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Abstract
The widespread adoption of conversational LLMs for software development has raised new
security concerns regarding the safety of LLM-generated content. Our motivational study
outlines ChatGPT’s potential in volunteering context-specific information to the developers,
promoting safe coding practices. Motivated by this finding, we conduct a study to evaluate
the degree of security awareness exhibited by three prominent LLMs: Claude 3, GPT-4, and
Llama 3. We prompt these LLMs with Stack Overflow questions that contain vulnerable
code to evaluate whether they merely provide answers to the questions or if they also warn
users about the insecure code, thereby demonstrating a degree of security awareness. Further,
we assess whether LLM responses provide information about the causes, exploits, and the
potential fixes of the vulnerability, to help raise users’ awareness. Our findings show that all
three models struggle to accurately detect and warn users about vulnerabilities, achieving
a detection rate of only 12.6% to 40% across our datasets. We also observe that the LLMs
tend to identify certain types of vulnerabilities related to sensitive information exposure and
improper input neutralization muchmore frequently than other types, such as those involving
external control of file names or paths. Furthermore, when LLMs do issue security warnings,
they often provide more information on the causes, exploits, and fixes of vulnerabilities
compared to Stack Overflow responses. Finally, we provide an in-depth discussion on the
implications of our findings, and demonstrated a CLI-based prompting tool that can be used
to produce more secure LLM responses.
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1 Introduction

Large language Models (LLMs) have become deeply integrated into software engineer-
ing workflows, performing tasks such as code generation, summarization, debugging, and
addressing queries related to programming (Liu et al. 2023a; Hou et al. 2023; Zheng et al.
2023; Belzner et al. 2023). In particular, LLM chatbots or conversational LLMs, such as
OpenAI’s GPT (OpenAI 2023), Anthropic’s Claude (Anthropic 2024), and Meta’s Llama
(Meta 2024), have significantly impacted problem-solving activities by enabling interactive
Q&As (Suad Mohamed 2024; Das et al. 2024; Da Silva et al. 2024). Developers use them
to describe symptoms, provide contextual information, and seek guidance on solutions (Hou
et al. 2023). According to a 2023 survey, 92% of U.S.-based developers are using various
generative models to perform or to automate some of their daily tasks (Shani 2024).

However, the rapid adoption of LLMs by software developers has raised many concerns
regarding the security implications of using LLMs. A recent study found that participants
using AI assistants produced code with significantly more vulnerabilities (Perry et al. 2023).
Alarmingly, these participants were also more confident in the security of their code, suggest-
ing thatAI code assistants can foster a false sense of security, increasing the risk of introducing
vulnerabilities into real-world software.Another study found that 32.8%of Python and 24.5%
of JavaScript code produced by GitHub Copilot are vulnerable (Fu et al. 2023). These vulner-
abilities, if exploited, can lead to severe consequences, such as the Log4Shell vulnerability
(Kosinski 2023). In 2024 alone, over 34,000 vulnerabilities were reported (CVE Program
2024), highlighting the increasing frequency and severity of cybersecurity threats that endan-
ger the safety, security, and reliability of software systems.

Beyond generating vulnerable code, using LLMs can impact software security in more
intricate and subtle ways. For instance, novice developers may unknowingly input insecure
code (copied from Q&A forums) and ask LLMs to refactor and adapt it to their problem
context. Similarly, during debugging, a developer might provide a block of code containing
vulnerabilities, such as unsanitized user input in an SQL query, without being aware of its
potential security implications. If LLMs fail to identify and address these vulnerabilities,
developers may integrate flawed code into their projects, relying on the model without rec-
ognizing the potential security risks themselves. To better understand this phenomenon, let
us consider the following examples. In a SO question, a developer asks for help to resolve
an issue with writing to a file:

I have a text file with one URL per line, like:

https://www.google.com
https://www.facebook.com
...

The problem is, when I write the resulting URL to a file,
I get anadditional %0A at the end of each line. Can you
please explain to me why is this happening? I am using this
script to fetch them:
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add = open("manual_list.txt", "r")

for a in add:
response = requests.get(a, timeout =(2, 5), verify=

False)
fout = open("mylist.txt","a")
fout.write(response.url+"\n")
fout.close()

Here, the developer is focused on removing the extra %0A characters, which could be
resolved using the strip() function i.e., requests.get(a.strip(), timeout=
(2, 5), verify=False)). However, they fail to notice a significant security risk
posed by the verify=False parameter. Disabling SSL certificate verification is gener-
ally considered poor security practice and exposes the application to serious risks, including
man-in-the-middle attacks, where an attacker could intercept or manipulate the data sent over
HTTPS. If prompted with this question, GPT-4, Claude 3, and Llama 3 all correctly explain
the issue with %0A and suggested using the strip() function to fix it. However, none of
the LLMs mentioned the security implications of the verify=False parameter, leaving
the developer unaware of the potential vulnerability. By failing to inform the user of this
vulnerability, the LLM responses can indirectly reinforce the faulty implementation and, in
many cases, further build upon it, perpetuating insecure coding practices.

Several studies have explored the potential risks associated with the use of LLMs and
examined concerns regarding the generation of insecure code (Pearce et al. 2022; Siddiq and
Santos 2022; Khoury et al. 2023; Siddiq et al. 2024b), inaccuracies in vulnerability detection
(Ullah et al. 2024; Akuthota et al. 2023; Purba et al. 2023; Zhou et al. 2024b), and poten-
tial misuse for offensive applications, ranging from hardware to user-level attacks (Happe
and Cito 2023; Falade 2023). However, most studies have focused on the security of LLM-
generated code, often neglecting the natural language generated by LLMs that plays a critical
role in interactive learning and problem-solving (Eastman 2023; Xia and Zhang 2023; Hao
et al. 2024). Additionally, unlike prior research that focuses on detecting vulnerabilities in
LLM-generated code or evaluating the capabilities of LLMs when explicitly tasked to detect
vulnerabilities, our work investigates the ability of LLMs to proactively identify vulnera-
bilities in user-supplied code. This reflects real-world use cases where developers that rely
on LLMs for various tasks inevitably prompt LLMs with vulnerable code. Our study is the
first to assess the security awareness of LLMs using the textual information provided by the
LLMs alongside or independent of code. We assess not only LLMs’ ability to proactively
detect vulnerabilities but also their effectiveness in communicating critical information –
such as causes, exploits, and fixes – to enhance developer understanding and prevent the use
of exploitable and insecure code.

We begin with a motivational study using an existing dataset of developer conversations
with ChatGPT, investigating the frequency and specificity of vulnerability-related warnings
issued by ChatGPT. Mainly, our motivational study aims to understand the way ChatGPT
engages with security topics. Initial findings suggest that ChatGPT can offer valuable,
context-specific security guidance that encourages safer practices. More importantly, we
found instances where the model voluntarily pointed out the security risks. These findings
were significant, as they demonstrated ChatGPT’s potential to proactively raise developers’
security awareness during development. This observation motivated us to dig deeper and per-
form a systematic examination of the security awareness across three popular LLMs: Claude
3, GPT-4, and Llama 3. We curated a dataset of 300 Stack Overflow questions that contain
vulnerable code. In half of these questions, security vulnerabilities were explicitly noted by
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the SO participants (Mentions-Dataset); in the other half, vulnerabilities were not identified
(Transformed-Dataset). We used these questions as prompts to the LLMs and analyzed their
responses, focusing on whether they proactively recognized and addressed security concerns
in both code and text-based guidance. Specifically, we investigate the following research
questions:

RQ1: Given insecure code, do LLMs warn developers of the potential security flaws or
required security modifications?

Through RQ1, we aim to investigate the degree to which LLMs exhibit security aware-
ness. We conduct a qualitative analysis to examine whether LLMs simply provide answers
to questions or if they also warn users about the security flaws and suggest potential mod-
ifications to improve code security. Our results indicate that LLMs seldom issue security
warnings about vulnerabilities unless explicitly prompted to do so.

