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Abstract This Systematic Literature Review examines prompt engineering in automatic code generation using
large language models (LLMs). A methodological protocol identified 26 relevant primary studies to characterize
the status, trends, challenges, and opportunities of prompt engineering in software development. The results show
that prompt engineering has been established as a key discipline for optimizing interaction with LLMs and
improve the accuracy, robustness, and applicability of the generated code. The findings were grouped into six
recurring thematic categories: structured methodologies, pedagogical strategies, accuracy and robustness, code
improvement techniques, security through prompts, and the relevance of prompt engineering in the interaction
with LLMs. It also highlights that the accelerated growth of publications between 2021 and 2025, as well as the
sustained academic interest, reflect the strategic value of prompt engineering in the software lifecycle. This review
provides a critical knowledge base for researchers and developers seeking to integrate prompt engineering into
their processes and practices effectively.

Keywords: Prompt engineering, Software Engineering, automatic code generation, Artificial Intelligence, Al,
Large Language Models, LLMs.

1 Introduction

Since the emergence and consolidation of artificial intelligence, the development of LLMs has significantly
transformed multiple fields, including automatic code generation (ACG) for software development [1], [2], [3]. In
this scenario, prompt engineering has been developing as a discipline that allows generating effective interactions
between humans and generative models, which allows transforming ideas expressed in natural language into code
solutions that solve real problems more understandably and effectively [4], [5], [6]. Specifically, this discipline
focuses on the meticulous formulation of natural language instructions, known as “prompts”, that guide LLMs in
accurately translating conceptual ideas into functional, optimized code. Through prompt engineering, the goal is to
establish an effective communication bridge that minimizes ambiguity and maximizes the relevance of model
responses, thereby enabling human intentions to be translated into high-quality software solutions more
understandably and effectively. Given the novelty and rapid evolution of this field, this work offers an initial,
exploratory look at how prompt engineering is being applied specifically to automatic code generation.

Historically, the main technological challenge was to optimize human-computer interaction. However, with
the emergence of systems such as ChatGPT, this challenge has evolved towards human-Al interaction [7], [8].
This new scenario raises important questions about how useful, reliable, and of high quality the code that these
tools can generate from natural language prompts [4], [7], [9]. This transformation requires not only new technical
skills but also a deeper look at how prompt engineering works, what it can offer, what limitations it has, and how
it can be effectively applied in real software development situations [8], [10], [11].

In this context of rapid evolution and adoption, fundamental questions persist, whose answers are vital for the
field’s progress. Specifically, there’s a need for a deep understanding of the most effective prompt engineering
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methodologies and practices in automatic code generation, as well as the technical obstacles developers face.
Additionally, it's crucial to identify the strategic opportunities this discipline offers to improve the robustness and
integration of code solutions across different stages of the software development lifecycle, and to recognize the
key players driving this emerging area, raising questions such as: What strategies are working in practice? What
difficulties are encountered in applying these techniques, how could they be more robustly integrated into the
different stages of software development, and who is leading the way in this emerging area?

Aware of this landscape, this systematic review is intended as a useful tool for understanding how prompt
engineering is being used in automatic code generation. Rather than offering an exhaustive overview, this review
should be understood as a first focused approach to the emerging intersection between prompt engineering and
automatic code generation, providing an initial characterization of the methodologies, tools, challenges, and
opportunities that shape this developing field. Beyond following a rigorous and well-defined protocol, the
objective is to gather, organize, and make sense of what has been researched so far: to identify trends, highlight
relevant findings, point out what has not yet been explored, and open avenues for future research. In doing so, it is
hoped to provide a clear, reliable, and specialized knowledge base to guide those who are developing, researching,
or applying artificial intelligence-based technologies in the software world. In addition to the introduction, this
review is divided into seven sections to provide an overview of the results obtained. Section 2 presents the related
work. Section 3 presents the research protocol employed. Section 4 presents the primary studies identified by
executing the protocol. Section 5 highlights the significant contributions of this study to the fields of research and
innovation. Section 6 presents the Discussion, while Section 7 presents the Conclusions. Finally, Section 8
includes the literature references used to support and inform the construction of this SLR.

2 Related work

Some of the related work found in the literature are presented below, with a summary of their objectives,
methodology, main results, and conclusions:

Fan et al. [12] provide an overview of the advances and empirical results in the application of LLMs in
Software Engineering. This paper presents an SLR that includes a manual analysis of publications up to July 2023
focused on Computer Science categories related to Software Engineering and LLMs, where it was found that
LLMs have introduced human-like cognitive capabilities in tasks related to planning and reasoning, allowing the
generation of different artifacts beyond code. They also highlight the improvement in code generation and safety
through prompt engineering, and warn about the non-deterministic nature of LLMs, an aspect little addressed in
the literature. Therefore, the study concludes that more research is needed on prompt optimization and rigorous
experimental design that considers this nondeterminism.

Hou et al. [13] aim to provide a comprehensive understanding of the applications, effects, and limitations of
LLMs in Software Engineering. This paper presents an SLR where 395 articles published between January 2017
and January 2024 were analyzed using keyword-based searches and snowballing techniques. The authors
identified more than 70 different LLMs, as well as tuning strategies (such as Parameter-Efficient Fine-Tuning -
PEFT) and prompt engineering (such as Few-shot in 88 studies and Chain-of-Thought in 18) that are key to
optimizing performance. Software development was the most addressed area (56.65% of the studies), highlighting
tasks such as code generation (118 studies) and program repair (35 studies). As a conclusion, it is highlighted that
LLMs are transforming Software Engineering, although challenges such as the size of models, data dependency,
ambiguity in code generation, and difficulties in their evaluation persist.

Finally, He et al. [14] explore the potential of multi-agent systems based on LLMs to improve autonomy,
robustness, and scalability in software projects. The research included an SLR with 71 studies and two case
studies using the ChatDev framework with GPT-3.5-turbo. The results indicate that LMA systems achieve
significant autonomy in Software Engineering tasks and improve robustness; however, they present limitations
when faced with tasks of higher complexity. The authors conclude that LLMs have a high potential and propose a
research agenda to strengthen the individual capabilities of the agents.

While Fan et al. [12], Hou ef al. [13], and He et al. [14], highlight the growing relevance of LLMs in Software
Engineering and the need for prompt optimization and robust experimental designs, our systematic review
distinguishes itself by its deeper and exclusive focus on prompt engineering within automatic code generation.
Unlike broader SLRs that cover various LLM applications, this research delves into the specific methodologies,
dedicated tools, intrinsic challenges, and direct opportunities of PE in ACG. This focused approach allows us not
only to reaffirm the importance of prompt optimization and considering non-determinism, but also to break down
precise design techniques, emerging platforms, and pedagogical and ethical implications that other reviews, due to
their wider scope, only mention tangentially. This narrower focus justifies the need for the present SLR by
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offering a more detailed and contextualized knowledge base on PE as a fundamental discipline in the evolution of
code generation. From the above papers, it is possible to observe that all emphasize the need for further research
to address the challenges of using LLMs for software code generation, even suggesting future research lines
focused on prompts optimization and the development of experimental designs that consider the unpredictability
of LLMs, with the ultimate goal of strengthening the individual capabilities of these models and their applications
in Software Engineering, which justifies the realization and presentation of the challenges found in this SLR.

3 Theoretical framework

Human-AlI Interaction: This is a specific form of human-computer interaction that focuses on how people
and Al collaborate or complement each other in different tasks [15]. According to Rai et al., [16] it can occur in
three main ways: substitution, when AI replaces humans in a specific task; augmentation, when both parties
mutually improve their capabilities and compensate for their limitations; and assembly or hybrid intelligence,
where humans and Al integrate as a unit to solve complex problems by combining their strengths.

Prompt Engineering (PE): is an emerging discipline that consists of designing and optimizing natural
language instructions (prompts) to more effectively guide the behavior of language models (LLMs) [1]. Its
purpose is to improve the quality, consistency, and usefulness of the responses generated through a systematic
process that combines control, exploration, and refinement techniques [8], [17]. Given the complexity of the
internal workings of LLMs, Prompt Engineering has become a form of programming using natural language that
employs multiple approaches to achieve results aligned with different application and research needs [1], [11].

Language models (LLMs): These are an advanced class of artificial intelligence models based on deep
learning architectures, mainly Transformers, trained on a large scale with vast data sets [4], [17]. Their main
purpose is to understand and generate natural language in a versatile way, allowing them to tackle diverse tasks
such as translation, programming, question answering, or content creation [4], [5], [18]. Through prompting and
context-based learning techniques, LLMs can dynamically adapt to new instructions, making them an essential
foundation for current advances in artificial intelligence [5], [19].

Software development: Software development refers to a structured and iterative process that encompasses
the activities involved in the creation, evolution, and maintenance of software systems, including requirements
understanding, design, implementation, testing, debugging, and documentation [1], [20]. In contemporary
contexts, this process increasingly integrates Al-based tools, such as large language models, which support and
augment human decision-making across multiple stages of the software development lifecycle [21], [22].

Natural Language Programming: refers to the process of generating, modifying, or refining executable
programs or source code from descriptions given in natural language [23], [24]. Its goal is to bring programming
closer to how people think, which involves generating code from simple sentences rather than formal,
syntactically fixed specifications [23].

4 Research Protocol

The aim of our study was to provide a comprehensive overview of the literature on the use of prompt engineering
in the context of automated code generation for software development, in order to understand where researchers
have focused their efforts, what requires further research, what has been achieved so far, and what the research
gaps are. The results obtained are expected to provide a clearer perspective for both researchers and practitioners.
This is especially important given the rapid pace of advancements in AI, which can make it difficult for
researchers to keep up with the latest findings and for practitioners to discern which emerging technologies are
truly ready for practical adoption. Because researchers seek a single source of information that provides a
comprehensive overview of current research in software prompt engineering, while practitioners are interested in
understanding the trends and technologies developed in academia that could be applied in practice to the
automatic generation of code for software development. Our systematic review was conducted following the
protocol for systematic literature reviews (SLR) proposed by Kitchenham et al. [25]. The central purpose of an
SLR is to reliably synthesize the available scientific evidence on a particular topic of interest or research. The
quality of this synthesis depends on the thoroughness and clarity of the process followed. In this regard,
shortcomings in these aspects can result in erroneous or biased conclusions. Hence the importance of applying an
orderly and systematic methodology/protocol to ensure validity. Considering the above, this SLR was carried out
through three fundamental phases: (i) planning, (ii) execution (including search and analysis), and (iii) reporting
of findings. To better understand the protocol followed, Figure 1 presents the workflow used to facilitate the
organization and management of these stages.




24 Inteligencia Artificial 78 (2026)

The planning phase is the fundamental stage of the systematic review. At this stage, the purpose and objectives
of the study were defined, justifying the need to address existing literature through a structured analysis.
Subsequently, the research questions that served as a guide were formulated, and the inclusion and exclusion
criteria for the selection of relevant articles were rigorously defined. These criteria, complemented by those of
relevance and pertinence, ensured the exclusive selection of articles aligned with the established thematic scope.

This stage also included determining the search terms and designing the data extraction strategy, thus ensuring
the traceability and complete reproducibility of the methodological procedure. To determine the search chain, a
preliminary exploration review of the literature was conducted, including both academic articles from publishers
and articles from gray literature. These materials were selected for their thematic relevance and for providing the
basic concepts necessary to identify the key terms in the area, which made it possible to delimit and refine the
search chain used later. The selected articles can be seen in Table 1. Finally, the review protocol was developed
and documented, which was evaluated and approved by one of the most experienced co-authors, allowing us to
proceed satisfactorily to the next phase.

Table 1: Preliminary Bibliographic Base for Defining Search Terms.

Article name Source of data Reference
Generative Al for Software Developm.ent: A Family of Studies on Springer Nature Link [26]
Code Generation
Assessing the Effectiveness and Security Implications of AT Code Research Gate [27]
Generators
Opportunities of Gene'ratlve Al Apphc.atlons gnd Tools in Code Rescarch Gate 28]
Generation for Automation Devices
The Role of Generative Al in So ware Development Productivity: A .. .
Pilot Case Study ACM Digital Library [22]
Accelerating Software Development Using Generative Al:ChatGPT . .
Case Study ACM Digital Library [29]
Generative Al for Software Practitioners ACM digital library [30]
Future of software development with generative Al Springer Nature Link [31]

The execution phase involved the implementation of the planned protocol, with which the systematic search
was carried out in the stipulated databases and documentary sources, strictly applying the predefined criteria to
identify the relevant primary studies. The results of the studies initially collected were subjected to a process of
evaluation and screening, considering their methodological quality, relevance, and thematic pertinence. From
those studies that met the established requirements, the information considered key was extracted. In addition,
because the volume of data retrieved was insufficient, the application of the backward snowballing technique was
considered, which explored the bibliographic references of the selected articles to identify additional relevant
literature. This phase culminated in the compilation and synthesis of the extracted information to structure the
subsequent analysis.

The final phase corresponded to the preparation of the report, in which the SLR process and results were
thoroughly documented. In this phase, the final report was written, in which the main findings were presented in a
structured manner and answers were provided to the research questions formulated. The results obtained are
subjected to a detailed analysis and interpretation, putting them in dialogue with the relevant literature to discern
patterns, identify gaps in knowledge, and outline possible lines for future research. In the conclusions section, the
contributions of the study to the area of knowledge are synthesized, explicitly recognizing the methodological or
scope limitations. In this way, we seek to consolidate a robust empirical and conceptual base to guide further work
in the field.
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Figure 1: Systematic Literature Review Workflow Diagram.

