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ABSTRACT
Smart contracts, self-executing agreements on the blockchain, have
emerged as a transformative force in blockchain technology, au-
tomating agreements and enabling decentralized applications. How-
ever, the stakes are extraordinarily high—manual coding errors in
smart contracts have repeatedly led to financial losses. Notable inci-
dents, such as the DAO hack that resulted in a loss of approximately
$50 million [36] and the Parity wallet vulnerability that froze ap-
proximately $280 million in assets [45], underscore the immense
economic risks involved. To support manual development tasks,
recent advancements in artificial intelligence (AI) powered by large
language models (LLMs) have transformed how software is devel-
oped and maintained by automating various software engineering
tasks.

This research explores the capabilities of generative AI tools for
efficient and secure smart contract development. The methodology
involves two phases: 1) we distribute a mixed methods survey for
blockchain and smart contract developers (𝑛 = 114) to investigate
their perspectives towards utilizing LLMs; and 2) we evaluate the
effectiveness of generative AI tools, such as ChatGPT, Google Gem-
ini, and ChainGPT, for smart contract development. This evaluation
is based on comparing the LLM-generated smart contract code with
human-written code, using a diverse dataset of smart contracts
gathered from GitHub. Static analysis tools and unit testing are
employed to validate the accuracy, correctness, efficiency, and se-
curity of the generated code. Our findings highlight the potential
of these tools to accelerate smart contract development processes,
while also emphasizing the need for human oversight, contributing
to the advancement of blockchain technology and its applications.

CCS CONCEPTS
• Security and privacy → Cryptography; Smart contracts; •
Theory of computation → Blockchain.

KEYWORDS
smart contracts, large language models, artificial intelligence, soft-
ware engineering, blockchain, ChatGPT, ChainGPT, Gemini, gener-
ative AI

1 INTRODUCTION
Smart contracts are self-executing contracts with the terms of the
agreement directly written into code, enabling automated and se-
cure transactions without human intervention [52]. In various do-
mains, smart contracts are being leveraged to automate processes,
ensure compliance, and streamline operations [58]. For example, in
the supply chain domain, IBM’s Food Trust platform utilizes smart

contracts to ensure food safety and traceability throughout the sup-
ply chain. When certain temperature or humidity conditions are
not met during transportation, the smart contract can automatically
trigger alerts or withhold payment until the issue is resolved [6].

However, smart contract development poses significant chal-
lenges, including coding complexity, vulnerabilities, and auditing
difficulties, particularly in manual coding processes[55]. These chal-
lenges can increase the risk of vulnerabilities, security threats, and
oversights, while complicating auditing and verification processes.
A notable example is the 2016 DAO attack, which resulted in the
theft of $60millionworth of Ether due to a vulnerability in the smart
contract’s code[69]. This incident highlights how even small coding
oversights can lead to catastrophic financial losses, underscoring
the need for rigorous smart contract development processes.

Recent advancements in artificial intelligence (AI) powered by
large language models (LLMs) have transformed how software is de-
veloped and maintained through automating a variety of software
engineering (SE) tasks [64]. Studies show generative AI tools pow-
ered by large language models (LLMs) are effective for supporting
software development tasks such as code generation, documenta-
tion, and code translation [40]. In addition, LLM-powered tools,
such as GitHub Copilot,1 can generate code snippets or entire func-
tions based on natural language prompts [39]. Further, adoption of
these tools in SE is rapidly increasing. For example, according to
the most recent StackOverflow Developer Survey, approximately
80% of developers are already using or plan to use AI-based SE
assistants in their workflows [1].

While these tools are becoming indispensable in traditional soft-
ware development, smart contract development presents unique
challenges. Unlike traditional software, smart contracts operate on
blockchain platforms, where immutability is a key feature. Once
deployed, smart contracts cannot be easily altered, which makes it
crucial to ensure their correctness and security upfront. This makes
errors, bugs, and vulnerabilities particularly costly, as they can-
not be corrected through updates or patches. Furthermore, smart
contracts often handle high-value transactions and execute au-
tonomously, increasing the risk associated with coding errors or
security flaws.

The complexity and high-stakes nature of smart contract devel-
opment highlight the potential value of LLMs in this domain. LLMs
can assist in automating the generation of secure and precise smart
contract code by integrating known best practices, potentially re-
ducing human error during development. Prior work has explored
how to leverage the capabilities of ChatGPT [3]—a state-of-the-
art LLM-based chatbot—for smart contract development [48]. Our

1https://github.com/features/copilot
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project extends this work by providing a comparative analysis to
evaluate the quality of across LLM-based systems and collecting
insights from smart contract developers on their perceptions of
utilizing LLMs for development tasks. In particular, we aim to
answer the following research questions (RQs):

RQ1:What are the perceptions and attitudes of blockchain de-
velopers towards the utilization of generative AI tools for smart
contract development?

RQ2: How effective are generative AI tools in generating smart
contracts?

RQ3: What impact does customized training data for genera-
tive AI tools have on the quality and efficiency of smart contract
generation?

To answer these questions, we divided our methodology into two
interconnected phases. First, we conducted a sampling study [56],
distributing amixed-methods survey to gain insights from 29 blockchain
developers on their experiences and perceptions of using LLMs for
smart contract development. The survey results directly informed
the second phase, where we explore the capabilities of LLMs for
smart contract development. We investigate generated smart con-
tracts from three LLMs—ChatGPT [3], Google Gemini [4],2 and
ChainGPT [2]. To assess LLM-generated smart contracts, we gath-
ered a dataset of blockchain-based projects (DApps) hosted
on GitHub to obtain publicly available smart contract files. To
evaluate the effectiveness, of LLMs, we compared generated smart
contracts against information recovered from existing software sys-
tems via the human-written smart contracts in our dataset. We used
real-world blockchain-based static analysis tools, such as Solidity
analyzer, Solhint, and the Remix Solidity analyzer, to extract details
comparing the quality of LLM-generated smart contracts. Addition-
ally, we performed unit testing to verify the functional correctness
and behavior of the generated smart contracts. An overview of our
methodology is presented in Figure 1.