RQ2: In instances where users are reminded of security concerns, are they informed about
the causes, potential exploits, and possible fixes of the vulnerabilities?
Through RQ2, we aim to determine the types of information included in the LLM security
warnings. We qualitatively analyze the information LLMs provided for each vulnerability,
specifically checking if they detailed the causes, potential exploits, and possible fixes. We
then perform the same analysis on user-provided SO responses containing warnings about
insecure code and compare these to the LLM responses across the two datasets. According
to our findings, in cases where vulnerabilities are pointed out, LLMs generally offer more
information about the causes, exploits, and fixes of the insecurities compared to SO responses.

We discuss the implications of our findings for improving LLM security awareness in
Software Engineering (SE) across three key areas: a) Prompt Engineering for SE, b) Inte-
grating LLMs with SE tools, and c) Designing LLMs for SE. By sampling 50 questions from
our dataset, we explored various prompting techniques to increase the likelihood of LLMs
issuing security warnings. We observed that adding short phrases such as “Address secu-
rity vulnerabilities” to the prompts showed some effectiveness, although limitations persist.
Additionally, we develop a pipeline for integrating outputs from static analysis tools like
CodeQL into LLM prompts and find the potential of this method for enhancing security
awareness of LLMs. Beyond these immediate solutions, our findings highlight the need for
targeted design improvements to address the substantial gaps in LLMs’ security awareness,
not only in the code they generate but also in the explanations and recommendations they
provide. These insights point to key areas for future research, tool development, and LLM
evaluations aimed at creating more security-conscious LLMs as programming assistance.

Overall, this paper presents the first study on the security awareness of three popular
LLMs in answering programming-related questions. We find that all three LLMs we studied
rarely warn developers about security vulnerabilities. We fruther assess how well LLMs
can raise developer awareness and encourage the adoption of secure coding practices. We
notice that when LLMs do issue security warnings, they often provide more information
about the causes, potential exploits, and fixes of the vulnerability, compared to typical SO
responses. Observations from this study will inform future designs of tools and evaluation
methodologies that aim to make LLM-driven programming more secure. More specifically
our paper makes the following contributions:

• A motivational study that examines the naturally occurring security-related conversa-
tions between developers and ChatGPT and outlines the ability of LLMs for proactively
warning users about security.

• A benchmark for evaluating: (a) LLMs’ capabilities in proactively detecting vul-
nerabilities in real-world user-supplied code, and (b) issuing warnings with critical
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information—such as causes, exploits, and fixes—to enhance developer understanding
and mitigate integration of insecure code in existing code-bases.

• Preliminary results to demonstrate the opportunities for adapting simple and practical
prompt engineering techniques to enhance the security of the LLM responses to pro-
gramming questions.

• A CLI-based tool that analyzes developer queries and integrates CodeQL outputs to
generate prompts that result in significantly safer LLM responses.

2 Motivational Study

The 2023 JetBrains survey, based on responses from 26k developers across 196 countries,
reveals that 77% (i.e., approximately three in four developers) use ChatGPT (JetBrains 2023).
Given its widespread adoption, we conducted a exploratory study to explore whether security
considerations naturally emerge in developer conversations with ChatGPT. This motivational
study serves as an initial gauge to determine if LLMs engage with security topics at all, help-
ing us assess the feasibility of a larger, more comprehensive study. By examining existing
ChatGPT conversations with explicit security mentions, we aimed to understand the fre-
quency and depth of security-related advice offered by the model. This approach allowed
us to examine patterns in ChatGPT’s security guidance, including the initiating party of
these discussions and the specific topics addressed. Figure 1 illustrates part of a conversation
in which ChatGPT issues a security warning, highlighting the security implications of the
suggested code.
Dataset In May 2023, OpenAI introduced a feature that allows users to share their conver-
sations with ChatGPT through dedicated links (OpenAI 2023). Using this feature, Xiao et al.
(2023) collected all the 3,794 developer-ChatGPT conversations publicly shared on GitHub
and Hacker News until October 2023, forming the DevGPT dataset. To identify conversa-
tions that mention security, we performed a keyword search on the text of these ChatGPT
conversations. As keywords, we used the SO tags related to security proposed by Yang et al.
(2016), such as “security”, “web-security”, “sql-injection”, and “xss”. To ensure comprehen-
siveness of our data selection, we used both hyphened and non-hyphened variations of the
keywords, such as “web-security” and “web security”, where applicable. This filtering step
resulted in a subset of the DevGPT dataset containing 233 conversations. We excluded 13 out
of these 233 conversations that included security-related keywords but are predominantly in
languages other than English, resulting in 220 conversations.

Fig. 1 DevGPT: ChatGPT Reminding User about the Security of the Code

123

Empirical Software Engineering (2025) 30 :101 Page 5 of 29 101



Although DevGPT primarily contains developer-ChatGPT interactions, not all conver-
sations are guaranteed to relate to software engineering (e.g., programming concepts,
debugging, or code generation). Therefore, we conducted a manual check to filter out such
non-SE conversations. In addition, as part of this manual step, two authors validated the per-
formance of our keyword search by distinguishing conversations that discuss security from
those that merely included security-related keywords without actually addressing security
topics, i.e., false positives. TheCohen’s kappa agreementMcHugh (2012) for classifying con-
versations as security-related or non-security-related achieved the strong score of 0.799, after
which, the authors resolved all conflicts and finalized the data through discussion. Finally, we
identified 102 technical conversations with ChatGPT mentioning software security, shared
across various data sources, including code files (45), issue threads (33), Hacker News (11),
pull requests (9), and GitHub commits (4).
Procedure We conducted a qualitative analysis to investigate the role of security in the 102
developer-LLM conversations with mentions of security. We identified which party (Devel-
oper or ChatGPT) brings up the security considerations, examined the types of available
information, and identified the type of vulnerability mentioned in each conversation. Two
authors of this paper manually annotated the dataset (annotation instructions with examples
are included in our replication package). The analysis was performed in an iterative approach
consisting of multiple sessions. To calculate inter-rater agreement, we used Cohen’s Kappa
coefficient. This process resulted in substantial agreement values (i.e.,> 0.6): 0.88 for types
of information, 0.66 for types of vulnerability, and 0.62 for initiating party.

Types of Information To examine the types of information in the ChatGPT conversations,
we used the Pan et al. (2021) taxonomy for for categorizing information in developer chats.
Developer chats (e.g., Slack, Discord) closely align with developer-LLM conversations since
both support dynamic, rapid, and iterative information exchange (Chatterjee et al. 2019). Con-
sequently, we believe this taxonomy is well-suited for our study. The information categories
in the taxonomy are listed in Table 1.

Types of Vulnerability The understand the types of vulnerabilities that were discussed,
we used a taxonomy proposed by Russo et al. (2019) and manually identified the relevant
category for each conversation. We chose Russo et al.’s taxonomy because it provided a
predetermined set of vulnerability types, allowing us to present an overview without needing
to determine the level of granularity in CWEs for each vulnerability. Russo et al. categorize
vulnerabilities into ten distinct types, providing a broad yet concise overview suitable for our
analysis.

Additionally, we took note of whether ChatGPT makes broad mentions of security, or
if it offers detailed information about security. We define a specific mention as a mention
that contains any form of implementation details. An example of specific mention could be
a conversation in which ChatGPT warns the user about the possibility of an SQL injection

Table 1 Distribution of Types of
Information in DevGPT
Conversations with Security
Mentions

Information type Instances

Technical Discussion 49

Programming Information 31

Programming Problems 10

General Information 5

Documentation Information 4

Library Problems 3
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based on the prompt’s code and offers ways to preventing it. On the other hand, we define a
broad mention as a mention that lacks any implementation details, such as the sentence “It’s
important to consider additional security measures when dealing with file uploads...”.

