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About VUB-SOFT

• 1 of 2 large research groups (other being AI) 
within the Departement of Computer Science 
(DINF) at Vrije Universiteit Brussel (VUB) in the 
capital of Belgium 


• originating from the 2008 merger of SSEL and 
PROG, both founded in 1987 by Prof. emeriti V. 
Jonckers and T. D’Hondt


• currently counting about 30 pre-doctoral 
researchers, 11 post-docs, and 1 valorisation 
manager –led by 6 full-time faculty members 

• supported by portfolio covering entire 
spectrum from fundamental over strategic 
basic to applied research
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VUB-SOFT and Security Research

Data 
vs. 

Programs

Low Level 
vs. 

High Level

Small scale 
vs.  

Large Scale

Mainstream 
vs. 

Upstream

Theory 
 vs.  

Applications

Research Diversity Dimensions at SOFT

SOFT researches theories, technologies and methods that are at the 
basis of, or help to improve, the construction of software at all layers of 
the software stack that begins where computer engineering ends and 

goes up to and includes application construction.

• empirical research into secure SE practices

• reactive security & incident management

• dynamic and static program analyses

• tools for SCA, SAST, DAST, IAST, RASP

• secure programming abstractions

• secure programming languages


“

”
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VUB-SOFT in the room
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Famous defects .. in relays
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Discovered by Grace 
Murray Hopper on 

September 9th of 1947



Famous defects .. in space
... 
declare 
  vertical_veloc_sensor: float;  
  horizontal_veloc_sensor: float; 
  vertical_veloc_bias: integer; 
  horizontal_veloc_bias: integer; 
  ... 
begin 
declare 
pragma suppress(numeric_error, horizontal_veloc_bias); 
begin 
  sensor_get(vertical_veloc_sensor); 
  sensor_get(horizontal_veloc_sensor); 
  vertical_veloc_bias := integer(vertical_veloc_sensor); 
  horizontal_veloc_bias := integer(horizontal_veloc_sensor); 
  ... 
exception 
  when numeric_error => calculate_vertical_veloc(); 
  when others => use_irs1(); 
end; 
end irs2;

On June 4th of 1996, the Ariane 5 
maiden flight ended up a 370 

billion dollar disaster.


Integer conversion from 64-bit 
floating point number to 16-bit 

signed integer caused an overflow 
and a hardware exception. 

The code was reused from Ariane 4.

ACM SIGSOFT Software Engineering Notes vol 22 no 2 March 1997 Page 84 

The ARIANE 5 Software Failure 

M a r k  D o w s o n  
M a r l s t o n e  S o f t w a r e  T e c h n o l o g y  
e - m a U : d o w s o n @ m a r l s t  o n e . c o r n  

On 4 June 1996, the Ariane 501 satellite launch failed catas- 
trophically 40 seconds after initiation of the flight sequence, 
incurring a direct cost of approximately $370 million. The 
Inquiry Board Report (IBR), clearly identifies the proximate 
cause of the disaster as a software failure; but in other respects 
is one of the more astonishing engineering documents of our 
time. In summary, the sequence of events was as follows: 

1. An outside-expected-range value, derived from the 
launcher's actual horizontal velocity, led to an unhan- 
died exception in the Inertial Reference System (SRI) 
software. This caused the backup "hot standby" SRI 
to fail approximately 37 seconds after launch initiation 
(H0). 

2. Seventy two milliseconds later, the active SRI (running 
identical software) failed for the same reason. 

3. In the absence of a working backup, the failure of the 
active SRI caused it to transmit diagnostic bit pat- 
terns to the main On Board Computer (OBC). 

4. The OBC, misinterpreting the diagnostic input as 
valid data, ordered full nozzle deflections of the solid 
boosters and the Vulcain main engine. 

5. These deflections created aerodynamic loads that sep- 
arated the boosters from the main stage, (correctly) 
triggering the launcher's self-destruct system at ap- 
proximately H0+40 seconds. 

The Inquiry Report concludes that, in essence, poor software 
engineering practices were responsible for the "software fail- 
ure" that caused the catastrophe, and makes a number of 
general and specific recommendations including: 

- "Although the failure was due to a systematic software 
design error, mechanisms can be introduced to mitigate 
this type of problem . . . .  " (IBR page 5). 

- "Do not allow any sensor ... to stop sending best effort 
data." (IBR Recommendation 3, page 13 ). 