Our findings highlight the potential of LLMs to accelerate smart
contract development processes, while also emphasizing the need
for human oversight and domain expertise to ensure the quality
of generated code. Insights from industry practitioners on the po-
tential use cases and challenges of integrating AI tools into smart
contract development workflows show that—while developers ac-
knowledge the potential benefits of using generative AI for tasks
such as code generation, documentation, and prototyping—they
expressed concerns regarding the trustworthiness and reliability of
the generated code, particularly for mission-critical or high-value
applications. We also demonstrate the abilities of generative AI
tools for producing smart contracts, and further show that cus-
tomized training data enhances the output of LLMs, in the context
of smart contract development. This project contributes to the
growing body of research on the application of generative AI in
blockchain oriented software engineering (BOS). Additionally, we
make our DApps dataset and GitHub data available as part
of a data replication package,3 ensuring accessibility for future
researchers.

2formerly known as Google Bard
3https://github.com/shawalkhalid667/SmartContractAnalysis

2 BACKGROUND
2.1 Smart Contracts in Blockchain Technology
Smart contracts are self-executing agreements on the blockchain
that automatically enforce the terms of a contract when prede-
termined conditions are met [57]. These contracts are stored and
replicated across a decentralized network of nodes, ensuring trans-
parency, immutability, and eliminating the need for intermediaries
[13]. The Ethereum blockchain, introduced in 2015, was the first
widely adopted platform for creating and deploying smart contracts,
leveraging its Ethereum Virtual Machine (EVM) to execute contract
code [13]. Smart contracts have found applications across various
domains, including supply chain management, finance, and soft-
ware licensing [10]. For instance, IBM’s Food Trust platform utilizes
smart contracts to ensure food safety and traceability throughout
the supply chain [6]. Moreover, the Uniswap smart contracts pro-
cessed about $7.17 billion per day in 2021 [12], illustrating the high
stakes involved in smart contract operations. In the software engi-
neering domain, smart contracts can facilitate software licensing
agreements by automating payments based on usage or predeter-
mined conditions [66]. The immutable and transparent nature of
smart contracts, combined with their ability to automate processes
and eliminate intermediaries, has made them a valuable tool for
various industries seeking to streamline operations, reduce costs,
and increase trust and accountability [70]. Recent empirical work
has also highlighted the evolving practices and challenges faced by
blockchain developers in building and maintaining secure smart
contracts, pointing to the need for better tools and frameworks
[28].

2.2 Generative AI and Software Engineering
Recent advancements in AI powered by LLMs have transformed
software development [64]. Generative AI tools powered by LLMs
have shown promising results in supporting software development
tasks such as code generation, documentation, and code translation
[15, 42]. Tools like GitHub Copilot,4 powered by OpenAI’s Codex
model, can generate code snippets or entire functions based on
natural language prompts, potentially improving developer produc-
tivity and reducing coding errors [21, 47]. Additionally, AI-powered
code analysis and testing tools can help identify and mitigate vul-
nerabilities and bugs, improving the overall quality and security
of software systems [15]. Researchers have also explored LLMs
in specific domains of software development, such as fintech [67]
and healthcare [18]. Complementary research has explored how
social signals and community behaviors impact developer decision-
making and adoption of blockchain tools, underlining the socio-
technical complexity of this development landscape [30, 31]. We
aim to investigate the perceptions and capabilities of LLMs in the
blockchain domain, specifically for smart contract development.

2.3 Related Work
The application of generative AI tools in the domain of smart con-
tract development remains largely unexplored, with limited re-
search in this area. However, some studies have investigated the

4https://github.com/features/copilot
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potential of leveraging AI and machine learning techniques for var-
ious aspects of blockchain and smart contract development. For ex-
ample, Qin et al. [50] proposed a machine learning-based approach
for detecting vulnerabilities in smart contracts, using a combina-
tion of static analysis and deep learning techniques—demonstrating
promise in identifying potential vulnerabilities, such as reentrancy
attacks and integer overflows. Similarly, Ni and colleagues imple-
ment machine learning techniques in CrashSCDet, a system to
detect smart contracts that will cause runtime errors [41]. Tann et
al. [59] explored the use of natural language processing (NLP) tech-
niques to automatically generate smart contract specifications from
natural language requirements. Their approach aimed to bridge the
gap between non-technical stakeholders and developers, facilitat-
ing the translation of requirements into executable smart contract
code.

More recently, researchers have explored the capabilities of LLMs
for automatically detecting [26], classifying [35], and repairing [60]
smart contract vulnerabilities, in addition to smart contract au-
diting [37] and formal verification [34]. While these studies have
explored specific applications of LLMs in the context of smart con-
tract development, there is still a lack of research on leveraging
generative AI tools for creating smart contracts. The work most
closely related to ours by Petrovic et al. proposes an automated
model-driven smart contract generation approach that leverages
ChatGPT [48]. Our project extends this work by: a) investigating
the capabilities of ChatGPT for smart contract generation across a
diverse domain of blockchain based projects (DApps); b) comparing
ChatGPT smart contract generation with LLM-based systems; and
c) collecting insights from blockchain developers on experiences,
opportunities, and challenges for using LLMs in smart contract
development. By investigating the perceptions and capabilities of
generative AI tools, this research aims to explore their potential
in addressing the challenges of smart contract development, con-
tributing to the advancement of blockchain technology and its
applications.

3 METHODOLOGY
To investigate the potential of generative AI tools for efficient and
secure smart contract development, our research methodology in-
volved two main phases: a developer survey and comparative anal-
ysis of AI tools.

3.1 Phase 1: Developer Survey
We distributed an online survey to gather insights from blockchain
and smart contract developers regarding their perceptions and
attitudes towards utilizing LLMs for smart contract development
tasks (RQ1).

3.1.1 Survey Design. We distributed a mixed-methods survey to
gain insights from developers on their experiences and percep-
tions of using LLMs for smart contract development. The survey
consisted of 16 questions, including both multiple-choice and open-
ended formats. We collected background information from partic-
ipants, such as their blockchain and smart contract development
experience, the industry in which they work, current job title, and
familiarity with LLMs. The survey was designed to explore partici-
pants’ perceptions of using LLMs for smart contract development,

their reasons for or against using these tools, and the potential
challenges and benefits associated with their adoption.

We received responses from 114 developers, which allowed us
to gather comprehensive insights into the relevance of the survey
questions and the key themes surrounding the adoption of LLMs.
The questions covered topics such as familiarity with LLMs, per-
ceived benefits and challenges of using LLMs for smart contract
development, and willingness to adopt these tools in their work-
flows.

3.1.2 Participant Recruitment. To recruit participants, we used
purposive sampling to target programmers with blockchain de-
velopment experience. We distributed the survey through various
channels, including online blockchain development communities,
forums, and social media platforms, such as LinkedIn.5 In addition,
we sent recruitment emails to GitHub developers who were listed
as contributors6 to repositories for smart contracts in our dataset
(see Section 3.2.1) with publicly available email addresses on their
profile. Our study protocol for this phase was approved by our
university’s institutional review board (IRB) for human subjects
research.

