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1 of 2 large research groups (other being Al)
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 1. 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



VUB-SOFT and Security Research

Small scale
VS.
Large Scale
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Mainstream
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Upstream

Low Level
VS.
High Level
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[ Security testing ]

Research Diversity Dimensions at SOFT

* empirical research into secure SE practices

’ * reactive security & incident management

‘ SOFT researches theories, technologies and methods that are at the . .
basis of, or help to improve, the construction of software at all layers of * dynamic and static program analyses

’ P 10 ITTProve, t vare at all 'ay . tools for SCA, SAST, DAST, IAST, RASP
the software stack that begins where computer engineering ends and

. - . e secure programming abstractions
goes up to and includes application construction. ”’ Prog | J
* secure programming languages



VUB-SOFT in the room [IE &8 "
come and talk to us!

Coen De Roover Gilberto Recupito Giacomo Benedetti Nivedita Yadav
professor post-doc researcher post-doc researcher business developer
program analysis software agents software supply outreach
design and design smells chain security R&D funding expert
applications in Cl/CD

software quality



Famous defects .. in relays
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Mark Dowson
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 i

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

L) The ARIANE 5 Software Failure

Gneck o
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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

cause of the disaster as a software failure; but in other respects

is one of the more
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-
dled exception in the Inertial Reference System (SRI)
software. This caused the backup “hot standby” SRI
to fail approximately 37 seconds after launch initiation

HO).

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

. 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).

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

. 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.
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[ | | | | | The Inquiry Report concludes that, in essence, poor software

were tesponsible for the fail-
ure” that caused the catastrophe, and makes a number of

general and specific recommendations including:
e C a I e — “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
V e r I ‘ a V e O ‘ S e n S 0 r O a 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).

[}
h O r Z O n a V -l- n r u u So — a software problem, with software engineering solutions.
l t L | I L t , Closer analysis of the Inquiry Report reveals a rather different
— —

picture:

" u L 1. “.. the early part of the flight trajectory of Ariane
V r t l V l u 1 n t r u 5 differs from that of Ariane 4 and results in consid-
[} ' erably higher horizontal velocity values.” (IBR page
— — 4).
. “The design of the Ariane 5 SRIis practically the same

horizontal_veloc_bias: integer; P s
begin
declare
pragma suppress(numeric_error, horizontal_veloc_bias);
begin
sensor_get(vertical_veloc_sensor);
sensor_get(horizontal_veloc_sensor);
vertical _veloc _bias

N

ding to its ification and design, and no additional
ot lated such as ing that all code ex-
of our Dplicitly inciuded a handler for “others” conditions, improved

d

QA | e.g., better test ge, or use of imp! P
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.

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
ki d in an industrial context: of time and bud-
get, if-its-not-broke-don’t-fix-it 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,
ft can’t be designed in isolation, and the system that
it is part of includes its operating environment.

Furthermore, the failure was & process failure. A well defined
{and well designed) process for ineering systems such as
Ariane should make it impossible to exclude any significant
aspect of the system ti i from id
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 & process that en-
these iderati will sound i ing 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

integer(vertical veloc_sensor);

horizontal veloc_bias := integer(horizontal veloc_sensor);

exception
when numeric_error => calculate_vertical veloc();
when others => use_irsl();

end;

end 1irs2;



Famous defects .. In cars
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140 task death !
S

TS On October 24th 2013, a jury ruled
\ against Toyota and found that
unintended acceleration incidents
could have been caused by
, bk s deficiencies in its electronic throttle
| g control system. A single bit flip
e could kill a software task
_J-f [ monitoring the accelerator pedal.
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Toyota to pay $1.2B settlement in
vehicle acceleration lawsuit
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important factor hypothesised in court: “technical debt”
e data flow hard to understand
> 11.000 global variables
e control flow hard to understand
> 100 independent paths through throttle function
* 67 functions > 50 paths
e “Some of them are even so complex that they are what is called
s 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

WE ARE PROGRESSING
S0 FAST TOGETHER

The implied cost of future rework
when choosing quick but

suboptimal solutions during
software development.

