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Abstract. The use of Generative Al, and more specifically Large-Language Models (LLMs), is becoming an essen-
tial aid in the software development process. An increasing number of software engineers are using general-purpose
or code-trained LLMs for writing code, formulating requirements or deriving test cases. However, since this practice
has come so abruptly into the daily routines of developers, the research community is still lacking an in-depth evalu-
ation of its effectiveness. A major aspect of software engineering using LLMs that is rather unexplored is the quality
of the code that is generated. In this paper, we explore the ability of GenAl to assist developers in performing refac-
toring activities, employing well-established Object-Oriented Programming “good-practices” like GoF Design Pat-
terns and SOLID principles. To achieve this goal, we have performed a controlled experiment on junior developers,
relying on a cross-over experimental design, and asked them to complete development tasks with and without the
use of an LLM. The results suggested that GenAl-Assisted solutions outperformed Humans-Only ones in terms of
the correctness of implementing the selected practice (pattern or principle), whereas Humans-Only solutions were
superior in cognitive steps of the refactoring process such as the identification of the problem and the compromised

quality attributes.

1. INTRODUCTION
In recent years the terms SE4AI and AI4SE (Moreschini et al., 2025) are becoming increasingly popular, referring to

research on how Software Engineering (SE) practices need to be tailored to effectively develop Artificial Intelli-
gence (Al) driven software; and how Al can be used to boost the productivity of software development. Regarding
AI4SE, which is the focus of this work, most of the published research focuses on the creation of software artifacts
using LLMs (see Section 2.3). In this work, we dig further into this aspect and shed light on the effectiveness of
LLMs to provide GenAl-Assisted solutions that appropriately apply “good” object-oriented practices. The general
belief of both academics and practitioners is that LLMs are producing code very quickly, easily, and in general “cor-
rectly”, especially for small-scale and easy programs (Vaithilingam et al., 2022; Lyu et al., 2025). However, there are
significant concerns if the resulting code is understandable by humans, and if it can adhere to well-known program-
ming practices (Imai, 2022; Ziegler et al., 2022), as for instance GoF Design Patterns (DP) (Gamma et al., 1995) and
SOLID Principles (SP) (Martin, 2003) [motivation-1]. The benefits of using DPs and SPs have been exhaustively
discussed in the literature and are briefly reported in Section 2.1.

In practice, there are two ways of applying DPs and SPs: forward and reverse engineering, i.e., either develop the
software in the first place using the corresponding practice (during greenfield development) or refactor existing code
to effectively adopt a best practice (as part of brownfield development), respectively (Charalampidou et al., 2017).
In this work, we focus on refactoring an existing code to take advantage of DPs or SPs. An additional concern in Al-

Assisted brownfield development is the lack of guidelines on effective prompting for guiding GenAl to apply DPs or
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SPs [motivation-2]. In practice, a basic flow for refactoring to DP or SP, requires the execution of the following
steps, as introduced by Kerievsky (2004) and Smiari et al. (2022). The refactoring steps have been inspired by the
“engineering cycle” of the design science methodology, introduced by Wieringa (2014). The steps are summarized
below:

o A deep understanding of the problem constraints (e.g., “there can be only one ball in a basketball game”—
urging for the use of the Singleton design pattern) which need to be specified in the prompt of the LLM, to en-
force its application in the GenAl solution.

o Understand the quality attributes that are compromised if the effective solution is not applied (e.g., “a class has
more than one reasons to change” — urging to conform to the Single Responsibility Principle, the lack of which
is usually reflected on low cohesion).

o Find whether a specific DP or SP is applicable to the identified problem: ¢.g., Singleton or Single Responsibil-
ity Principle in the two previous examples.

o Instantiate the DP or apply the SP correctly so that the DP or SP are introduced without deviations from their
original definition (when needed). In this work we deliberately ignore DP variants or alternatives.

o Effectively identify the DP or SP extension points, so that the maintenance is performed as dictated by the DP or
the SP respectively, avoiding deviations from the definitions of extension axes the DP or the SP.

To explore the effectiveness (in terms of completeness and correctness) of Humans in carrying out the refactoring

steps with and without Al assistance, we have performed a controlled experiment with 10 junior developers. The

reason that we focused this study on junior developers is the belief that they are more prone in “blindly” relying on

GenAl for code generation (Haindl and Weinberger, 2024)—the effectiveness of senior developers is probably dif-

ferent and is considered as a future work (see Section 5.4). The goals of the experiment, linked to the motivation

statements are as follows: (g1): Explore the effectiveness of Human-only and GenAl-Assisted solutions when refac-
toring existing code to DP or SP; (g2): Explore the prompt structures while interacting with GenAl, that can lead to
more “correct” GenAl-Assisted refactoring solutions. The experimental setup (see Section 3) relies on the crossover
design as adopted in the domain of SE (Vegas et al., 2016), being tailored from medical research for studying the
effect of different treatments on patients. The main benefits of a crossover design with repeated measurements are:

(a) the need for a smaller sample size in terms of participants; (b) a statistical analysis that mitigates as much as pos-

sible the threats to validity that emerge from differences in the participants’ backgrounds; and (c) the ability to con-

trol the variability in terms of tasks’ order. The results of this study have enriched the body of knowledge on the ef-
fect of AI4SE on software quality, led to interesting research directions fir future work, and provided useful implica-

tions to practitioners on how and for which tasks to use GenAl.

2. BACKGROUND INFORMATION & RELATED WORK

In this section, we outline the background and related work that frame our study. In Section 2.1 and 2.2 we provide
background information on GoF Design Patterns and SOLID Design Principles, as well as the application of crosso-
ver experimentation in SE, respectively. Finally, in Section 2.3 we summarize recent related work on the use of
Large Language Models (LLMs) across the software development lifecycle, whereas in Section 2.4 we present the

main contributions of our study.

2.1 Background Knowledge on GoF Design Patterns and SOLID Design Principles

The application of GoF Design Patterns (DP) and SOLID design principles (SP) has long been associated with im-
provements in various dimensions of software quality (Wellek and Blettner, 2012; Singh and Hassan, 2015). More
specifically, according to Ampatzoglou et al. (2013), 40% of the studies on the effect of GoF Design Patterns on



software quality attributes investigate the effect of GoF Design Patterns on software maintainability whereas, ac-
cording to Zhang and Budgen (2012), GoF Design Patterns offer a framework for maintainability and future re-
search efforts should be more focused on maintainability. DPs have been introduced in software engineering litera-
ture by Gamma et al. (1995). The notion of patterns in software development represents a collection of well-known
design solutions to common design problems. Gamma et al. (1995) provided 23 Design Patterns across three broad
categories: creational, structural, and behavioural. Their primary benefit lies in providing a share vocabulary and
proven templates that enhance code understandability and communication among software engineers. Similarly, SPs
offer a set of five guidelines—Single Responsibility, Open-Closed, Liskov Substitution, Interface Segregation, and
Dependency Inversion—aimed at improving class design, promoting high cohesion, low coupling and clear respon-
sibility assessment (Martin, 2003). Empirical studies (Izurieta and Bieman, 2013; Ampatzoglou et al., 2015; Am-
patzoglou et al., 2019) have shown that systems incorporating well-applied DPs and SPs exhibit lower fault-
proneness and higher maintainability scores compared to those without such practices. Consequently, integrating
DPs and SPs into the development process is a recognized strategy for improving both the internal and external

quality attributes of object-oriented software.

In our study, we focused on three well-established GoF Design Patterns and two core SOLID principles, selected for
their clear and distinct impact on software quality. The selected DPs span the three categories defined by Gamma et
al. (1995):

o Abstract Factory is a creational design pattern that provides an interface for creating families of related objects
without specifying their concrete classes. This promotes consistency among products and enables switching be-
tween product families with minimal code changes, thereby supporting maintainability and scalability.

e Bridge is a structural design pattern that decouples an abstraction from its implementation, allowing both to vary
independently. By separating interface and implementation hierarchies, Bridge recuses coupling and facilitates
changes to either side without impacting the other, which enhances maintainability.

o Template Method is a behavioural design pattern that defines the skeleton of an algorithm in a base class while
letting subclasses override specific steps of the algorithm without altering the overall structure. This promotes

code reuse and simplifies maintenance.
In addition to these patterns, we selected two SOLID principles defined by Martin (2003):
o Single Responsibility Principle (SRP) states that each class should have only one responsibility and should have

only one reason to change. Adhering to SRP improves code readability, testability, and maintainability.
o Open-Closed Principle (OCP) states that each class should be open for extension but closed for modifications.
This principle encourages the design of modules that can be extended with new functionality through inheritance

or composition without changing existing source code.

2.2 Background Knowledge on Crossover Designs in Software Engineering Experiments

Crossover designs are a family of experimental arrangements in which each participant is exposed to multiple treat-
ments in different sequences. This within-subject structure reduces variability due to individual differences and can
yield higher statistical power than between-subject designs (Wellek and Blettner, 2012). Crossover designs are popu-
lar in medical and psychological research. In software engineering (SE) research, crossover designs have been in-
creasingly adopted to compare alternative techniques, tools, or processes under controlled conditions (Wohlin et al,
2010).

