference-based models and other fine-tuned
models.

TABLE 3. Execution accuracy (EX) of LLMs on the TURSpider development
set.

Table 4 presents the execution accuracy results obtained
from various LLMs when evaluated against different
difficulty levels of SQL queries using the TURSpider
development dataset. The analysis reveals distinct perfor-
mance variations among the LLMs across varying query
complexities. For SQL queries categorized under medium
difficulty, GPT-4 demonstrates superior execution accuracy
compared to other LLMs included in the study. This finding
underscores the enhanced capabilities of GPT-4 in accurately
interpreting and executing moderately challenging SQL
queries. TurkcellSQL emerges as the standout performer
across all levels of query difficulty, including easy, hard,
and extra hard categories, as well as across the entire
spectrum of query complexities evaluated. TurkcellSQL
consistently outperforms its counterparts, highlighting its
robustness and effectiveness in handling diverse SQL query
challenges.

Recently, several advanced methods [11] have demon-
strated superior performance on the original Spider dataset
compared to the results we obtained on our dataset. For
instance, custom methods have been tested on the Spider
dataset, with remarkable results. The DIN-SQL model, for
example, achieved an execution accuracy of 82.8%with GPT-
4. Additionally, SQL-PaLM reached an execution accuracy of
82.7% on the Spider dataset.

TABLE 4. Execution accuracy (EX) of LLMs with different hardness levels
on the TURSpider development set.

C. CHAIN-OF-FEEDBACK
Chain-of-Thought (CoT) [30] has been a popular prompting
technique that improves the reasoning capabilities of large
language models. CoT works by breaking down a complex

problem into smaller and sequential steps. Inspired by CoT
prompting, a number of Chain-of-X (CoX)methods [31] have
been developed.

One significant variant of CoX is the Chain-of-Feedback
(CoF), which uses the output of LLMs as feedback through-
out the generation process to improve responses. In our study,
we employ the CoF method to improve the Text-to-SQL
capabilities of LLMs. Our approach involves an iterative
feedback loop where the generated SQL queries are executed,
and errors from this execution are fed back into the system.
The initial prompt and the error feedback are then used to
regenerate the SQL query.

Table 5 provides a comparative overview of model
execution accuracy (EX) and the number of execution errors
for different iterations of language models, including GPT-
3.5 Turbo, GPT-4, and TurkcellSQL, both individually and
with the Chain-of-Feedback (CoF) method.

TurkcellSQL achieves the highest execution accuracy at
58.22, with 111 execution errors. However, upon integrating
the CoF approach, there is a noticeable improvement
across all models. GPT-4 + CoF reaches the highest
execution accuracy at 59.57, with 59 execution errors,
followed closely by TurkcellSQL + CoF at 60.05, with
70 execution errors. Interestingly, while GPT-3.5 Turbo +

CoF and GPT-4 + CoF experience a reduction in execution
accuracy compared to their unaugmented counterparts, they
demonstrate significant reductions in the number of execution
errors, indicating a more refined and precise execution
process facilitated by the CoF methodology. Overall, the
integration of Chain-of-Feedback proves to be a benefi-
cial enhancement strategy, leading to improved execution
accuracy and reduced errors across various language model
architectures.

TABLE 5. Execution accuracy (EX) of LLMs with and without
Chain-of-Feedback (CoF) on TURSpider development set.

D. ERROR ANALYSIS
GPT-3.5 Turbo, GPT-4, and TurkcellSQL were evalu-
ated based on their ability to generate SQL queries
against a database schema. The analysis revealed discrep-
ancies between the generated queries and their execution
results.

For GPT-3.5 Turbo, out of 1034 generated queries, 579
(55.99%) matched the execution results, while the remaining
455 queries either failed to match or were inaccurately
generated. A manual inspection of these 455 queries showed
that 408 (89.67%) were syntactically correct SQL queries
but did not match the execution results. Additionally, 47
(10.33%) queries were found to be inaccurately generated.
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Among these inaccuracies, it was observed that 25 queries
used non-existent column names, 14 used non-existent table
names, 1 had an ambiguous column reference, 1 had the
wrong number of arguments for a function, 2 used non-
existent functions, and 4 had syntax errors.