5 Objectives and research questions

To conduct the systematic literature review (SLR), three objectives and seven research questions were defined.
This process was carried out using an adaptation of the Goal-Question-Metric (GQM) approach [32]. Considering
the conceptual level and the operational level, for this occasion, no metrics were defined. Given that this study
represents an initial exploratory look at the role of prompt engineering in automatic code generation, the GQM
approach was adapted in a flexible manner, establish the SLR’s purpose (Goal) and formulate research questions
(Question) at the conceptual and operational levels, specific metrics were not explicitly defined within this
protocol. This decision is justified by the predominantly qualitative nature of this review’s objectives, which focus
on identifying and characterizing the state of the art, trends, and challenges rather than quantifying specific results.
The objectivity and rigor in evaluating the studies were ensured through the strict application of predefined
inclusion, exclusion, relevance, and pertinence criteria, alongside a cross-validated data extraction and validation
process performed by the authors. This approach guarantees that, despite the absence of direct numerical metrics,
the synthesis of scientific evidence remains reliable and well-founded. The conceptual level allowed us to
establish and define the purpose of the SLR (Goal), and the operational level (Question) allowed us to formulate
seven questions that helped to orient and characterize the information related to the primary studies, in addition to
obtaining a global understanding of the current state of the art on the use of prompt engineering in the context of
automatic code generation for software development. Our goal was to identify possible gaps in the research on
prompt engineering in automatic code generation, specifically about the coverage of different aspects, such as the
level of maturity achieved in the use and/or application in automatic code generation.
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The following are the objectives established at the conceptual level and the seven research questions (RQs),
each with their respective motivation and related objective.

Objective 1: Identify ongoing and future work related to the use of prompt engineering in the context of
automatic code generation for software development.

RQ 1.1: What emerging projects or research provide evidence of the use of prompt engineering in automatic
code generation?

RQ 1.2: What are the anticipated trends in the use of prompt engineering for automatic code generation in
software development?

RQ 1.3: Which researchers have addressed the use of prompts in software development?

Answering the research questions derived under Objective 1 allowed us to assess the degree of maturity of
prompt engineering research in automatic code generation. Specifically, RQ 1.1 allowed us to identify current
research and outstanding work in the field, providing an overview of the literature and showing recent trends. RQ
1.2 allowed us to understand how prompt engineering might influence the future of software development,
providing strategic information for planning and adaptation in the industry. RQ 1.3 allowed us to meet the main
players in the research, facilitating the identification of reference works and key sources to go deeper into the
topic.

On the other hand, to have a strategic vision of the future of software development, the following objectives
and research questions were proposed, not only highlighting the technical possibilities of prompt engineering but
also its impact on work practices, learning processes, and the evolution of the technological ecosystem.

Objective 2: To explore the methodologies and best practices employed by software developers to apply
prompt engineering in automatic code generation.

RQ 2.1: What are the methodological solutions that developers use to design and refine prompts in the context
of code generation?
RQ 2.2: What tools or platforms are commonly used to apply prompt engineering in code generation?

Answering the research questions derived from Objective 2 allowed us, according to RQ 2.1, to identify and
understand the methodologies and best practices that developers use to design and refine prompts and make them
more effective and concerning question 2.2; we were able to explore the tools and platforms commonly used in
automatic code generation. This will contribute to practical knowledge that will optimize the results in code
generation and serve as a useful reference for other developers interested in taking advantage of this technique and
the available resources more efficiently.

Objective 3: Identify the challenges and opportunities related to the adoption of prompt engineering in
automatic code generation within software development processes.

RQ 3.1: What challenges do developers face when using prompt engineering for code generation?
RQ 3.2: What strategic opportunities does the use of prompt engineering in automatic code generation offer to
improve software development processes?

Regarding Objective 3, and according to question 3.1, it allowed us to identify the main challenges that
developers face when implementing prompt engineering in automatic code generation, and based on question 3.2,
it allowed us to establish the strategic opportunities that this technique offers to improve software development
processes. This will facilitate the understanding of the obstacles that limit its practical use and will allow us to
propose solutions to overcome them, while exploring the potential benefits that can optimize efficiency and
quality in software creation.
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5.1 Search strategy

Several articles related to the topic of interest were considered to define the search string, to approach the concepts
associated with the use of prompt engineering for the automatic generation of code within software development.
Subsequently, the most used terms and keywords were identified, eliminating duplicates or those that could
generate irrelevant results for this research. As a result of this process, Table 2 presents the keywords and phrases
found. For the combination of keywords, the logical connector “AND” was used, from which the following basic
search string was obtained:

Table 2: Basic search string.

(“Prompt engineering” AND “automatic code generation” AND “software development”)

With this basic string (7), databases were consulted, among which are: Google Scholar, IEEE, Web of Science
(WoS), Science Direct, ACM Digital Library, Scopus, and Springer. In each of these databases, the search string
adapted according to the search engines was introduced. In each of the databases, the time interval from 2020 to
2025 was considered as a filter; this time window is justified by the accelerated development and implementation
of prompt engineering in the automatic generation of code. In addition, this period coincides with the rise of large-
scale language models and their practical application in software development. It is possible to observe that since
2020, we have evidenced significant advances in prompt engineering techniques, tools, and frameworks that have
revolutionized how developers interact with Artificial Intelligence (Al) for code generation. By focusing on this
time window, it has been possible to analyze the initial impact of these technologies, identify emerging best
practices, and forecast future trends in this rapidly evolving area. Another filter considered was the category to
which the article belongs, i.e., research articles and conference publications. In addition, articles were included as
gray literature, also known as unconventional, semi-published, invisible, minor, or informal literature, which
refers to any type of document not disseminated through the usual commercial publication channels.

On the other hand, the inclusion of Google Scholar in this systematic review is justified by its ability to cover a
wide range of academic and non-academic literature, complementing specialized databases. Although Google
Scholar may present challenges in terms of accuracy and quality control, its use is consistent with the exploratory
nature of this review, as its strategic use allows us to identify gray literature and follow the citation chain,
enriching the completeness of the review. It is important to clarify that this grey literature was consulted
exclusively to support the construction of the search string and the identification of relevant terminology;
however, it was not considered eligible for inclusion as primary studies. For the final selection, only peer-
reviewed research articles and conference papers were evaluated, applying rigorous inclusion criteria to ensure the
quality and reliability of the evidence gathered.

5.2 Inclusion and Exclusion Criteria

The selected studies were evaluated according to five criteria: title, abstract, keywords, introduction, and
conclusions, to determine their inclusion among the studies found. The studies that passed this first filter were
subsequently analyzed using an exhaustive review of the full text, verifying that they met at least one of the
inclusion criteria (IC). Studies that met any of the exclusion criteria (EC) were discarded (see Table 3).

Table 3: Study selection criteria.

No. Study selection criteria
e  Articles in English published between 2020 and 2025.
e Articles that have been published in peer-reviewed journals, congresses, or

Inclusi conferences.
1 nclusion ) ) ) o
criteria (IC) e Articles related to automatic code generation, considering the use of prompt
engineering or emphasizing the relevance of using prompts when interacting with large
language models (LLMs).
e  Restricted or incomplete articles.
) Exclusion e Articles of discussion type are available only in the form of presentations or abstracts.

criteria (EC) e Documents that are books or book chapters.

53 Study Selection Process

The study selection process is a fundamental step in a systematic review, as it allows for the identification of the
most relevant studies based on the research objectives. To this end, criteria for relevance and appropriateness
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aligned with the study’s approach were considered. A detailed evaluation of these criteria is presented in Section
5.4.

This procedure was carried out by two researchers, who conducted the screening independently to ensure
objectivity and reduce potential bias. Additionally, a third researcher served as a reviewer, performing a final
validation of the selected studies and providing guidance in cases of uncertainty regarding the inclusion or
exclusion of articles. Before beginning the screening process, initial discussions were held to align the
interpretation of the inclusion and exclusion criteria, thereby ensuring their consistent application during the study
selection.

The screening process consisted of three stages: title review, abstract review, and full-text evaluation. In the
first phase, both researchers independently analyzed the titles and abstracts of the identified studies to determine
their relevance to the use of prompt engineering. Subsequently, the potentially relevant studies were evaluated in
full text to confirm their eligibility as primary studies. In cases of disagreement between the researchers during the
selection process, the project director was consulted, and he guided the discussion until a consensus was reached.

The selection process yielded the following results: initially, 178 studies were identified, of which 27
duplicates were removed, resulting in a total of 151 unique studies. Subsequently, 103 studies were excluded
because they were not relevant to the research focus. Next, the inclusion and exclusion criteria were applied,
resulting in the elimination of 34 additional studies and the final selection of 14 primary studies. This process is
summarized in Figure 2. Additionally, the backward snowballing technique was applied by reviewing the
bibliographic references of the selected primary studies. This process identified 23 additional studies, which were
evaluated based on their titles and abstracts. As a result, 12 additional studies that met the defined criteria were
selected, thereby strengthening the review’s coverage.

5.4  Quality Assessment

According to Kitchenham and Charters [25] the assessment of the relevance and pertinence of primary articles is
essential to reduce bias and strengthen the internal and external validity of a study. Following this approach and to
ensure the scientific rigor of SLR, the relevance and pertinence of the selected articles were evaluated using an
adaptation of the Kitchenham and Charters instrument [25], complemented with the categories proposed by Dyba
and Dingseyr [33]. In this way, ten criteria/questions were established (see Table 4) and organized into four
categories, which are described below.

Clarity: Category that allows knowing from the purpose of the research, the level of relationship of each
primary article with the use of prompt engineering in software development.

Credibility: This category analyzes the relevance, validity, and effectiveness of the results of the research,
considering the methodology used, the limitations of the process, and the analysis of the findings [34].

Rigor: Category that assesses the reliability of the findings derived from the evaluation of the research
methods, data collection tools, and analysis methods used.

Relevance: Category that allows establishing the level of importance and impact of the findings related to
different fields, such as, for example, the application of proposals in the software development industry for
automatic code generation using prompt engineering or related future research [35].

Each criterion may have three response options, each with an associated score: 1 if the answer is “Yes,” 0.5 if
the answer is “Partially,” and O if answer is “No.” Thus, each primary item can receive a score between 0 and 1,
and the total score for each primary study is obtained as the sum of the values assigned to the ten criteria, resulting
in a total range between 0 and 10. This determines its level of relevance and pertinence to research on the use of
prompt engineering in the context of ACG for software development, in accordance with the defined categories
and criteria.

Table 4: Criteria for evaluating the relevance and pertinence of primary articles.

Id Evaluation criteria Aspect
C1 | Does the article consider the use of prompt engineering in automatic code generation? .
C2 | Does the article clearly describe the problem and objectives of the research conducted? Clarity

C3 | Does the article follow a formal and structured research methodology supported by references?
C4 Are the methods of analysis used justified and demonstrably appropriate to answer the research

questions posed? Rigor
Cs Have peer review protocols or other quality control mechanisms been followed in the research

process?
cé6 Does the article present a validation of your proposal, explaining clearly and in detail the results

achieved? Relevance

C7 | Does the article clearly describe your contribution to industry and/or academia on the use of
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prompt engineering in automatic code generation?

Does the article clearly describe future work or research alternatives on the use of prompt
engineering in automatic code generation?

Does the article present a coherent set of conclusions through a critical analysis of the results
obtained? Credibility
C10 | Does the article clearly describe the limitations and biases of the proposal?

C8

Cc9

The evaluation process was conducted collaboratively by researchers. In cases where discrepancies arose in
the assignment of scores, an individual evaluation was conducted, followed by a discussion to reach a consensus.
When agreement could not be reached, a third researcher intervened to clarify any doubts and facilitate the final
decision, thereby ensuring the consistency of the process. The scores obtained were not used as criteria for
excluding studies. However, they allowed us to analyze the level of relevance and appropriateness of the included
evidence and to support the interpretation of the results.

Table 5, shown below, presents the scores for each of the 26 primary studies based on the ten criteria for
assessing relevance and appropriateness previously defined in Table 4.

It should be noted that this assessment was conducted after the primary articles were selected to undergo an
additional review focused specifically on their relevance and appropriateness. The objective of this assessment
was not to eliminate articles, but rather to evaluate the degree of contribution of each study already accepted. This
ensures that the included studies not only meet the inclusion criteria but, fundamentally, provide substantial and
relevant value to the objectives of this systematic literature review. By subjecting each article to this
comprehensive evaluation, bias is significantly minimized, and the internal and external validity of our findings is
strengthened.

Table 5: Evaluation of studies based on relevance and pertinence criteria.