The benefits and potentials pitfalls of this design in the SE context are well-documented. Vegas et al. (2016) exam-

ined the use of crossover designs in SE experiments. More specifically, the authors introduced the core concepts of



crossover experimentation—where participants receive multiple treatments in different sequences—and focused
particularly on the four-group AB/BA variant. The authors highlighted key benefits of this approach, notably that
such designs require fewer participants and effectively control for inter-subject variability, since each participant
acts as their own control. However, the authors cautioned that carryover effects—where the impact of one treatment
persists and influences subsequent treatments (Cleophas, 1999)—pose significant threats to internal validity. The
paper concluded with recommendations for careful planning, explicit modelling of threats and transparent reporting

to ensure the reliability of findings derived from crossover designs in SE.

Frattini et al. (2024) conducted a literature review to assess the state of practice for the analysis of crossover designs
in SE experiments. In particular, the study focused on identifying: (a) the prevalence of crossover designs in recent
SE research; (b) the statistical methods used to analyze such experiments; (c) the extent to which threats to validity;
and (d) the availability of research artifacts for reproducibility. The authors used for the search process forward
snowballing of primary studies citing from Vegas et al. (2016) and targeted studies published between 2015 and
March 2024. After applying selection criteria, 48 empirical crossover experiments involving human participants
were identified from an initial set of 136 candidate papers. The results suggest that only 29.5% of all validity threats
were appropriately addressed: maturation effects were modeled in 35.8% of studies, sequencing effects in 38.8% and
carryover effects in only 3%. Finally, Frattini et al. (2024) provided a critical assessment for the research communi-
ty, highlighting a methodological flaw that threatens the validity of many published findings and calling for re-
searchers to adopt systematic and transparent analysis protocols.

Madeyski and Kitchenham (2018) presented a methodological study focused on how to calculate and interpret effect
sizes for the AB/BA crossover design experiments in SE. As effect size, the authors mean the indicators that measure
the magnitude of a treatment effect. In particular, the paper presented formulas in order: (a) to measure both non-
standardized mean difference effect sizes and standardized mean difference effect sizes; (b) to estimate the variances
of the non-standardized and standardized effect sizes; and the paper explained what descriptive statistics are neces-
sary to enable these calculations. Madeyski and Kitchenham (2018) provided two small examples to calculate cross-
over study effect sizes and their variances: one using real empirical data from Scanniello et al. (2014), and another
with simulated data under ideal model assumptions. The paper presented how researchers can derive effect sizes and
their associated variances using R even without access to raw data. The results of this study suggest that careful cal-
culation and transparent reporting of effect sizes in crossover designs not only improve reproducibility but also ena-

ble more accurate meta-analyses of experimental outcomes in SE research.

2.3 Related Work: GenAI and Software Development

In recent years, the application of Large Language Models (LLMs) across the Software Engineering lifecycle has
increased substantially, moving from a niche topic to a mainstream tool used by developers worldwide. A recent
survey by Salem et al. (2025) provides a comprehensive overview of how LLMs have been integrated into various
stages of the software engineering lifecycle, including requirement gathering, system design, coding, debugging,
testing, and documentation. This wealth of tools has created an urgent need for the research community to under-
stand their impact, effectiveness and potential drawbacks. Since our study focuses on both Design Patterns and
SOLID principles, this section reviews related work on how LLMs have been applied not only to pattern-oriented
tasks but also to principle-driven code quality and design support. Complementing this broad perspective, Laue et al.
(2024) conducted a focus group at EuroPLoP 2024 that explore how ChatGPT could be used to recommend DPs.
Their findings illustrate the growing trend of employing LLMs not only for automating programming tasks but also

for supporting higher-level architectural and design decision-making.



A growing body of work explores the extent to which LLMs can recognize, apply, and validate GoF Design Patterns.
Kim (2025a) conducted a comparative study on the validity of pattern implementations produced during LLM-based
code refactoring. More specifically, Kim (2025a) proposed an evaluation framework that uses three metrics (Proper-
ty Satisfaction Rate, Critical Property Coverage, and Pattern Implementation Quality Score) to assess whether refac-
tored code correctly adheres to the intent and structure of GoF Design Patterns (Factory Method, Strategy, Compo-
site, Observer, and Singleton patterns). The results suggest that while LLMs can assist in pattern-oriented refactor-
ing, their reliability varies across models. Similarly, Pandey et al. (2025) performed an empirical study to evaluate
the ability of five LLMs (Code2Vec, CodeBERT, CodeGPT, CodeT5, and RoBERTa) to recognize five different GoF
patterns (Abstract Factory, Builder, Factory Method, Prototype, and Singeleton) in Java. The authors used 9 projects
from the P-MARt dataset' and generated code embeddings using the respective models. Evaluation with precision,
recall and F1-score showed that ROBERTa is the top performer followed by CodeGPT and CodeBERT. Kim (2025b)
proposed a method to measure LLMs ability to implement DPs using Role-Based Metamodeling Language. The
method evaluates whether an LLM should apply a DP, feeding relevant code the LLM, and then checking the output
for conformance to the solution specification and completeness of transformation steps. For the evaluation purposes,
Kim (2025b) used the Visitor pattern applied to three case studies in ChatGPT 4. The results of this study demon-
strate high performance (avg. 98% conformance and 87% completeness), showing the model’s potential for design-
pattern aware code generation. Finally, Pan et al. (2025) conducted an empirical study evaluating code LLMs in
their capacity to recognize, comprehend and generate software design patterns. Pan et al. (2025) designed three ex-
periments using Java and Python repositories annotated with twelve GoF patterns. The results suggest that existing

code LLMs exhibit systematic biases, often failing to adhere to design patterns or only doing so superficially.

A complementary line of research explores the broader role of LLMs in software refactoring, code quality improve-
ment, and design support. Liu et al. (2025a) performed an empirical study to assess the capabilities of LLMs (i.e.,
ChatGPT and Gemini) in automating software refactoring tasks. They constructed a dataset comprising 180 real-
world refactorings from 20 Java projects. The results indicated that without specific prompts, ChatGPT and Gemini
identified only 28 and 7 refactoring opportunities respectively, out of 180. In parallel, White et al. (2024) proposed a
catalog of prompt patterns designed to enhance the effectiveness of LLMs (like ChatGPT) in automating various
software engineering activities. These prompt patterns address common challenges such as ensuring code modulari-
ty, decoupling from third-party libraries, etc. The study suggests that by employing these prompt patterns, software
engineers can leverage LLMs more effectively, leading to improved code quality, streamlined development process

and better alignment with software design principles.

Recent research indicates that the intersection of LLMs and software design patterns is expanding beyond the classi-
cal GoF patterns into several new areas. For example, Andrade et al. (2025) proposed a novel framework that lever-
ages LLMs to detect and mitigate security risks associated with software design patterns and antipatterns. The pro-
posed framework analyzes relationships and behavioral dynamics in code, identifying issues such as unauthorized
state changes, insecure communication and inappropriate data handling. Similarly, Liu et al. (2025b) performed a
systematic literature review to provide a comprehensive catalogue of 18 architectural patterns designed to guide the
development of foundation model-based agents. The patterns address key challenges such as goal-seeking, plan gen-
erations explainability and accountability. This catalogue aims to assist software engineers in designing effective
agent architectures by facilitating informed decision-making and promoting best practices in the field. Additionally,
Postle and Salingaros (2025) proposed a hybrid design framework that integrates Christopher Alexander’s pattern
language with generative Al models. To address the limitations of Alexander’s static text and the ungrounded nature
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of standalone LLMs, the framework leverages the original 253 patterns as a foundational knowledge base. Upon
receiving a specific design prompt, the tool identifies relevant patterns and employs an LLM to synthesize, adapt,

and generate a new, context-specific pattern language.

In addition to design patterns, researchers have also begun investigating how LLMs can support adherence to fun-
damental design principles such as SOLID. Martins et al. (2024) investigated the use of LLMs in automating code
reviews, specifically focusing on their ability to detect violations of the five fundamental SOLID principles of ob-
ject-oriented design. The study reveals a notable performance gap: while the LLMs were adept at identifying viola-
tions of more straightforward, syntax-oriented principles (like the Single Responsibility Principle), and their reliabil-
ity diminished when faced with abstract principles requiring deeper semantic understanding (such as the Liskov
Substitution Principle).