3.1.3 Participants. We received responses from 114 participants—
all with blockchain development experience. Most participants
(64%, 𝑛 = 73) had between 0-1 years of blockchain experience,
while 18% (𝑛 = 21) had 2-3 years, 12% (𝑛 = 14) had 3-4 years, and
4% (𝑛 = 6) had more than four years of experience. Among these,
4% (𝑛 = 5) participants were considered “experts” with very high
familiarity with smart contract development. Participants’ experi-
ences spanned a wide variety of blockchain application domains,
including gaming, education, finance, and other technologies. This
sample also represents a variety of roles, including software de-
velopers and engineers, managers, consultants, security reviewers,
and academic researchers. In addition, most participants (𝑛 = 68,
60%) had at least intermediate knowledge of AI and LLMs. 43 (38%)
respondents reported using LLMs in smart contract development.
Of those who responded to a follow-up question regarding which
LLMs were used, 35 mentioned ChatGPT, 7 replied GitHub Copilot,
4 mentioned ChainGPT, 3 reported using OpenAI Codex, and 2
stated that they used Tabnine. Other tools were also mentioned by
2 participants. An overview of the survey participants is presented
in Table 1.

3.1.4 Data Analysis. The survey responses were analyzed using
a mixed-methods approach, incorporating both quantitative and
qualitative techniques. Initially, the survey was publicly shared
on LinkedIn to reach a broad audience of blockchain developers
and researchers. However, this resulted in an unexpectedly high
volume of responses, with a total of 6,401 submissions. Upon closer
examination, a significant portion of these responses appeared to
be spam or low-quality entries. After applying a systematic data-
cleaning process, we retained 114 valid responses, indicating that
approximately 98.2% of the submissions were spam.

To ensure data integrity, we implemented multiple filtering tech-
niques:

5https://www.linkedin.com/feed/
6https://docs.github.com/en/repositories/viewing-activity-and-data-for-your-
repository/viewing-a-projects-contributors
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Figure 1: Overview of methodology

Table 1: Survey Respondent Demographics and Background
(n=114)

Demographics # %

Blockchain Development Experience
0-1 years 73 64.91%
2-3 years 21 18.42%
3-4 years 14 12.28%
> 4 years 6 4.31%
Industry
Technology 67 58.77%
Gaming 12 10.53%
Education 11 9.65%
Finance 5 4.39%
Healthcare 4 3.51%
Other 15 13.15%
Role
Researcher/Academic 43 37.72%
Developer/Engineer 28 24.56%
Project Manager 9 7.89%
Business Analyst 4 3.51%
Executive/Manager 5 4.39%
Other 25 21.93%
Knowledge of AI and LLMs
Advanced Expertise 20 17.54%
Intermediate Knowledge 68 59.65%
Basic Understanding 21 18.42%
None 5 4.39%
AI Usage for Smart Contract Development
Yes 43 37.72%
No 71 62.28%
LLMs Used (Follow-up)
ChatGPT 35 30.70%
GitHub Copilot 7 6.14%

• Duplicate and Automated Responses: We removed duplicate
entries by identifying repeated email addresses, IP addresses,

and response timestamps. Entries from disposable email ser-
vices were also flagged and excluded.

• Response Quality Filtering: We applied several heuristics to
detect low-effort or automated responses, including:
– Completion Time: Entries completed in an unrealistically
short time were flagged as potential spam.

– Straight-Lining Detection: Responses where the same op-
tion was selected across all Likert-scale questions were
removed.

– Text-Based Analysis:Open-ended responses containing gib-
berish, irrelevant content, or copy-pasted generic phrases
were excluded.

• Manual Review: After applying automated filters, we con-
ducted a manual review of borderline cases, focusing on
open-ended responses to ensure meaningful engagement.

Following this data-cleaning process, we proceeded with the
analysis using the refined dataset. For the quantitative analysis,
we applied descriptive statistics to explore trends in closed-ended
questions, allowing us to identify common patterns in participant
experiences. For the qualitative analysis, we employed thematic
analysis [16], a widely used method for identifying and interpret-
ing recurring themes in textual data. One of the key themes that
emerged was the concern over the accuracy and reliability of LLM-
generated smart contracts, frequently mentioned by participants.

By integrating robust data-cleaning methods with a structured
analytical approach, we ensured that our findings are based on
high-quality, meaningful responses, enhancing the reliability and
validity of the study.

3.2 Phase 2: Evaluation of Generative AI Tools
In the second phase, we evaluated the effectiveness of three gen-
erative AI tools, namely ChatGPT, Google Bard, and ChainGPT,
for smart contract development (RQ2). We also specifically explore
the capabilities of ChainGPT in comparison with the other tools
to investigate the impact of customized training data relevant to
blockchain applications on completing smart contract development
tasks (RQ3).

3.2.1 Dataset Collection. To evaluate the effectiveness of genera-
tive AI tools for smart contract development, we gathered a diverse
dataset of 102 decentralized applications (DApps) hosted on GitHub,
spans across 17 distinct categories with their smart contracts writ-
ten in solidity (.sol). This provide a diverse representation of DApp
projects to ensure a representative sample of various contract types,
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complexities, and use cases. The diversity of categories is further
highlighted in the breakdown shown in Table 2, where the distribu-
tion of DApps across different categories is presented. We use this
dataset to conduct an evaluation to investigate LLM-based smart
contract development.

Table 2: DApps Dataset Categories Distribution

Category Count Category Count
Finance 23 Governance 4
Exchanges 17 Media 3
Games 14 Identity 3
Social 9 Storage 4
Marketplaces 8 Security 5
Development 5 Other 5
Property 2 Grand Total 102

Our dataset includes various attributes such as DApp name, cat-
egory, GitHub metrics (stars, watchers, forks, contributors, total
commits), project status (active, archive), license information (MIT,
MPL, Open-source, Apache, GPL), and specific details related to
smart contract files and testing outcomes. This encompasses infor-
mation such as the smart contract file name, links to our GitHub
dataset, human written contract compilation status, tests passed
and failed, time taken for testing, links to generated smart contracts
by different AI models (Chat GPT, Gemeni, Chain GPT), and com-
pilation status and testing outcomes of these generated contracts.
These details allow for a thorough analysis of the performance and
effectiveness of generative AI tools in smart contract development,
including their ability to produce functional contracts and pass
relevant tests. Key statistics of our dataset are presented in Table 3.