Initiating PartyWe also determined whether it is ChatGPT or the user who first introduces
the topic of security into the conversation. Specifically, we identified instances where Chat-
GPT provided security-related information or where the user directly asked about security
aspects of development. In cases where the question inherently involves security but lacks
explicit securitymentions in the user’s prompt, we do not attribute the initiation of the security
discussion to either party.
Findings Table 1 illustrates the distribution of the types of information available in all
102 conversations in our dataset. The most common type of information is Technical Dis-
cussion, which relates to conceptual conversations about software engineering. The frequent
occurrences of security mentions in Technical Discussions points to the fact that security is
more often included when conversations revolve around higher level issues related to soft-
ware development. In many of these instances, ChatGPT informs the users about the good
practices with regard to security, making statements such as: “Always ensure that you’re
following the correct steps as mentioned in the WordPress.com OAuth2 documentation, and
handle the tokens securely, keeping them out of URLs whenever possible to maintain secu-
rity”. Programming Information, i.e., conversations in which the user is mostly trying to get
the LLM to generate code or to explain programming concepts, and Programming Problems,
i.e., conversations in which the user is mostly trying to resolve programming problems, are
the second and third most common types of conversations that lead to notions of security. In
these cases, we often see ChatGPT trying to inform the user about the security concerns in
their code or even the code generated by ChatGPT itself as well as the potential fixes for these
concerns. Security, however, is rarely brought up in conversations about the user’s problems
with specific libraries or when the users are attempting to retrieve any general or documenta-
tion related information. General Information, i.e., discussions that are not closely related to
the project itself, such as the best choice of IDE or job-hunting experiences, Documentation
Information, and Library Problems are the least frequently observed types of information in
conversations.

Table 2 provides an overview of the types of vulnerabilities. Notably, “Authentication
bypass or Improper Authorization” and “Cross-Site Scripting or HTML Injection” are the
most frequently discussed types of vulnerability, while others have much fewer mentions.
Further, some types of vulnerabilities such as “Buffer/Stack/Heap/Integer Overflow, Format
String and Off-by-One” were not present in any conversation. We also observed that 54
conversations include broad mentions of security and the other 48 conversations include
specific mentions. These results indicate that in many instances ChatGPT makes statements
about security without pointing out a specific vulnerability.

Our findings about the initiating party show that in 69 out of the 102 cases, ChatGPT is
the one who first mentioned security. In 14 out of those 69 conversations, the user followed
up on this mention of security and further discussed the topic, while in 49 conversations the
users did not directly follow up on the mention of security and in 6 instances the conversation
did not continue by the user. Further, out of the 69 instances where ChatGPT first brought
up the topic of security, 42 mentions were broad, while 24 were specific. In the remaining
33 of the 102 conversations, it was the user who first mentioned security. For example, one
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Table 2 Summary of Vulnerability Categories Mentioned by ChatGPT Throughout Conversations

Vulnerability Cate-
gory

Description Instances Example

Authentication bypass
or Improper Autho-
rization

Allowing attacker
to bypass required
authentication or not
performing required
authentication checks

18 authorization code should be unique and tem-
porary for each user session...each code can
only be exchanged once for security reasons.

Cross-Site Scripting or
HTML Injection

Allowing attacker to
execute arbitrary code
in theweb browser and
stealing cookie-based
credentials.

16 This means that the cookie can only be
accessed via HTTP requests and not through
client-side scripts, which is a good security
measure to prevent XSS attacks.

SQL Injection Not properly sanitiz-
ing user input before
using them in SQL
queries.

5 Prepared statements are efficient and safe
against SQL injection attacks.

Information Disclo-
sure and/or Arbitrary
File Read

Allowing attacker to
get access to informa-
tion and files.

3 Avoid hardcoding them in your Python script.
Instead, use environment variables or AWS
profiles.

Directory Traversal Allowing attacker to
gain read access to
arbitrary file content.

2 Exposing the entire node_modules directory
publicly is generally a bad idea, due to the
potential security risks and unnecessary expo-
sure of dependencies.

Remote Code Execu-
tion

Allowing attacker to
execute arbitrary code
within the affected
application, poten-
tially leading to
unauthorized access or
a privilege escalation.

1 The vm2 library is a sandbox that can run
untrusted code securely. It’s built on top of
the Node.js vm module and adds additional
security.

user said “I have this class for generating user tokens... <code snippet>... What has better
security, my class or using SHA-256?”

Overall, through this analysis several key observations have emerged. The existence of
102 instances with mentions of security within DevGPT dataset indicates a degree of empha-
sis on security. Further, in 69 of these 102 conversations, ChatGPT volunteered the security
information, without a direct request. 49 of these 69 instances were broad mentions e.g.,
“Lastly, always keep the user’s privacy and security in mind.”, while 24 contained imple-
mentation details tailored to the user’s specific use-case. In addition, 14 of these 69 mentions
led to further inquiries about security by the users. For instance, in one conversation, Chat-
GPT reminded the user about the importance of using prepared statements in order to avoid
SQL injection, at which point, the user asked ChatGPT to rewrite this code with prepared
statement.

Given our observations, this empirical exploration of real-world developer conversations
with ChatGPT highlights its potential to proactively inform developers about security vul-
nerabilities and provide context-specific solutions for writing secure programs. Although
infrequent, such proactive contributions promote security awareness, helping developers
avoid insecure practices and prevent them from building upon vulnerable code. These find-
ings highlighted the importance of systematically studying this behavior. Consequently, we
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designed our main study to evaluate the extent and consistency of this behavior across three
popular LLMs, under controlled scenarios.

3 Methodology

Building upon our findings from the motivational study, we designed an experimental study
to systematically evaluate the security awareness of three prominent LLMs, Claude 3, GPT-4,
andLlama3.Our goal is to determinewhetherLLMscan proactively detect vulnerable code in
prompt inputs, and how consistently they issue security warnings and relevant vulnerability-
related information to the users. To this end, we first collected Stack Overflow (SO) questions
containing vulnerable code snippets, which we then used as prompts for the LLMs. We
qualitatively analyzed the LLM responses to address our research questions.

By examining whether an LLM issues a warning about the security of the code in the
SO question, we evaluate the LLM’s security awareness. When an LLM not only answers
the question but also highlights the security issue in the code, it demonstrates a high level
of security awareness. Conversely, if the LLM addresses the question without mentioning
security, it demonstrates a low level of security awareness. This premise forms the basis for
our assessment of LLMs’ security awareness in answering developers’ questions. Figure 2
provides an overview of our approach, which we discuss in detail next.

3.1 Dataset Collection and Refactoring

Data Collection
We collect a dataset of SO questions with insecure code but without any explicit mention

of security within the questions themselves. Figure 3 shows an example of such a question,
where the JavaScript code uses the eval function to dynamically create a variable based onuser
input, introducing a significant risk of code injection or a cross-site scripting (XSS) attack.
The developer posting the question seems unaware of the related security issue; however, one
of the respondents points this out in a comment “You have a pretty nasty XSS vulnerability
here”.

However, not all SO questions containing vulnerable code receive responses that point
out the security implications of the code. In fact, earlier studies highlight the concerns with
developers copy-pasting insecure code fromSOposts (Fischer et al. 2017). Therefore, we aim
to create two datasets for our study: (a) Mentions-Dataset: a set of questions that received
responses (either answers or comments) mentioning and/or addressing the security concerns

Fig. 2 Overview of our study methodology
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Fig. 3 Example of a SO Question Containing Vulnerable Code (Highlighted Red), and a User Response
(Comment), Pointing Out the Vulnerability

in the question’s code (as shown in Fig. 3), (b) Transformed-Dataset: a set of questions that
despite containing vulnerable code, do not receive such responses. The code in this dataset
has been transformed (Later detailed in this section) to ensure that it is not easily recognizable
for the LLMs.