Id. Criteria for the evaluation of relevance and pertinence
C1 C2 C3 C4 C5s Cé C7 C8 C9 C10 Total

S1 1 1 1 1 1 1 1 0.5 1 1 9.5
S2 1 1 1 1 1 1 0.5 0.5 1 1 9
S3 1 1 0.5 0.5 1 0.5 1 0 1 1 7.5
S4 1 1 1 1 1 0.5 0.5 1 1 1 9
S5 1 1 1 1 1 1 1 0 1 0.5 8.5
S6 1 1 1 0.5 1 1 1 1 1 0 8.5
S7 0.5 1 1 0.5 1 1 0 1 1 0.5 7.5
S8 1 1 1 1 1 1 1 0.5 1 1 9.5
S9 0.5 1 0.5 0.5 1 1 0.5 0 1 0.5 6.5
S10 1 1 1 1 1 1 1 0 1 0
S11 1 1 1 0.5 1 1 0 0 1 0.5
S12 1 1 1 1 1 1 1 1 1 10
S13 0.5 1 1 1 1 1 0 0 1 0 6.5
S14 1 1 1 1 1 1 1 0 1 0.5 8.5
S15 1 1 1 0.5 1 1 1 0.5 1 1 9
S16 0.5 1 1 1 1 1 0.5 0.5 1 1 8.5
S17 1 1 0.5 0.5 1 1 0 0 1 0.5 6.5
S18 1 1 1 1 1 1 1 1 10
S19 1 1 1 1 1 1 0.5 1 1 0.5 9
S20 0.5 1 1 1 1 1 0.5 0.5 0 0 6.5
S21 1 1 1 0.5 1 0.5 0.5 1 7.5
S22 0.5 1 1 1 1 0.5 0 1 0.5 6.5
S23 1 1 1 1 1 1 0.5 0.5 1 1
S24 1 1 1 0.5 1 1 0.5 0.5 1 0.5 8
S25 1 1 1 0.5 1 1 0.5 0.5 1 1 8.5
S26 1 1 1 0.5 1 1 0.5 0.5 1 1 8.5
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5.5  Extraction and analysis of information

To carry out the extraction and analysis of the information, a data extraction form was designed based on the
research questions to unify the process of classifying and analyzing the relevant information from the primary
studies (see Table 6). This form was discussed among the members and authors of the SLR, which minimized bias
and inconsistencies, and facilitated uniformity in the extraction of data, which made it possible to establish the
relationship of the primary studies with the defined research questions.

Table 6: Data Extraction Form.

Title: DOI:

Name of article: Country of publication: | Year of issue:
Conference or journal:

Authors:

Abstract:

Type of research:
Validation research [ Evaluation research [ Proposed solution [ Philosophical article O

Opinion article O Article on personal experience [

Type of solutions presented:
Conceptual definition O Causes, effects, impacts and limitations O Evaluation methods or techniques O

Technological tools 0  Industrial validation 0 = Documentation methodologies 0  Other [I

Brief description of the proposal:
Results:
Limitations of the proposal:

Research alternatives:

6 Execution of the search

The seven selected databases were used to search for articles related to the topic of interest. To this end, the search
string was adapted according to the requirements of each search engine. All database queries were conducted
using a consistent time window from 2020 to 2025. In some cases, the specified time range is not explicitly visible
within the search string, as certain databases provide filtering options through their interface that allow users to
define publication year ranges as search preferences. Therefore, although not always reflected directly in the query
syntax, the 2020-2025 time window was consistently applied across all databases (see Table 7). After completing
this process, the information obtained was compiled and analyzed to identify the primary and relevant studies (see
Table 8). In addition, Table 9 includes a detailed list of the selected studies, providing useful references for those
wishing to explore the subject in greater depth.

Table 7: Search string adapted for each database.

No Database Tailored search string Search date
1 Google Scholar “Prompt engineering” AND “automatic code generation” AND 01/03/2025
“software development”
“Prompt engineering” in Anything AND “automatic code
2 IEEE generation” in Anything AND “software development” in 01/03/2025
Anything
. ((ALL=(Prompt engineering)) AND ALL=(automatic code
3 Web of Science generation)I; AN%) ALL:g(software development) 01/03/2025
4 Science Direct “Prompt engineering” AND “automatic code generation” AND 01/03/2025
“software development”
ACM Digital [All: “prompt engineering”] AND [All: “automatic ?odc? generation”]
5 Library AND [All: “software development”] AND [E-Publication Date: 01/03/2025
(01/01/2020 TO 03/01/2025)]
(TITLE-ABS-KEY (“Prompt engineering”) AND TITLE-ABS-KEY
6 Scopus (“automatic code generation””) AND TITLE-ABS-KEY (“software 01/03/2025
development”)) AND PUBYEAR > 2019
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“Prompt engineering” AND “automatic code generation” AND

7 Springer 01/03/2025

“software development”

Table 8 presents the number of studies obtained in each of the databases consulted, indicating the initial
number of results found, repeated studies, relevant studies, and, finally, the primary studies. After obtaining the
studies, duplicate studies were eliminated, using Google Scholar as the primary reference, as it was the first
database consulted. Consequently, when analyzing the remaining databases, any study previously identified in
Google Scholar was classified as a duplicate. Although this approach was adopted due to the broad coverage of
Google Scholar, it may influence the apparent contribution of other databases, as overlapping studies are more
likely to be attributed to this source.

Subsequently, each selected study was examined, evaluating the title, abstract, and conclusions, to discard
those that were not related to the use of prompt engineering for automatic code generation in software
development. Finally, after having identified the relevant studies, the inclusion and exclusion criteria were
applied, which made it possible to identify a set of primary studies that constitute a solid basis for the analysis of
this topic (see Table 9).

Table 8: Search results.

# Source of data Studies found Repeated studies Relevant studies | Primary studies

1 Google Scholar 121 4 43 10
2 IEEE 5 1 2 2
3 Clarivate (Web of Science) 3 1 2 0
4 Science Direct 3 2 0 0
5 ACM Digital Library 40 16 0 0
6 Scopus 1 1 0 0
7 Springer 5 2 2 2

Total 178 27 48 14

Table 9: Compendium of primary sudies resulting from the search

Id Article N.C Year Ref.
S1 An Approach for Rapid Source Code Dc?velo-;)ment Based on ChatGPT and Prompt 19 2004 [17]
Engineering
S2 Self-collaboration code generation via ChatGPT 301 2024 [37]
S3 Generating Java code pairing with ChatGPT 3 2024 [1]
S4 An Empirical Study of the Non-determinism of ChatGPT in Code Generation 64 2025 [38]
S5 From Misuse to Mastery: Enhancing Coqe .Generation with Knowledge-Driven Al 0 2023 8]
Chaining
S6 Prompt Problems: A New Programming Exercise for the Generative Al Era 141 2024 [39]
S7 Developing time series forecasting models with generative large language models 5 2024 [7]
S8 Enhancing robustness of Al offensive code generators via data augmentation 6 2025 [40]
S9 ANPL: towards natural programming with interactive decomposition 11 2024 [3]
S10 Knowledge-Aware Code Generation with Large Language Models 16 2024 [24]
S11 | RGD: Multi-LLM Based Agent Debugger via Refinement and Generation Guidance 2 2024 [2]
312 A study on prompt design, advantages, and limit.ations of ChatGPT for deep learning 95 2025 [10]
program repair
S13 CodeDoctor: multi-category code review comment generation 1 2025 [41]
14 “It’s Weird That it Knows What I Want”: Usability and Interactions with Copilot for 228 2023 [6]
Novice Programmers

Acronyms used: Id = Study Identifier, NC = Number of Citations, Ref = References.

To identify relevant new articles, the backward review approach, also known as “backward snowballing”, was
used [42]. This method allowed tracking additional publications cited in the primary studies, thus broadening the
scope of the review. This approach facilitated the discovery of relevant research that might have been missed in
the initial searches, thus enriching the depth and breadth of the review. In addition, this technique helped to trace
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the evolution of the study topic, revealing connections between research and providing valuable historical context
for the current findings. Likewise, each article was carefully checked to ensure that it met the previously
established inclusion and exclusion criteria (see Table 3). As a result of this process, twelve additional articles
were incorporated, consolidating a total of 26 primary articles, which enriched the knowledge base analyzed (see
Table 10).

Table 10: Compendium of primary studies resulting from the backward snowball review.

Id Article N.C Year Ref.
S5 Conversing with Copilot: Explor‘ing Prompt Engineering for Solving CS1 341 2023 4]
Problems Using Natural Language
S16 Training language models to follow instructions with human feedback 13 2022 [19]
S17 Prompt-Enhanced Software Vulnerability Detection Using ChatGPT 80 2024 [43]
S18 Self-Planning Code Generation with Large Language Models 192 2024 [44]
S19 On the Robustness of Code Gen.eration Tef:hniques: An Empirical Study on 156 2023 [45]
GitHub Copilot
S20 Grounded Copilot: How Programmers Interact with Code-Generating Models 445 2023 [46]
1 Al Chains: Transparent and Controllable Human-AI Interaction by Chaining Large 606 2022 (5]
Language Model Prompts
s My Al Wants to Know if This Will Be on‘the Exa@: Testing OpenAI’s Codex on 181 2023 [9]
CS2 Programming Exercises
23 Evaluating LLM-generated Worked Examples in an Introductory Programming 7 2024 [18]
Course
S04 Studying the effect of AI Code Generators on Supporting Novice Learners in 303 2023 [23]
Introductory Programming
25 Automatic Generation of Programming Exercises and Code Explanations Using 537 2022 [47]
Large Language Models
$26 Prompt Programming for Large Langljlage Models: Beyond the Few-Shot 1159 2021 [11]
Paradigm

Acronyms used: Id = Study Identifier, NC = Number of Citations, Ref = References.
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Figure 2. Representation of the study selection process. As can be seen, from the initial set of 178 studies found,
27 duplicate articles were eliminated, resulting in 151 studies, of which 103 articles were discarded because they
were not relevant, i.e., they were not related to the use of Prompt engineering. Subsequently, 34 studies were
eliminated by applying the inclusion and exclusion criteria, thus obtaining 14 primary studies. Likewise, using the
snowballing backward method, based on the 14 previously selected primary articles, 12 articles were added
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applying the inclusion and exclusion criteria. Finally, the complete reading of the articles was carried out and the
result obtained from the evaluation of relevance and pertinence was considered. Thus, the final set of primary
studies included was 26 articles.

7 Results

Table 11 presents how many of the primary articles contributed to answering each of the research questions. To do
this, each cell indicates whether a primary article helped answer a specific research question, using an “/” to mark
primary articles and a “--” to indicate no contribution. This organization facilitates the identification of useful
sources for each question, allowing for further analysis by readers or interested parties.

Table 11: Distribution of primary studies according to research questions.

RO Articles T
1|2 (3|4|5]|6|78]9|1w0]1n|12|13[14]15[16]|17[18]19[20]21[22]23[24]25] 26

11|\ vV IV IV IV IV VI VI IVIVIVIVIV|IVIVIVI VIV IVIVIVIVIVIV|IVY]|VY 26
1.2(v|—|Vv IV IV IV I—|—|—|VYI]—IY|—|—|Y|]—|—|VYIVI|—|—|—|VYIVY |V ]|V 14
B —|v|—{—|—|v|=|—=—|vI|=—]|—=|v|v|—=|—|v|—=|—=|—=1vIv]|—=|v]—]| 9
wm|v|v|iv]—=|viv]|—|—|v]|v]v]|v]|v]|—|v]|—=|v|v]—|—|v]|=|v]|=|v]|v]| 17
w|v|—|v|v|—|vlv]|—|—=|=1—|v|—=|v]|v]—=|—|—|v]|—=|—=|—|Vv]|v]|v]—] 12
| —|—|v|vv|v|i—|—|—=|v|—=|v|—=|v|v]|—|—|—=|v]|—|—=|—|—|—|—=]—1 ¢
a2|v|vii—|—|v|v|i—|v|—=|—|—|—|—|v|v]|—|—|vI|—=|—|—|—|—|—|—]—] 8

RQ = Research question, T = Total

The following section presents the results of our systematic review of the literature. Each of the following
paragraphs seeks to answer the main research questions established.

7.1 RQ 1.1: What emerging projects or research provide evidence of the use of
prompt engineering in automatic code generation?

Before classifying the studies and determining their importance, it is pertinent to mention the different types of
research established by Wieringa et al. [36], since this classification allows a better understanding of the focus and
purpose of each study within the field of research, as well as facilitating the evaluation of its relevance and
contribution to the area in question. The following is a brief description of the different types of research (see
Table 12).

Based on the analysis of the primary articles, it has become evident that prompt engineering has become a key
aspect to optimize the automatic generation of code using LLMs. The analysis of the primary articles has allowed
us to observe that several researchers have explored strategies to design and improve prompts to improve the
quality, accuracy, and usefulness of the generated software code.

To better understand the strategies proposed in different studies and their degree of similarity, six categories
were established based on the most relevant and recurrent themes identified across the literature: (1)
Methodologies and structured prompting approaches; (2) Iterative and pedagogical prompting strategies; (3)
Accuracy, robustness and variability in code generation; (4) Code refinement, repair and enhancement techniques;
(5) Use of prompts in security and vulnerability detection; and, finally, (6) Relevance of using prompts when
interacting with LLMs. These categories were derived through an inductive and iterative coding process grounded
in the analysis of the primary studies. Initially, articles were grouped according to thematic similarities observed
during the reading process. These preliminary groupings were subsequently refined through multiple iterations, in
which both the composition of the groups and the definition of the categories were revisited to ensure conceptual
coherence and alignment. As a result, the final categories emerged directly from the literature rather than from a
predefined classification scheme.
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Table 12: Description of the types of research defined by Wieringa et al/ [36].

Type of research Description

This type of research focuses on the analysis of a practical problem or on the evaluation
of the application of an existing technique in real contexts. Its main purpose is to
generate new knowledge about causal relationships between phenomena, through
empirical methods such as case studies, field experiments or surveys.

This type of research focuses on evaluating the feasibility of a proposed solution that has
not yet been implemented. Such a solution may be original or adapted from another
author, and its analysis should be based on rigorous and systematic research methods,
such as controlled experiments, simulations, prototype development, mathematical
analysis or formal demonstrations.

In this category, the article presents a new solution technique or a substantial
improvement of existing techniques, without providing full validation. Although it may
incorporate a proof of concept, this is usually supported mainly by illustrative examples,
sound theoretical arguments, or other resources.

In this category, the main focus is on describing what happened, rather than explaining
why it happened. The article presents direct experiences of the author, derived from one
or more specific projects. The evidence presented is usually anecdotal and does not
include a formal discussion of the research methods employed.