Additionally, we referred to the DApps Quality Characteristics
Dataset[43] to supplement our dataset. We implemented various
filters to guarantee the integrity and applicability of the data. We
eliminated projects that lacked .sol files, had inaccessible public
repositories, were not written in .sol lanaguage, contained broken
links, or were not found or no longer existent. Additionally, we
filtered out projects coded in outdated Solidity versions that are
no longer compatible or verifiable. For instance, keywords like
“constant” are obsolete in the context of function declarations in
contemporary Solidity versions. Instead, developers should use
“view” or “pure” depending on whether the function modifies the
state or not.

3.2.2 AI Tools. For this evaluation, we assess the smart contract
development capabilities of three AI tools—ChatGPT, Google Gem-
ini, and ChainGPT. These systems, powered by LLMs trained on

Table 3: Distribution of GitHubMetrics in our DApps Dataset

Metric avg 50%ile 75%ile 90%ile max
Stars 98.5 17.5 80 336 867
Forks 76.5 9 56 307 814
Watchers 14.5 7.5 21 39 81
Contributors 9.7 3 10 26 104
Commits 1,121.8 88 507 1,492 47,711

large amounts of data, take natural language input and produce
output in a conversational dialogue.

ChatGPT. ChatGPT is a popular LLM-based chatbot provided by
OpenAI trained on a large corpus of data [3]. Prior work shows
ChatGPT can be effective for supporting various development tasks,
including requirements engineering [64], software design [7], code
generation [25], testing [24], debugging, and refactoring [8, 19].
Recent work has also investigated using ChatGPT for auditing smart
contracts [65], detecting vulnerabilities [14], and smart contract
generation [48]. We leveraged ChatGPT version 3.5 turbo plus.

Google Gemini. Google Gemini, formerly known as Google Bard,
is an LLM-based assistant powered by Google AI [4]. Gemini has
Code Assist functionality to support software development tasks.7
Research suggests Gemini can successfully generate code for Leet-
Code8 and GeeksforGeeks9 programming contests [25]. Further,
Gemini has shown capabilities to automate other software devel-
opment tasks—including requirements engineering, design, and
testing tasks in a comparison with GPT [11]. For this study, we use
Gemini version 1.0 pro.

ChainGPT. ChainGPT is anAI chatbot designed to answer blockchain
and cryptocurrency-related questions [2]. The platform is powered
by models crafted for Web3, Blockchain, and Cryptocurrency ap-
plications.10—with the ability to solve complex problems in the
cryptocurrency and blockchain domains [5, 62]. We used ChainGPT
version, V1.6. To our knowledge, this is the first study to evaluate
the code generation abilities of ChainGPT. While there is limited
scholarly literature evaluating the capabilities of ChainGPT, the
system incorporates a “Smart Contract Generator” to automate
the creation of smart contracts.11 We aim to evaluate this func-
tionality, and explore the effects of customized training data on
domain-specific applications of LLM-based development.

3.2.3 Prompts for Smart Contract Generation. For each generative
AI tool, we provided prompts and instructions to generate smart
contracts based on specific requirements and use cases from the
smart contract file. Subsequently, a prompt for ChatGPT would
be crafted to guide the generation of further smart contracts. The
prompt generation process involved careful consideration of var-
ious factors to ensure the effectiveness and relevance of the gen-
erated contracts, with a particular focus on writing prompts in
natural language.

(1) Identified key functionalities, data structures, and business
logic.

(2) Determined contract types, input/output formats, and error
handling mechanisms.

(3) Provided concise guidance on desired functionalities and
behaviors.

(4) Added examples to clarify intended behavior.
(5) Refined prompts based on feedback and testing.

7https://cloud.google.com/gemini/docs/codeassist/overview
8https://leetcode.com/
9https://www.geeksforgeeks.org/
10https://www.chaingpt.org/#ecosystem
11https://www.chaingpt.org/blog/how-to-create-a-smart-contract-with- the-
chaingpt-ai-generator

https://cloud.google.com/gemini/docs/codeassist/overview
https://leetcode.com/
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https://www.chaingpt.org/blog/how-to-create-a-smart-contract-with-the-chaingpt-ai-generator
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(6) Tested prompts to ensure effectiveness in guiding contract
generation.

By following this step by step approach, researchers ensured
that generative AI tools received clear and comprehensive guidance
for generating smart contracts meeting desired requirements.

An example of a prompt used in the study is as follows, with
other prompt examples uploaded in the replication package.

Write a Solidity smart contract named SatoshiSigna-
ture that implements the IBEP20 interface. The con-
tract should include implementations for the following:
• Total supply, decimals, symbol, and name of the
BEP-20 token.

• Ability to burn tokens and decrease the total supply.
• Operations to transfer tokens between addresses.
• Approval mechanism for allowing spending of to-
kens.

• Ability to mint new tokens and assign them to an
account.

• Functionality to establish reflection fees for tokens.
• Functions for buying tokens based on a specified
rate.

• Airdrop feature for distributing tokens to multiple
addresses.

• Owner’s ability to start and pause the token sale.
• Transfer functions that include automatic distribu-
tion of reflection fees to token holders.

• A check to ensure that tokens are not transferred to
the Uniswap router address when the reverseSwap
flag is unset.

• Implementation of the onlyOwner modifier for re-
stricting certain operations to the contract owner.

Ensure that the contract functions as specified, han-
dling token transfers, reflections, burns, approvals,
minting, airdrops, and owner privileges effectively.

This detailed prompt ensured that the AI tools could generate a
smart contract aligned with the project’s specific requirements.

3.2.4 Evaluation Procedure. We used generative AI tools to pro-
duce smart contracts based on the collected human-written samples
in our dataset. The generated smart contract code was then sub-
jected to an evaluation process to assess the quality and efficiency
of LLM-based systems:

RQ2: Effectiveness. We performed a comparative analysis of the
generated smart contract code across the three AI tools based on
compiling code and unit testing to evaluate the capabilities of LLMs
for generating smart contracts. Further, we compare the effective-
ness of LLM-generated smart contracts with human-written code
by evaluating the testing results with the original smart contracts
in our dataset. This analysis allowed us to identify the strengths
and limitations of each tool and provide recommendations for their
effective utilization in smart contract development workflows. To
measure the effectiveness of generative AI tools for smart contract
development, we used the following metrics:

1. Compilation: Compiling source code is necessary to run
programs. From our dataset, we observed howmany smart contracts
generated by the generative AI systems were able to compile. This

was measured by the first author attempting to run the source
code from human-written smart contracts on a random sample
(𝑛 = 30) mined fromGitHub and the LLM-generated smart contracts
from each tool in the Remix IDE. If needed, minor changes were
made to the source code to fix trivial issues (i.e., adding import
statements for missing dependencies). We calculated the rate of
success in compilation for each and use a Chi-squared test (𝜒2) to
quantitatively analyze differences between AI tools and the original
smart contract.