The Mentions-Dataset represents a best-case scenario where the vulnerability has already
been highlighted by the community, and the code appears exactly as it was originally posted
on SO. This allows us to observe how LLMs respond to questions that both exist in their
training data and include explicit security warnings. In contrast, the Transformed-Dataset
intentionally excludes any mention of security in the responses and applies code refactoring
to reduce the chance of data leakage from the LLM’s training data. By comparing these two
datasets, we can examine LLM behavior across a spectrum of possible real-world situations:
from code that has been explicitly marked as vulnerable to code that has not been associated
with any vulnerabilities by the SO responses. This contrast helps us assess not only how
well LLMs leverage familiar content (Mentions-Dataset) but also their ability to generalize
to insecure code they may not have associated with vulnerabilities before (Transformed-
Dataset).

To collect these datasets, we used the SO data dump (Stack Exchange 2023) from March
2015 to March 2024, which contains over 10 million SO questions. First, we selected ques-
tions that contain tags “python” or “javascript” to focus on these widely-used programming
languages. According to the Stack Overflow (2024) Developer Survey, both JavaScript and
Python are listed in the top 3 most commonly used languages, making our results more
representative of common real-world scenarios. We excluded questions that did not have
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accepted answers, resulting in a total of 4.89 million questions. To ensure that there were no
mentions of security in the natural language section of the questions, we performed keyword
searches using the same keywords from Section 2. We discarded questions containing any of
those keywords, leaving us with 4.77million questions. Next, we discarded the questions that
did not contain code snippets and analyzed the code in remaining questions using CodeQL
(GitHub 2022), a static analysis tool often used to identify security vulnerabilities (Hamer
et al. 2024; Siddiq et al. 2024b; Pearce et al. 2022). As CodeQL does not require access to
the entire codebase, it effectively detected vulnerabilities directly within the code snippets.
This step resulted in the detection of 4935 questions with insecure code snippets.

We alsomade sure that each question inMentions-Dataset has received at least one answer
or comment containing a security-related keyword. Similarly, we ensured that Transformed-
Dataset only consists of questions that have no security-related keywords in their answers or
comments. At each step of the filtering process, three authors manually checked the datasets
to ensure their integrity. By inspecting all the instances in the subset of Mentions-Dataset,
we identified 150 unique SO questions i.e., 75 Python and 75 JavaScript. Next, we selected
the same number of questions form the Transformed-Dataset, resulting in a total of 300
questions.
Data Refactoring One concern when testing the performance of LLMs on these questions
is the possibility that the LLM may have been trained on them (AI Stack Exchange 2023).
This is a deliberate attribute of the Mentions-Dataset, where prior exposure to the questions,
their code, and associated responses is expected and intended. The purpose of this dataset is
to examine LLM behavior in scenarios where data leakage is likely, allowing us to evaluate
how well LLMs leverage familiar content and existing security discussions.

In contrast, to examine the LLMs’ ability to generalize to new or unseen inputs, we applied
code refactoring techniques to theTransformed-Dataset in linewith prior research (Steenhoek
et al. 2024). Evenwhen explicitmentions of vulnerabilities are absent in SO responses, similar
or identical vulnerable code could exist on other platforms, such as GitHub repositories or
coding tutorials, and these resources can potentially be included in the LLM’s training data.
Therefore, tominimize the possibility of data leakage andmaximize the generalizability of our
evaluation, we applied meaning-preserving transformations to the vulnerable code snippets.
These transformations help reduce input similarity and overlap with the LLM’s training data.
These transformations, consistent with recent research on data leakage (Ramos et al. 2024),
reduce n-gram overlap and increase Negative Log Likelihood (NLL) through techniques like
variable renaming, making the input code less “natural” to the model. This mitigation of
memorization enables a more robust evaluation of the LLMs’ ability to generalize beyond
their training data.

We used the NatGen tool (Chakraborty et al. 2022) to refactor the code while preserving
their vulnerabilities.We applied multiple refactoring techniques, such as dead-code insertion
and loop transformations to each code snippet, wherever applicable. For questions contain-
ing multiple code snippets, we ensured that all snippets were subjected to transformations.
Variable renaming, a transformation where the actual variable names are changed to dummy
names, was applied only to the code snippet containing the security vulnerability. This selec-
tive applicationwas necessary tomaintain consistency among variable names across different
code snippets. For example, if a variable name is changed to VAR_0, this change must be
reflected, uniformly, in all code snippets within the same question. To ensure this consistency,
after performing the variable renaming transformation on the vulnerable code snippet, we
automatically updated the variable names throughout all the code snippets to match the new
names.
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Additionally, we ensured that the renamed variables were updated in the natural language
parts of the questions. Given that various parts of the code snippets, including variable
names, may be directly referenced in the text, a manual verification was necessary to ensure
coherence in the data. One of the authors manually inspected and adjusted all 150 questions
in Transformed-Dataset, ensuring consistency between the code snippets and the natural
language text.

3.2 Experimental Setup

After finalizing the datasets, we used the SO questions as prompts for the three LLMs.
Each SO post served as a single prompt, and the responses generated by each LLM were
subsequently collected for analysis. For this study, we utilized three prominent LLMs: Llama
3 with 70 billion parameters, Claude 3 Opus, and GPT-4 Turbo.

Llama 3 was run locally on a server, while GPT-4 Turbo and Claude 3 Opus were accessed
via their official APIs. To ensure more deterministic answers, all models were configured
to generate content with a temperature of 0.1, in line with previous studies (Savelka et al.
2023; Siddiq et al. 2024a). Additionally, the top-p parameter was left at its default value, as
recommended by the OpenAI (2024) documentation.
RQ1: Given insecure code, do LLMs warn developers of the potential security flaws or
required security modifications? To address RQ1, we conducted a qualitative analysis of the
responses generated by each LLM for all 300 questions across our two datasets. Thus, this
process involved analyzing a total of (300*3) = 900 LLM-generated responses.

In order to gain deeper insights into the LLM responses and behaviors, we analyzed and
compared the performance of the three LLMs in terms of their ability to identify the vulner-
abilities and subsequently inform the users about them. Three authors manually inspected
all 900 LLM responses, and evaluated whether each response contains a warning about the
security vulnerability or if it only answers the main question.

Additionally, we performed a comparative analysis of the LLMs’ performances on ques-
tions from Mentions-Dataset against those from Transformed-Dataset. This comparison
aimed to highlight any potential influence of the LLMs’ training data on their performance.
By examining these differences, we sought to understand the extent to which prior exposure
to similar questions may affect the LLMs’ ability to recognize vulnerabilities in new inputs
and warn the users about them.
RQ2: In instances where users are reminded of security concerns, are they informed about
the causes, potential exploits, and possible fixes of the vulnerabilities?
To answer RQ2, we qualitatively analyzed all 900 LLM-generated, and 150 user-provided
responses that contained security warnings. Our goal was to evaluate how effectively each
response can increase user’s awareness of the security implications in their code. For instance,
a security mention could range from a brief statement, such as “this is a security loophole,”
to a detailed explanation, such as, “Adding verify=False like you did ’fixes’ the problem by
adding even more insecurity, i.e., it skips the validation of the certificate. See here for how
such situations can be properly fixed. I recommend...” The second example can be much
more effective in communicating the security concerns to the user and leading them in the
right direction.

Numerous studies have explored the types of information developers find valuable in
Q&A-style conversations (Treude et al. 2011; Lill et al. 2024; Rosen and Shihab 2015; Rah-
man et al. 2015; Huang et al. 2018; Imran and Damevski 2022). We adapted the information
categories identified by Chatterjee et al. (2020) for finding help with programming errors on
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SO, such as symptom cause, posted solution, and solution justification. We modified these
categories to focus on information that help users better understand the security of their code,
as follows:

– Cause: The underlying cause of the vulnerability e.g., using outdated hashing algorithms
or hard-coding passwords.

– Exploits: The ways vulnerable code could be exploited e.g., SQL injection, XSS attacks,
or remote code execution.

– Fixes: The possible measures to mitigate the security issues e.g., sanitizing user input in
order to prevent SQL injection.