This category includes documents that express the author's point of view on specific
topics, such as the critical evaluation of current practices, the identification of relevant
problems, or the proposal of alternative approaches to deal with certain activities.

These articles propose a new way of interpreting phenomena, either by introducing an
original conceptual framework or by offering an innovative perspective on existing
theories.

Evaluation research

Validation research

Proposed solution

Personal experience article

Opinion article

Philosophical article

To ensure consistency in the classification, each study was assigned to a single category. In cases where a
study appeared to fit more than one category, its primary focus and dominant thematic contribution were jointly
analyzed by the authors to determine the most appropriate classification. These decisions were reached through
discussion and consensus, and only a small number of studies required this additional level of deliberation.
According to this classification, Table 13 presents a detailed description of each category, along with the studies

associated with them.

Table 13: Details of the categories in which the studies highlighting or suggesting the use of prompt engineering

were grouped.

Ne Category Description Related items
Methodologies and | They consist of systematic techniques for designing effective | [2], [5], [11], [17],
1 | structured prompting | prompts to guide the language model towards clearer, more [24], [37], [44]
approaches useful responses aligned with the user's objectives.
They are based on the use of sequential questions, feedback, and
Iterative and pedagogical | educational examples to encourage progressive interaction with | [1], [6], [18], [23],
2 prompting strategies the model, favouring learning and continuous improvement of [39], [47]
results.
Focused on generating correct, adaptable, and reliable code, these
Accuracy, robustness, and . .
variability in code strategles seek to ensure .that the proposed solutlor}s are [4], [38], [40], [45]
3 . technically accurate, error-resistant, and capable of addressing the ’ ’ ’
generation . .
same problem from different valid approaches.
Techniques  for  code | They include methods to review, correct, and optimize model-
4 | refinement, repair, and | generated code to improve its efficiency, readability, and [3], 18], [10]
improvement functionality, promoting good development practices.
Use of prompts in security Explore how to use prompts to identify security risks in code, [43]
5 . . detect common vulnerabilities, and encourage the development of
and vulnerability detection . . .
more secure solutions through language model-assisted analysis.
This category includes articles that explore the applications and
Relevance of  using | performance of LLMs in various software engineering tasks, and | [7], [9], [19], [41],
6 | prompts when interacting | while they do not focus on presenting specific solutions or [46]
with LLMs methodologies to improve the effectiveness of prompts, they do
highlight the importance of their use in interacting with these
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models. The inclusion of studies in this category is justified
because, while they do not focus on proposing specific PE
methodologies or tools, their findings underpin the fundamental
premise of prompt engineering: the critical relevance of initial
instructions for guiding LLM behaviour. By analyzing how
models respond to problem descriptions or how users interact
with them, these articles provide an empirical basis for the
inherent need to design effective prompts, which is the core
objective of prompt engineering. Thus, they reinforce the
argument that optimizing interaction is vital for the utility and
performance of LLMs in software engineering tasks.

To analyze the distribution of the articles according to the previously defined research categories (see Table
13) and the research types established by Wieringa et al. [36] (see Table 12), Figure 3 presents a Sankey figure, in
which the research types and research categories can be observed, each at one end of the graph. As can be seen,
the evaluation type of research is the most frequent, since the associated articles are distributed in all categories,
except for the use of prompts in security and vulnerability detection. As for research focused on proposed
solutions, it is mainly concentrated in the category of structured prompting methodologies and approaches, then in
iterative and pedagogical prompting strategies, and to a lesser extent in the category of the relevance of using
prompts when interacting with LLMs. Finally, the validation type of research is the least represented, with the
category of relevance of using prompts when interacting with LLMs predominating.

It should be noted that no articles of a philosophical, opinion, or main experience type were identified within
this SLR.

Figure 4 shows the distribution of the number of articles associated with each category described in Table 13
and their corresponding percentage within the set of 26 primary studies in which the use of prompt engineering in
automatic code generation was evidenced. Likewise, Figure 4 shows a trend towards research focused on
structured prompting methodologies and approaches, as well as on iterative and pedagogical strategies, which may
be due to the growing interest in optimizing interactions with LLMs and obtaining results aligned with the user's
intention. On the other hand, the increasingly widespread use of these tools has prompted the study of their proper
use, especially among students and novice developers. In contrast, it is possible to observe in Figure 4 that
categories such as the use of prompts in security contexts and vulnerability detection have still been little
explored. However, it is expected that these lines of research will become more relevant in the future, given their
critical importance to ensure reliable and secure results.

Using prompts in security and vulnerability detection il

Structured prompting methodologies and approaches

Proposed Solution

Iterative and pedagogical prompting strategies

Evaluation Research . 5
Relevance of using prompts when interacting with LLMs

Code refinement, repair, and improvement techniques.
I\/alldaton Research Accuracy, robustness, and variability in code generatloml
Types of research Research categories

Figure 3: Main types of research according to the classification of Wieringa et al. [36] for each research category
considered (see Table 13).
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Categories
Structured prompting methodologies and approaches
Iterative and pedagogical prompting strategies
Accuracy, robustness and variability in code generation
Code refinement, repair and improvement techniques
Use of prompts in security and vulnerability detection
Relevance of using prompts when interacting with LLMs

* The numbers above the bars indicate
the number of items corresponding

8 to each category.

« Identifiers between [ ] correspond
to the studies presented in Table 8

7 (26.9%)
[S1, S2, 510, 511, S18, S21, S26] andifable}o;

10

6 (23.1%)
[S3, 56, 514, 523, 524, 525]

5(19.2%)
[57, 513, 516, 520, 522]

4(15.4%)
[s4, S8, 515, 519]

Number of Articles

3 (11.5%)
[S5, 59, 512]

1(3.8%)
5171

Research Categories
Figure 4: Research categories on the use of prompt engineering in automatic code generation.

The following is a more detailed analysis of the articles, which are organized according to their research
focus in the six categories previously mentioned:

Structured prompting methodologies and approaches: Some studies have explored how prompt engineering
can improve code generation with language models, among them: Huang et al. [24] introduced KareCoder, which
is a code generation approach based on LLMs. This approach consults a Knowledge Library to optimize prompts,
since it incorporates knowledge of algorithms and data structures, which allows to improve the understanding and
solving of complex programming problems, in this sense, a specific programming problem is identified and the
most relevant knowledge from the library is selected, then the LLM, acting as a “prompt engineer” uses the
original description of the problem together with the relevant knowledge extracted from the library to create a new
prompt. Similarly, Li et al. [17] propose a web platform focused on agile source code development using
ChatGPT and prompt engineering, this platform consists of three main components: (i) a user interface where
natural language requirements are entered; (ii) the Prompt Builder, a tool that optimizes prompts by dynamically
encapsulating the original input, adding information and structure to generate a more elaborate prompt; and
finally, (iii) a backend service in charge of managing interactions with the ChatGPT API for code generation.
Meanwhile, Jiang et al. [44] introduce a “self-planning” approach for code generation with LLMs, this approach
incorporates planning into the generation process to help models understand complex intentions provided by
humans and reduce difficulty in problem solving, drawing inspiration from how humans decompose complex
tasks before implementing them in software engineering, while Dong ef al. [37] And Jin ef al. [2] Emphasize self-
collaboration between ChatGPT instances and the relevance of prompt engineering to improve the final result.

In addition, Wu et al. [5] propose Al Chains, which is a methodology that divides complex tasks into subtasks,
each solved with a specific prompt sent to an LLM, the result of each proposed step is used as input to the next
one, forming a chain of prompts. The design of the prompts in the study by Wu et al. [5], applies prompting
techniques as well as zero-shot, few-shot, and a base prompt template that includes generic instructions and
placeholders for the specific data. The zero-shot technique consists of directly describing to the model the specific
task to be performed, without including examples of desired inputs or outputs. In contrast, few-shot learning
involves including examples that help the model better understand the expected task. The base template, on the
other hand, includes task-independent properties such as the general instruction, the input and output structure
with prefixes and data types. In addition, it allows inserting task-specific details such as the exact input/output
content and examples to build the final prompt. Also, in a broader scope, Reynolds and McDonell [11] explore
advanced strategies such as metaprompt programming, which aims to automate the creation of effective prompts.
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This technique allows the language model, guided by a general intention, called metaprompt, to generate the
specific prompt needed for a particular task.

Iterative and pedagogical prompting strategies: Scveral recent approaches have emphasized the use of
iterative and educational strategies to improve the design and effectiveness of prompts in code generation and
programming teaching contexts, for example, Zhao et al. [1] Employ a technique called iterative prompting,
which consists of performing a series of repeated interactions with the language model (LLM), progressively
refining the prompts based on the responses obtained and the identification of errors. This approach emphasizes
the importance of the design of the prompt on the quality of the generated code.

In the educational domain, Jury et al. [18] explore and apply prompting strategies to optimize the LLM output
in the generation of interactive solved examples. These examples are especially targeted at beginner programming
students. In turn, Kazemitabaar et al. [23] investigate the impact of OpenAl Codex, mainly based on automatic
code generation from natural language prompts, on the learning of introductory programming by novice students.
Similarly, Sarsa et al. [47] use the OpenAl Codex tool to generate two types of fundamental pedagogical
resources in programming courses: (i) practical exercises and (ii) code explanations, where the exercises support
active learning, promote constant practice, and allow the gradual introduction of new concepts, reducing cognitive
overload. In addition, the customization of the exercises facilitates the instructor's work. For their part, code
explanations, especially in a step-by-step format, provide valuable feedback that helps students better understand
how the code works, correct errors, and develop fundamental skills such as reasoning and interpretation.
Similarly, Prather et al. [6] explore the interaction between novice programmers and GitHub Copilot in an
introductory programming course. In turn, Denny et al. [39] propose a pedagogical strategy called “Prompt
Problems”, which consists of exercises where, instead of writing code, students must design a natural language
prompt that leads a code-generating model to produce the correct solution. They also propose a web tool called
“Promptly”, in which prompts written by students are evaluated by sending them to an LLM to generate code,
which is then automatically tested with predefined cases. If the code passes all tests, the student is considered to
have created an effective prompt.

Accuracy, robustness and variability in code generation: The impact of prompts on the variability and
accuracy of the generated code has also been a topic of study, e.g., Ouyang et al. [38] show that different
prompting strategies, such as the use of concise prompts or the Chain-of-Thought (CoT) approach, which involves
requesting a sequence of steps before generating the code, have different effects on the reduction of
nondeterminism, responsible for generating different outputs for identical inputs, during automatic code
generation in ChatGPT. Along the same lines, Denny et al. [4] analyzed how modifying natural language
descriptions, i.e., instructions or textual statements of a problem, can improve the accuracy of GitHub Copilot
when solving introductory programming exercises in Python, covering topics such as conditional structures, string
manipulation, lists, and two-dimensional arrays.

Mastropaolo et al. [45] investigate whether changes in the wording of natural language descriptions, by
creating semantically equivalent versions of the original function descriptions, influence the code generated by
Copilot, analyzing both the structural differences of the code and its ability to pass unit tests. In a complementary
manner, Improta ef al. [40] evaluate how variations in natural language descriptions affect the model's ability to
generate correct code. For this purpose, they proposed a method that introduces perturbations in such descriptions,
which can be of two types: word substitution or term omission. The goal is to mimic the natural variability with
which different developers might describe the same code fragment. These modified descriptions are used as input
to the code generator, and then the results are compared. Thus, the purpose is to evaluate the robustness of code
generators under the assumption that a robust model should produce the same or semantically equivalent and
correct code, regardless of variations in wording.

Code refinement, repair and improvement techniques: Prompt design has also been analyzed in the context of
code refinement, code repair and code quality improvement. In this sense, Huang et al. [3] propose ANPL
(Abstracted Natural Programming Language), an interactive programming system that allows users to refine the
generated code using natural language descriptions for sub-modules within a program outline known as “holes”,
which contains the general structure and data flow, known as “sketch”. On the other hand, Cao et al [10]
investigate how a prompt template that incorporates information about the intent of the code, the task to be
performed, and the data set, can increase the accuracy in automatic code repair. For this purpose, they use a set of
faulty programs in the deep learning domain and analyze how prompt design and interactive dialogue can
optimize ChatGPT performance in program debugging and repair tasks.

From another perspective, Ren et al. [8] propose a strategy called Knowledge-driven Prompt Chaining (KPC),
aimed at improving code generation by LLMs, focusing particularly on exception handling. The proposal explores
three levels of granularity in the design of prompts to optimize the design of general, coarse-grained, and fine-
grained prompts. Regarding the types of prompts, general prompts do not provide specific information on
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exception handling; coarse-grained prompts provide partial details, such as the type of exception to be considered;
and fine-grained prompts include detailed information, including also the conditions that may trigger such
exceptions.

Use of prompts in security and vulnerability detection: Prompt engineering has also been applied in software
security, and although in a smaller proportion, related work have been found, for example, Zhang et al. [43],
where they show that the use of prompts enriched with auxiliary information, such as sequences of API calls or
flow data extracted from the source code, can significantly improve the detection of vulnerabilities in such code.

Relevance of using prompts when interacting with LLMs: Prompt engineering is a fundamental discipline for
guiding LLMs to obtain desired results in various tasks, including code generation and repair, as mentioned above.
For this reason, several studies highlight its relevance, for example, Morales-Garcia et al. [7], where it is
recognized that generative language models (GLLMs) can generate code from natural language instructions to
develop time series prediction models, i.e., that artificial intelligences specialized in language (such as ChatGPT,
Gemini code assist, among others) can automatically create the necessary programming code to build tools
(models) that predict future values of time-ordered data (such as future sales, temperatures, etc.). In addition, the
study suggests as a line of future research a deeper exploration of the impact of prompts on code generation,
including their influence on data preprocessing and artificial intelligence model selection.