Similarly, for GPT-4, out of 1034 generated queries, 592
(57.25%) matched the execution results, leaving 442 queries
with discrepancies. Uponmanual inspection, 339 (76.70%) of
these queries were syntactically correct but did not match the
execution results. Additionally, 103 (23.30%) queries were
inaccurately generated. Among these inaccuracies, it was
found that 26 queries used non-existent column names,
66 used non-existent table names, 2 had ambiguous column
references, 1 had the wrong number of arguments for a
function, 2 used non-existent functions, and 6 had syntax
errors.

TABLE 6. Error distribution on generated SQL queries for different LLMs.

Further analysis focused on the TurkcellSQL model.
For this model, out of 1034 generated queries, 602
(58.22%) matched the execution results, while the remaining
432 queries had issues. Manual examination showed that
321 (74.31%) of these queries were syntactically correct
but did not match the execution results. Additionally, 111
(25.69%) queries were inaccurately generated. Among these
inaccuracies, it was observed that 83 queries used non-
existent column names, 15 used non-existent table names,
7 had ambiguous column references, 2 had misuse errors, and
4 had syntax errors.

We also conducted a more detailed analysis of the error
types shown in Table 6. Since most errors are caused by ‘‘no
such table’’ and ‘‘no such column’’ errors, we focused on
these two error types in more detail. We provide examples
for ‘‘no such table’’ and ‘‘no such column’’ errors with
gold and predicted SQL queries in Table 7. We observed
that errors mostly arise from Turkish character errors, plural
suffix errors, and hallucinations. For instance, in the case
of a Turkish character error, if the table name is ‘‘öğrenci’’
(student in English), LLM predicted it as ‘‘ogrenci’’. Plural
suffix errors were seen where ‘‘arabalar’’ (cars in English)
was written as ‘‘araba’’ (car in English). For hallucinations,
we noticed instances where English words were used instead
of Turkish table or column names. There were also made-
up words, and underscores were used to separate compound

words. The distribution of these errors for GPT-3.5 Turbo,
GPT-4, and TurkcellSQL is shown in Figure 5.

TABLE 7. Examples of errors in generated SQL queries.

FIGURE 5. Error detail distribution.

FIGURE 6. Number of errors made by LLMs across different difficulty
levels.

Figure 6 compares the number of errors made by the
three models, GPT-3.5-Turbo, GPT-4, and TurkcellSQL,
across different difficulty levels. GPT-3.5-Turbo performs
well on easy and hard tasks but struggles with medium
and extra hard challenges. GPT-4 shows a more balanced
distribution of errors, particularly with increases in medium
and extra hard tasks. TurkcellSQL does well in easy tasks
but has significant difficulties in medium and extra hard
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levels. Overall, these findings indicate that while GPT-
3.5-Turbo and TurkcellSQL are effective with simpler
tasks, all models face challenges with more complex
queries.

VI. CONCLUSION
In this paper, we introduced the TURSpider, a large-scale,
complex, and cross-domain Text-to-SQL dataset that contains
SQL queries in different hardness levels, translated from
the original English Spider dataset into Turkish. TURSpider
establishes a robust benchmark for Turkish Text-to-SQL
tasks, addressing the current lack of advanced Turkish
datasets. Additionally, we compared the performance of
fine-tuned Turkish large language models (LLMs) with
inference-based models such as GPT-3.5 Turbo and GPT-4,
demonstrating that the Turkish LLMs perform competitively
and often surpass the inference-based models. Furthermore,
we conducted an error analysis based on generated SQL
queries to provide valuable insights and directions for
future research. We believe that the public release of our
dataset4 can serve as a useful research benchmark for
further Turkish and cross-language Text-to-SQL research and
applications.

For future work, to achieve more robust results in Turkish
Text-to-SQL studies, existing Turkish-supported LLMs need
to perform better in Turkish benchmarks. By fine-tuning
models that are good at reasoning, we may achieve more
successful results. Moreover, when we examine LLM studies
conducted with the English Spider dataset, we observe that
pre-trained models are less effective, whereas models fine-
tuned with Spider perform better. Similarly, we observe
that models that are good at coding and reasoning also
perform better in the Text-to-SQL task. Additionally, LLM
prompts can be rewritten to improve performance compared
to existing prompts.

LIMITATIONS
The TURSpider dataset, while valuable for advancing Turk-
ish Text-to-SQL research, has limitations related to dataset
bias [32]. These include potential translation bias from the
original Spider dataset, which could lead to inaccuracies
due to linguistic differences between English and Turkish.
Additionally, the dataset may not fully reflect Turkish cultural
or contextual nuances, limiting its applicability in local
contexts.
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