2.4 Main Contributions

While the related work reviewed in Section 2.3 demonstrates growing interest in applying LLMs to various software
engineering tasks, this study addresses specific gaps that have not been adequately covered by existing literature. We
can classify the differentiation of our work from existing literature, as shown below. Regarding the Scope of Inter-
action, most related works focus on the capability of LLMs to either autonomously recognize design patterns (Pan-
dey et al., 2025; Pan et al., 2025) or implementation quality (Kim, 2025a; Kim, 2025b). Our work focuses on refac-
toring existing code, investigating how GenAl assists software engineers in transforming code smells into high-
quality object-oriented solutions that adhere to best practices. Furthermore, we explicitly compare Human-only ver-
sus GenAl-Assisted workflows, placing the software engineer in the driver s seat, instead of other studies that treat
LLMs as autonomous agents (e.g. Liu et al., 2025a). With respect to the Granularity of the Evaluation, existing
studies primarily assess the syntactic correctness or the functional validity of the final code produced by LLMs
(Kim, 2025a; Pan et al., 2025). Our study systematically evaluates the entire refactoring process through five distinct
cognitive and technical steps. This allows us to identify where exactly humans outperform Al and where Al excels,
rather than providing a simple “better or worse” comparisons. Additionally, the Scope of Applied Practices existing
studies have explored either GoF patterns (Kim, 2025a; Kim, 2025; Pandey et al., 2025; Pan et al., 2025) or SOLID
principles in isolation (Martins et al., 2024). Our study investigates both within the same experimental framework.
This allows for a comparative analysis of how GenAl handles concrete implementation templates versus abstract
design guidelines, revealing distinct performance gaps between structural tasks and conceptual compliance. Finally,
the Experimental Methodology, we employ an AB/BA crossover experimental design with repeated measures (Ve-
gas et al., 2016), combined with LME modeling for statistical analysis. By ensuring that each participant acts as
their own control, this approach effectively mitigates threats to validity regarding developer skills and reduces the

noise inherent in subject variability.

3. EXPERIMENTAL SETUP

The experiment has been designed based on the guidelines of Vegas et al. (2016) for performing crossover experi-
ments in the field of software engineering. Based on the literature, a systematic methodology is essential for ensur-
ing the validity and replicability of crossover experiments. Vegas et al. (2016), proposed a set of good practices for
software engineers to perform a crossover experiment in SE. The methodology begins at the design stage by estab-
lishing the experiment’s core architecture. Software engineers must first define the periods, which involves deciding
how many times each participant (subject) will perform the experimental task under different treatments and study
the implications. For a standard AB/BA design, this means two periods. Next, they must define the sequences by
specifying the order in which treatments are applied. A critical design-time activity is to proactively deal with car-



ryover at design time. The software engineers must select a strategy to minimize the chance that the first treatment
experience influences performance in the second treatment. Once the data is collected, the analysis must correctly
leverage the design’s strengths. The chosen data analysis technique must consider subject variability, because each
subject provides repeated measures, and statistical methods that handle dependent data such as a paired t-test (re-
peated measures on the same subject). Ensuring within-subject variability, the statistical power will be increased.
Next, the analysis must begin by verifying the design’s assumptions. Software engineers must deal with carryover at
analysis time, by performing a statistical test to check for its presence. Regarding the match analysis with design,
the variables included in the analysis must be consistent with design decisions (e.g., treatment, period, sequence,
carryover, etc.). Finally, reporting must be comprehensive. The guideline to beware of effect size proposed that de-
pending on the design and/or results determine whether effect size can be meaningfully calculated. Reporting it pro-
vides a complete picture of the treatment’s impact and is essential for future meta-analyses. Inspiration for the re-
porting has been borrowed from the seminal guidelines for conducting experiments introduced by Wholin et al.
(2010).

3.1 Research Goal and Research Questions

The goal of this study is to explore the effectiveness (in terms of completeness and correctness) of refactoring to
DPs and SPs, when developers are assisted by LLMs compared to humans that rely only on their expertise. To ad-

dress this goal, we have set two main research questions:

[RQ1] Is there a difference in the correctness of GenAl-Assisted and Human-only solutions when refactoring code

to apply DPs or SPs?

[RQ1.1] Are there any differences in the correctness of GenAl-Assisted and Human-only solutions in specific steps
(problem identification, compromised quality attribute selection, treatment selection, treatment implementa-

tion, identification of extension mechanism) of the refactoring process?

[RQ1.2] Is there a difference in the in the correctness of GenAl-Assisted and Human-only solutions, when refactor-

ing code to apply DPs compared to when they apply SPs?

RQ; (and its sub-questions) are related to gI; thus, by answering this question we aim to extend the body of
knowledge on code refactoring with GenAl support. Specifically, we want to explore which parts of the refactoring
process can be assisted by GenAl, and which parts Humans must handle without GenAl support. We also plan to
explore if the type of the refactoring is a factor that influences the decision of whether or not to use GenAl support.
HYPOTHESIS: Different approaches (Human-only and Gen-Al Assisted) are likely to be better suited for different
steps of the refactoring process.

[RQ2] What is the relation between the prompts used while interacting with Gen Al and the quality of the provided

solutions?

RQ; is related to g2; thus, by answering this question we aim to identify characteristics of the prompts, while inter-
acting with GenAl for refactoring support, that can lead to more correct results. Such knowledge can lead to the
proposition of some high-level prompt input guidelines, which can act as input for future studies that will qualita-
tively and more accurately study this phenomenon.

HYPOTHESIS: Prompt inputs are related to the correctness of the GenAl-Assisted solutions.




3.2 Study Setup

The experiment was conducted with 10 junior / entry-level developers (6 months to 3 years of working experience).
For participant selection we have launched a call to collaborating companies in Thessaloniki. Interested entry-level
developers have reacted to the call volunteering to participate. Out of these applications we have selected 10 that
have followed related courses, as follows: software engineering (at least 1 semester), quality management (at least 1
semester), and Java development (at least 2 semesters). Out of the applicants, we have selected those with the high-
est grades in the quality management course, supposing a better background knowledge on DP or SP. However, the
personal knowledge and self-studying of participants could not have been controlled. In that sense, it is considered

as a random effect. Some basic demographics of the group of participants are presented in Figure 1.
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Figure 1: Demographics of Participants

The participants were split into two groups of balanced working experience in programming. The two groups (5
participants each), in each session, were assigned a task of the following form. We have selected simplified scenari-
os for tasks, so that their solution can be framed in the 1-hour slot that was given to the participants (per task). The
tasks were designed based on the experience of the researchers as instructors of DPs or SPs, to be feasible to solve in

the timeframe. The scenarios were functional variations of textbook examples from DP or SP literature.

w

We wish to model a system of a clothing shop. The shop (for now) sells only pants and shirts. There are two types of
clothing, Vintage and Modern. Each clothing contains a void printInfo method which takes no parameters and

prints a message of the type: "A <Type> <Clothes>" (e.g. “A Modern Pants”). It is worth noting that each

clothing shop can sell only one of the clothing types, that means that a Modern Shop cannot sell Vintage clothing

and vice versa.

The constraint of initializing only a specific family of products suggests that the Abstract Factory DP must be used.
The two groups were given two different instructions, based on the treatment that we wanted them to use for explor-

ing the design space. For the Human group, the instructions were as follows:

Study the requirements and the attached initial code and answer the following questions. For answering the ques-

tions, please consult the lecture notes on metrics, design principles, and design patterns (attached).

The GenAl group was using the free version of ChatGPT that was available at the time of the experiment, i.e., GPT-
4.1-mini. We note that with the term GenAl group, we refer to a group of people that are getting assistance from
ChatGPT to provide an answer, since pure Al solutions are not available (see Section 6 for more details on the rele-

vant threat to validity). For the GenAl group the instructions were as follows:



Study the requirements and the attached initial code and answer the following questions. While using GenAl, please
record the complete prompting (Al-human conversation) record. You are free to provide to GenAl any kind of
prompt that you feel is relevant.

The starting solution for the specific task was the following:

public abstract class Clothes{
public abstract void printInfo();

}

public abstract class Shirt extends Clothes({
public abstract void printInfo();

}

public abstract class Pants extends Clothes({
public abstract void printInfo();

}

public class VintageShirt extends Shirt{
public void printInfo () {

System.out.println ("A vintage shirt");

}
public class ModernShirt extends Shirt{
public void printInfo() {
System.out.println ("A modern shirt");

}
public class VintagePants extends Pants{
public void printInfo() {
System.out.println("A vintage pair of pants");

}
public class ModernPants extends Pants{
public void printInfo () {
System.out.println ("A modern pair of pants");

}
public class Shop({
private List<Clothes> clothing;
public Shop () {
this.clothing = new ArrayList<Clothes>();
}
public void addShirt (Clothes c) {
clothing.add(c) ;
}
public void addPants (Clothes c) {
clothing.add(c) ;

}
public class MainClass{
public static void main(String[] args) {

Shop vintageShop = new Shop(); // Create a Vintage shop
vintageShop.addShirt (new VintageShirt());
vintageShop.addPants (new VintagePants());
Shop modernShop = new Shop(); // Create a Modern shop
modernShop.addShirt (new ModernShirt());
modernShop.addPants (new ModernPants());




The questions to be answered by both groups were the following, answered as a Google Form:

e  Describe the bad smells that you identify / What problems is the code suffering from?

e Describe the metrics / quality attributes that are compromised

e  What DP or SP would you use to treat this problem?

e Please upload the code that implements the treatment

e Note at least one extension scenario that shows that the treatment provides a more extensible solution,
compared to the starting code.