2. Unit Testing: Prior work suggests smart contract testing is
challenging, yet vital for verifying the correctness and behavior
of programs that handle valuable assets and sensitive data [9]. We
performed extensive unit testing to verify generated smart contracts
across different scenarios and edge cases. We used manual and
automatically-generated test suites to assess the effectiveness of
LLM-generated smart contracts.

(1) Manual Testing The researchers manually generated unit
tests for a subset of the dataset (𝑛 = 30) based on the re-
quirements and use cases of smart contracts. This random
sample—distinct from the sample used for the static analysis
evaluation—was selected due to the manual efforts needed
to analyze the smart contracts, generate test cases based on
the specifications, and observe the results across to human-
written and LLM-generated smart contracts.

(2) Automated Testing To augment our testing analysis, we also
leveraged automatically generated unit tests to further verify
the behavior of LLM-generated smart contracts. We used
Remix IDE plugin, Solidity unit testing12 to automatically
generate unit tests for all of the remaining smart contracts
in our dataset (𝑛 = 72). This framework automates the gener-
ation of unit tests and is integrated with the Remix develop-
ment environment, developers can write, execute, and debug
unit tests directly within Remix, streamlining the testing
workflow [44]. Additionally, the framework includes built-
in assertion libraries for defining assertions to validate the
expected outcomes of contract functions and transactions.

For both types of testing, we analyze the percentage of test cases
passed.We also use a Chi-squared test (𝜒2) to observe differences be-
tween the AI-generated and human-written smart contracts. These
results are compared across each of the LLM-based systems and
the original human-written smart contracts in our dataset.

RQ3: Customized Training Data. To investigate the impact of cus-
tomized training data in LLM-generated content, we compare the ca-
pabilities of ChainGPT—a model trained specifically for blockchain-
related tasks— and ChatGPT.

1. Static Analysis: Static analysis tools—systems with the ability
to analyze codewithout running the program—are crucial for detect-
ing potential issues in smart contracts [20]. To analyze the quality
of LLM-generated smart contracts, we employed industry-standard
static analysis tools, including the Remix IDE Solidity static ana-
lyzer13 and Solhint14. For instance, when analyzing a contract such
as SocialNetwork.sol generated by ChatGPT, Remix IDE highlighted

12https://github.com/ethereum/remix-ide/blob/master/docs/unittesting.md
13https://remix-ide.readthedocs.io/en/latest/static_analysis.html
14https://protofire.github.io/solhint/

https://remix-ide.readthedocs.io/en/latest/static_analysis.html
https://protofire.github.io/solhint/


Evaluating Capabilities and Perspectives of Generative AI Tools in Smart Contract Development BSCI ’25, August 25–29, 2025, Hanoi, Vietnam

gas cost-related issues. Specifically, functions like SimpleSocialNet-
work.createPost and SimpleSocialNetwork.createComment were
flagged for requiring an infinite amount of gas. Gas refers to the
computational cost of running a contract on the blockchain, and
inefficient code can lead to higher fees. In this case, the flagged
functions likely contained logic that could be optimized to reduce
the amount of gas used, making the contract more efficient and
cost-effective to execute.

Similarly, Solhint, another static analysis tool, identified con-
cerns such as incompatible compiler versions and advised explicit
visibility marking in functions. Additionally, both tools pointed out
instances of similar variable names in different functions within
the same contract, which could lead to confusion and potential
errors during execution. Furthermore, guard conditions were rec-
ommended, with Solhint advising the use of “require(x)” for cases
where the condition could be false due to invalid input or other
factors.

As part of our data replication package, we included 30 analysis
reports for transparency and reproducibility. We applied the static
analysis tools on a random subset of smart contracts in our dataset
(𝑛 = 30) to assess the generated code’s adherence to best prac-
tices, identify potential vulnerabilities, and ensure compliance with
coding standards. This was done to support manual efforts to run
each of the static analysis tools on smart contracts to observe the
number of reported issues and the types of errors reported. We use
descriptive statistics and a Mann-Whitney U (𝑈 ) test to compare the
number and types of static analysis issues across the ChatGPT and
ChainGPT-generated smart contracts from our dataset to explore
the quality of LLM-generated output from these models.

2. Compilation and TestingWe extend our compilation and
manual and automated testing efforts to investigate the difference
between smart contracts generated by ChatGPT and ChainGPT. For
compilation, we use the entire dataset withoutmanual interventions
to observe the capabilities of the two AI assistants in generating
accurate smart contracts. We compare the compilation success rate
and the percentage of test cases passed—using a Chi-squared test
(𝜒2) to observe differences between smart contracts generated by
LLMs trained on general (ChatGPT) and specific (ChainGPT) data.

3. Efficiency Evaluation: To investigate the efficiency of LLMs
in smart contract generation, wemeasured the amount of time taken
for each AI tool to produce code based on the given prompt. The
time measurement was conducted using the Solidity Unit Testing
plugin automatically upon compilation.

The findings from this evaluation process seek to increase our
understanding of the capabilities and limitations of generative AI
tools for smart contract development, as well as their potential
impact on development processes and workflows. In particular, we
examine the effects of customized training data on the performance
of LLMs by evaluating the quality and efficiency of smart contract
generation. By combining empirical data collection through the
developer survey and rigorous evaluation techniques, our method-
ology aimed to provide a holistic and robust investigation of the
research questions, contributing valuable insights to the field of
blockchain-oriented software engineering.

4 RESULTS
The results of our study are presented in two parts, corresponding
to the two phases of our methodology: the developer survey and the
evaluation of generative AI tools for smart contract development.

4.1 RQ1: Blockchain Developer Perceptions
The online survey received responses from 114 blockchain and
smart contract developers. We present participant perspectives on
usage, benefits, challenges, and opportunities for using LLMs for
smart contract development.

4.1.1 Usage and Perception. All participants except 10 (𝑛 = 104;
91.23%) reported having prior experience with LLMs. However, only
60.58% (𝑛 = 63/104) have used LLMs, with 87.3% reported using
ChatGPT for smart contract development.