- "... perform complete, closed-loop, system testing. Com- 
plete simulations must take place before any mission . . . .  " 
(IBR Recommendation 4, page 13). 

So - a software problem, with software engineering solutions. 
Closer analysis of the Inquiry Report reveals a rather different 
picture: 

1. "... the early part of the flight trajectory of Ariane 
5 differs from that of Ariane 4 and results in consid- 
erably higher horizontal velocity values." (IBR page 
4). 

2. "The design of the Ariane 5 SRI is practically the same 
as that of an SRI which is presently used on Ariane 4, 
particularly as regards software." (IBR page 3). 

3. "There is no evidence that any trajectory data were 
used to analyze the behavior of the unprotected vari- 
ables, and it is even more important to note that it 
was jointly agreed not to include the Ariane 5 trajec- 
tory data in the SRI requirements and specification." 
(IBR page 5, emphasis added). 

Excuse me? This was a software failure? 
As should now be obvious, the software functioned precisely 
according to its specification and design, and no additional 
software-related measures, such as ensuring that all code ex- 
plicitly included a handler for "others" conditions, improved 
QA, e.g., better test coverage, or use of improved approaches 
to software fault tolerance, could have ensured that some sim- 
ilar catastrophe did not occur. 
These, then, are the two astonishing aspects to the Inquiry 
Report: 

1. The report reveals that expected flight trajectory of 
Ariane 5 was deliberately excluded from consideration 
in the design of a key component involved in its con- 
trol. 

2. The Inquiry Board (which included software engi- 
neers), characterized the cause of the consequent flight 
failure as a software problem. 

Unfortunately, it is all to easy to imagine how the first of these 
happened in an industrial context: pressures of time and bud- 
get, if-its-not-broke-don't-fix-it arguments, etc. The second is 
harder to comprehend, and perhaps it is wiser not to specu- 
late on its causes without better insight into the procedures 
followed by the Inquiry Board. 
So, how should we characterize the causes of failure of Ariane 
flight 501, and how can future such failures be avoided? 
At the very least, the failure was a systems engineering fail- 
ure (I'm grateful to Gerard Le Lann, of INRIA, France for 
drawing this perspective to my attention). As we all know, 
software can't be designed in isolation, and the system that 
it is part of includes its operating environment. 
Furthermore, the failure was a process failure. A well defined 
(and well designed) process for engineering systems such as 
Ariane should make it impossible to exclude any significant 
aspect of the system operating environment from considera- 
tion. 
Ariane 5 should teach us that there are "political" facets of 
engineering processes. A good process needs to regulate not 
only how systems are designed and developed, but also how 
high-level decisions about that design and development are 
arrived at. Only by adopting and following a process that en- 
compasses these considerations, will sound engineering prac- 
tice be able to triumph over immediate pressures of time and 
budget. 
Reference:  
ARIANE 5 Flight 501 Failure, Report by the Inquiry Board, 
Paris 19 July 1996 
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Famous defects .. in cars
On October 24th 2013, a jury ruled 

against Toyota and found that 
unintended acceleration incidents 

could have been caused by 
deficiencies in its electronic throttle 

control system. A single bit flip 
could kill a software task 

monitoring the accelerator pedal. 

  

20 

EXAMPLE OF UNINTENDED ACCELERATION 

task death 

> 90 mph 

time (seconds) 

speed 
(blue) 

stuck throttle 

30 second 
unintended 
acceleration 
due to task 

death; no fail 
safe acts 

set speed 
(68 mph) 

brake state 
(green) 

 s
pe

ed
 (

kp
h)

 

!  Representative of task 
death in real-world 

!  Dead task also monitors 
accelerator pedal, so 
loss of throttle control 
"  Confirmed in tests 
 

!  When this task’s death 
begins with brake press 
(any amount), driver 
must fully remove foot 
from brake to end UA 
"  Confirmed in tests (red) 

Source: Loudon Vehicle Testing 
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important factor hypothesised in court: “technical debt”  
• data flow hard to understand 

• > 11.000 global variables

• control flow hard to understand 

• > 100 independent paths through throttle function 

• 67 functions > 50 paths

• “Some of them are even so complex that they are what is called 

unmaintainable, which means that if you go in to fix a bug or to make 
a change, you're likely to create a new bug in the process.” [Barr]



Technical debt
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The implied cost of future rework 
when choosing quick but 
suboptimal solutions during 
software development. 



StackOverflow developers 
survey reports Technical Debt 
as the most common cause 
of developer frustration [1].