The experimental study material has been piloted with junior researchers from the research group of the authors.
These researchers were not part of the final experiment to avoid bias. The piloting has led to modifications and clari-
fications. During the experiment execution, there were no complaints about the task descriptions or the prompts for
data collection.

The crossover experiment was held for one week (early June 2025). The experiment was conducted over five con-
secutive days in the afternoon, so that participants were not at work. Each day, two sessions took place, each one
lasting for 1 hour (per task). Participants could leave earlier if they had finished their tasks. The allocation of tasks to
sessions, days, and participants are depicted in Figure 2. The columns in the figure correspond to time (sessions,
within days), and the rows are participants. The cells present dual information: the color corresponds to whether the
participant was allowed to use GenAl or not, whereas the text to the task that they were assigned to (through a prob-
lem-id). The first part of the problem-id shows if it corresponds to a DP or a SP, the second part to a specific practice
(Abstract Factory—AF, Bridge—BR, Template Method—TM, Open-Closed Principle—OCP, or Single Responsibil-
ity Principle—SRP). Finally, the index 1 or 2 at the end of the problem-id indicates the version of a task solved
through the same practice. For instance, regarding AF, DP_AF1 was referring to the clothing task, whereas a
DP_AF?2 to a task with creating factories of game characters. We preferred to use different versions of the problems
in the two sessions, so that we avoid having an extra knowledge boost in the second session of the day. For shuffling
the task to days, sessions and participants, we have obeyed to an AB/BA sequence among groups (i.e., one group
started with GenAl and the other without in the 1% session, and vice versa in the 2™ session). In each day, each par-
ticipant encountered only one problem type (DP or SP) and specific practice (e.g., AF).

Day 1 Day 2 Day 3 Day 4 Day 5§

D10 DP_AF2 DP_AF1 DP_BR2 DP_BR1 DP_TEM2 | DP_TEM1 | SP_OCP2 | SP_OCP1 | SP_SRP2 | SP_SRP1
SRP2

ID9 DP_AF1 DP_AF2 DP_BR1 DP_BR2 | DP_TEM1 | DP_TEM2 | SP.OCP1 | SP_OCP2

ID8 DP_AF2 DP_BR1 DP_BR2 DP_TEM2 | SP_OCP1 | SP_OCP2

D7 DPBRI | DR.TEM2 | DRTEMI | SP.OGP2 | SP.OGP1 | SP.SRP2 | PSP

ID6 DP_AF1 DP_AF2 DP_BR1 DP_BR2 DP_TEMZ | SP_OCP1 | SP_OCP2
9

SP_SRP1

Participant

 TEM1
DP_AF1 DP_TEM1 DP_TEM2 SP_OCP1
1 2 3 4 5

6 7 8

SP_SRP1

ID2

ID1

SP_SRP1

10
Session

Refactoring Authorship I GenAl-assisted ll Human-only

Figure 2: Allocation of tasks across participants, sessions, and study days



3.3 Data Collection

Following the study setup, described in Section 3.2, to answer RQ;, we have concluded with a dataset of 100 rows

(one row for each junior developer, solving each task), and 8 columns:

Participant-ID: An id for each participant to be considered as a random effect, since we believe that each devel-
oper has different skills on DPs and SPs.

Refactoring Authorship: GenAl-assisted or Human-only solution

Refactoring Type: Design Pattern (DP), SOLID Principle (SP)

Refactoring Practice: DP_AF, DP_BR, DP TM, SP_SRP, and SP_OCP

Refactoring-ID: DP_AF1, DP_AF2, DP_BRI1, DP_BR2, DP_ TMI1, DP_TM2, SP_SRP1, SP_SRP2, SP_ OCP1,
SP_OCP2

Correctness Problem Identification: A score from 1-10 being the grade of the first and the second author of this
work, on the correctness of the problem identification (the grade is an average). The scoring guide for this varia-
ble was as follows: 10=the answer is targeted, and uses examples from the code to describe the symptoms; 8=the
answer includes the correct bad smell, but it includes also other less important (or incorrect) problems, it uses
examples from the code to describe the symptoms; 5=the answer includes the correct bad smell, but it includes
also other less important (or incorrect) problems, it does not uses examples from the code to describe the symp-
toms; 3=the answer includes relevant bad smells, but not the correct one; O=the answer is irrelevant. In case of a
difference of more than 20%, the fifth author of this work has functioned as a mediator. This process has been in-
itiated in 2 cases.

Correctness Compromised QAs: A score from 1-10 being the grade of the first and the second author of this
work, on the correctness of selecting the compromised QAs (the grade is an average). The scoring guide for this
variable was as follows: 10=the answer is targeted, and the selected metrics / QAs are related to the symptoms;
6=the answer includes the correct metrics / QAs, but it includes also other incorrect metrics / QAs; 3=the answer
includes relevant metrics / QAs, but not the correct one; 0=the answer is irrelevant. In case of a difference of
more than 20%, the fifth author of this work has functioned as a mediator. This process has been initiated in 3
cases.

Correctness Selected Practice: A score from 1-10 being the grade of the first and the second author of this work,
on the correctness of the selected treatment (the grade is an average). The scoring guide for this variable was as
follows: 10=the answer is targeted, and uses examples from the code to describe the solution; 8=the answer is
targeted, but it is suboptimal (e.g., Strategy instead of Template Method, Strategy instead of OCP, etc.) and uses
examples from the code to describe the solution; 5= the answer includes the solution, but it includes also other
suboptimal (or incorrect) solutions, it uses examples from the code to describe the solution; 3=the answer in-
cludes relevant solutions, but not the correct one; O=the answer is irrelevant. In case of a difference of more than
20%, the fifth author of this work has functioned as a mediator. This process has been initiated in 1 case.
Correctness Practice Implementation: A score from 1-10 being the grade of the first and the second author of
this work, on the correctness of the implementation of the treatment (the grade is an average). The scoring guide
for this variable was as follows: 10=the code is functional, the treatment is well implemented; 6=the code is not
functional, but the treatment is well implemented; 3= the code is not functional, the treatment is not correctly
implemented, but there is a general grasp of the implementation details (e.g., abstraction, polymorphism, etc.);
O0=the answer is incorrect. In case of a difference of more than 20%, the fifth author of this work has functioned
as a mediator. This process has been initiated in 8 cases.

Correctness Extension Mechanism Identification: A score from 1-10 being the grade of the first and the second

author of this work, on the correctness of identifying the correct extension mechanisms (the grade is an average).



The scoring guide for this variable was as follows: 10=the answer is targeted to both the problem context and so-
lution, and uses examples from the code to describe the extension; 8=the answer is targeted to both the problem
context and solution, but does not use examples from the code to describe the extension; 5=the answer is targeted
to solution, but not the problem context, does not use examples from the code to describe the extension; 3=the
answer is targeted to problem context, but not the solution, does not use examples from the code to describe the
extension; 0=the answer is irrelevant. In case of a difference of more than 20%, the fifth author of this work has

functioned as a mediator. This process has been initiated in 3 cases.

To answer RQ), the dataset comprised of 5 sets of 6 columns, each set corresponding to the correctness score of each
refactoring set. The dataset included 50 rows, filtering from the dataset of RQ; only GenAl-Assisted refactoring
authorships. The six columns represent on the one hand the correctness of the refactoring step, and on the other hand
5 prompt input metrics, representing the interaction of the subject with the LLM, in each step of the process. In par-
ticular, we selected a set of quantitative and qualitative metrics based on recent empirical frameworks for Al-assisted
programming (Ross et al., 2023; Zamfirescu-Pereira et al., 2023; Liu et al., 2023). Specifically, we aim to capture
three distinct dimensions of the prompting process: (a) Conversational Effort—following Ross et al. (2023), we
measure Initial Prompt Length, Total Prompt Length, and Number of Turns; (b) Prompt Quality and Specificity—
adapting Zamfirescu-Pereira et al. (2023), we employee Instruction Detail to assess the semantic depth of user in-
puts; and (c) Technical Constraints—refereeing Liu et al. (2024), we track Context Window Utilization to monitor

the cumulative token load. The columns of the dataset are presented below:

o Refactoring Step Correctness: The score of each step as described above

o [Initial Prompt Length: Measured as the token count of the very first prompt submitted by the participant
for each refactoring task. This metric serves as a proxy for the developer's ability to initially frame the
problem.

o Total Prompt Length: Measured as the cumulative token count of all user-submitted prompts within a sin-
gle conversational session for a given task. This metric reflects the total effort and information provided by
the developer throughout the interaction.

o Number of Turns / Interactions: Measured as the extent of the dialogue between the developer and the
LLM, we counted the Number of Turns for each refactoring task. This metric allowed us to quantify the
conversational effort required to reach a solution and to differentiate between efficient one-shot interactions
and more complex, iterative dialogues.

o Context Window Utilization: Measured as the cumulative usage of the model’s context window throughout
a conversation session. The rationale is that in multi-turn interactions, the context available to the LLM ex-
pands with every turn, encompassing the entire conversation history (all prior prompts and responses). It is
calculated as the percentage of the model’s capacity consumed at each step, by dividing Input Tokens Used
(the sum of the tokens in the current prompt plus the tokens from the entire conversation history up to that
point) to the Max Context Capacity (to the official context window limit of the model used—in this study
(GPT-40 mini), which is 128k tokens).

e Instruction Detail: Evaluates the qualitative nature of the developer’s guidance rather than its mere length.
It assesses the technical specificity and information richness of the prompt. To measure this, we established
a 3-level ordinal scale to classify each user prompt: (1) Vague/Goal-Oriented, for general requests without
technical details (e.g., “improve this code”); (2) Specific/Descriptive, for prompts that identify a concrete
problem (e.g., “this method is too long”™); and (3) Prescriptive/Technical, for prompts that specify a soft-

ware engineering technique or solution (e.g., “apply the Strategy Pattern”). To ensure reliability, each



prompt in our dataset was independently rated on this scale by two researchers. The final metric value was
calculated as the average of the two scores. The inter-rate agreement was high, with a disagreement rate of

approximately 3%, indicating strong consistency in the evaluation of the prompts.