We observed mostly positive perceptions of using LLMs for
smart contract development. All participants responded to a Likert
scale question regarding the perception of using LLMs for smart
contract development as highly beneficial or potentially useful. Few
participants also reported reasons for not using LLMs for smart
contract development, including (41.38%) mentioned the lack of
awareness for LLM capabilities and (27.59%) for the lack of trust in
AI-generated code. One participant mentioned they have not used it
because they currently do not work in smart contract development,
but plans to use it for smart contract generation in the future stating
“I worked on crypto projects before LLMs. Haven’t gotten back into
making smart contracts, but I’ll probably start up again soon. I will
definitely use ChatGPT and other LLMs to help me code” (P10).

4.1.2 Benefits. When asked about the perceived benefits of using
LLMs for smart contract development, the most commonly cited
advantages were: Improved development efficiency by automating
tasks (𝑛 = 34; 29.82%) and enhancing smart contract functionality to
enable more complex smart contracts. For instance, P111 responded
that LLMs can be useful to get a headstart” for code to generate
smart contracts. Further, respondents noted that generative AI tools
can be used to provide more advanced domain-specific functionality
in smart contracts (𝑛 = 27; 23.68%). For example, P106 noted, AI-
generated smart contracts can manage complex financial instruments,
such as dynamically adjusting the interest rates on loans or creating
personalized investment strategies based on an individual’s risk profile
and market conditions”. One participant noted they did not see any
benefits to integrating AI in smart contract development.

4.1.3 Challenges. On the other hand, there were numerous con-
cerns and challenges expressed by the respondents with regard to
using LLMs for smart contract generation. Responses include poten-
tial security risks and vulnerabilities in the generated code (𝑛 = 36;
31.58%), guaranteeing the accuracy and reliability of generated code
(𝑛 = 33; 28.95%), adapting AI models to specific requirements in
the smart contract domain (𝑛 = 28; 24.56%), legal and regulatory
concerns (𝑛 = 9; 7.89%), and ethical issues (𝑛 = 8; 7.02%). Partici-
pants expressed concerns about the ability of LLMs to capture the
nuances and complexities of this domain.
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Table 4: Compilation Results

Type Number Percentage p-value
ChatGPT 21 70% 𝑝 = 0.3711
ChainGPT 20 67% 𝑝 = 0.2429
Google Gemini 3 10% 𝑝 < 0.0001*
Original 24 80% —
* denotes statistically significant results (p-value < 0.05)

RQ1 Findings

Blockchain-based software developers rarely use LLMs
to develop smart contracts, and—despite potential
challenges—they desire novel mechanisms to incorporate
generative AI tools into their development environment
and workflows.

4.1.4 Opportunities. We were also interested in gathering devel-
opers’ perspectives on opportunities for LLMs in smart contract
development processes. In response to a question about how devel-
opers envisioned integrating LLM-generated contracts into existing
development workflows: participants responded with desiring au-
tomated testing frameworks to validate functionality and security
(𝑛 = 29; 25.44%), integrating AI tools into development environ-
ments and version control systems (𝑛 = 26; 22.81%), and providing
documentation or training to educate developers (𝑛 = 15; 13.16%).
Participants also emphasized various desired tools and features to
support the integration of AI tools into development workflows. For
instance, interactive debugging environments powered by LLMs
(𝑛 = 28; 24.56%), collaborative platforms to share AI-generated
smart contract code and obtain feedback (𝑛 = 24; 21.05%), standard-
ized APIs (𝑛 = 17; 14.91%), and mechanisms to make sure output is
“reliable, consistent, secure” (P46, 𝑛 = 20; 17.54%).

Additional responses highlighted specific situations where AI-
generated smart contracts would be most beneficial. For instance,
one developermentioned that LLMs could help generate code frame-
works for standard smart contracts like ERC20 tokens, simplifying
basic structures and saving development time (P67). Another re-
spondent emphasized their usefulness for beginners or individuals
without coding experience who want to develop personal Web3
projects, potentially bypassing the steep learning curve (P104).
Other use cases include aiding in debugging, generating simple
prototypes for design validation, and creating simple contracts for
everyday use, such as tenant or loan agreements (P10, P15, P107).

These findings provided valuable insights into the perceptions,
attitudes, and concerns of blockchain developers regarding the uti-
lization of LLMs for smart contract development, providing insight
into how generative AI techniques can be used to assist in the
engineering and understanding of future smart contracts.

4.2 RQ2: Effectiveness of Generative AI Tools
The evaluation of the three generative AI tools, ChatGPT, Google
Gemini, and ChainGPT, along with the original human-written
smart contracts from our dataset yielded the following key results:

Table 5: Effectiveness Testing Results

Type Passed Failed Test % p-value
Manual

ChatGPT 63 27 70% 𝑝 = 0.043*
ChainGPT 53 19 74% 𝑝 = 0.1661
Gemini 7 5 58% 𝑝 = 0.0252*
Original 88 19 82% —

Automated
ChatGPT 240 60 80% 𝑝 = 1
ChainGPT 124 31 80% 𝑝 = 1
Original 232 58 80% —

* denotes statistically significant results (p-value <

0.05)

4.2.1 Compilation. The findings for the compilation of smart con-
tract code are presented in Table 4. The original human-written
smart contracts had the highest successful compilation rate, with
80% (𝑛 = 24) of smart contracts compiling successfully. However
out of these, three required human intervention to add the required
imports for the code to successfully compile. Among the smart
contracts generated by ChatGPT, 70% (𝑛 = 21) passed, while 9
failed and two needed manual fixes. In contrast, ChainGPT pro-
duced 20 successfully compiled smart contracts and encountered 10
failures. Despite being trained to support blockchain-related tasks,
such as smart contract development, ChainGPT had a worse com-
pilation rate than ChatGPT and the original human written smart
contracts. However, Google Gemini had the worst performance by
far—producing only three valid smart contracts. This difference was
also statistically significant (𝜒2 = 29.687, 𝑝 < 0.0001), indicating an
inability of Gemini to generate smart contracts effectively.

4.2.2 Testing. We used manual and automated testing to observe
the quality of LLM-generated smart contracts. These results are
depicted in Table 5. We found the majority of smart contracts gen-
erated by Google Gemini did not compile, and exclude them from
this analysis.