[1] https://survey.stackoverflow.co/2024/professional-developers#developer-experience

Technical debt leads to frustration
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One way to measure technical debt
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Automated way: code metrics

overview pyramid  
• computes a selection of code metrics

• computes meaningful ratios 


• e.g., LOC/NOM is more meaningful than LOC or NOM alone

• colors them according to empirically-established thresholds 


• determined from distribution of ratios computer for other systems

• e.g., LOC/NOM is “normal” for this system

11

[Lanza, Marinescu 2006]
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The Overview Pyramid provides a metrics 
overview. Lanza, Marinescu 2006

close to high close to average close to low

5.2 Selecting common values for the Overview Pyramid

The overview pyramid displays a many values and some ratios between them. Developers dont
always have an intuition of what values are good and what are bad. This is solved by giving a
color scale to some of the values. Values indicated in red would be higher than normal, blue lower
than normal and green, normal. In the size part, red could indicate classes with many methods,
methods with many lines of code and so on. Blue would indicate the contrary. Both cases would
tell us that something is o↵ and often they go hand in hand. For example, when there are many
methods per class (red), chances are high that these methods will be very large to accommodate
all the logic. Only the ratios between metrics and the inheritance metrics are color graded. The
raw size values are not color graded, as is wouldn’t give insight in the programming style in the
project, but only show the size of the project. The inheritance metrics also stay stable between
projects between di↵erent size, and so these raw metrics can be color graded too.

In this section, we will analyze 241 Scala projects to determine what the common values for
the ratios and the inheritance metrics are. Based on these values, we will determine thresholds
that will decide in what color a value should be displayed.

We can then color the numbers as follows:

• Blue: If the value is lower than the mean, minus one standard deviation

• Green: By default

• Red: If the value is higher than the mean, plus one standard deviation

This is illustrated in figure: 11.
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Own work, based (in concept) on figure by Jeremy Kemp

Figure 11: Choice of color based on location in the distribution

5.2.1 Running the large scale analysis

A large set of Scala projects was obtained as follows:

1. Using the GitHub API20, many projects with available source code were listed. The first
900 projects with most stars when searching for the ’Scala’ keyword were downloaded.

20https://developer.github.com/v3/search/legacy/#search-repositories

22

size & complexity

inheritance

coupling & cohesion



From code metrics to design smells

e,g., God class “Centralizes intelligence, does everything, uses data from other data classes”

top-level classes should share work uniformly

beware of classes with much non-communicative behavior
beware of classes that directly access data from other classes

[Lanza, Marinescu 2006] formulate smells in terms of metrics and thresholds

A God Class centralizes too much intelligence in 
the system.

ATFD > FEW

Class uses directly more than a 

few attributes of other classes

WMC ! VERY HIGH

Functional complexity of the 

class is very high

TCC < ONE THIRD

Class cohesion is low

AND GodClass

Lanza, Marinescu 2006
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Which smells to smell 

169 developers design better object-oriented systems. In addition,
170 the software refactoring community [7, 9] describes design
171 flaws as a means to highlight frequently encountered
172 situations where the aforementioned design principles and
173 rules are violated.
174 The framework can be used with any type of design
175 flaw, ranging from fine-grained ones that affect methods
176 (e.g., code duplication) to architectural flaws that occur
177 at the level of subsystems (e.g., cyclic dependencies [27]).
178 The mixture of flaws that are included in an actual
179 framework instantiation should reflect the assessment
180 focus.

181 Implementation decisions
182 For the concrete instantiation of the framework, we selected
183 eight design flaws (Table 1) based on the following
184 characteristics:
185

186 1. SignificantVWe include only design flaws that are well
187 described in the literature and for which empirical studies

188or experience reports (e.g., [28, 29]) indicate a high
189occurrence rate and a significant negative impact on the
190perceived quality of the analyzed systems (e.g., high
191correlation with flaws).
1922. BalancedVWe select a minimal set of design flaws that
193cover in a balanced manner the aforementioned traits of
194good design identified by Coad and Yourdon [24].
1953. AccurateVWe use only design flaws that proved in our
196earlier studies [8, 12] to be automatically detectable
197with a high level of accuracy (i.e., good precision and
198recall).

199Detect design flaws
200In order to detect design flaws, various detection techniques
201can be used. Some of these techniques are based on Prolog*
202rules to describe structural anomalies [11], whereas others
203are metrics-based [12, 14, 15] or use a dedicated specification
204language [13] that also allows taking into account correlation
205among flaws. We build on our previous experience of
206detecting design flaws using a metrics-based approach called

Table 1 Informal description of the design flaws used to instantiate the assessment framework.