On the other hand, in the study by Barke et al. [46] they investigate how programmers interact with GitHub
Copilot, and although they do not focus directly on the design of prompts, the relevance of initial instructions in
natural language to guide code generation is implicitly evidenced. In addition, they recognize the importance for
the development of developing effective prompting strategies that could be developed in the future, for example:
how users pose their requests and how they respond to the output of the model. Similarly, the study by Finnie-
Ansley et al. [9] also does not focus directly on the design of prompts but evaluates their effectiveness by
analyzing the performance of OpenAl Codex against CS2 (Computer Science 2) exam questions, which is an
advanced programming course, using as input the original statements given to the students. This research
compares the performance of Codex with that of the students themselves to identify the limits of the model on
programming tasks more complex than those addressed in an introductory or first-year programming course called
CS1 (Computer Science 1). The findings highlight the critical role of the quality of the initial prompt (the problem
description) and examine how variables such as the length of the question, the complexity of the requirements,
and the presence of implicit edge cases directly influence the model's ability to generate correct solutions. The
study also highlights the implications of these Al capabilities for computer science education and raises the need
to rethink assessment practices in a context where code generation tools are becoming increasingly accessible.

Finally, Li et al. [41] present a system called CodeDoctor, designed to automatically generate comments in
code reviews. To train this system, first a data preparation and augmentation process is carried out by making use
of a large language model (LLM) along with prompt engineering techniques, as well as Few-Shot Learning, in
which specific examples are provided to the model to guide its behavior, these examples are structured as follows:
the complete modified code (diff code), the general review comment, the review category and the exemplar
(<sub-comment, issue snippet>), which is the relationship between the explanation of the problem in the
problematic code fragment and the specific portion of the modified code where a particular problem is found.
Another technique used is Chain-of-Thought, which asks the LLM to reason step-by-step to increase the accuracy
of the answers. Once this process is completed, CodeDoctor is trained with the augmented and high-quality data
obtained in the first stage. In this sense, the quality of the initial prompts is crucial to obtain the necessary data to
ensure the correct functioning of the generation model (CodeDoctor) in the next stage.

Beyond the individual contributions of the analyzed studies, a cross-cutting analysis reveals significant
patterns in the motivation, evaluation, and limitations of prompt engineering for code generation.

Motivation and Research Trends. The literature exhibits a clear evolution from the simple measurement of
LLM capabilities toward the development of complex frameworks designed to mitigate intrinsic model
weaknesses. These motivations can be synthesized into three primary pillars: (i) Programming Education, where
the focus is on transforming Al interaction into a learning activity that promotes computational thinking among
novices [4], [18], [23]; (ii)) Robustness and Stability, driven by the need to address the lack of determinism in
LLM responses [38], [45]; and (iii) Resolution of Complex Tasks, which seeks to mimic human cognitive
workflows through "self-planning" and "knowledge-aware" architectures to solve high-level competition problems
[24], [37], [44].

Evaluation Protocols and Methodologies. A notable heterogeneity exists in the evaluation protocols used
across the primary studies. The literature relies predominantly on two distinct paradigms: in silico benchmarks
evaluations and human-centric studies. Technical robustness is largely measured through standard benchmarks
such as HumanEval [2], [38], [44], MBPP [2], [44] and APPS [2], [37], [38], where the Pass@k metric remains
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the gold standard for correctness [17], [24], [37]. However, these are often complemented by text-similarity
metrics (e.g., BLEU, CodeBLEU, ROUGE-L), although the latter are increasingly criticized for their inability to
capture actual functional correctness [17], [41]. In contrast, usability and pedagogical impact are evaluated
through "Think-Aloud" protocols [6], [46], Likert scales [5], and expert reviews [18], [23], [44].

Recurrent Limitations and Research Gaps. Despite the advancements in prompt engineering, several
critical gaps persist. First, non-determinism remains a pervasive challenge, as identical prompts often yield
divergent outputs, hindering the exact replicability of experiments [38]. Second, there is a growing concern
regarding data contamination, where the overlap between training sets and benchmarks (like HumanEval) may
artificially inflate success rates [24], [37]. Finally, a significant gap is observed in the transition from "snippet-
level" generation to "repository-level" interaction; most current research focuses on isolated functions, leaving the
interaction within large-scale, real-world software projects largely unexplored [3], [37]. This heterogeneity in
prompt design, specifically regarding the information included in context and signatures, further complicates the
direct comparison between different prompting strategies [1], [10].

4 N

Main findings of RQ 1.1

The review of primary articles shows that the quality of code generated by language models depends
significantly on the design of prompts. Recent research highlights that the use of structured methodological
approaches contributes to improving the clarity, usability, and accuracy of the code by favoring a more
effective interaction with the models through carefully designed prompts. From the literature review, six
recurring thematic categories were identified: (i) structured methodologies, (ii) pedagogical strategies, (iii)
accuracy and robustness, (iv) code improvement techniques, (v) safety through prompts, and (vi) studies on
the relevance of prompting in interaction with LLMs.

Beyond this classification, the findings highlight a critical transition in the literature, moving from the
measurement of basic capabilities toward the development of complex frameworks to mitigate non-
determinism and improve reasoning. However, a significant gap persists while evaluation protocols are
well-established at the "snippet-level" through standard benchmarks, there is a notable lack of evidence
regarding "repository-level" interaction and a growing concern over data contamination. These results
suggest that while prompt engineering is a powerful tool for optimization, the field still lacks the

\standardization and scale necessary for real-world software project integration. Y,

7.2  RQ 1.2: What are the anticipated trends in the use of prompt engineering for
automatic code generation in software development?

The analysis of the selected primary studies reveals a clear and accelerating interest in prompt engineering
within the context of automatic code generation. As shown in Figure 5, the cumulative number of publications has
grown consistently since 2021, with a particularly pronounced increase between 2023 and 2024. Preliminary data
for 2025, although limited to the first quarter, continue this upward trend, indicating that the field is becoming
more consolidated and receiving growing attention from the research community [1], [4], [17].

Beyond this quantitative expansion, the studies reveal several qualitative projections regarding how PE is
expected to evolve in ACG. A central projection is the progressive formalization of prompt engineering,
transitioning from an informal practice to a more structured and standardized discipline. Future efforts are
expected to focus on improving the precision of prompts and reducing ambiguities inherent in natural language
[11], [45].

Another relevant projection is the expansion of PE toward more complex and integrated software engineering
tasks[7], [17]. Studies indicate that PE will increasingly support activities beyond function generation, including
editing and debugging tasks, requirements clarification, documentation, and interactions distributed across
different stages of the software development lifecycle [17], [18], [47]. This broader integration suggests that PE
will evolve into a foundational enabler of intelligent, LLM-assisted development workflows.

In terms of tooling, the studies foresee advancements aimed at improving usability, control, and
transparency in Al-assisted development environments. Future systems may incorporate explainability
mechanisms [6], [17], reliability, context visualization indicators [46], and scaffolding strategies that guide users
without obstructing the natural flow of programming [6],[46]. Likewise, interactive and dialogue-based
environments are projected to become more common, enabling developers to refine prompts incrementally and
work with smaller, context-aware instructions rather than relying on monolithic descriptions [5],[23].
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Finally, the literature consistently projects that PE will gain prominence in educational contexts. As LLM-
based tools become standard in software development, prompting skills will be formally integrated into learning
activities. Students are expected to engage with structured exercises aimed at developing their ability to craft
precise prompts, iteratively refine model outputs, and decompose tasks effectively. This positions PE as a core
competency for future software developers [4],[47].
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Figure 5: Cumulative growth of articles per year.

Main findings of RQ 1.2

Prompt engineering is increasingly recognized as a key competence for Al-assisted software development,
with a clear trend toward more structured and precise prompt formulation. The studies project that PE will
play a growing role across the software lifecycle, helping reduce ambiguity and improve the reliability of
code generated by LLMs. Tools are also evolving toward more interactive, context-aware, and explainable
environments that support iterative refinement. Additionally, PE is gaining relevance in educational settings,
where it is increasingly incorporated as a fundamental skill for training future developers.

N y

7.3 RQ 1.3: Which researchers or groups have addressed the use of prompts in
software development?

It's important to note that for the construction of Table 14, an inclusion criterion was applied that considered only
authors with two or more publications within our sample of 26 primary studies. While this approach allows
highlighting the most prolific contributors in the context of this review, it may not visualize researchers with
highly cited or seminal contributions who, however, participated in fewer than two publications within our
dataset. This limitation was considered when interpreting the results regarding research leadership in the field. For
inclusion in the table, only those authors who participated in more than two publications were considered. For this
reason, the related articles column only shows the papers in which these authors collaborated and not the total of
the 26 primary articles identified in this SLR. Taking as a reference the Google Scholar citation index, which
presents a higher number of citations per article compared to the other databases consulted, it can be observed
that, up to the time of writing this SLR, 19.23% (5 articles) have been cited between 1 and 10 times, 19.23% (5
articles) have been referenced between 11 and 50 times, 61.54% (16 articles) have received more than 50
citations. The information on the number of citations for each article can be seen in Tables 8 and 9. Table 14
presents the contribution of the most active researchers in the study of the use of prompts in the field of software
development according to the number of publications found in this review. For inclusion in the table, only those
authors who participated in more than two publications were considered. For this reason, the related articles
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column only shows the papers in which these authors collaborated and not the total of the 26 primary articles
identified in this SLR.

Table 14: The authors with the largest number of investigations related to the study of the use of prompts in the

field of software development.

Author's name Number of publications Related articles
Paul Denny 6 [4], [6], [9], [18], [39], [47]
Juho Leinonen 4 [6], [18], [39], [47]
Andrew Luxton-Reilly 4 [6], [9], [18], [39]
Zhi Jin 3 [24], [37]. [44]
Ge Li 3 [24]. [37]. [44]
James Prather 3 [6]. [9]. [39]
Brett A. Becker 3 [6]. [9]. [39]
Yihong Dong 2 [37]. [44]
Xue Jiang 2 [37], [44]
Brent N. Reeves 2 [6]. [39]
James Finnie-Ansley 2 [6], [9]
Eddie Antonio Santos 2 [6], [9]

Considering the information in Table 14, Figure 6 shows the classification of the authors according to the

categories defined in RQ 1.1 (see Table 13). Based on Figure 6, Paul Denny leads the list with six articles, mainly
concentrated in the category of iterative and pedagogical prompting strategies (four publications). Other
prominent authors are Juho Leinonen and Andrew Luxton-Reilly, who have also contributed mainly to this
category, with four and three publications, respectively. Zhi Jin and Ge Li focus on the category of structured
prompting methodologies and approaches. Most of the contributions of the authors analyzed fall into these two
main categories. It is important to note that categories such as code refinement, repair and improvement
techniques, as well as the use of prompts in security and vulnerability detection, are not represented in the graph,
since the authors with the highest number of publications for this SLR have not made contributions in these areas.

Research categories

Structured prompting methodologies and approaches

Iterative and pedagogical prompting strategies

Accuracy, robustness and variability in code generation -

Relevance of using prompts when interacting with LLMs -
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Figure 6: Main authors for each research category considered (see Table 13).
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Main findings of RQ 1.3

Research on the use of prompts in software development has been led mainly by authors such as Paul Denny,
Juho Leinonen and Andrew Luxton-Reilly, whose contributions focus on iterative and pedagogical strategies.
Most of the analyzed articles present a high impact according to citations in Google Scholar, although gaps
are still evident in areas such as security and automatic code improvement.




42 Inteligencia Artificial 78 (2026)

7.4  RQ 2.1: What are the methodological solutions that developers use to design and
refine prompts in the context of code generation?

Designing and refining prompts for language models (LLMs or GLLMs) to generate code effectively is a key
issue, since these models are often sensitive to the inputs they receive, and even small changes in a prompt can
significantly affect the output of the model. Table 15 presents the name of the methodological solutions identified
in the primary articles that mainly support the design and optimization of prompts oriented to code generation, as
well as a description of each one and a reference to the primary studies. It is important to note that the categories
of methodological solutions in Table 15 arise from a general classification based on all the primary articles
analyzed. For this reason, some studies were classified according to the approach employed in the creation of
prompts, even though they do not explicitly mention the technique applied. In addition, several of these studies
show the implementation of multiple methodologies in a combined manner.

Table 15: Identified methodologies that support the design and refinement of prompts in the field of software

development.
Method(.)loglcal Description Related.prlmary
solutions articles
This is the fundamental and broadest approach, involving the conscious
and strategic process of formulating prompts. It's distinguished by the
need for clear intentionality in communication with the model, going
Prompt  design  and beypnd simple .lnstruct%on. It 1pcludes precise vo.ca.tbulary selection, [11, [4]. [5]. [81. [11].
L logical structuring of information, explicit definition of roles and
optimization [171, [37], [44]

output formats, and the strategic incorporation of examples (few-shot)
or algorithmic instructions when necessary. An optimized design
minimizes ambiguities and maximizes the probability of obtaining
accurate and goal-aligned results.

Task decomposition

It consists of breaking a complex task into smaller, more manageable
parts before generating the prompt for each. This makes it easier for the
model to better understand what it needs to do and improve its
accuracy.

(11, [3], [11], [24],
[44]

Inclusion of explicit or
algorithmic hints

Adding clear instructions or hints on how to approach the problem
within the prompt can greatly improve the quality of the generated
code, especially if concrete algorithmic steps or strategies are
indicated.