MONKEYUSER .CoM



Technical debt leads to frustration

Developer Experience / All Respondents

Most common frustrations

Amount of technical debt
Complexity of tech stack for b...
Complexity of tech stack for d...

Reliability of tools/systems u...
Tracking my work
Patching/updating core compone...
Number of software tools in us...

Showing my contributions
Maintaining security of code b...
Maintaining security of system...

None of these

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

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



One way to measure technical debt

Code Quality Measurement:
WTFs/Minute

Good Code Bad Code

http://commadot.com

10



Automated way: code metrics

CYCLO
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From code metrics to design smells

Object-Oriented
Metrics
in Practice

u Softwas Metrics to

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

e,g., God class “Centralizes intelligence, does everything, uses data from other data classes” e
top-level classes should share work uniformly Q5w

beware of classes with much non-communicative behavior [Lanza, Marinescu 2006]

beware of classes that directly access data from other classes

4 ) 2 Y
Class uses directly more than a p \ Method is excessively large
few attributes of other classes Method uses directly morz than
a few attributes of other c asses
( ATFD > FEW ) ( LOC >HIGH (Class) /2 )
L ) | AtFO-FEW ) \ /
- Y
. / Method has many
canditional branches
4 N\
Functional complexity of the [ Mathod uses far mors attributes. | ( CYCLO = HIGH j
lass is very high it y
class is very hig AND GodClass ] of other classes than i's own AND Feature Envy ] ; < AND Brain Method J
( WMGC = VERY HIGH ) ( LAA < ONE |HIRD ) Method has deep nesting
L ) \ J/
( MAXNESTING = SEVERAL )
e ™ . J
e \ The used “loreign® allribules g ™
Class cohesion is low belong to very few other cdlasses Method uses many
variables
{ FDP s FEW )
( TCC < ONE THIRD ) \ . &( NOAY > MANY l
\_ J

12



Which smells to smell

Assessing technical debt by * empirical studies show these 8 smells have God Class An excessively complex class that breaks

software systems . :tllfl:e\ip&f}!]él_iﬁn by directly using data from
S ,Z;;zz o * high occurrence rate other classes
° S|g N |f|Cant neg atlve |m paCt on q ual I-ty Schizophrenic Class A claqa that has a very low m?h-.:s.inn* as it

i defines a large interface that is used by
* cover four major characteristics of good design

,h ttrmb ﬁt tt/1 p fr/ )t
disjoint groups of clients.
lt ft 1 llbr ymptrmavera ota

d to as techni ldbflth s paper,
mppl Elp projects. The case study show: howthe

W
coup in , L‘ompl ity, ai
s of the fram

ramenork can detet detsymplomsand st eacoring o . Refused Parent Bequest A subclass that shows a weak connection

The experiment also reveals that ir tl absence of s uchafamework,

eve[n w;len ;;gerft ed b} rt} lp h;n;;tv:;;xtdnatia " . | OW C O u p I I n g tﬂ itS SU IJETCIE:ISS. b:‘_l" jT‘ISllfﬁCiEﬂtl}" l,.lSil'lg

the hierarchy-specific methods and data

. I I inherited from the superclass.
IS::zadr:Z::sot;ns must evolve continuously to cope with Zain% ng tl ‘-1}1 [:hby:awzl 1t‘\’ln?u - 1[ tp }a'nd C:) [4;1 " . h I g h C O h eS I O n p

requirements and environments th t a lway changing [1]. When debt is incurred, at first, there is a sense of rapid
Stringent time to m: nstraints d fast emerging ! i
sines i ire swift, but

unpredicabl,to the pint wher m m : Data Class A class that does not encapsulate its data
ocus is on immediate completion and on choo. romthSO;:l nd u p[S] Thd . Od erate CO Iexlt L n ¥ 8 T 11 x o4 i

design or development approach that is eﬂ‘eclive in 1he short ]ly less visible: ':in tj I-] hllﬂ E ] :F (-l ‘:“"' 5 n {'-}[ r. r"-'i \' td"' '\-\“] gn I t ] {""a nt
term, even at the price of increased complcxity, and higher The internal qual lty of the system d g s de l g [6 ]

el ot s e on e ) Conmingra  and sty o mthods, noncohesie functionality, allowing other classes to use