By identifying the types of information at a more granular level, we aim to determine
whether the security warnings provided by the LLMs are broad and ambiguous or if they
offer substantial information that enhances user’s understanding of the security issues, thereby
promoting safer coding practices.

In our evaluation, we compared the performance of all three LLMs to determine how
effectively eachLLM informs the users about vulnerabilities.We also compared the responses
of the LLMswith responses of the SO users inMentions-Dataset i.e., the cases where both the
SO responses and the LLM answers provide security warning. This comparison highlights
the differences in the level of detail and helpfulness of the security information provided by
humans and LLMs.

Finally, we examined the performance of the LLMs in providing security information
in Mentions-Dataset compared to Transformed-Dataset. This comparison aimed to identify
whether the presence of security mentions in SO responses of Mentions-Dataset influenced
the LLMs to provide more comprehensive answers compared to Transformed-Dataset.

4 Results

4.1 RQ1: Given Insecure Code, do LLMsWarn Developers of the Potential Security
Flaws or Required Security Modifications?

In Table 3 presents the number and percentage of questions in which LLMs warned users
about the security vulnerabilities of their code, across the two datasets. Overall, the LLMs
provide security warnings for only a small fraction of questions; none of the LLMs warned
developers about vulnerabilities in more than 40% of questions. Further, the performance
of all LLMs showed noticeable differences between Mentions-Dataset and Transformed-
Dataset. In Mentions-Dataset, where security concerns were present in SO answers, the
LLMs were also more likely to identify the security flaws and issue warnings about them.
On the other hand, all LLMs faced more difficulties detecting the vulnerabilities contained
in the questions from the Transformed-Dataset. On average, the three LLMs, detected 30%

Table 3 Number of Questions Where Vulnerable Code Resulted in a Security Warning by LLMs in Each
Dataset

Llama 3 Claude 3 GPT-4

Mentions-Dataset 42/150 (28%) 33/150 (22%) 60/150 (40%)

Transformed-Dataset 19/150 (12.6%) 18/150 (12%) 25/150 (16.6%)
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of the vulnerabilities for the questions from the Mentions-Dataset, while detecting only
13.7% of the vulnerabilities in the Transformed-Dataset. As mentioned before, the varying
performance of LLMs on two datasets can be due to their reliance on their training data,
pointing out their limitations in generalizing beyond their training data. Additionally, despite
the relatively poor performance of all three models, the gap between GPT-4 and the other two
models remains significant. GPT-4 consistently outperformed the other models across both
datasets, with a particularly notable difference in theMentions-Dataset: 18%higher detection
rate compared to Claude 3 and 12% higher compared to Llama 3. Figure 4 illustrates the
overlap of questions where the LLMs successfully identified vulnerabilities and informed
users about them. The security concerns in 24 questions from the Mentions-Dataset and 11
questions from the Transformed-Dataset were pointed out by all three LLMs. GPT-4 issued
security warnings for 23 vulnerabilities in the Mentions-Dataset and 11 in the Transformed-
Dataset for questions where Llama 3 and Claude 3 only provided direct answers. Specifically,
Llama 3 issued unique security warnings for 7 questions in theMentions-Dataset and 2 in the
Transformed-Dataset. In contrast, Claude 3 issued only 1 warning in the Mentions-Dataset
and 4 in the Transformed-Dataset. The performance overlap between Claude 3 and GPT-4 in
the Mentions-Dataset (5 questions), is more significant than the overlap between Claude 3
and Llama 3 (3 questions). However, in the Transformed-Dataset, Claude 3’s performance is
more similar to Llama 3; both models identified vulnerabilities in 3 questions that GPT-4 did
not detect. There were no questions where Claude 3 and GPT-4 both identified vulnerabilities
that Llama 3 missed.

Table 4 categorizes the most frequently detected vulnerabilities by CWE. These CWEs
only include those that appeared in five or more questions from the Mentions-Dataset and
two or more questions from the Transformed-Dataset. Note that the Transformed-Dataset
contains a wider variety of vulnerabilities, resulting in fewer instances of each vulnerability
CWE. Furthermore, the CWE mappings were derived from the output of CodeQL analy-
sis. CodeQL queries are tied to one or more CWEs, explaining why some questions are
associated with multiple CWEs. For example, the command-line-injection query in CodeQL

Fig. 4 Overlap of the Identified Vulnerable Questions by the Three LLMs
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detects vulnerabilities that affect command line interfaces or OS-level operations. Such vul-
nerabilities typically arise from inadequate input validation and sanitization. Consequently,
both CWE-78 (OS Command Injection) and CWE-88 (Argument Injection) are linked to this
query. Overall all LLMs exhibit a consistent detection pattern for certain vulnerabilities. As
shown in Table 4, CWEs such as CWE-532 (Insertion of Sensitive Information in Log File),
CWE-321 (Use of Hard-coded Cryptographic Key), and CWE-798 (Use of Hard-coded Cre-
dentials) are among the most frequently detected vulnerabilities, being mentioned in 31.4%,
29.6%, and 29.6% of the LLM answers. On the other hand, among the vulnerabilities that
appeared in more than 5 and 2 questions from the Mentions and the Transformed-Dataset,
CWE-400 (Uncontrolled Resource Consumption) was only detected in 11.11% of the cases,
while CWE-489 (Active Debug Code) was detected in 14.1% of the relevant instances. Addi-
tionally, many other CWEs such as CWE-1333 (Inefficient Regular Expression Complexity),
CWE-22 (Path Traversal), and CWE-99 (Resource Injection), which made more rare appear-
ances in our datasets, went either completely undetected or were identified at most once.
Furthermore, the types of vulnerabilities detected by the LLMs, did not significantly vary
across the two datasets. As expected, prior exposure to similar SO posts in the training data
(i.e., Mentions-Dataset) makes the LLMs more likely to communicate security concerns to
the users. However, the LLMs’ tendencies to point out certain vulnerabilities over others
remained consistent across our datasets.

Summary of RQ1 Results Without a direct request, LLMs rarely issue warnings about
the security of the code. This is particularly evident in Transformed-Dataset, suggesting even
lower performance in real-world scenarios where developers’ questions are either variations
of the existing SO questions or perhaps entirely new. GPT-4 consistently outperformed the
other LLMs, especially in Mentions-Dataset. However, the performance gap between GPT-4
and the other models was less pronounced in Transformed-Dataset. Lastly, LLMs are more
likely to point out vulnerabilities related to the improper management and protection of
sensitive information (e.g., CWE-532, CWE-321, CWE-798) compared to those involving
external control of file names or paths (e.g., CWE-400).

Table 4 Frequently identified CWEs in LLM responses to questions form the Mentions-Dataset (M), the
Transformed-Dataset (T), and their Combination (MT). CWE descriptions: 532 - Insertion of Sensitive Infor-
mation in Log File; 321 - Use of Hard-coded Cryptographic Key; 798 - Use of Hard-coded Credentials; 259
- Use of Hard-coded Password; 312 - Cleartext Storage of Sensitive Information; 359 - Exposure of Private
Personal Information; 79 - Cross-site Scripting; 116 - Improper Encoding or Escaping of Output

CWE Llama 3 Claude 3 GPT-4 All Models (Avg.)
M T MT M T MT M T MT M T MT

532 10/29 0/6 10/35 7/29 0/6 7/35 15/29 1/6 16/35 36.5% 5.0% 31.4%

321 6/20 2/7 8/27 5/20 2/7 7/27 7/20 2/7 9/27 30.0% 28.5% 29.6%

798 6/20 2/7 8/27 5/20 2/7 7/27 7/20 2/7 9/27 30.0% 28.5% 29.6%

259 6/20 2/7 8/27 5/20 2/7 7/27 7/20 2/7 9/27 30.0% 28.5% 29.6%

312 14/45 1/12 15/57 8/45 1/12 9/57 19/45 2/12 21/57 28.3% 10.8% 26.3%

359 14/44 0/11 14/55 8/44 0/11 8/55 19/44 2/11 21/55 35.4% 5.4% 26.0%

79 7/38 4/18 11/56 7/38 2/18 9/56 18/38 3/18 21/56 27.8% 16.6% 24.2%

116 11/48 2/22 13/70 10/48 2/22 12/70 23/48 2/22 25/70 30.5% 9.0% 23.7%
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Fig. 5 3 LLMs Point Out the Security Vulnerability in a Question/Prompt

4.2 RQ2: In Instances where Users are Reminded of Security Concerns, are they
Informed About the Causes, Potential Exploits, and Possible Fixes of the
Vulnerabilities?