[4], [24], [39]

Prompt rewriting and
restructuring

It involves rephrasing or clarifying the instructions in the prompt so
that the model better understands the intent. Using labels or separators
such as “###” helps to structure the input and improves the results.

(5], [8], [11]

Prompting with a few-

It consists of showing the model examples of input and output to guide
its behavior. It has proven to be very effective and, in some cases, even

(11, [5], [18], [41],

shot prompting outperforms specifically trained models. [44]

. The model generates step-by-step reasoning before giving the final
Chain-of-Thought . answer. This improves planning and allows handling complex (1. 121, [11], [37],
(CoT) and self-planning [44], [47]

problems in a more orderly and accurate way.

Iterative/multi-round
prompting and feedback
loops

It uses several rounds of interaction or feedback based on the results
obtained. It allows refining the generated code progressively and
applying techniques such as auto-debugging or collaboration between
instances of the model.

[

1], [2], [3], [5],
[17], [1

8], [37], [41]

Addition of context and

The model gives additional information, such as previous code,
specifications, test cases, or data structures, so that it has more context

(11, [2], [10], [24],

external knowledge and can generate better results. [43]
.. Rules are imposed that the model must follow (e.g., coding standards).
Definition of rules and . . o .
. This helps the generated code meet quality criteria such as modularity [17]
constraints ..
or reusability.
. Tools are designed to create prompts automatically from user input.
Use of prompt builder They incorporate roles, requirements, and context to improve [17], [39]

tools

performance without the need to design the prompt manually.

Prompt templates

Allows prompts to be structured with specific information about the
task, dataset, and target, which optimizes the accuracy of the model.

[10]
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Figure 7 shows the year in which some methodological solutions that support the design and optimization of
prompts oriented to code generation first appeared or were mentioned.

Prompt Design Chain-of- Adding Context
and Defining Rules Prompting with Thought and and External
Optimization and Constraints Few Examples Self- Planning Knowledge 2023
2021 2021 2021 2022
Enrich prompts with
Creating effective Setting limits for Using examples to Develop sequential additional Standardize prompt
prompts prompt generation guide prompts thinking prompts information format
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Task Breakdown nclusic Iterative Prompting Use of Prompt
2021 Xp or and Feedback Building Tools
Algorithm Loops 2022 2024

Break complex Hints 202
tasks into smaller Refine prompts for Refine prompts Employ tools to
steps clarity Add hints to improve through feedback create prompts 2024
accuracy

Figure 7. Methodological solutions used in automatic code generation. The years indicated represent the first
appearance or significant mention of these methodologies in the primary studies identified in this systematic
review.

e N
Main findings of RQ 2.1

Developers employ a variety of methodologies to design and refine prompts in code generation, highlighting
approaches such as task decomposition, inclusion of algorithmic hints, iterative prompting, and use of
examples (few-shot). These strategies seek to mitigate the sensitivity of the models to small changes in the
input and improve the accuracy of the generated code. In addition, the combined use of techniques and tools
such as prompt builders reflects a trend towards systematization and automation of prompt design in this

context.
o J

7.5 RQ 2.2: What tools or platforms are commonly used to apply prompt engineering
in code generation?

As prompt engineering gains relevance in the field of software development [1], [45], various tools and platforms
have emerged to facilitate its application in automatic code generation tasks. These solutions rely on LLMs such
as OpenAl Codex or GPT-3.5 Turbo, and vary in terms of their degree of automation, level of user interaction,
and educational or professional purpose.

Some of the most prominent tools that have been widely adopted by the developer community and studied in
academic settings are GitHub Copilot and ChatGPT [6]. In addition, recent research has led to the development of
innovative platforms that incorporate components, as well as dynamic prompts builders, pattern catalogs, and
interactive educational environments oriented to prompt engineering education.

Table 16 presents a summary of various tools and language model-based approaches mentioned in the primary
studies that support automatic prompt-assisted code generation.

Table 16: Tools used in prompt-assisted automatic code generation.

Tool / Approach Short description Related primary articles

. . Codex-based extension that generates code from natural language
GitHub Copilot in editors such as VS Code. [4], [6], [7], [45], [46]

ChatGPT The OpenAl model is useful for code generation, especially when [11, [3], [71, [8], [10], [17], [18],
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optimizing prompts. [371, [38], [39], [43]
Platform with ChatGPT-based platform that automatically improves prompts to [17]
Prompt Builder generate better code.
An educational tool that teaches students how to write good
Promptly [39]
prompts to solve problems.
WorkedGen An educathnal platfqrm that generates step-by-s}ep solutions [18]
using techniques such as prompt chaining.
GenLine Tool integrated in editors that generates code only with explicit [4], [7]

invocation via prompts.

Language model Interfaces that allow sending prompts to LLMs such as GPT-4,

APIs configuring response parameters. [2), [8), [17], [19], [37], [38]

A more detailed description of the tools/approaches identified in the literature follows, describing some of the
functionalities, modes of use, and relevant findings.

(1) GitHub Copilot is an artificial intelligence model designed to automatically generate source code from
problem descriptions written in natural language. It works as an integrated extension to development
environments such as Visual Studio Code and is based on the OpenAl Codex model. Users interact with Copilot
through natural language comments that act as prompts, which often rephrase the problem description to better
guide the model. Its performance has been evaluated in introductory programming courses (Computer Science 1),
and it has been shown that the application of prompt engineering techniques can improve results, especially when
the initial attempt is unsuccessful [4].

(2) ChatGPT: Another OpenAl Al model with great potential for automatic code generation [10]. Its
performance can be improved by optimizing input prompts [17]. It is often used directly through its API for
prompt engineering-assisted code generation experiments [1], [17], [38].

(3) ChatGPT-based web platform with Prompt Builder: a study describes the development of a web platform
using ChatGPT for code generation services in different languages. This platform includes a key component
called the prompt builder. The prompt builder dynamically generates complete prompts, encapsulating the original
user input with system details and prompt optimization strategies. This tool is intended to help users reduce
learning costs and focus on the development task. Experimental results showed substantial gains in code
generation performance metrics when using this prompt builder [17].

(4) Promptly is an educational tool designed to teach students how to effectively interact with language models
such as ChatGPT or Copilot to generate code. Instead of focusing solely on manual code writing, it promptly
promotes a pedagogical shift by teaching students to write natural language instructions (prompts) that guide an
Al model to solve programming problems. This methodology is implemented through prompt problems,
interactive exercises in which students receive a description of the problem and must design a prompt that allows
the model to generate the solution in code. The platform provides an area where students can write their prompt,
sometimes with an initial sentence as a guide (for example: “Write a Python program that...””). When the prompt is
submitted, the tool supplements it with additional instructions and sends it through the API of a code generator
model, such as GPT-3.5-turbo. The generated code is automatically executed against a predefined set of test cases
associated with the problem. Exercise is considered solved only if the code passes all tests. Furthermore, in its
current implementation, the generated code cannot be directly edited, and each attempt is based on a single
prompt, without continuous interaction or multiple turns, which reinforces the focus on the initial design of the
prompt as a key skill [39].

(5) WorkedGen is an educational web tool that allows students to generate solved step-by-step programming
examples from their own or selected questions from a predefined bank. It uses the GPT-3.5 Turbo model and
advanced PE techniques such as prompt chaining and few-shot prompting to build an optimized prompt that
guides the model to produce clear solutions, segmented between 3 and 10 steps, ideal for beginners. Each step
includes code and an associated explanation, culminating in a complete summary. In addition, the tool extracts
relevant keywords through additional prompts and offers interactive features: users can click on keywords, lines
of code, or enter questions, generating contextualized answers from the model through specific new prompts.
These interactions enhance learner comprehension without requiring continuous conversational dialogue [18].

(6) GenlLine is a code synthesis tool based on a Generative Language Model (GLLM) that integrates directly
into programming editors, allowing developers to interact with it from their usual environment. Unlike tools such
as Copilot, GenLine requires explicit invocation via specific calls or macros, rather than generating suggestions
automatically [7]. The interaction is based on natural language descriptions, and a key aspect of using the tool is
the need to carefully word or rephrase prompts to clarify the user's intent [4]. However, some studies point out that




Inteligencia Artificial 78 (2026) 45

users face difficulties in mastering the syntax needed to communicate effectively with GenLine, which involves
learning how to structure natural language prompts and how to correctly activate the tool [7], [23].

(7) Language model APIs: Tools such as WorkedGen [18] And other systems described in the literature
interact with LLMs through their APIs [18], [47], e.g., the OpenAl API [11] These in turn act as key interfaces to
access advanced models such as GPT-3, GPT-3.5 Turbo, GPT-4 or Codex. In this process, the user (or the tool)
sends a natural language prompt to the API, which relays the request to the model. The LLM processes the prompt
using its pre-trained architecture and returns a generated response, whether text, code, or other content, via the
API itself. In addition, these interfaces allow parameters such as temperature (to control randomness), maximum
number of tokens (to limit the length of the response), and stop sequences to be configured, giving developers
fine-grained control over the model output [47].

For the year 2025, the trend focuses on the use of increasingly sophisticated prompts within complex
frameworks that integrate LLMs. A prominent example is CodeDoctor, which employs prompt engineering
techniques and feedback loops to generate code review comments automatically and accurately [41]. In addition,
we investigate how to use prompt engineering to improve model robustness against perturbed inputs [38].

Figure 8 shows an approximate timeline of the emergence and evolution of the tools identified with the
analysis of the primary studies. This chronology was elaborated from the dates when these tools were mentioned
or analyzed in the studies included in this SLR, which allows us to identify the moments when they started to
acquire relevance in the context of prompt engineering for code generation.
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Figure 8. The year in which some tools used in automatic code generation appeared or were mentioned for the
first time.

Main findings of RQ 2.2

The adoption of prompt engineering in code generation has led to the development of various tools, ranging
from assistants like GitHub Copilot and ChatGPT to educational solutions such as Promptly and WorkedGen,
which are designed to teach users how to write effective prompts. Additionally, platforms have been
developed that include features such as prompt builders, which automate the creation of optimized
instructions. Together, these tools highlight the central role of prompt design in improving code generation
results, although they differ in their level of automation and the strategies employed.
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7.6  RQ 3.1: What challenges do developers face when using prompt engineering for
code generation?

From the analysis of the 26 primary articles it was possible to identify a series of challenges related to the use of
prompts for code generation, these are related to: the nature of LLMs, the complexity of the design of prompts and
the limitations in the understanding and quality of the code generated by the models, in addition to some
challenges related to ethical and security issues. The challenges identified are shown in Table 17.

Table 17: Challenges related to the use of prompts for code generation in the software development domain.

Identified challenge

Description

Related Articles

Non-determinism of
LLMs

LLMs have a high sensitivity to prompts, which implies that a slight
modification in the description of a problem can generate different results.
Although there are parameters such as temperature that regulate the degree of
randomness of the output, even with a temperature setting equal to zero,
determinism is not guaranteed. This evidence suggests the need to consider
other factors, such as the relationship between the length of the prompt and
the accuracy of the generated code, which highlights the relevance of PE.

(4], [38], [39],
[45]

Complexity in
designing prompts

One of the main challenges in the use of LLMs is determining what
information to include in the prompt to optimize their performance. This
involves deciding what concepts or details are relevant, how to express the
intent of the code, and what practices to follow. At the same time, care
should be taken to keep the prompt concise, as too much detail can also lead
to errors in the generated output.

(4], [8], [10]

Inherent limitations of
LLMs in
understanding and the
quality of code

LLMs still have significant limitations when applying knowledge about
algorithms and data structures in specific and previously unseen contexts.
This can result in the generation of code with correct syntax, but with
semantic errors or lacking good programming practices, especially in longer
and more complex programs. In this sense, prompt engineering takes on a
fundamental role, since it allows guiding the model through the precise
specification of the conditions of the problem.

(1], (8], [24]

Evaluation and
debugging of
generated code

This task represents a practical challenge since LLMs can generate incorrect
or suboptimal code, which makes debugging difficult, especially for novice
developers. In addition, the nondeterministic nature of these models may
require multiple requests, followed by an evaluation and selection process, to
obtain a solution of acceptable quality.

(11, (6], [38]

Academic misconduct
and plagiarism

Due to the ability of LLMs to generate code easily, there is a risk that
students use these tools to perform their assignments, giving way to a new
type of algorithmic plagiarism with the presentation of a machine-generated
work as if it were their own. This situation alerts about the fundamental
needs of education and about how to measure student competence and
learning in training processes related to programming or, on the contrary, it
exposes the need to consider another approach to evaluation, whatever
interpretation it is given, the problem is not the copy, but the outsourcing of
the cognitive process and the false representation of competence.

[39], [47]

Excessive dependence

Developers, especially beginners, may become overly dependent on Al-
generated code, which would hinder their learning and may even worsen
their metacognitive programming skills. Over-reliance on code generators
threatens to produce a generation of developers who know how to get an
answer, but do not understand how or why it works, lacking the ability to
adapt, optimize, or correct complex systems in the future.

(6], [39]

Anxiety about future
employment

Some students have expressed anxiety or pessimistic views about the future
of programming careers due to fears that Al may replace programmers.

Legal and social
concerns

This challenge is related to the data that is used to train the models.

Generation of
vulnerable code

The code generated by the models may contain security vulnerabilities that
may induce students to adopt bad programming habits, or worse, not know
how to identify them.

[6], [45]

Risk of misuse

Currently, research is being done on ways to use LLMs for tasks related to
computer security, such as automatically creating programs that test whether
a system has flaws that could be exploited by attackers. It has been found that

[40], [43]
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models such as ChatGPT can be used to generate malicious programs or
attack tools, especially when using special instructions designed to trick the
system into ignoring its security rules. Although licenses and restrictions are
in place to prevent such misuse, the existence of these methods of bypassing
protections shows that these barriers are not always effective.