[ ]
introduced the term fechnical debt [3] to des: b tl clas: and long par: t lists are just a fw g of . . n
widespread phenomen A ordin gt o this metaj ph this d ] e [7]. Thes d many other: usua]ly u I l| I_S d Htﬂ_ dlrucl] 'l',-' 1
interest i epresent the a maintena ﬁ Tt th t the symptoms of higher—]evel design pmblems, which are i

the fu d to the hasf y nappr p usually known as design flaws [8], design smells [7], or
ade toda; y dp ing the principa / anti-patterns [9].

eans the effort required to restn e the p art of the Technical debt is not always bad. Often, the decision to - . ] 4 8 & .
e G e  automatically detectable with Code Duplication A method that has a significant number of
ﬁ l d bt there are tw pt ly paying 1h nontechnical constraints [10], but most of the time, incurring . . =
interest or paying down the principal 1 by f oring the 3eb.t has a n?gative impact on l‘he quality of a system’s‘ . CD‘dE Il".t:s dupl lCﬂtL’,d “Itll .ﬂt [ﬂﬂst E_I'I{}T_hf;l'
esign. In this paper, we propose a framework for assessing

technical debt by exposing debt symptoms at the design

— lovel. Ous framonork, s based om detestng a se H ° g O O d p re C | S | O n method, from a different class.

Brain Method A method that is overly long, with

gOOd reca” statements showing a ﬁeep ﬁesung level

. . . and an over-complex branching structure.
L
. typlcal detGCtlon methOds InCIUde Data Clumps A long parameter list. which appears over
[M arinescu 201 2] ° metrics_based and over again in many other methods

throughout the system.

product metrics: Intensive Coupling A method that calls an excessive number
e.g., CK suite, ... o, o s
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

13



A non-exhaustive selection of tools
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Times are changing: agentic activity on GitHub

619
Nvidia
Microsoft
Elastic
240
Apache ‘T Micronaut
lobroker
Openshift _—
Mattermost —em - =0
, 156 /—
Google \ Tencent — =0
Huggingface -
Amazon ——— T B _,———f—f'*—
Reown-Com e
Gelsenlry Langchain-Ai
o5 Sciml
Automattic — =] 37
Shiguredo Ae’f
Grafana Mongodb
_f,__.ﬂ_il'
Getstream —anill
389
Shopify
e 36
. 87 g
Pulumi I d Cap-Go
Jan Mar May Jul Sep Nov Jan Mar Jan Mar May Jul Sep Nov Jan Mar
Date Date

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



The Al PR Scenario

"An Al 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
U Maintainability and changeability

*»€ Observability and testability

16



The Al PR Scenario

"An Al 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
U Maintainability and changeability

*»€ Observability and testability

How do LLMs behave from the
perspective of code quality?

To answer this question, we looked at
the smells introduced by agents In
software repositories.

17



Al-Dev
Pull-Requests

W %

{ Claude-Code  Devin  OpenAl-Codex  Cursor Copilot Human }

Prevalence
Comparison
l' I _
DPy Smelly Commit Commit Time

Detection Analysis

StaticTracker Smell Introducing LDA & Keyword
Commit Collection Commit Message

Analysis

Agent-authored commit collection

18

We collected agent-authored and
human-authored Python commits from
434 open-source repositories on Github.