Figure 5 illustrates the responses of Llama 3, Claude 3, and GPT-4 Turbo, to the SO question
depicted in Fig. 3. All three LLMs mention the insecure nature of the question’s code and
its cause. Llama 3 and GPT-4 offer fixes to the vulnerability, while GPT-4 also explains the
possible exploit.

Figure 6 illustrates the extent of vulnerability-related information (causes, exploits, and
fixes) provided by SO users and each LLM for all 300 questions. The results are divided into
two sections corresponding to the two datasets. Results for Mentions-Dataset also include
the analysis of SO responses that contain security warnings.

Figures 7 and 8 present the co-occurrence of vulnerability-related information (causes,
exploits, and fixes) in responses from SO users and each LLM across the two datasets,
respectively. Higher numbers (darker colors) represent higher correlation.

Fig. 6 Percentage of Causes, Exploits, and Fixes in Stack Overflow and LLM responses (Llama 3, Claude 3,
GPT-4) across datasets
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Fig. 7 Co-occurrence of Causes, Exploits, and Fixes in Stack Overflow and LLM responses (Llama 3, Claude
3, GPT-4) within the Mentions-Dataset

The comparison between SO and the three LLMs for theMentions-Dataset in Fig. 6 clearly
shows that for all three types of information, Llama 3, Claude 3, and GPT-4 provide more
information than SO. For example, SO responses provide the causes for the vulnerabilities
82% of the time, compared to 95% for Llama 3, 91% for Claude 3, and 95% for GPT-4.
Further, Figs. 7 and 8 confirm that in both datasets, the LLMs are much more consistent in
offering users information about causes, exploits, and fixes when they do identify vulnera-
bilities, even though all LLMs and SO responses tend to offer exploit-related information
less frequently compared to causes and fixes. As a number of SO security warnings are
provided as comments rather than answers, they tend to be more terse. For instance, an SO
contributor commented “See about sql injection (Cause) and the importance of prepared and
bound queries (Fix)”. On the other hand GPT-4 provided the following vulernability-related

Fig. 8 Co-occurrence of Causes, Exploits, and Fixes in Stack Overflow and LLM responses (Llama 3, Claude
3, GPT-4) within the Transformed-Dataset
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information for the same question: “Ensure your function is prepared to handle cases where
$month or $stock_code might be null or not set. This is just a precaution if someone accesses
the URL directly without parameters: <Modified and Secure Code Snippet> (Fix). This code
uses prepared statements (Fix), which is a good practice to prevent SQL injection (Exploit)”.

Among the three LLMs, we observe a comparable performance in providing information
about causes, and fixes of the vulnerabilities. However, regarding information about the
exploits, GPT-4 performs significantly better than the other two models. In particular, GPT-4
offers information about the exploits of the vulnerability in 8.8% to 20.9% more questions
across the two datasets, often reminding users of the possibility of various attacks e.g., SQL
injections, XSS through DOM, exposure of sensitive information, etc. Further, focusing
specifically on instances where the LLMs include security fixes in their responses, we find
Llama 3 to be the most consistent LLM providing fixes in 88.1% of security warnings in
Mentions-Dataset and 89.5% of security warnings in Transformed-Dataset. For example,
in a question titled “How to handle and validate sessions between the backend and the
frontend”, a user shares their insecure implementation of session handling and validation
and ask for further information on the topic. In addition to providing the user with the
necessary information, Llama 3 also issued a security warning about the vulnerability in the
user’s implementation and provided the following fix: “Here’s a more efficient and secure
way to handle sessions and authentication: 1. Use a secure token generation library... 2.
Store tokens in memory or a cache... 3. Verify tokens on each request...”

Finally, the comparison between the Mentions-Dataset and Transformed-Dataset reveals
a noticeable difference in the performance of all models. Given the lower number of security
warnings issued by the LLMs in Transformed-Dataset compared to Mentions-Dataset, we
expected a reduced number of causes, exploits, and fixes offered by the LLMs. However,
we observed that all models provided less information about the exploits and causes when
they issued security warnings in Transformed-Dataset, while the information about the fixes
remained relatively similar across the datasets. Additionally, all LLMs tend to provide infor-
mation about causes, exploits, and fixesmore consistently in Transformed-Dataset, compared
to the Mentions-Dataset. This difference may be attributed to the models having a more dif-
ficult time generalizing or identifying vulnerability patterns in the transformed code. As a
result, the security warnings in the Transformed-Dataset were often issued for vulnerabilities
that were easier to detect and carried more immediate or direct security consequences if left
unaddressed, thereby demanding more attention.

Summary of RQ2 Results In instances where LLMs identify vulnerabilities, they can
provide more comprehensive information than Stack Overflow posts. GPT-4 more fre-
quently provided information about exploits compared to other models but was less effective
in offering fixes. Although all models showed a slight decline in performance on the
Transformed-Dataset, especially regarding exploits, their ability to inform users about causes
and fixes remained mostly the same.

5 Implications

Our findings demonstrate critical considerations for leveraging LLMs in SE context. Our
study reveals both the potential and limitations of current LLMs in addressing vulnerabil-
ities and informing developers about them. In this section, we discuss actionable insights
for developers and model designers aiming to enhance the security awareness of LLMs.
These insights not only highlight immediate steps practitioners can take but also point to
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broader directions for future research and development. We group these implications into
three key areas, each addressing a specific stakeholder group: software engineers using LLMs
(Section 5.1), LLM-based tool integrators (Section 5.2), and LLM designers (Section 5.3).
Additionally, in Sections 5.1 and 5.2 we analyze a total of 100 LLM prompts and responses,
experimenting with possible methods of improving security awareness in LLMs’ output.
Further, we demonstrate a CLI-based tool that serves as a prototype to help achieve these
security enhanced responses.

5.1 Implications for Software Engineers

Our study highlights the critical need for developers to be vigilant about the security of the
programming solutions suggested byLLMs.Notably, inRQ1we found thatLLMs rarely issue
security warnings autonomously, identifying vulnerabilities in fewer than 40% of cases under
the more favorable experimental settings. This limited detection rate highlights a critical risk:
engineers relying solely on LLMs may overlook key security flaws, leaving code vulnerable
to exploitation.

One way to make LLM responses more secure could be by providing specific instructions
in the prompt (Jensen et al. 2024). However, several studies show that developers struggle
to create effective LLM prompts (Chopra et al. 2023; Nam et al. 2024). Therefore, we
experimented with brief prompt additions that would be straight-forward for developers to
implement.

We sampled 50 questions from our datasets where none of the LLMs issued any security
warnings. To ensure representativeness, we selected 25 instances from the Mentions-Dataset
and 25 instances from the Transformed-Dataset. Further, these questions were sampled
proportionately to the distribution of vulnerabilities within the corresponding subsets of
questions. Next, these prompts were fed to GPT-4, the best performing model in our experi-
ments.

We experimented with multiple prompt structures, such as appending the phrase “Be
mindful of potential security implications.” or “Make the code secure.”, aiming to find a
structure that not only maximized the likelihood of LLMs addressing security vulnerabilities
butwas also concise enough for practical use by developers.We found that the best performing
technique included appending the phrase“Address security vulnerabilities” to the end of each
question. Consequently, we used all modified questions as prompts for three LLMs, resulting
in 50 responses. Next, we analyzed the LLM responses to these questions with respect to
the RQ1 and RQ2 metrics. The analysis of these 50 responses was performed by two of the
authors and followed the same methodology used in answering RQ1 and RQ2 in the main
study.