R. MARINESCU 9 : 3IBM J. RES. & DEV. VOL. 56 NO. 5 PAPER 9 SEPTEMBER/OCTOBER 2012

1 Assessing technical debt by
2 identifying design flaws in
3 software systems

R. Marinescu

4 Tough time-to-market constraints and unanticipated integration or
5 evolution issues lead to design tradeoffs that usually cause flaws in
6 the structure of a software system. Thus, maintenance costs grow
7 significantly. The impact of these design decisions, which provide
8 short-term benefits at the expense of the system_s design integrity, is
9 usually referred to as technical debt. In this paper, we propose a
10 novel framework for assessing technical debt using a technique for
11 detecting design flaws, i.e., specific violations of well-established
12 design principles and rules. To make the framework comprehensive
13 and balanced, it is built on top of a set of metrics-based detection
14 rules for well-known design flaws that cover all of the major aspects
15 of design such as coupling, complexity, and encapsulation. We
16 demonstrate the effectiveness of the framework by assessing the
17 evolution of technical debt symptoms over a total of 63 releases of
18 two popular Eclipse projects. The case study shows how the
19 framework can detect debt symptoms and past refactoring actions.
20 The experiment also reveals that in the absence of such a framework,
21 restructuring actions are not always coherent and systematic, not
22 even when performed by very experienced developers.

23 Introduction
24 Software systems must evolve continuously to cope with
25 requirements and environments that are always changing [1].
26 Stringent time to market constraints and fast emerging
27 business opportunities require swift, but profound, changes
28 of the original system. Therefore, in most software projects,
29 the focus is on immediate completion and on choosing a
30 design or development approach that is effective in the short
31 term, even at the price of increased complexity, and higher
32 overall development cost in the long term [2]. Cunningham
33 introduced the term technical debt [3] to describe this
34 widespread phenomenon. According to this metaphor,
35 interest payments represent the extra maintenance effort that
36 will be required in the future, due to the hasty, inappropriate
37 design choices that are made today, and paying the principal
38 means the effort required to restructure the part of the
39 systems that were improperly designed in the past. As in
40 financial debt, there are two options: continuously paying the
41 interest or paying down the principal, by refactoring the

42design affected by flaws into a better one and consequently
43gaining through reduced future interest payments [4].
44When debt is incurred, at first, there is a sense of rapid
45feature delivery, but later, integration, testing, and Bbug[
46(i.e., flaw) fixing become unpredictable, to the point where
47the effort of adding features becomes so high that it exceeds
48the cost of writing the system from the ground up [5]. The
49cause of this unfortunate situation is usually less visible:
50The internal quality of the system design is declining [6],
51and duplicated code, overly complex methods, noncohesive
52classes, and long parameter lists are just a few signs of
53this decline [7]. These issues, and many others, are usually
54the symptoms of higher-level design problems, which are
55usually known as design flaws [8], design smells [7], or
56anti-patterns [9].
57Technical debt is not always bad. Often, the decision to
58incur debt is the correct one, especially when considering
59nontechnical constraints [10], but most of the time, incurring
60debt has a negative impact on the quality of a system_s
61design. In this paper, we propose a framework for assessing
62technical debt by exposing debt symptoms at the design
63level. Our framework is based on detecting a set of relevant

!Copyright 2012 by International Business Machines Corporation. Copying in printed form for private use is permitted without payment of royalty provided that (1) each reproduction is done without
alteration and (2) the Journal reference and IBM copyright notice are included on the first page. The title and abstract, but no other portions, of this paper may be copied by any means or distributed

royalty free without further permission by computer-based and other information-service systems. Permission to republish any other portion of this paper must be obtained from the Editor.

Digital Object Identifier: 10.1147/JRD.2012.2204512

R. MARINESCU 9 : 1IBM J. RES. & DEV. VOL. 56 NO. 5 PAPER 9 SEPTEMBER/OCTOBER 2012

0018-8646/12/$5.00 B 2012 IBM

[Marinescu 2012] 
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• empirical studies show these 8 smells have

• high occurrence rate

• significant negative impact on quality 


• cover four major characteristics of good design 
• low coupling

• high cohesion

• moderate complexity

• proper encapsulation


• automatically detectable with

• good precision

• good recall


• typical detection methods include

• metrics-based 


• product metrics:  
e.g., CK suite, …


• process metrics:  
e.g., churn = frequency & volume of code changes 


• rule-based by pattern matching against AST,  
heuristic thresholds 


• through ML model trained on examples



A non-exhaustive selection of tools

14
SQAle SonarQube

Designite & DCode
CodeScene



[3] Robbes, R., Matricon, T., Degueule, T., Hora, A., & Zacchiroli, S. (2026). Agentic Much? Adoption of Coding Agents on GitHub. arXiv preprint arXiv:2601.18341.