Author

Codex 201 2417 2449 +56.2 / -19.5
Devin 44 1819 1849 +76.5 / -21.3

Copilot 99 535 542 +4182.2 / -3961.2
Cursor 33 328 329 +138.8 / -49.1
Claude 17 152 172 +316.2 / -82.0

Human 154 674 2128 +189.4 / -103.5
Total 434 5924 7469 +406.1/ -332.0




Al-Dev
Pull-Requests

7N %

Claude-Code Devin OpenAl-Codex Cursor Copilot Human

)

Prevalence
Comparison

Smelly Commit

Detection Commit Time

Analysis

StaticTracker Smell Introducing
Commit Collection

LDA & Keyword
Commit Message
Analysis

Code smell detection

We extracted all the commits to
evaluate the presence of code smells Iin
the changed files, through DPy.

Code smells:

10 types of design smells

11 types of implementation smells

19



Examples of Code Smells

Implementation Smells Desigh Smells

Long Statement very long line/expression Deficient Encapsulation internals exposed

Magic Number hardcoded number without meaning Feature Envy method uses another class’'s data heavily

Complex Method too many branches/responsibilities  Multifaceted Abstraction class/module does too much

Empty Catch Block exception swallowed Broken Hierarchy class/subclass do not share conceptually

20



Al-Dev
Pull-Requests

L |
=038

Claude-Code Devin OpenAl-Codex Cursor Copilot Human

)

Prevalence
Comparison

DPy Smell-introducing commit detection

Detection Analysis

We collected the set of commits that
| introduced a specific instance of a smell
StaticTracker Smell Introducing : LDA & Keyword (i_e_, Sme"-intrOdUCing CommitS)_

Commit Collection || Commit Message
' Analysis

21



Al-Dev

Smell-introducing commit detection

v v ¥ oV We reused the StaticTracker algorithm,

:‘G @ i @B which computes diffs for warnings based
Claude-Code  Devin  OpenAl-Codex Cursor Copilot Human On Iocation, Snippet and exaCt Similarity

and Hungarian matching [5].

Pre-commit version Post-commit version

)

Prevalence Smell already existing
Comparison
DPy Smelly Commit Commit Time Smell removed in the

Detection

Analysis post-commit version

,' StaticTracker Smell Introducing . LDA & Keyword . : :
‘ Commit Collection | | Commit Message - Smell-introducing
Analysis i commit

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



Al-Dev
Pull-Requests

7N %

Claude-Code Devin OpenAl-Codex Cursor Copilot Human

)

Prevalence
Comparison
l' I _
DPy Smelly Commit Commit Time

Detection

Analysis

StaticTracker Smell Introducing ' LDA & Keyword
Commit Collection il commit Message

Analysis

Data analysis

RQO: 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?

23



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

Table 3: Ratio of Smell-Introducing Commits by Agent.

Human

Any Smells (%)

761 (37.5%)

Impl. Smells (%)

730 (36.0%)

Design Smells (%)

200 (9.9%)

Claude Code
Copilot
Cursor

Devin
OpenAl_Codex

75 (49.3%)
214 (40.0%)
150 (45.7%)
647 (35.6%)
947 (39.2%)

72 (47.4%)
209 (39.1%)
148 (45.1%)
628 (34.5%)
904 (37.4%)

30 (19.7%)

54 (10.1%)
34 (10.4%)
119 (6.5%)
165 (6.8%)
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Agents introduce smells, but not
all agents behave the same.



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

Q
GE) Magic number 17.6% 14.8% 12.9% 23.2% MOSt COmmOn Implementatlcn
m ]
_§ Complex method 8.0% 6.7% 4.1% 6.2% 9.7% 10.1% Sme”S are Long Statement, Maglc
©
g Empty catch block 3.6% 3.8% 2.1% 3.9% 4.4% 6.6% Number’ Complex MethOd'
£
é_ Long identifier 6.1% 2.9% 1.5% 2.5% 3.1% 2.5%
- Human Claude Code Copilot Cursor Devin OpenAl Codex
Agent
Deficient encapsulation 25.3% 21.1%
Q
Q
e Feature envy 9.8% 11.4% 10.0% 13.8% . . . e . .
3 While we notice variabllity in design
t% Multifaceted abstraction 18.2% 8.7% 12.2% 24.6% 25.1% .
4 smells introduced by LLMSs.
= Broken hierarchy 12.6% 0.0% 14.5% 0.0% 16.0% 9.1%
Q
(a]
Insufficient modularization 7.1% 4.8% 4.7% 15.6% 6.8% 4.7%
Human Claude Code Copilot Cursor Devin OpenAl Codex
Agent
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RQO: How do humans and LLM-based agents compare on the introduction of code smells”?