The prompts that have been recorded can be found in the dataset in two languages; either English or Greek. Alt-
hough this decision imposes a confounding factor, we have allowed participants to use their mother tongue as well,
due to: (a) the perception that people are more likely to participate in an experiment without any language con-
straints (Maha et al., 2020); (b) the likelihood that improper prompting might be due to no fluency of some partici-
pants in English language, which would also be a threat; and (c) the ability of modern LLMs to work multilingually
(Qin et al, 2025).

3.4 Data Analysis

Answering RQ1: Continuous variables for correctness score variables were summarized using mean (standard devia-
tion-SD) and median (range). Given the within-subject repeated-measures design with daily AB/BA counterbalanc-
ing, where each participant completed similar paired versions of the same refactoring practice for both refactoring
types (DP or SP) with (GenAl-assisted) and without (Human-only) Gen-Al assistance across five consecutive days
(Day 1 to Day 5) (see Figure 2), we employed Linear Mixed Effects (LMEs) models to address the posed RQs
(Bates et al. 2015). To investigate the fixed effects of the two experimental factors of interest (Refactoring Au-
thorship and Refactoring Type), separate LME models were fitted for each correctness score variable (Table
1). Each model included both Refactoring Authorship (GenAl-assisted vs. Human-only) and Refactoring
Type (DP vs. SP) as fixed main effects, along with their interaction term (Refactoring Authorship X Refac-
toring Type), to examine whether the effect of refactoring authorship on correctness scores varied between refac-
toring types. The model with the interaction term was compared to the model containing only the main effects (Re-
factoring Authorship and Refactoring Type) using a Likelihood Ratio Test (LRT). If the interaction term
was not statistically significant, the simplified main-effects model was chosen as the final model.

A random intercept for each participant (Participant-ID) was incorporated to account for intra-subject correla-
tion due to repeated measurements and to systematically control for variability due to individual differences. Addi-
tionally, a random intercept for each refactoring practice (Refactoring Practice) was included to account for
variability in difficulty or structural complexity across the refactoring practices that could affect correctness inde-
pendently of the refactoring authorship, refactoring type or participant. To further assess potential learning/fatigue
effects across the experiment (10 Sessions) and sequence effects (i.e., whether participant began each day with or
without GenAl assistance), the final model was compared with extended version of the final model that included
Session Order (1 to 10) and Sequence (GenAl-first/Human-first) as additional covariates (fixed effects) via
LRT. The extended model was retained for further examination when these covariates significantly improved model
fit accounting for learning/fatigue and sequence effects. Post-hoc comparisons of estimated marginal means were
conducted on the fitted models using the Tukey correction to appropriate adjust the p-values and to construct 95%
Confidence Intervals (CI) error plots. All statistical analyses were performed using R (R Core Team, 2025) through
Ime4, ImerTest and emmeans packages. All statistical tests were non-directional, and a difference was considered

significant if the p-value was less than 0.05 (a = 0.05).

Table 1. Description of Model Components used in the analysis

Model Component Description Goal

Correctness Score Dependent variable

Refactoring Authorship Main fixed effect term indicating who Tests the overall main effect of refac-




Model Component

Description

Goal

produced the code (GenAl-assisted vs.
Human-only) for solving a task

toring authorship on correctness ig-

noring the effect of refactoring type

Refactoring Type

Main fixed effect term representing the
refactoring type (DP vs. SP) of task be-
ing solved

Tests the overall main effect of refac-
toring type on correctness ignoring

the effect of refactoring authorship

Refactoring Authorship
Refactoring Type

Interaction term between refactoring

authorship and refactoring type

Tests whether the effect of refactoring
authorship on correctness scores de-

pends on refactoring type

Participant-ID

Random effect for participants

Models the variability due to differ-

ences between participants

Refactoring Practice

Random effect for refactoring practices

of tasks being solved

Models the variability due to differ-

ences across refactoring practices

Answering RQ:z: To answer RQ, we computed the correlation between the 5 prompt input metric scores and the
correctness of each refactoring step. Considering the setting up of the study it is necessary to opt for a correlation
calculation procedure suitable for repeated measurement. Thus, we have calculated the repeated measures correla-
tion coefficient, as presented by Bland and Altman (1995). Similar to any other kind of correlation analysis we will

report the correlation coefficient and the p-value.

4. RESULTS

In this section we present the results of our experiment and answer the two research questions that have been set
during our experimental design. We note that in this section we present the results and explain them in detail. How-
ever, their interpretation, comparison against state-of-the-art, and implications for research and practice, as well as
future research opportunities are discussed in Section 5. Additionally, we note that we have checked that all Gen-Al
assisted solutions have utilized the input that they got from the models; and that no participants ignored the Gen-Al

suggestions.

4.1 Differences in the Correctness of GenAI-Assisted and Human-only Refactoring Solutions

Table 2 summarizes the descriptive statistics for correctness scores across the five steps of the refactoring process
for each combination of the Refactoring Authorship and Refactoring Type factors, whereas Figure 3 pre-
sents the score distributions to provide further insights. The central tendency measures along with the graphical in-
spection of the distributions suggest that performance between GenAl-assisted developers and developers relying
solely on their own expertise differs across the five refactoring steps, with some differences depending on the refac-
toring type. Specifically, during Problem Identification, non-assisted developers generally achieved higher scores
compared to GenAl-assisted developers regardless of the refactoring type, indicating that developers tend to grasp
the essence of the problem more effectively. Given the score of almost 6.5 against 5.5 for Human-only and GenAl-
Assisted solutions, we can observe that the average solution of both Refactoring Authorship strategies tends to
also identify both relevant and irrelevant solutions; however, the Human-only answers are better justifying the
choice by linking the answer to the given source code. In contrast, GenAl-assisted solutions outperformed Human-
only solutions in Practice Implementation for both refactoring types implying that the LLM is more capable of gen-
erating code that satisfies specified requirements. By examining the average scores of the solutions (Human-only:
~6.5 and GenAl-Assisted: ~8.5), we can conclude that the main difference of the solutions stands in the working

functionality of the solution, since both capture the context and the feeling of the Refactoring Practice. With



respect to Compromised QAs and Extension Mechanism Identification, differences in correctness scores varied by

the refactoring type being solved, since non-assisted developers exhibited higher performance in SP tasks, but lower

performance to GenAl-assisted developers in DP tasks. Finally, both GenAl-assisted and non-assisted developers

demonstrated similar performance in selecting the right practice (Selected Practice step) for DP tasks, whereas

slightly differences were noted for SP tasks.

Table 2. Descriptive statistics for Correctness Scores across the five steps of the refactoring process

Refactoring | Refactoring
Correctness Score Type Authorship N M | SD | Mdn | min | max
Problem Identification DP GenAl- 523 (274 | 5.00 0 10
Assisted 30
Human-only 6.81 | 2.72 | 7.00 0 10
SP GenAl- 5951258 | 6.00 10
Assisted 20
Human-only 6.33 | 3.08 | 6.66 10
Compromised QAs DP GenAl- 5.03 | 2.62 | 5.00 10
Assisted 30
Human-only 6.85 | 3.04 | 8.00 0 10
SP GenAl- 6.10 | 2.55 | 6.50 10
Assisted 20
Human-only 572 1293 | 572 10
Selected Practice DP GenAl- 590|322 | 7.00 10
Assisted 30
Human-only 6.41 | 3.08 | 7.00 10
SP GenAl- 5201 3.79 | 6.00 10
Assisted 20
Human-only 4.11 | 3.67 | 3.56 10
Practice Implementation DP GenAl- 8.00 | 3.06 | 10.00 10
Assisted 30
Human-only 6.41 | 3.85 | 7.50 10
SP GenAl- 8.50 | 2.52 | 10.00 10
Assisted 20
Human-only 6.17 | 2.89 | 6.08 10
Extension Mechanism Identification DP GenAl- 6.73 | 3.92 | 8.50 10
Assisted 30
Human-only 7.78 | 3.33 | 10.00 10
SP GenAl- 7.5513.20 | 9.50 10
Assisted 20
Human-only 5.78 | 3.36 | 5.39 2 10

The columns N, M, SD, Mdn, min, max denote, respectively, the total number of DP or SP tasks, the mean, the me-

dian, the minimum and the maximum of correctness score variables




Although graphical inspection of correctness scores provides a straightforward overview of the problem, it cannot be
used alone to draw generalizable conclusions on the phenomenon under examination. Therefore, as described in
Section 3.4, five separate LME models were fitted to systematically investigate the factors affecting correctness
scores, while controlling for additional variability arising from differences among participants and refactoring prac-
tices. To facilitate readability, the following paragraphs present only the key results: (a) LRTs examining whether the
effect of Refactoring Authorship on correctness scores depends on Refactoring Type, (b) Analysis of Var-
iance (ANOVA) using Satterthwaite’s method to evaluate fixed effects (main and interaction terms) and (c¢) LRTs
examining whether Session Order and Sequence should be included as covariates in the final models. The de-
tailed results from the fitting of the LME models including fixed effects coefficients and random intercepts can be
found in Appendix.