Figure 9 presents the challenges identified along with the year in which they were mentioned in the primary
studies. Among the most recurrent challenges in the last years (2023, 2024, and 2025), the following stand out:
evaluation and debugging of the generated code, as well as non-determinism. In addition to these two challenges,
the complexity in designing prompts has also been pointed out as a relevant challenge in 2025, because the result
produced by LLMs depends largely on the quality and formulation of the provided prompt, thus suggesting that
the mastery of prompt engineering will be a key skill shortly. On the other hand, one of the challenges identified
early (2022) was academic misconduct and plagiarism. In contrast, other challenges, such as the risk of misuse,
have started to be reported more frequently since 2024, possibly because of the increasingly widespread use of
these technologies, highlighting new emerging challenges.

[ Legal and social concerns %J [E"E Generation of vulnerable code J
2023 2023
o o Evaluation and debugging of
Non-determinism gé I [@ generated code
2023 I 2023
2024 I r]
</ 2024
ﬁ 2025

Challenges in
PE
Implementation

2025 |

[ Complexity in designing prompts (},fDJ [E’Q Academic misconduct and ]

plagiarism
2023 2022
2025 2024
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( Inherent limitations of LLMs ] [Q) -
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[ﬁ& Risk of misuse ]

2024

Figure 9. Challenges highlighted in the literature when implementing prompt engineering for code generation.

e N
Main findings of RQ 3.1

The main challenges in implementing prompt engineering for code generation center on the nondeterministic
behavior of LLMs, the difficulty in designing effective prompts, and the limitations in semantic
understanding and quality of the generated code. Added to this are practical obstacles such as code evaluation
and debugging, as well as ethical, educational, and security concerns, including academic plagiarism,
vulnerable code generation, misuse of Al, and anxiety about the professional future of programmers.

7.7  RQ 3.2: What strategic opportunities does the use of prompt engineering in
automatic code generation offer to improve software development processes?
Based on the 26 primary articles analyzed, some strategic opportunities for improving software development

processes with the use of prompt engineering in automatic code generation were identified. Table 18 below
specifies each of these opportunities with a description and the related articles.
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Table 18: Opportunities related to the use of prompts for code generation in the field of software development.

Identified opportunities

Description

Related Articles

Improved efficiency and cost
reduction

With the use of prompt engineering for automatic
code generation, a significant improvement in
developer efficiency is anticipated, as it reduces the
need for manual work. This allows for faster code
creation, which is especially useful in unfamiliar
languages or languages with complex structures.
This automation also contributes to lower
development costs.

(4], [6], [17], [37], [40]

Automation of the software
lifecycle

Prompt engineering allows LLMs to automate tasks
throughout the entire software development cycle,
not just code generation. This includes artifacts such
as requirements, documentation, or build scripts.

(8], [37]

Improved code quality and

Proper prompt design and the use of prompt patterns
can help improve the generated code by allowing
rules and constraints to be established to ensure that

(81, [17], [37]

complex tasks

reliability the code complies with design principles and secure
coding guidelines.

Prompt engineering is an important factor in

Improved handling of guiding LLMs in understanding and generating code

on complex problems through techniques such as,
for example, decomposing tasks into micro-tasks
from prompts or self-planning.

(4], [37], [44]

Fostering new skills and
approaches to learning

In the era of generative artificial intelligence, an
essential skill for computer science students is the
ability to design effective prompts that clearly
describe the steps needed to solve a problem, which,
in turn, contributes to the development of
computational thinking.

[4], [39]

The Figure 10 shows the number of primary studies supporting each opportunity, highlighting that improved
efficiency and cost reduction represent the most frequently reported benefit. Additionally, a significant emphasis
is observed on improving code quality and reliability, as well as on supporting the handling of complex
development tasks, indicating that prompt engineering contributes not only to productivity but also to technical
robustness. In contrast, opportunities related to fostering new skills and learning approaches, while present, are
supported by a smaller number of studies.

Fostering new skills and approaches to learning

Strategic Opportunities

Improved handling of complex tasks

2
mprove code quslly andrelebily
Automation of the software lifecycle 2

0 1 2

3

Number of Primary Studies

Figure 10. Opportunities offered using prompt engineering to improve software development processes.
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Considering the challenges identified in Table 17 and the corresponding opportunities presented in Table 18,
Table 19 below sets out the relationships between challenges and opportunities and provides an explanation of
how each challenge can be mitigated, transformed, or offset by one or more of the opportunities identified in the

literature.

Table 19: Relationship between identified challenges and opportunities.

Challenge

Opportunity

Explanation

Non-determinism of
LLMs

Improved code
quality and reliability

Despite the nondeterministic nature of LLMs, the strategic application
of prompt engineering allows guiding their behaviour towards
generating more consistent and predictable results. By defining
constraints, establishing patterns, and delimiting expectations within the
prompt, the variability of the outputs is reduced, which increases the
probability of obtaining a high-quality code that meets reliability
standards, even if multiple attempts through refined prompts are
necessary.

Non-determinism of
LLMs

Improved efficiency
and cost reduction

Despite the nondeterministic nature of models, prompt engineering
significantly reduces human intervention in the trial-and-error cycle. By
optimizing prompts for objective-aligned results from early runs,
manual debugging and correction time is reduced, boosting efficiency
and cutting operating costs.

Non-determinism of
LLMs

Software lifecycle
automation

Prompt engineering helps to mitigate the nondeterministic nature of the
models by allowing the definition of business rules and expected
formats for the generated artifacts, such as code, documentation, or
requirements. This makes it easier for the language model to generate
consistent and functional results in the different phases of the life cycle,
which favours a more robust and efficient automation.

Complexity in the
design of prompts

Improved efficiency
and cost reduction

Investing in the design of efficient prompts, although complex in the
initial stages, leads to a significant reduction in development time in the
long run. A well-structured prompt minimizes the need for further
tweaking and manual debugging, allowing developers to generate
functional code faster and with less room for error, directly impacting
operational efficiency and cost reduction.

Complexity in the
design of prompts

Improved handling of
complex tasks

The inherent complexity of prompt design represents, precisely, an
opportunity to decompose complex problems into manageable subtasks.
PE allows expressing the intent precisely through techniques such as
Chain of Thought (CoT) or self-planning, which guide the language
model through such complexity, transforming the challenge into an
effective methodology for tackling large-scale problems.

Complexity in the
design of prompts

Fostering new skills
and approaches to
learning

The challenge of designing effective prompts drives the development of
a critical new skill in the era of generative artificial intelligence.
Learning to formulate problems clearly and concisely for a language
model not only strengthens computational thinking but also prepares
professionals to collaborate more effectively with Al-based tools,
opening new avenues for learning and problem solving.

Inherent limitations
of LLMs in
understanding and

Improving the quality
and reliability of the

Recognizing these limitations is fundamental to applying prompt
engineering effectively and overcoming them through explicit guidance.
Through prompts that define architectures, design principles (such as
SOLID or DRY) or security guidelines, it is possible to guide the

understanding and
code quality

complex tasks

code quality code language model in real time to generate code that is not only
syntactically correct, but also aligned with good practices, which helps
to reduce semantic errors and increase its quality and reliability.
Prompt engineering is critical to mitigating the limitations of LLMs in
. solving complex problems by allowing them to break down reasoning
Inherent limitations ffoctively. By instructine th del th h
of LLMs in fmproved handling of and structure code more effectively. By instructing the model throug

prompts that include specific algorithms, data structures, or design
patterns, the model is provided with the necessary context and guidance
to avoid generating superficially correct code, allowing it to tackle
complex tasks with greater depth and accuracy.

Evaluation and
debugging of
generated code

Improved efficiency
and cost reduction

Although debugging is a challenge in software development, prompt
engineering significantly reduces the need for extensive debugging
processes. By refining prompts so that the language model generates
more accurate code with fewer errors from the first iteration, the time
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developers must spend identifying and correcting bugs is significantly
reduced, resulting in a more agile development cycle and reduced
operating costs.

Evaluation and
debugging of
generated code

Software lifecycle
automation

Prompt engineering not only focuses on code generation but can also
incorporate evaluation mechanisms directly into the prompt. For
example, it is possible to instruct the language model to generate unit
tests along with the code or explain its design decisions. This allows for
a more agile and automated evaluation process, which reduces the
burden of manual debugging and extends automation to later stages of
the software lifecycle.

Academic
misconduct and
plagiarism

Fostering new skills
and approaches to
learning

The existence of this opportunity in education suggests that, rather than
prohibiting the use of LLM models, it is essential to teach students to
use generative artificial intelligence in an ethical and responsible
manner. This involves instructing them in proper citation practices, in
the use of LLMs as tools to support learning, not as substitutes for it, as
well as in verifying the originality and accuracy of the generated
content. In this way, the development of critical and computational
thinking skills is encouraged.

Excessive
dependence

Fostering new skills
and approaches to
learning

To mitigate potential over-reliance, generative artificial intelligence can
be employed as a tool to foster critical thinking and deep understanding.
Educators can design instructions or prompts that not only require code
generation but also push students to explain the underlying logic,
optimize proposed solutions, or adapt them to different contexts. This
approach forces them to go beyond simple automated production, thus
promoting the development of metacognitive skills and a more solid
understanding of concepts.

Anxiety about future
employment

Fostering new skills
and approaches to
learning

Concerns about future employment can be mitigated by training students
in the use of generative artificial intelligence. This process allows a
transition from the role of "traditional programmers" to that of "AI
engineers". By mastering prompt engineering, students acquire a highly
valued competency that enables them to effectively collaborate with Al
systems, automate tasks, and approach problems from new perspectives,
significantly improving their positioning in an ever-changing job
market.

Legal and social
concerns

Fostering new skills
and approaches to
learning

The ethical and legal concerns surrounding LLM training data represent
a valuable opportunity to educate developers and students about the
importance of data provenance, privacy, and responsible use of Al
Prompt engineering can provide a useful tool to explore how to design
prompts that request code or information while respecting licenses and
ensuring proper attribution, thus promoting a deeper understanding of
ethics in AL

Generation of
vulnerable code

Improving the quality
and reliability of the
code

Prompt engineering plays a key role in mitigating the generation of
vulnerable code by allowing the incorporation of security guidelines
directly into the instructions provided to the model. It is possible to
guide the language model to follow good secure development practices,
such as input validation or code injection prevention, or to use prompts
that ask it to audit its output for potential vulnerabilities. This approach
proactively contributes to improving the reliability and security of
software generated with artificial intelligence support.

Risk of misuse

Fostering new skills
and approaches to
learning

Recognizing this risk represents a valuable opportunity to incorporate
the teaching of ethics and the implications of artificial intelligence use in
the educational setting. Training programs can include specific modules
on computer security, responsible use of LLMs, and the potential
consequences associated with the generation of malicious code. Through
prompt engineering, it is possible to explore how to build defense
mechanisms or analyze vulnerabilities from an ethical and constructive
perspective, thus promoting a critical and responsible understanding of
these technologies.

Figure 11 shows graphically the relationship between the different challenges and opportunities identified,
allowing us to observe areas with greater development as well as others that may require more in-depth attention
in future research. The most frequently addressed opportunity is the promotion of new skills and approaches to
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learning, which are linked to at least five different challenges, reflecting its relevance in the current context. As for
the challenges most frequently mentioned in literature, the complexity in the design of prompts and the
nondeterminism of LLMs stand out, each associated with three different opportunities. In contrast, challenges
such as the generation of vulnerable code, over-dependence, among others, are less well-connected, which could
indicate that they are still in the early stages of analysis or that their implications have not been explored in depth.
The less frequent connections, such as those observed for 'generation of vulnerable code' or 'excessive
dependence,' might suggest that these areas are still in early stages of research regarding how the opportunities
identified in this SLR directly mitigate them. This points to a potential gap where future research could explore
how 'software lifecycle automation' or 'improved handling of complex tasks' can be explicitly designed to
counteract the creation of insecure code or excessive reliance on LLMs, respectively.

Evaluation and debugging of generated code

Automation of the software lifecycle

Improved efficiency and cost reduction

Non-determinism of LLMs I

Generation of vulnerable code

vl el ems of- Uk Improved code quality and reliability

IComplexn.y 0t e leTia) (PTEiES Improved handling of complex tasks

[ Academic misconduct and plagiarism
[]ﬂl Excessive dependence

S Fostering new skills and approaches to learning|
@Anxiety about future employment

. Legal and social concerns

. Risk of misuse

Challenges Opportunities

Figure 11. The relationship between the different challenges and opportunities is identified.

Main findings of RQ 3.2

The use of prompt engineering in automatic code generation offers multiple strategic opportunities to
improve software development processes. Among the most prominent are increasing efficiency and
reducing costs by automating manual tasks; improving code quality and reliability through the proper design
of prompts; and fostering new skills and learning approaches. These opportunities mitigate challenges such
as the nondeterministic nature of the models, the complexity in designing prompts, limitations in LLMs'

understanding of the code, and academic or ethical risks related to its use.
N J

8 Discussion

The following section presents an analysis based on the results found with the completion of this SLR.