Never trust the LLM. Smelly
* code is a warning not to let
your guard down.

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

that they introduce. Choose agents not only by

* productivity or benchmark score,
but also by the kind of technical
debt they tend to introduce.
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RQ1: When do agents introduce code smells?

BN One Day 1 One Month ¥ No Release
M One Week B More Than One Month

A large number of smells is
e <% 5%| 6% | 14% 1% introduced close to release
Devin % % 26% 24% d ead I | nes.

Cobil % 19% 17% 20% 22% . . _
opflet O The brief time before a deadline

“eode THEN N IS one of the most important
Human % periods to be careful.

0% 20% 40% 60% 80% 100%
Percentage of Commits (%)
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RQ1: When do agents introduce code smells?

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.

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

>
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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:

Kech_)rd Matching: Structured pa_ttem feat (website): add some cool stuff
matching based on keywords of GitHub
Commit Conventions (e.g., fix, refactor, feat).

Latent Dirichlet Allocation (LDA): Clustering \ - ] B
algorithm that looks at the semantic distance of =1 - D
words. Good for topic modelling problems. Commit mecurrent

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

Keyword Matching:

B New Feature
W Bug Fixing
" Enhancement

I Refactoring
w Other

OpenAl
Codex

Devin

N I N
I
B N
|| || 1

Cursor

Copilot

Claude
Code

Human 38%

0 20 40 60 80 100

Percentage of Commits (%)

30

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



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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Practical suggestions

3 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

2 pbe driven by a (single) benchmark score, but should consider all the pros and
cons.

, Reacton LLM cons. Familiarise yourself with LLMs and understand their
typical deficiencies. Over time, you’ll know what to look for first.
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The Al PR Scenario

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

How do LLMs behave from the

Functional correctness is not the
only quality dimension.

What's missing from “tests pass”:
@ Readability for reviewers

U Maintainability and changeability

¢ Debuggability/observability

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

introduction of code smells?

E Magic number 17.6% 14.8% 12.9% 23.2%

S Complexmethod  8.0% 6.7% 4.1% 6.2% 9.7% 10.1%

©

E Empty catch block 3.6% 3.8% 2.1% 3.9% 4.4% 6.6%

é. Long identifier 6.1% 2.9% 1.5% 2.5% 3.1% 2.5%

- Human Claude Code Copilot Cursor Devin OpenAl Codex
Agent

Deficient encapsulation Y17 25.3% 52.4% 21.1% 34.9% 40.0%
00

o

:g-‘ Feature envy 9.8% 11.4% 10.0% 13.8%
g Multifaceted abstraction 18.2% 8.7% 12.2% 24.6% 25.1%
-% Broken hierarchy  12.6% 0.0% 14.5% 0.0% 16.0% 9.1%
° Insufficient modularization 7.1% 4.8% 4.7% 15.6% 6.8% 4.7%

Human Claude Code Copilot Cursor Devin OpenAl Codex
Agent

perspective of code quality?

Most common implementation

smells are Long Statement, Magic

Number, Complex Method.

While we notice variability in design

smells introduced by LLMs.
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Al-Dev
Pull-Requests
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Y
DPy Smelly Commit Commit Time
Detection Analysis
/// RQ2 .
— Raz|
_> (o) -
StaticTracker Smell Introducing LDA & Keyword
Commit Collection Commit Message

Analysis

acticSuggestions

Data analysis

RQO: 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?

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.