Problem Identification Compromised QAs Selected Practice

oy

S 25
o
w
o
g Practice Implementation Extension Mechanism Identification GenAl-assisted  Human-only
<10.0
t. H
o 7.5
5.0 .
25 . . . Refactoring Type
= DP
0.0 . . & SP
GenAl-assisted  Human-only GenAl-assisted  Human-only

Refactoring Authorship

Figure 3: Correctness Score distributions across the five steps of the refactoring process

For Problem Identification, the comparison between the full model with the interaction term of Refactoring
Authorship X Refactoring Type and the model with only the main effects did not reveal a statistically signifi-
cant interaction (y2(1) = 1.390,p = 0.238). Therefore, the more parsimonious main effects model was retained for
further analysis. Similarly, the comparison with an extended model including the covariates of Session Order and
Sequence did not reveal a statistically significant difference (y2(2) = 2.318,p = 0.314). The ANOVA results
showed a statistically significant main effect of Refactoring Authorship on correctness scores (F(1,95) =
4.453,p = 0.037), but no significant effect of Refactoring Type (F(1,5) = 0.010,p = 0.925). Specifically, the in-
tercept for Refactoring Authorship concerning the Human-only level (b = 1.100,se = 0.524,p = 0.039 see
Appendix) indicates that correctness scores increase by 1.100 points, when the solution stems from human expertise
rather than from GenAl-assisted (baseline category) code. Indeed, the estimated marginal means (see Figure 4a),
visually, confirm the above findings, since the lines are parallel indicating no interaction effect. Interestingly, there is
a difference between the Al-assisted and Human-only levels for both DP or SP, with higher for Human-only suggest-
ing a main effect of Refactoring Authorship, whereas the lines are very close to each other across both DP or

SP levels indicating a negligible difference between the two refactoring types.
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Figure 4: Estimated Marginal Means for Correctness Score

The results derived from the fitting of the LME model for Compromised QAs bring to surface remarkable findings
that deserve further investigation. In this regard, LRT revealed a statistically significant interaction between Refac-
toring Authorship and Refactoring Type (¥2(1) = 3.926,p = 0.048). This interaction is also evident in Fig-
ure 4b, in which the lines intersect. Post-hoc analysis on estimated marginal means using the Tukey’s correction
showed a statistically significant difference only for the paired comparison between GenAl-assisted and Human-
only code in DP tasks. Furthermore, the estimate of means suggest that participants performed better when solving
DP tasks without using assistance from Al (Al-assisted), with a mean increase in correctness scores of approximate-
ly 1.833 points (p = 0.048). Again, the inclusion of covariates (Session Order and Sequence) did not result to a
significant improvement of the final model (y2(2) = 4.171,p = 0.124).

Concerning Selected Practice, the interaction term (Refactoring Authorship x Refactoring Type)
was not statistically significant y2(1) = 1.363,p = 0.243, whereas, the final model revealed, in this case, a statisti-
cally significant main effect of Refactoring Type on correctness scores (F(1,88) = 4.741,p = 0.032) but no



significant main effect of Refactoring Authorship (F(1,88) = 0.058,p = 0.811). This is also depicted in
Figure 4c, in which the lines are nearly horizontal (no Refactoring Authorship effect) yet, the estimated
marginal means are consistently higher for DP compared to SP tasks. The estimated coefficient for the fixed effect of
Refactoring Type on SP tasks (b = —1.483,se = 0.681,p = 0.032 see Appendix) suggests that participants
performed significantly worse on SP tasks than on DP tasks, with correctness scores decreasing by approximately
1.5 points, regardless of whether they used GenAl-assisted code or Human-only approaches. LRT showed no evi-
dence of learning/fatigue or sequence effects (y?(2) = 0.448,p = 0.799).

For Practice Implementation, the interaction term was dropped out from the final model (x2(1) = 0.313,p = 0.575)
and the reduced model containing only the main effects was further analyzed. Similarly, to Problem Identification,
the lines are very close to each other (Figure 4d) indicating no significant main effect of Refactoring Type on
correctness scores (F(1,3) = 0.033,p = 0.867). On the other hand, there was a statistically significant main effect of
Refactoring Authorship (F(1,94) =9.193,p = 0.003) and the estimated coefficient for Refactoring Au-
thorship (b =—1.920,se = 0.633,p = 0.003 see Appendix) indicates that participants scored higher when using
GenAl-assisted code, with an average increase of about 1.92 points. Similar to the above models, there were not

noted statistically significant learning/fatigue or sequence effects (y2(2) = 3.739,p = 0.154).
Finally, although both LRT (x2(1) = 3.966,p = 0.046) and ANOVA results (F(1,93) = 3.965,p = 0.046) indicate a

statistically significant interaction between Refactoring Authorship and Refactoring Type on correctness
scores for Extension Mechanism Identification (Figure 4e), the post-hoc analysis did not reveal any significant
pairwise differences between the estimated marginal means after p-value adjustments. Hence, further experimenta-
tion is needed, as there is an indication of varied performance between GenAl-assisted and Human-only solutions
across the two tasks but insufficient empirical evidence to support generalization. LRT also indicated no learn-
ing/fatigue or sequence effects (y2(2) = 4.747,p = 0.094).

Some steps of the refactoring process are more probable to be effectively assisted by GenAl, compared to others. In
particular: Human-only solutions outperform Al-Assisted solutions for problem identification, identification of
compromised QA (only for DPs), (b) GenAl-Assisted solutions outperform Human-only solutions for practice im-
plementation, whereas (c) for practice selection and identification of extension mechanisms, the two treatments ex-

hibit no difference.

4.2 Prompt Engineering for GenAl-Assisted Refactoring

In Figure 5, we present the correlation coefficients between the prompt input metrics and the correctness scores of
each refactoring step. Positive correlations are marked with blue bars, negative correlations with red bars, and statis-
tically significant correlations are reported with the use of two stars (**) for correlations with a p-value<0.01 and
one star (*) for correlations with a p-value<0.05. Out of the prompt input metrics analysis, we can easily identify
that Instruction Detail is the only metric that is strongly correlated with the correctness scores for all refactoring
steps. Out of the other metrics, the only statistically significant correlation is between Total Prompt Length and the
Correctness of Practice Implementation. Regarding Instruction Detail, we can see that it is mostly related to the Cor-
rectness of Problem Identification, Correctness of Practice Implementation, and Correctness of Extension Mecha-
nism Identification. Regarding the signs of the relations (it was hypothesized that all relations would be positive,
based on the definition of the metrics), we can see that the Correctness of Problem Ildentification and Correctness
of Extension Mechanism Identification are negatively correlated with the prompt input metric scores. However,

these correlations have high p-values and are not statistically significant.
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Figure 5: Correlation Analysis of Prompt Input Metric Scores and Refactoring Steps’ Correctness

Instruction Detail is the only prompt input metric that seems to be correlated to the correctness of refactoring steps.
Practice Implementation Correctness is also correlated to Total Prompt Length. Correctness of Problem Identifica-
tion and Correctness of Extensions Mechanism Identification seem to be negatively correlated to prompt input met-

rics (except Instruction Detail).