Out of the 25 questions from the Mentions-Dataset, GPT-4 was able to provide security
warnings for 19 questions. For the Transformed-Dataset, there was a much less notable
enhancement in performance; GPT-4 issued security warnings for 6 out of the 25 questions.
Despite these improvements, GPT-4 still struggled to identify and warn users about the
existence of more than 76% of the vulnerabilities in the Transformed-Dataset. This indicates
that while prompt engineering enhances security awareness, significant limitations remain in
LLMs’ ability to warn users about vulnerabilities. A significant factor is the challenge LLMs
face in accurately detecting vulnerabilities in the first place. Research indicates that even the
most advanced techniques can only achieve an accuracy of 67.7% (Zhou et al. 2024b, a).

It is worth noting that when vulnerabilities were pointed out, the LLM always included
information about the causes and fixes in its responses. Exploitations, however, were pointed
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out in 13/25 instances. In one of the instances, when a user sought help for a Python issue
involving an API request and the Flask framework, GPT-4 addressed the functional problem
but also pointed out a security concern, cautioning the user to validate and sanitize all inputs
to avoid potential vulnerabilities. Specifically, the model pointed out that directly using user-
provided URLs in HTTP requests without proper validation could lead to a Server-Side
Request Forgery (SSRF) attack. As such, GPT-4 identified the cause of the issue (unsanitized
user input), recommended input validation as a fix, and noted the potential exploitation
through SSRF.

The overall performance of GPT-4 using the “security-aware” prompts highlights the
potential influence of prompts on the security of the LLM responses. Although practitioners
can rely on such simple prompt engineering techniques to implement more secure program-
ming solutions, they should exercise caution as this method, in some instances, does not
result in more secure LLM responses.

5.2 Implications for Tool Integration in Software Development

To address the limitations of LLMs in identifying and mitigating vulnerabilities, alternative
approaches have been proposed. For instance, Pearce et al. demonstrated integrating outputs
from static analysis tools, such as CodeQL and C sanitizers, into LLM prompts as a zero-
shot strategy for fixing vulnerabilities Pearce et al. (2023). Building on the same idea, we
explored using this technique to examine how well LLMs provide relevant security warnings
and information when responding to general programming questions.

We use the same 50 questions used in Section 5.1 to experimentwith this approach. Having
analyzed each question’s extracted code snippetswithCodeQL,we addCodeQL’s description
of the detected vulnerabilities to the end of each question, using the phrase “Address security
vulnerability: <Vulnerability Description #1>Address security vulnerability: <Vulnerability
Description #2>...”. After prompting theGPT-4with these prompts, the LLM responseswere
again analyzedwith respect toRQ1 andRQ2.Here, similar to the previous section, the authors
manually carried out the analysis.

Upon providing GPT-4 with the output of CodeQL, it was able to identify and address
vulnerabilities in 24/25 questions from the Mentions-Dataset. Further, the GPT-4 was able
to identify and address 20/25 vulnerabilities for the Transformed-Dataset. However, for six
questions, the LLMs ignored the CodeQL output and proceeded to answer the main question
without necessarily fixing the code. Consistent with our previous results, the model provided
information about the causes, exploits, and the fixes of almost all the vulnerabilities it pointed
out.Overall, this technique significantly performedbetter than themanual prompt engineering
technique (Section 5.1).

We also examined whether modifying the prompts affected the overall functional correct-
ness of the LLM’s answers. In 46 out of the 50 responses, GPT-4 adequately addressed the
user’s primary concern while fixing and/or acknowledging the security vulnerabilities. How-
ever, in 4 instances, the LLM’s response only addressed the security issue and completely
overlooked the user’s main query. Figure 9 illustrates one such scenario where the question
seeks guidance on preventing multiple database entries for the same user. Note that the user’s
code insecurely handles logging credentials, introducing a potential security risk. Without a
security-specific prompt, the LLM addresses the core issue, ignoring the vulnerability (Fig. 9
- left panel). After integrating the CodeQL findings into the prompt, the LLM only addresses
the logging and credential handling vulnerabilities while neglecting the main question (Fig. 9
- right panel). This example demonstrates how emphasizing security can sometimes over-
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Fig. 9 Comparison of the LLM’s original functionality-focused response (left) and its subsequent security-
focused response (right). On the right, we observe that explicit mention of vulnerability caused the model to
overlook the main question

shadow the original problem and highlights the challenge of balancing these objectives in
real-world usage.

Despite the challenges, several opportunities exist for integrating LLMs with SE tools
in the development workflows. For instance, static analysis tool like CodeQL can be used
to preprocess code snippets to outline specific security vulnerabilities in the prompt. The
identified vulnerability can then be added as meta data to the prompt, providing the LLM
with clearer directions on what issues need addressing. Such integration could enhance the
LLM’s ability to generate secure code and streamline vulnerability detection and mitigation.

To further demonstrate the potential of this approach in practice, we developed a prototype
CLI-based tool that automates the integration of static analysis feedback into LLM prompts.
The tool automatically extracts the Python or JavaScript code from developer queries, ana-
lyzes the code snippets using CodeQL, and integrates the detected vulnerabilities into the
LLM’s prompts using the above-mentioned prompt structure. Figure 10 shows an example
interaction using our prototype, highlighting the security enhanced response from the GPT-4.
In this example, the developer’s prompt does not mention any security risks. When prompted
directly with this question, GPT-4 does not address this issue in the user’s code. However,
after integrating the CodeQL feedback, the LLM not only identified the risk of log injection
but also warned the user about its potential exploits and suggested fixes, such as sanitizing
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Fig. 10 Left: The original user prompt featuring vulnerable code. Right: The LLM’s response after prompt
modification (integrating CodeQL feedback). Both the prompt and response have been abbreviated for pre-
sentation clarity

user input using the sanitize function from the validator library. This example demonstrates
how integrating static analysis tools into LLM pipelines can effectively enhance security
awareness in LLM responses and increase the proactive mentions of insecure vulnerabilities
in developers’ code.

5.3 Implications for LLM Designers

Overall, our findings highlight substantial gaps in the security awareness of LLMs, empha-
sizing the need for design and training improvements. Based on the results of RQ1, the best
performance we observed in issuing security warnings was only 40%, which declines even
further in the Transformed-dataset, dropping to as low as 12.6%. This significant disparity in
performance across datasets suggests that LLMs require substantial modifications to improve
the attention to security in their responses. Addressing these gaps might involve acquiring
additional high-quality training data, or domain-specific fine-tuning for SE.

Moreover, our study suggests that LLMs’ lack of attention to security extends beyond code
generation to the natural language they produce in software engineering-related discussions.
This broader issue indicates the need to evaluate the security of LLM-generated content,
particularly in the explanations, advice, and recommendations provided to developers. Future
research could establish standardized methods for assessing LLM security awareness within
software engineering contexts, focusing not only on the code produced but also on the security
of LLM-provided guidance. This dual approach to security—encompassing both code and
conversational context—could enable more robust, security-conscious LLM designs that
better serve practitioners in high-stakes environments.
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6 Threats to Validity

Internal Validity An LLM may appear to address the security flaws within a given prompt;
however, if the prompt was a part of the LLM’s training data, the generated response could
merely reflect that information, and not themodel’s generalizability. To counteract this threat,
we created the Transformed-Dataset. This dataset includes transformed SO questions devoid
of any security mentions, either in questions or responses. Therefore, we expect none of
the three LLMs to have encountered these specific questions or related security concepts,
allowing us to assess their ability to address security issues in new data.