Manual. Formanual testing, we found the original human-written
smart contracts that compiled had the highest percentage of pass-
ing test cases (82%, 𝑛 = 88/107). Meanwhile, the compilable LLM-
generated programs had lower passing rates for ChainGPT (74%)
and ChatGPT (72%). Comparatively, there was a major drop off in
the effectiveness of Google Gemini (58%). Further analysis shows
the differences in testing results between the original smart con-
tracts and those generated by ChatGPT (𝜒2 = 4.0939, 𝑝 = 0.043) and
Google Gemini (𝜒2 = 5.0124, 𝑝 = 0.0252) are statistically significant.

Automated. For the automated testing, we found similar results
across the LLM-generated and original human-written smart con-
tracts, except for those generated by Google Gemini which was
unable to support the automated testing. This could indicate limi-
tations in automatic test case generation tools, which may aim to
meet code coverage requirements and lack relevance to real-world
code [17].



Evaluating Capabilities and Perspectives of Generative AI Tools in Smart Contract Development BSCI ’25, August 25–29, 2025, Hanoi, Vietnam

Table 6: Static Analysis Results

AI Tool Total Issues Average p-value
Remix IDE

ChatGPT 497 16.57 𝑝 = 0.0029*
ChainGPT 125 6.94 —

Solhint
ChatGPT 168 5.6 𝑝 = 0.1835
ChainGPT 69 3.83 —

* denotes statistically significant results (p-value < 0.05)

RQ2 Findings

With the exception of Google Gemini, generative AI tools
can generate compilable code for smart contracts. However,
smart contracts generated by ChainGPT and ChatGPT
have significantly worse quality with regard to manual
unit testing efforts.

4.3 RQ3: Customized Training Data Comparison
4.3.1 Static Analysis. We conducted static analysis of the smart
contracts generated by generative AI tools using Remix IDE solidity
analyzer and Solhint. Our analysis involved the examination of con-
tracts to identify potential issues and ensure code quality between.
These results are presented in Table 6. In general, we found lower
reported issues on average for successful smart contracts generated
by ChainGPT compared to those generated by ChatGPT. Further,
for warnings provided by the Remix static analyzer we observed
significantly higher issues reported for ChatGPT-generated smart
contracts (𝑈 = 129.5, 𝑝 = 0.0029). This indicates the specializa-
tion of ChainGPT can produce higher quality code for generated
contracts, with respect to the Remix IDE.

4.3.2 Compilation. In Table 4, our results show that ChatGPT had
a higher success rate for smart contracts that can compile with
minimal effort. Extending these results to the entire dataset, we
found that among the smart contracts generated by ChatGPT, 79
(77%) passed. In contrast, ChainGPT produced 46 (45%) successfully
compiled smart contracts. This result is also statistically significant
(𝜒2 = 24.97, 𝑝 < 0.00014), indicating that——despite ChainGPT
being trained on data to support blockchain-related tasks, such as
smart contract development—the general LLM ChatGPT produces
compilable code more frequently. This comparison sheds light on
the differences in the compilation success rates between the two
AI models.

4.3.3 Testing. We also used automated and manual testing to ob-
serve the quality of smart contracts generated by general and
specific generative AI tools. Using the findings from Table 5, we
observed higher percentages of test cases passed for the manual
tests, while automated test case percentage was the same across
ChainGPT and ChatGPT. However, the difference for the man-
ual testing results was not statistically significant (𝜒2 = 0.2565,
𝑝 = 0.6125).

4.3.4 Efficiency. We also investigated the efficiency of ChainGPT
and ChatGPT for generating smart contracts. On average, we found

that both ChatGPT (0.085s) and ChainGPT (0.09s) were able to
generate source code for smart contracts quickly with comparable
results.

RQ3 Findings

ChainGPT, which uses customized training data for smart
contract development, is significantly better for producing
quality code with less reported static analysis issues—yet
significantly worse for producing compilable code with
comparable efficiency to ChatGPT.

5 DISCUSSION
The results of our study provide valuable insights into the potential
of generative AI tools for efficient smart contract development,
as well as the perceptions and attitudes of blockchain develop-
ers towards the adoption of these tools. We explored the capabil-
ities of LLM-based tools, in particular ChatGPT, Google Gemini,
and ChainGPT, for generating smart contracts based on natural
language prompts. We compare AI-generated code with human-
written code for smart contracts, and show that human effort is
needed to produce effective code with regard to compileability
and testing. Further, we show that customizing LLMs to fit certain
domain-specific tasks can provide advantages and disadvantages.
We found ChainGPT produce significantly invalid code that could
not compile—yet when the code did compile, it was produced at
a significantly higher quality. In this section, we discuss the key
findings, implications, and future directions.

5.1 Perceptions and Attitudes of Blockchain
Developers

The survey results revealed a mix of optimism and caution among
blockchain developers regarding the utilization of large language
models (LLMs) for smart contract development. This finding aligns
with prior work investigating developer perceptions of LLMs in
software development [51]. For instance, P1 noted “As with any
coding, I believe AI can help initiate the code but the specifics need to
be done by a developer”. We observed developers reported specific
benefits and hesitation with adopting generative AI tools due to var-
ious aspects inherent in smart contract development. For instance,
P12 replied “AI-generated smart contracts would be most useful in
complex, high-frequency trading environments where rapid, accurate,
and transparent execution of financial transactions is crucial, such as
in cryptocurrency exchanges or automated investment platforms”.

We also observed survey participants highlight smart contract-
specific concerns, such as security, trust, etc. For instance, P17
responded “While I most certainly can see the multitude of benefits
to efficiency and speed of workflow, widespread implementation of
AI-generated smart contracts would concern me in the context of se-
curity and legality. Smart contracts are not bound by borders, and
whatever AI system that would be handling their generation would
have to ensure compliance with laws of varying jurisdictions. Addi-
tionally, if the AI generating smart contracts is not robust or advanced
enough, poorly written and insecure code in relation to blockchain
uses could easily be exploited by malicious actors”. Despite these
concerns, the majority still expressed a desire to use them. This
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indicates developers overall perceive LLMs can support smart con-
tract development—in particular to “omit some complex details and
save development time” (P22).

5.2 Capabilities and Limitations of Generative
AI Tools

Our evaluation of ChatGPT, Google Bard, and ChainGPT revealed
strengths and limitations in their capabilities for smart contract
development.

5.2.1 ChatGPT. ChatGPT emerged as the most effective tool for
smart contract development, compared to ChainGPT and Gemini.
Prior work shows this LLM is effective [54] and widely used [53] for
code generation tasks in practice.We observed ChatGPTwas able to
generate more compilable smart contract code in our analysis. This
demonstrates its potential utility in the smart contract development
process. Moreover, prior work demonstrates ChatGPT is proficient
in vulnerability detection [14], correction [27, 38], and auditing [65]
smart contracts, highlighting its capabilities to generate as well as
analyze and evolve smart contracts.