5. DISCUSSION

5.1 Answering the Research Questions and Interpretation of Results

The findings of this study suggest that we cannot uniformly answer RQ, since there is no clear “winner” between
Human-only and Al-Assisted solutions in the refactoring of code to DPs or SPs. The differences can be attributed to
both the nature of each step of the refactoring process (in some Human-only outperformed Al-Assisted, and for oth-
er the vice versa)—RQ;.1, but also the nature of the practice (patterns or principles) under consideration—RQ) ».
This fact can be considered intuitive, in the sense that human skills and “A/7 skills” are expected to be different, con-
text-dependent and sensitive to the given task when it comes to software quality improvement. We can observe that:
(a) Human-only solutions outperform Al-assisted solutions for problem identification, identification of compro-
mised QA (only for DPs), (b) GenAl-assisted solutions outperform Human-only solutions for practice implementa-
tion, whereas (c) for practice selection and identification of extension mechanisms, the two treatments showcase no
difference. These findings are considered very interesting in the sense that the quality improvement tasks, seem to
“resist” the belief that “Al is eating the world”, at least with the existing technologies. On the one hand, from our
analysis it seems that even junior software engineers can be more specific in the identification of quality problems, if

they are given well-established guidance / reading material to consult. This task is by nature more cognitive and re-




quires critical thinking, which seems to be better possessed by humans, compared to Al, which possesses access to a
huge pool of knowledge thereby providing a lot of information, without necessarily prioritizing what is important.
This aligns with the observations of Martins et al. (2024) regarding code reviews, where LLMs struggled with ab-
stract principles requiring deep semantic understanding. Additionally, our findings confirm the work of Liu et al.
(2025a), who found that without specific prompting (which corresponds to our “problem identification” phase),
LLMs fail to autonomously identify refactoring opportunities in complex scenarios. This is also evidenced by the
superiority of Humans in identifying the pain points in each system, expressed by quality attributes that are com-
promised by an inefficient design or code. On the other hand, the ability of Al to produce more accurately a tech-
nical solution (such as writing code) to a well-defined problem based on numerous patterns that is has been exposed
to, is non-negligible, and it seems that humans cannot compete with it. The findings of this study reveal that because
design patterns and design principles have been well documented in the literature, with numerous examples and
templates, Al-generated implementations excel in effectively applying the requested solution, as specified by the
(human) user. This result supports the general consensus in the literature (Vaithilingam et al., 2022; Lyu et al., 2025)
that LLMs are highly effective at generating syntactically correct code once the context is clear. This finding is fur-
ther verified by Kim (2025b), who reported exceptionally high performance metrics for the Visitor pattern imple-
mentation using ChatGPT. Our results suggest that from standard textbook definitions of GoF patterns, modern
models (like GPT-4.1 mini) have reached a level of maturity that outperforms junior developers in mechanical im-
plementation. Another issue that cannot be negotiated for Al-assisted tasks is the absence of very low scores in their
performance, meaning that through Al every given task pertaining to quality improvement of software can be ac-
complished decently. It should be noted that processing time for completing each task was not a factor in this exper-
iment. In terms of specific practices, apart from the identification of compromised QAs, we have observed that SOL-
ID principles (SPs) are “harder” to identify using both treatments, compared to the identification of design patterns
(DPs). This finding can be explained in two ways: (a) DPs are more widely known among practitioners as a means
for exploring the space of object-oriented design compared to SPs; or/and (b) that SPs are broader in scope than DPs
and are usually more abstractly defined in educational and web sources and therefore, the relevant knowledge on the
subjects is not easily applicable for both humans and AI. This observation extends the findings of Martins et al.
(2024), who identified a performance gap between syntax-oriented principles and abstract principles requiring deep-
er semantic understanding. In more detail, we could argue that SPs provide the foundational rules of good designs,
whereas DPs provide the concrete tools and structures to implement those rules in practice, solving specific prob-
lems while adhering to the principles (McLean, 2017) (Singh and Hassan, 2015). Apart from an academic point of
view, these statements also seem to be supported by developers’ forums and blogposts>**. Finally, relating our find-
ings back to the methodological background presented in Section 2.2, the use of the crossover design (Vegas et al.,
2016) proved instrumental. By controlling inter-subject variability, we were able to isolate these nuanced differences

between cognitive and technical steps.

With respect to RQ2 the main findings can be summarized as follows: (a) Instruction Detail is the only prompt input
metric that seems to be correlated to the correctness of refactoring steps; (b) Practice Implementation Correctness is
also correlated to Total Prompt Length; and (c) Correctness of Problem Identification and Correctness of Extensions
Mechanism Identification seem to be negatively correlated to prompt input metrics (except Instruction Detail). The
first finding suggests that qualitative evaluations of prompts as captured by conceptual aspects of the posed question,
such as the concreteness of the prompt, the specificity and the descriptiveness of the prompt and the domain

2 https://blog.savetchuk.com/the-difference-between-design-patterns-and-design-principles
3 https://www.quora.com/Should-you-learn-SOLID-before-design-patterns
4 https://medium.com/@kenslearningcurve/design-patterns-vs-design-principles-d1c9fe032dc
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knowledge that is passed through the prompt to the LLM are more important compared to structural metrics (e.g.,
length and number of iterations). However, these structural properties of prompts need to be examined in larger
tasks. Regarding specific refactoring steps, the results suggested that Practice Implementation Correctness, which is
the step that is mostly assisted by GenAl is related to two metrics is also important, suggesting that the place where
GenAl is most useful can be further exploited by correct and accurate prompts. On the contrary, the steps that the
neutral steps (Problem Identification and Extensions Mechanism Identification) are negatively correlated to lengthy
prompts. This finding suggests that a different prompting style in the specific steps could improve their effective-
ness; and maybe lead to GenAl-Assisted solution excel compared to Human-only solutions. However, this also
needs further investigation.

5.2 Implications for Researchers

First, through this study we have confirmed that cross-over experimental designs can provide answers to interesting
research questions, employing the Linear Mixed Effects analysis method. The identification of relations between
treatments and possible confounding factors were accurately identified, thus we encourage the use of the same study
design setup, for fitting purposes. More specifically, cross experimental designs reveal whether factors (such as
Treatment, that is Al-assisted or Human-only approach and Problem Type, i.e. DPs or SPs, in our study), act
independently or jointly on the correctness of the obtained solutions when refactoring code to improve its quality.
Second, with respect to AI4SE researchers, we encourage the further development and exploration of code-specific
LLMs rather than general-purpose ones (like ChatGPT) for software engineering tasks, since general-purpose mod-
els might exhibit inferior performance to humans. Finally, with respect to the academic community, we encourage
the development and deployment of additional sources (books, blogs, papers, etc.) on SPs, which currently do not
seem sufficient for either LLMs or Humans to use and lead to the suitable identification for the need to apply an SP
(at least compared to DPs). In any case, we urge prospective software engineers to build strong foundations in core
principles; otherwise, they may soon lack the knowledge to validate the output of Al-generated solutions, particular-

ly in terms of quality.

5.3 Implications for Practitioners

The major implication for practice out of this experiment has to do with general guidance to practitioners to not rely
blindly on Al-assistance, especially for merely cognitive tasks, like problem identification. The suggested practice
would be to use Al-assistance for compiling a list of possible problems, and then dive into details of each sugges-
tion, either by self-studying on web or traditional sources to evaluate and prioritize them. Of course, a viable alterna-
tive to this would be to not “stay” at a shallow “discussion” with Al and get suggestions, but ask Al to explain each
problem, prioritize and in finally co-decide which identified problem is the one that is the most important or influen-
tial given the requirements of the task. We see this path as productive both for reaching a high quality in the software
but also for educating software engineers through the process. Furthermore, we strongly encourage software engi-
neers to make use of Al for the “actual” refactoring process, i.e., when the problem is clear, when the compromised
QAs are identified, and the selection of a solution is made in a collaborative manner, the human can rely on Al for
the actual writing of the code. However, even in this step, the execution of tests and manual inspection of code is
required. Finally, the analysis of prompts gives two main takeaways to practitioners when using LLMs for code re-
factoring to DPs and SPs. The first has to do with the provision of as much context as possible; providing domain
knowledge, e.g., on the fact that the solution must use a specific DP or SP or guiding with respect to the goals of the
envisioned refactoring. The second high-level guideline is to use smaller prompts for each step of the refactoring
process, i.e., the identification of the problem and the identification of extension mechanisms. However, both rec-

ommendations need to be further explored.



5.4 Future Work

We believe that an interesting extension to this work would be a full-fledged qualitative (lexical and semantic) study
of prompts that are used for interacting with LLMs when performing refactoring tasks and producing guides of in-
teraction through prompt engineering. Although this work has performed an initial analysis towards this direction,
we have not performed analysis of the content of prompts, which we believe can substantially improve the level of
detail in the prompting guidelines. Equally interesting would be to further explore parts of the refactoring process
that are currently indecisive. Since in many cases we observed comparable performance between the refactoring task
that is carried out with and without the help of GenAl, it would be interesting to explore the time required for reach-
ing each solution, and especially if there are cases where humans opt for directly drafting a solution avoiding the
overhead of effectively structuring a prompt to an LLM. Also, replications with different practices, senior develop-

ers and other LLMs are strongly encouraged to achieve generalizability.

6. THREATS TO VALIDITY
Although the primary objective of this study is to shed light into the effectiveness of code produced with and with-

out GenAl assistance in carrying out refactoring steps to improve software quality through design patterns and SOL-
ID principles, it is crucial to acknowledge potential threats to the validity of findings and categorize them to the
well-established schema proposed by Wohlin et al. (2024). Regarding study replicability, we have developed a full
replication package including: (a) the material provided to human participants; (b) the task descriptions and code; (c)
the dataset of evaluations; (d) the prompts that have been used when using GenAl; and (e) the submitted responses.