External Validity The results of our study may not generalize to all LLMs or program-
ming questions. One key limitation of our study is the exclusion of code-specific LLMs, such
as DeepSeek-Coder Team (2024) and Qwen-Coder Hui et al. (2024), which are designed
specifically for code-related tasks. These models place a stronger emphasis on code compre-
hension and may yield different security-related responses compared to the conversational
LLMs we evaluated. While our focus was on conversational LLMs widely used in devel-
oper interactions, we acknowledge that analyzing the security awareness of code-specific
models is an important avenue for future research. In investigating the security awareness
of conversational LLMs, however, we included three of the most popular models: GPT-4,
Llama 3, and Claude 3. Further, we collected our datasets from a SO dump spanning 9 years
(March 2015-March 2024). We selected questions related to two popular programming lan-
guages, Python and JavaScript, to ensure our findings remain adaptable to a wide range of
development scenarios and questions.

Construct ValidityMuch of the qualitative analysis done throughout this work has been
the result of manual efforts by the authors. To ensure the reliability of our analyses, we
calculated the inter-rater agreement using Cohen Kappa coefficient, and iteratively discussed
and resolved conflicts to reach sufficient agreement (> 0.6).We chose to use an static analysis
tool for automatically identifying the security vulnerabilities in code snippets which can
sometimes produce false positives or false negatives. To mitigate this threat, in line with
prior work, we relied on CodeQL, as it offers higher precision at the expense of a lower
recall. As a result, by prioritizing precision, we ensure that the vulnerabilities included in our
dataset are more accurate and reliable.

7 RelatedWork

Researchers have studied the adoption of LLMs in security-related software engineering
tasks.Multiple studies have explored the possibilities and limitations ofLLMs in vulnerability
detection (Zhou et al. 2024b; Noever 2023; Bakhshandeh et al. 2023; Purba et al. 2023;
Cheshkov et al. 2023; Wang et al. 2023; Liu et al. 2023b). Some of these studies have
demonstrated the superior performance of LLMs compared to traditional methods such as
static analysis tools (Zhou et al. 2024b; Noever 2023; Bakhshandeh et al. 2023), while others
have highlighted the shortcomings of LLMs, particularly their tendency to generate false
positives (Purba et al. 2023; Cheshkov et al. 2023; Banerjee et al. 2023). Additionally, LLMs
have been employed to detect malicious code (Henrik 2023; Eli and Gil 2023), generate test
cases (Yao et al. 2023; Zhang et al. 2023), and to fix defective and/or vulnerable code (Jiang
et al. 2023; Pearce et al. 2023; Xia et al. 2022; Jin et al. 2023). Beyond the use of LLMs in
performing security-related tasks, researchers have also studied the security issues caused
due to the use of LLMs. We discuss some of these studies in Sections 7.1 and 7.2.
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7.1 Security Concerns with using LLMs

Numerous studies studied the security of the code generated by LLMs. Pearce et al. (2022)
examined security of the code generated by GitHub’s Copilot (GitHub and OpenAI 2024).
They found that around 40% of the code generated by Copilot contained vulnerabilities
when analyzed with CodeQL (GitHub 2022). Other studies have also evaluated the security
of code from different code generation models, comparing it to human-written code (Siddiq
and Santos 2022; Asare et al. 2023).

In addition to the code generationmodels such as Insider andCopilot, LLMshave also been
scrutinized for the security of their generated code. Khoury et al. (2023) tasked ChatGPTwith
generating 21 programs likely to contain vulnerabilities. The results revealed that ChatGPT
only provided secure code in five out of 21 programs. Similarly, Siddiq et al. (2024b) used
CodeQL, Bandit, and Pylint to evaluate the security of code generated by ChatGPT, finding
a number of security issues related to improper resources and exception management.

LLMs have been proven useful in detecting security vulnerabilities Lu et al. (2024);
Zhou et al. (2024b); Thapa et al. (2022); Yao et al. (2024). Based on these studies, and
supported by the preliminary validation of our motivational study we initially hypothesized
that LLMs possess the security knowledge needed towarn users of potential threats. However,
our findings show that LLMs do not always recognize when or how to apply this knowledge
effectively. Different from previous studies, our work focuses on determining LLMs’ abilities
in proactive prevention i.e., proactively identifying and flagging vulnerabilities. To the best
of our knowledge, we are the first to assess LLMs’ capability in communicating critical
information (causes, exploits, and fixes) to enhance developer understanding and encourage
the adoption of secure coding practices.

7.2 Stack Overflow vs. LLMs: Security Implications

Popularity of Stack Overflow has been significantly impacted by the emergence of LLMs
(Da Silva et al. 2024). Despite the varying quality of LLM-generated answers, many devel-
opers prefer ChatGPT due to their well-articulated language (Kabir et al. 2024). While a rich
body of literature on SO and the security concerns associated with its usage remains (Yang
et al. 2016; Licorish andNishatharan 2021; Fischer et al. 2017; Zhang et al. 2018), researchers
are still exploring the consequences of relying on LLM responses instead of user-provided
SO responses.

Da Silva et al. (2024) compared the reliability of LLM-generated responses to user-
provided answers on SO. Their results indicate that despite a high degree of textual similarity,
the LLM responses are not reliable. Furthermore, they report a considerable decline in user
activity on SO since the introduction of ChatGPT. In another study, ChatGPT was prompted
with 517 SOquestions, revealing that 52%of the responses contained incorrect and fabricated
information (Kabir et al. 2024). Delile et al. (2023) have shown that 74% of the user-provided
responses and 71% of the ChatGPT-generated responses to privacy-related SO questions
are accurate. In another study, Hamer et al. (2024) discovered multiple vulnerabilities in
ChatGPT’s code when responding to SO security questions. While they focused on whether
LLMs generate vulnerable code, we aim to assess if LLMs, when prompted with vulnerable
code, inform users about the security implications.

Overall, our work is distinct in two ways. First, instead of assessing the security of LLM-
generated code, we evaluate the natural language responses. Second, unlike studies that
prompt LLMs with specific security-related tasks such as vulnerability detection, we deliber-
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ately avoid any mention of security in our prompts. Instead, we present LLMs with only SO
questions that contain insecure code. This emulates real-life programming Q&A and allows
us to evaluate the security awareness of LLMs in practical applications.

8 Conclusions

This paper presents the first study to examine the security awareness of three popular
LLMs when answering programming-related questions. In our motivational study, Chat-
GPT demonstrated potential in offering developers relevant security-related information and
context-based solutions for writing secure code. These findings inspired us to conduct a
deeper investigation into the capabilities of other popular LLMs. We prompted three popular
LLMs, GPT-4, Llama 3 and Claude 3, with SO questions containing vulnerable code and
evaluated their responses.

Our results indicated the underwhelming performance of all three LLMs in pointing out
the security vulnerabilities. We observed even lower performances when prompting LLMs
with questions from Transformed-Dataset which, indicates the limitations of these models in
generalizing their learned data. Additionally, we observed that LLMs are more likely to point
out certain vulnerabilities, specially those related to the impropermanagement and protection
of sensitive information (e.g., CWE-532, CWE-321, CWE-798) compared to those involving
external control of file names or paths (e.g., CWE-400).

While some of our findings align with existing research on security flaws in LLM-
generated content, our approach addresses a crucial gap by focusing on real-world scenarios
where developers seek general coding assistance without explicitly considering security,
which is common in interactions. By selecting prompts without explicit security mentions,
we simulate typical developer interactions in which security concerns are often overlooked,
highlighting a key risk: LLMs often overlook insecure practices and inadvertently reinforce
them. This insight, when coupled with the prompting techniques we propose, could help
developers elicit more security-aware responses from LLMs, thus promoting secure coding
practices.

In general, our findings have the following key implications. For software engineering
practitioners, prompt engineering can be a practical tool to promote security-aware LLM
outputs, though limitations remain; integrating tools like CodeQLmay further aid developers
in outlining vulnerabilities. For researchers, the results point to the importance of evaluating
both code and natural language guidance from LLMs and highlight opportunities for fine-
tuning models to generate more security-aware responses. For LLM designers, there is a
need for models that proactively identify security issues, perhaps through enhanced training
or fine-tuning with high-quality, domain-specific data.
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