8.1 Main considerations

This systematic literature review was carried out to provide a holistic view of the current state of research in the
field of prompt engineering, specifically in the context of automatic code generation for software development.
Based on the results obtained, some additional reflections derived from the analysis of the findings are presented
below:

It is important to highlight the growing interest of the research community in topics related to prompt
engineering applied to automatic code generation. The categorization of the articles allowed the identification of
several recurring areas, among which structured prompting methodologies and approaches, as well as iterative and
pedagogical strategies, which concentrated the largest amount of research within the period of analysis (2020-
2025). Other categories, such as accuracy, robustness, and variability in code generation, along with refinement,
repair, and improvement techniques, have also been addressed, although to a lesser extent. In contrast, the
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category related to the use of prompts in security contexts and vulnerability detection is the least explored. This
low representation could be because, although this is a relevant topic that should be considered when interacting
with LLMs, there is currently a greater emphasis on optimizing the overall interaction with these tools. However,
better interaction could, indirectly, contribute to improving security aspects in the future by allowing the explicit
incorporation of security considerations within the prompt itself when generating code.

Considering the above, it is also highlighted that LLMs are highly dependent on the quality and structure of
the instructions they receive. This underlines the importance of proper prompt engineering and, consequently, the
development of skills to interact effectively with these tools by both students and programmers, from entry-level
to experienced professionals.

To mitigate the sensitivity of LLMs to small changes in the inputs and, at the same time, to improve the
accuracy of the generated code, this systematic literature review identified several methodologies currently
employed for this purpose. Among the most prominent strategies are iterative or multi-round prompting, few-shot
prompting, the chain-of-thought technique, the incorporation of context and additional knowledge, and task
decomposition. This suggests that the effectiveness of code generation with LLMs would no longer lie in finding a
single “perfect prompt” but in the ability to manage a collaborative reasoning process with the Al. Methodologies
such as iteration, task decomposition, and Chain of Thought demonstrate that the role of the user is shifting from
being a simple “requester” to a “cognitive process manager”, guiding the model step-by-step towards the desired
solution. These findings suggest that the goal is no longer just to ask, but to guide, correct, and co-create with the
model, a shift observed across multiple reviewed studies rather than an established consensus. In this sense, the
inherent limitations of LLMs force us to redefine their role from being seen as autonomous generators to being
considered powerful but incomplete inference engines that require expert human guidance to be functional.

Also, the tools and platforms used for automatic code generation play a relevant role in facilitating the
application of PE, varying according to their focus, whether professional, educational, or automation. The tools
identified include GitHub Copilot and ChatGPT, as artificial intelligence models with potential for automatic code
generation; Promptly and WorkedGen, oriented to the educational domain; tools that can be integrated into code
editors such as GenLine; and prompting frameworks such as LangChain, AutoGen, and DSPy. The diversification
of tools shows that prompt engineering is not a monolithic discipline, but a field that is becoming more
specialized. The existence of platforms for educational contexts and frameworks for automation shows that the
industry is moving away from generalist solutions to offer an ecosystem of specialized tools, recognizing that the
value of generative Al lies in its adaptation to specific use cases.

Although the identified tools and methodologies contribute to the improvement of the automatic code
generation process, there are still important limitations regarding the development of standards and systematic
evaluation tools to measure the quality of the prompt and its impact on the generated code. This lack makes it
difficult to objectively compare studies and models, which represents a significant challenge for the consolidation
of the field. The lack of systematic evaluation tools identified in the reviewed studies suggests that the field is in
an early stage of maturity. While practical advances are evident, the difficulty in objectively measuring and
reproducing results indicates that prompt engineering is still evolving from a set of heuristic practices towards a
more formalized engineering discipline. Without the ability to objectively measure, compare, and reproduce
results, the field risks remaining in a state of artisanal development, hindering its consolidation and adoption on an
industrial scale.

Another aspect identified throughout this review is the set of technical challenges faced by developers when
implementing prompt engineering in real code generation contexts. Among these challenges are the high
sensitivity of models to minute variations in prompts, the nondeterministic nature of the generated responses, and
the need to incorporate detailed contextual information to obtain useful and consistent results. These limitations
suggest that the simple use of LLMs may not be enough to guarantee quality code; on the contrary, an active and
conscious intervention appears to be required to mitigate ambiguities, reduce errors, and steer the model towards
more robust solutions. In this sense, the analyzed literature highlights prompt engineering not merely as a
complementary technique, but as a central component of the automatic code generation process. Furthermore,
given the technical challenges identified, prompt engineering could be interpreted as a primary layer in an
emerging quality assurance (QA) paradigm, where its function is to mitigate model unpredictability before the
code is integrated into production environments. Under this perspective, mastering how to structure a prompt to
mitigate errors could be considered analogous to learning the grammar of a programming language. This suggests
a shift where effective communication between developer and machine becomes as fundamental as traditional
syntax in the era of generative Al.

Finally, despite the challenges, strategic opportunities were identified that reinforce the relevance of prompt
engineering. The possibility of guiding LLMs toward complex tasks such as code refactoring, automated test
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generation, or the customization of pedagogical examples suggests a potential for prompt engineering to expand
its impact beyond simple source code creation. These opportunities, combined with the increasing integration of
LLMs into development and education platforms, indicate that strengthening prompt engineering skills could be
key to the effective adoption of these technologies in the software lifecycle. This analysis points toward a
transformation of the “effort paradox™” in the Al era: where cognitive load appears to be reshaped rather than
eliminated. In this context, the challenge for developers shifts from traditional syntax mastery toward the ability to
model problems, communicate context without ambiguity, and critically evaluate Al-generated solutions,
positioning prompt engineering as an emerging core competency.

8.2 Limitations of the review

The findings of this systematic review may have been influenced by certain threats to validity, such as:

Biases in the research questions: Likely, the research questions we established for this review did not cover
all elements of prompt engineering use in automatic code generation for software development. To mitigate this
threat, a periodic review was conducted in which it was possible to adjust the purpose of the questions, so that
they addressed the topics of interest related to the research, but mainly such questions could group, segment, and
classify the information identified in the primary studies.

Biases in the Search Chain: During the search process, an initial chain was formed that included the concepts
“artificial intelligence,” “generative Al,” and “software development,” which resulted in many articles. However,
when manually analyzing the results, it was observed that the chain covered articles on various contexts and not
just software development and specifically code generation. To reduce the number of articles, the terms “prompt
engineering” and “automatic code generation” were added to the chain, which helped narrow the scope of the
query. In addition, before applying the search protocol, a preliminary review of the articles was carried out,
considering the title, abstract, results, and conclusions.

Biases in database coverage and deduplication:

The study selection process may have been influenced by the deduplication strategy applied across databases.
Specifically, Google Scholar was used as the primary reference for duplicate removal due to its broad coverage
and because it was the first database consulted. As a result, studies identified in subsequent databases that
overlapped with those already retrieved from Google Scholar were classified as duplicates. This approach may
affect the apparent contribution of other databases, leading to results such as “0 relevant / 0 primary” in some
cases, despite those databases initially returning results. Although this decision does not compromise the
completeness of the final set of primary studies, since all unique studies were retained regardless of their source, it
may introduce bias in the distribution and representation of results across databases.

Biases in the selection of studies: One of the main limitations of this review was the scarcity of studies.
Although numerous articles related to LLM-based tools emerged during the search, many of them only
superficially mentioned the importance of the prompt without developing concrete techniques, methodologies, or
proposals related to its engineering. These studies were excluded because they did not meet the criteria established
for this review. Considering the above, only studies that explicitly dealt with prompt engineering were chosen,
either through the analysis of concrete techniques, the development of tools to optimize prompts, or at least the
investigation of the use of natural language alterations, with possible reflections or significant conclusions for
their advancement in software development. This decision was made to maintain the quality of the review, which
considerably reduced the number of studies included, limiting the breadth of the analysis. This could have
compromised the validity of the study, given that some of the existing literature addresses the topic indirectly or
superficially. To mitigate this limitation, the search strategy was complemented with backward snowball
sampling, reviewing the bibliographic references of the included primary studies.

Biases in data extraction: 1t is difficult to ensure that primary articles were properly analyzed and selected. To
mitigate this limitation, a rigorous cross-validation protocol was implemented. In the first stage, the lead authors
independently extracted relevant information from each primary article using a standardized data template.
Subsequently, the research team held periodic calibration sessions. In these meetings, the individual extractions
were compared, possible discrepancies were discussed and resolved by consensus, ensuring a unified and
consistent interpretation of the information. This systematic process was essential to ensure the reliability of the
final data set, which served as the basis for the analysis and resolution of the research questions.

8.3  Relevance for research and practice

The findings of this systematic review provide a comprehensive foundation for future research on prompt
engineering within the field of automatic code generation. Given its growing relevance for the scientific
community, the evidence suggests that prompt engineering has the potential to improve software quality through
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more efficient interaction with language models. The results of this SLR position prompt engineering as a critical
area of research, highlighting the current scarcity of empirical evidence, especially in industrial contexts and
authentic workflows.

Furthermore, considering the increasing integration of language models in software development, these
findings point toward opportunities for researchers to progress in organizing and automating prompt design. This
includes the development of tools integrated into IDEs, the reduction of ambiguity through specific metrics, and
the creation of standardized patterns. Such advancements could constitute a relevant contribution to the sector by
facilitating a more effective adoption of these technologies, potentially enhancing productivity and quality in
software creation processes.

4 N

Takeaway message

The discussion highlights the growing relevance of prompt engineering as a core competency in automatic
code generation, emphasizing that the effectiveness of LLM-based tools depends largely on the structure
and clarity of the instructions provided. The analysis shows that current research focuses on structured and
iterative prompting methodologies, supported by an increasingly diverse ecosystem of tools, while security-
oriented prompting remains underexplored. Key strategies, such as iterative prompting, contextual
enrichment, and task decomposition, help mitigate model sensitivity and nondeterminism, positioning
developers not just as requesters but as active managers of the reasoning process. Despite this progress, the
field still lacks standardized metrics to evaluate prompt quality, limiting comparability across studies.
Overall, prompt engineering emerges as a growing technical competency and a strategic opportunity,
enabling tasks such as refactoring, automated testing, and pedagogical customization, and reinforcing its
role as a foundational element in modern software development workflows.

9 Conclusions and future work

In this systematic literature review, the objective was to provide an overview of the current state of research on the
use of prompt engineering in automatic code generation for software development. Through an analysis of 26
primary studies, it is possible to observe that prompt engineering is consolidating as an emerging and essential
practice within software development, especially in automatic code generation assisted by LLMs. Its evolution has
been accelerated by recent technological advances, and its impact on software development productivity is
increasingly evident.

One of the central findings is that the quality of the results generated by LLMs is highly dependent on the
design and structure of the prompts. In this sense, the ability to communicate effectively with these models
through well-designed prompts will be crucial to take full advantage of their potential in automatic code
generation, so the reviewed evidence suggests that prompt engineering is positioning itself as an essential skill that
developers will need to master to interact effectively with Al-based systems, as LLMs are likely to be increasingly
integrated into development tools and daily workflows, a situation that will require specific skills to interact
properly between human-Al.

There is also evidence of a growing interest of the scientific community in this field, reflected in a steady
increase in publications since 2021. In these studies, various strategies for designing prompts are effective,
including structured methodologies, the use of metaprompts, and iterative or pedagogical approaches with
progressive feedback. Despite these advances, most of the current research is developed in academic or controlled
environments, which raises the need to validate their results in industrial scenarios.

Likewise, although issues such as accuracy, robustness, and improvement of the generated code have been
addressed, several promising lines of research have been identified to consolidate the prompt engineering field.
One of the priorities is the development of metrics to evaluate the effectiveness, robustness, and efficiency of
prompts. It is also essential to explore the application of prompt engineering in security contexts, investigating its
potential for detecting vulnerabilities and generating secure code from its conception. Another relevant aspect is
the integration of prompt engineering in traditional development tools, such as integrated development
environments (IDEs), through plugins or systems that facilitate the creation and testing of prompts directly in the
programmer's workflow. There is also a need to advance in the automation of prompt design, known as meta-
prompting, through the development of models capable of generating optimized instructions according to the task
without requiring human intervention. In addition, studies in real software development contexts are
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recommended to measure the impact of prompt engineering on productivity, code quality, and error reduction over
time. Finally, it should be considered the importance of deepening the ethical and transparency aspects linked to
prompt design, evaluating its influence on the traceability and accountability of the results generated by the
language models.

Finally, this work reveals several opportunities for future research. Among them, including: (i) Expand the
identification of challenges and opportunities in this field, considering that it is an emerging topic that has
gained relevance due to the increasingly frequent interactions between developers and artificial intelligence tools.
To achieve this, it will be necessary to refine and expand the search chain used in this review to cover a broader
spectrum of terms and synonyms related to prompt engineering and code generation. This improvement will allow
for a more diverse and representative set of studies to be retrieved, overcoming the limitation previously noted and
strengthening both the scope and depth of future iterations of the review, (ii) design robust solutions aimed at
evaluating the quality of prompts and their direct impact on generated code. Establishing standardized
metrics and evaluation tools will enable objective comparisons between studies and models, laying the
groundwork for a more mature prompt engineering science. Furthermore, (iii) we propose publishing the
complete/extended results of this systematic review to provide a more comprehensive resource for the
community. Building on this comprehensive evidence base, the plan is to move towards developing a
methodological guide for interaction between developers and Al. This guide will define phases, activities, roles,
tools, and artifacts for creating, evaluating, and refining processes, ultimately supporting more effective and
higher-quality collaboration between developers and learning managers.

As additional future work, it is proposed to deepen the study of prompt patterns applied to software
engineering. This would involve identifying, categorizing, and documenting effective patterns to establish
explicit rules and constraints within prompts, thereby contributing to improving software quality attributes like
modularity, reusability, and security when working with LLMs. Documenting these aspects from various authors'
perspectives and industrial contexts will foster a broader and more detailed understanding of how prompt
engineering can drive excellence in software development, in addition to contributing to the realization of the
intended methodological guide.
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