Times are changing: agentic activity on GitHub
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The AI PR Scenario

"An AI coding agent opens a pull request. 
The code compiles. Tests pass. The 
feature works. Should we merge it?"

Functional correctness is not the 
only quality dimension.

What’s missing from “tests pass”:

Readability for reviewers

Observability and testability

Maintainability and changeability
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The AI PR Scenario

"An AI coding agent opens a pull request. 
The code compiles. Tests pass. The 
feature works. Should we merge it?"

Functional correctness is not the 
only quality dimension.

What’s missing from “tests pass”:

Readability for reviewers

Observability and testability

Maintainability and changeability

How do LLMs behave from the 
perspective of code quality?
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To answer this question, we looked at 
the smells introduced by agents in 

software repositories.



AI-Dev  
Pull-Requests

DPy

StaticTracker

Commit Extraction

Smelly Commit 
Detection

Smell Introducing 
Commit Collection

LDA & Keyword 
Commit Message 

Analysis

RQ2

Prevalence 
Comparison

RQ0

Commit Time  
Analysis

RQ1

Claude-Code Devin OpenAI-Codex Cursor Copilot Human

We collected agent-authored and 
human-authored Python commits from 

434 open-source repositories on Github.

Agent-authored commit collection
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AI-Dev  
Pull-Requests

DPy

StaticTracker

Commit Extraction

Smelly Commit 
Detection

Smell Introducing 
Commit Collection

LDA & Keyword 
Commit Message 

Analysis

RQ2

Prevalence 
Comparison

RQ0

Commit Time  
Analysis

RQ1

Claude-Code Devin OpenAI-Codex Cursor Copilot Human

We extracted all the commits to 
evaluate the presence of code smells in 

the changed files, through DPy.

Code smells: 

10 types of design smells 

11 types of implementation smells 

Code smell detection
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Examples of Code Smells

Long Statement very long line/expression

Magic Number hardcoded number without meaning

Complex Method too many branches/responsibilities

Empty Catch Block exception swallowed

Deficient Encapsulation internals exposed

Feature Envy method uses another class's data heavily

Multifaceted Abstraction class/module does too much

Implementation Smells Design Smells

Broken Hierarchy class/subclass do not share conceptually
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AI-Dev  
Pull-Requests

DPy

StaticTracker

Commit Extraction

Smelly Commit 
Detection

Smell Introducing 
Commit Collection

LDA & Keyword 
Commit Message 

Analysis

RQ2

Prevalence 
Comparison

RQ0

Commit Time  
Analysis

RQ1

Claude-Code Devin OpenAI-Codex Cursor Copilot Human

We collected the set of commits that 
introduced a specific instance of a smell 

(i.e., smell-introducing commits).

Smell-introducing commit detection
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[5] J. Li and J. Yang, "StaticTracker: A Diff Tool for Static Code Warnings," 2023 IEEE International Conference on Software Maintenance and Evolution (ICSME).

AI-Dev  
Pull-Requests

DPy

StaticTracker

Commit Extraction

Smelly Commit 
Detection

Smell Introducing 
Commit Collection

LDA & Keyword 
Commit Message 

Analysis

RQ2

Prevalence 
Comparison

RQ0

Commit Time  
Analysis

RQ1

Claude-Code Devin OpenAI-Codex Cursor Copilot Human

We reused the StaticTracker algorithm, 
which computes diffs for warnings based 
on location, snippet and exact similarity 

and Hungarian matching [5]. 

  Wi  Wi-1

  Wj-1

Post-commit versionPre-commit version

  WZ

Smell already existing

Smell removed in the 
post-commit version

Smell-introducing 
commit

Smell-introducing commit detection
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AI-Dev  
Pull-Requests

DPy

StaticTracker

Commit Extraction

Smelly Commit 
Detection

Smell Introducing 
Commit Collection

LDA & Keyword 
Commit Message 

Analysis

RQ2

Prevalence 
Comparison

RQ0

Commit Time  
Analysis

RQ1

Claude-Code Devin OpenAI-Codex Cursor Copilot Human

RQ0: How do human developers and 
LLM-based agents compare on the 

introduction of code smells? 