The replication package is available online in GitHub?®.

Regarding external validity, the reported findings stem from a controlled experiment involving 10 junior developers
and as a result caution should be taken in the generalization of the results to different scenarios involving senior
software engineers, programming paradigms that urge for organization in teams, different application domains, pro-
gramming languages, environments, etc. Such threats can only be mitigated by replicating the study; something
which is imperative given the pace by which GenAl capabilities advance. In addition, the generalizability of the
results to the unknown population of junior developers may also be hindered by the relatively limited sample size
used for inferential purposes. The sample size in the experiment, although quite low for quantitative analysis, is jus-
tified by the effort required for conducting experiments in the domain of software engineering. The experiment was
time-consuming, requiring the participation of professional (even junior) developers for a complete week every af-
ternoon. To this end recruiting volunteers for such a task was non-trivial. According to Falezzi et al. (2017) it is very
difficult to attract professional software engineers as participants in experiments, with only 33% of invited profes-
sionals ending up to participate in the studies. In addition to this, according to Sjoberg et al. (2010) the typical par-
ticipation in SE experiments varies from 4 to 60 professional software engineers, with a mean value of 20. Finally,
according to Vegas et al. (2016) the sample size issue is mitigated by the repeated measures design, enabling the
gathering of 100 data points from the participants; a number which renders possible further statistical analysis. Alt-
hough a priori power analysis would result in an approximated sample size needed for fulfilling the intended scopes
of the current study, we decided not to conduct a priori power analysis due to both practical and technical reasons.
First, due to the originality of the topic discussed in this study and, to the best of our knowledge, there was no prior
empirical evidence available to reliably estimate key parameters, such as the expected effect size and variance com-
ponents of random effects, which are necessary inputs for conducting a priori power analysis in order to determine

the required sample size. Second, analytical formulae for sample size calculation are only available for simple ex-
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perimental designs and traditional statistical hypothesis procedures, such as parametric t-tests, analysis of variance
(ANOVA), or chi-square test for independence. For more complex designs, such as repeated measures designs etc.,
with multiple factors being examined and complex variance structures, there are no available analytical formula, and
the only option would be to conduct power analysis via simulation approaches. In this regard, such approaches in-
volve the specification of plausible effect sizes and conduction of power analyses on these predefined levels (small,
medium and high). While such simulation-based approaches provide flexibility, it does not guarantee that the final
selected effect size accurately reflects the true magnitude. Summarizing, although we acknowledge the limitation
associated with the relatively small sample size used for inferential purposes, we opted to use a robust statistical
modeling technique to appropriately exploit the available information contained in the collected data and mitigate
potential external validity threats. Specifically, we adopted Linear Mixed Effects models that are considered well-
suited to account for participant-level (developer-level in our case) and refactoring practice-level random effects
modeling the individual heterogeneity and refactoring practice variability. The insertion of random effects safe-
guards the estimation of the parameters (coefficients) for the primary factors of interest (fixed-effects) (“Refactoring
Authorship” and “Refactoring Type” along with their interaction in our study) while complementing formal hypoth-
esis testing and uncertainty quantification via the construction of 95% confidence intervals.

Additionally, the adopted within-subject repeated-measures design with daily AB/BA counterbalancing, where each
participant completed 10 sessions of distinct refactoring task combinations across 5 days, may introduce two im-
portant internal validity threats. The first internal validity is associated to the potential learning or fatigue effects, as
repeated exposure to similar refactoring tasks could lead to improvement in performance (learning) or declines due
to fatigue, particularly in the later sessions, affecting in turn, the correctness scores. The second internal validity
threat concerns sequence effects, where the order in which participants executed daily refactoring tasks may intro-
duce bias to the extracted findings. Although such effects are inherent in repeated-measures designs and longitudinal
studies, the use of Linear Mixed Effects models enabled us to examine such effects by including and testing appro-

priate covariates in the final models.

In terms of experimental design, a construct validity threat that is valid pertains to the fact that the GenAl group
does not assume a pure Al solution, in the sense that the user guides the employed LLM based on his/her experience.
Unavoidably, this might lead to bias as the software engineer through his/her prompts might shift the model’s output
towards one or the other direction. For this reason, we mainly stick with the term Al-assisted solutions as this is the
most probably scenario of AI4SE in the coming years, that is, a human software engineer will act the driver in hu-
man-Al interactions. Additionally, the construct validity of the study may be threatened by the design of the refactor-
ing tasks that were assigned to participants. The tasks have been designed to match the timeframe of the experiment
(1 hour) and to be as close as possible to the rationale of the specific refactoring, being inspired from textbook ex-
amples. Moreover, although the five scores (Problem Identification, Compromised QAs, Selected Practice, Practice
Implementation, Extension Mechanism Identification) were carefully designed to quantify the effectiveness of ap-
plying a refactoring process, different team might approach refactoring in a more ad/hoc way. Finally, the subjectivi-
ty of the raters in assessing correctness scores may pose a threat to internal validity, considering that the grading
scheme provides some flexibility (i.e., not all possible scores are included in the schema, but only some landmark
scores). This was mitigated by involving a third assessor, in cases where the scores from the two primary raters (first
two authors of this study) differed by more than 20%; and the use of detailed grading mechanism.

As far as conclusion validity is concerned, it has been already mentioned that the combination of a cross-over re-
peated measures design with Linear Mixed Effects models helps mitigate threats to conclusion and statistical validi-

ty. This adopted approach accounts for within-subject variability, while controlling for participant- and task-specific



random effects. Thus, the different sources of variability are appropriately taken into consideration, providing in turn
robust estimation of the fixed-effects parameters (coefficients), while quantifying the uncertainty inherent in com-

plex experimental setups.

7. CONCLUSIONS

Triggered by the omnipresent use of LLMs in everyday software development and concerns about the quality of
software solutions delivered by GenAl, the goal of this study was to investigate the ability of GenAl to assist hu-
mans in refactoring to DPs and SPs. Through a controlled experiment involving junior developers, we compared the
correctness of five refactoring steps (understanding problem constraints, reasoning about compromised quality as-
pects, identifying applicable patterns or principles, instantiating the solution and identifying an extension scenario
benefiting from the refactoring) between Human-only and Al-Assisted solutions. The use of a cross-over experi-
mental design proved powerful for identifying potential relations between treatments and possible confounding fac-
tors. The experiment revealed a nuanced landscape in the collaboration between Human-only and Al-Assisted solu-
tions across different refactoring tasks. While Human-only solutions excelled in cognitive and problem-
identification steps, especially for design principles, Al-Assisted solutions demonstrated superior performance in
implementing well-defined solutions. These findings highlight the complementarity of humans and Al and underline

the importance of acquiring solid foundational knowledge for engineers to be able to effectively validate Al outputs.
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APPENDIX: DETAILED RESULTS

Dependent Effect Term Estimate | SE t df P Variance
Problem Identification Fixed Intercept 5.473 0.800 | 6.841 3.760 | 0.003
Refactoring Authorship:Human-only 1.102 0.523 | 2.106 | 85.003 | 0.038
Refactoring Type:SP 0.118 1.194 | 0.099 | 3.000 | 0.928
Random | Intercept for Participant-ID 0.014
Intercept for Refactoring Name 1.369
Residual 6.841
Compromised QAs Fixed Intercept 5.033 0.631 | 7.980 | 7.950 | 0.000
Refactoring Authorship: Human-only 1.818 0.695 | 2.617 | 84.000 | 0.011
Refactoring Type:SP 1.067 0.943 | 1.131 6.807 | 0.296
Refactoring Authorship:Human-onlyxRefactoring Type:SP | -2.196 1.099 | -1.999 | 84.000 | 0.049
Random | Intercept for Participant-ID 0.420
Intercept for Refactoring Name 0.343
Residual 7.244
Selected Practice Fixed Intercept 6.219 0.585 | 10.630 | 37.43 | 0.000
Refactoring Authorship:Human-only -0.131 0.667 | -0.196 | 88.00 | 0.845
Refactoring Type:SP -1.498 | 0.681 | -2.202 | 88.00 | 0.030
Random | Intercept for Participant-ID 0.459
Residual 11.115
Practice Implementation Fixed Intercept 8.148 0.584 | 13.963 | 5.991 | 0.000
Refactoring Authorship: Human-only -1.889 | 0.633 | -2.983 | 94.000 | 0.004
Refactoring Type:SP 0.130 0.775 | 0.167 | 3.000 | 0.878
Random | Intercept for Refactoring Name 0.220
Residual 10.022
Extension Mechanism Identification | Fixed Intercept 6.733 0.718 | 9.373 7.93 0.000
Refactoring Authorship: Human-only 1.045 0.896 | 1.166 | 93.00 | 0.247
Refactoring Type:SP 0.817 1.136 | 0.719 7.93 | 0.493
Refactoring Authorship:Human-onlyxRefactoring Type:SP | -2.817 1.417 | -1.988 | 93.00 | 0.050
Random | Intercept for Refactoring Name 0.344
Residual 12.041