However, while ChatGPT exhibits strengths in certain aspects,
it also has its limitations. For instance, it may encounter challenges
in handling complex and nuanced requirements, leading to poten-
tial inaccuracies or inconsistencies in generated smart contracts.
Additionally, the reliance on chat-based prompts may introduce am-
biguity and variability in the generated outputs [33], necessitating
careful refinement.

5.2.2 Google Gemini. Google Gemini was unable to demonstrate
competency in generating compilable code. Its integration with
Google’s training data enables it to effectively generate code [46].
However, Google Gemini may lack the depth and specificity re-
quired for complex smart contract scenarios, limiting its applica-
bility in certain use cases. Similarly, Google Gemini struggled to
produce correct and compilable smart contracts based on human-
written unit tests, with only 2 out of 30 initial DApps generating
accurate outputs. Consequently, we decided to exclude Google
Gemini from further analysis due to its lack of effectiveness.

5.2.3 ChainGPT. On the other hand, ChainGPT showcased profi-
ciency in understanding and generating smart contract logic, lever-
aging its extensive training on blockchain-related topics. Its ability
to handle technical complexities and industry-specific terminology
makes it a valuable tool for developers. For example, ChainGPT
correctly imported OpenZeppelin,15 open libraries for secure smart
contract development, demonstrating its reliability in generating
robust and standards-compliant smart contracts.

These findings suggest, while generative AI tools can enhance
the efficiency and productivity of smart contract development, they
should be used in conjunction with human expertise and domain
knowledge. For instance, participants noted LLMs can be partic-
ularly useful for generating smart contract code templates and
modules (P7), automating repetitive tasks (P27), and providing solu-
tions to common challenges (P16), making the development process
faster and more accessible. Prior work suggests LLMs excel at sim-
ple coding tasks, but lack the ability to support more complex

15https://github.com/OpenZeppelin/openzeppelin-contracts

development activities [61]. Our results suggest the role of devel-
opers remains essential in refining, optimizing, and validating the
generated output for smart contract code.

5.3 Future Directions
Our findings motivate several directions for future work. First, par-
ticipants highlighted the need for robust mechanisms to ensure that
AI-generated code is reliable, consistent, and secure. For instance,
one participant (P24) suggested integrating formal verification rules
and automated testing frameworks directly into the generative pro-
cess. Prior work suggests leveraging formal verification to enhance
LLM-generated code [68] and smart contract development [22].
Building on this, future efforts should focus on incorporating test-
ing, auditing, and formal verification frameworks into LLMs that
specialize in smart contract generation. These frameworks could
include vulnerability detection, adherence to security best practices,
and formal correctness checks to ensure generated smart contracts
meet industry standards.

Another future area is domain-specific fine-tuning of LLMs
for smart contract development. While general-purpose models
like ChatGPT demonstrate strong capabilities, their performance
can be enhanced through targeted training using domain-specific
datasets [23]. This would enable models to better understand the
nuances of smart contracts, such as token standards (e.g., ERC20,
BEP20) and secure contract interactions. Domain-specific fine-tuning
can improve the accuracy and contextual relevance of AI-generated
code [63], making it more immediately usable by developers.

As the capabilities of generative AI tools continue to evolve,
it is essential to explore effective strategies for integrating these
tools into existing smart contract development workflows. For ex-
ample, future studies can explore the potential of generative AI
tools for reducing development time and effort required for smart
contract development compared to manual coding methods. This
may involve developing specialized plugins, APIs, or integrated
development environments (IDEs) that seamlessly incorporate AI-
assisted code generation, documentation, and testing capabilities.
Seamless integration into existing workflows can accelerate the
adoption and practical utilization of these tools by developers [32].

6 THREATS TO VALIDITY
External Validity. There are several threats to the generalizability

of our research findings. First, our survey samplemay not generalize
to all smart contract developers’ perceptions of LLMs. This may not
fully capture the perspectives of more experienced smart contract
engineers. This limitation reflects broader recruitment challenges
encountered in human-centric computing research involving spe-
cialized technical communities [29]. Future work can conduct a
larger scale qualitative analysis, employing surveys or interviews to
gain further insights from blockchain developers. Additionally, our
evaluation only examines ChatGPT, Google Gemini, and ChainGPT
to explore LLM-generated smart contracts. To mitigate this, we
attempted to leverage varying models trained on different data.
Future studies can leverage other AI assistants or LLM-based pro-
gramming assistant, such as GitHub Copilot, to further explore the
capabilities of LLMs for supporting smart contract development.
Finally, the dataset for our evaluation consists of a limited number
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of Ethereum-based smart contracts written in Solidity. However,
smart contracts can be implemented on different blockchains (e.g.,
Binance Smart chain16) and different programming languages (i.e.,
TypeScript17 [49]).

Internal Validity. There are also several limitations to our study
design. Several questions in the survey were not required, and thus
some participants failed to provide responses for specific questions.
In addition, our recruitment approach faced limitations—incurring
a large number of span responses. Our filtering process may have
removed valid responses or incorporated invalid ones. For phase 2,
we rely on specific static analysis and testing tools, Solhint and the
Remix Solidity analyzer, to evaluate LLM-generated smart contracts.
While these tools are widely adopted in practice, using different
analysis systems—such as Slither [20]—could impact our results.
Our study also involves human analysis of generated smart con-
tracts, which could incorporate bias.

7 CONCLUSION
This research investigated the potential of leveraging generative
AI tools powered by large language models (LLMs) for efficient and
secure smart contract development. Through a developer survey
and evaluation of ChatGPT, Google Bard, and ChainGPT, our study
yielded valuable insights. The survey revealed a mix of optimism
and caution among blockchain developers regarding LLM adop-
tion, highlighting concerns about security risks and integration
challenges. The evaluation demonstrated the tools’ capabilities in
facilitating smart contract understanding and generating code, with
ChatGPT outperforming Google Gemini and ChainGPT. Notably,
the use of these tools showed promising potential in reducing de-
velopment time and effort. However, thorough verification and
validation by experienced developers remain crucial. Based on our
findings, we proposed future directions, including developing ro-
bust testing frameworks, exploring domain-specific fine-tuning of
LLMs, developing interpretable AI models, integrating AI tools into
workflows, and conducting longitudinal studies.
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