RQ1: When do agents 
introduce code smells? 

RQ2: Why do agents introduce code 
smells in software systems? 

Data analysis
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RQ0: How do human developers and LLM-
based agents compare on the introduction of 
code smells? 

Agents introduce smells, but not 
all agents behave the same.

24



Most common implementation 
smells are Long Statement, Magic 
Number, Complex Method. 

While we notice variability in design 
smells introduced by LLMs. 

RQ0: How do humans and LLM-based agents compare on the introduction of code smells? 
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RQ0: How do humans and LLM-based agents compare on the introduction of code smells? 

Choose agents not only by 
productivity or benchmark score, 
but also by the kind of technical 
debt they tend to introduce.

While all the agents introduce a 
significant number of smells, 
they differ on the type of smells 
that they introduce. 

Never trust the LLM. Smelly 
code is a warning not to let 
your guard down.
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RQ1: When do agents introduce code smells? 

A large number of smells is 
introduced close to release 

deadlines. 

The brief time before a deadline 
is one of the most important 

periods to be careful. 
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RQ1: When do agents introduce code smells? 

The brief time before a deadline is 
one of the most important periods 
to be careful. 

Of course, agents do not feel a sense 
of “pressure”, but humans may be 
tempted to let their guard down for the 
quality of agentic contributions.
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RQ2: Why do agents introduce code smells? 

To answer this question, we looked at the activities registered by agents and 
developers in their commit messages. 

We performed two analyses:

Keyword Matching: Structured pattern 
matching based on keywords of GitHub 
Commit Conventions (e.g., fix, refactor, feat).

Latent Dirichlet Allocation (LDA): Clustering 
algorithm that looks at the semantic distance of 
words. Good for topic modelling problems. Commit 

messages LDA Recurrent
Topic
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RQ2: Why do agents introduce code smells? 

Keyword Matching:

Code smells are mostly introduced 
when a new feature is checked into the 

codebase. 
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To conclude, just like humans may introduce code smells, LLMs may do so 
too, in ways similar to humans, but with:

Amplified effect. As evidenced by their measured prevalence.

Silent effect. While developers have cognition of their own code, they may 
miss this for automatically-generated code. This effect is called cognitive 
debt. 
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Don’t Trust LLMs blindly. LLM-generated code requires deeper inspection 
than human-written code to ensure maintainability. 

When using LLMs, choose your LLM wisely. The model selection should not 
be driven by a (single) benchmark score, but should consider all the pros and 
cons. 

React on LLM cons. Familiarise yourself with LLMs and understand their 
typical deficiencies. Over time, you’ll know what to look for first. 

Practical suggestions

1

2

3
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The AI PR Scenario

"An AI coding agent opens a pull request. 
The code compiles. Tests pass. The 
feature works. Should we merge it?"

Functional correctness is not the 
only quality dimension.

What’s missing from “tests pass”:

Readability for reviewers

Debuggability/observability

How do LLMs behave from the 
perspective of code quality?

Maintainability and changeability

RQ0: How do human developers and LLM-based agents compare on the 
introduction of code smells? 

Most common implementation 
smells are Long Statement, Magic 
Number, Complex Method. 

While we notice variability in design 
smells introduced by LLMs. 

AI-Dev  
Pull-Requests

DPy

StaticTracker

Commit Extraction

Smelly Commit 
Detection

Smell Introducing 
Commit Collection

LDA & Keyword 
Commit Message 

Analysis

RQ2

Prevalence 
Comparison

RQ0

Commit Time  
Analysis

RQ1

Claude-Code Devin OpenAI-Codex Cursor Copilot Human
RQ0: How do human developers and 
LLM-based agents compare on the 
introduction of code smells? 

RQ1: When do agents 
introduce code smells? 

RQ2: Why do agents introduce code 
smells in software systems? 

Data analysis

Don’t Trust LLMs blindly. LLM-generated code requires deeper inspection 
than human-written code to ensure maintainability. 

When using LLMs, choose your LLM wisely. The model selection should not 
be driven by benchmark scores, but should consider all the pros and cons. 

React on LLM cons. Familiarise yourself with LLMs and understand their 
typical deficiencies. Over time, you’ll know what to look for first. 

Practical Suggestions

1

2

3

Q&A
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