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Abstract

Generative artificial intelligence is reshaping how people interact with digital technologies,
emphasizing the need to develop effective skills for engaging with it. In this context,
prompt engineering has emerged as a critical skill for optimizing Al-generated outputs.
However, research on how higher education students interact with these technologies
remains limited, particularly in non-English-speaking contexts. This exploratory study
examines how 102 higher education students in Chile formulated prompts in Spanish and
how their techniques influenced the responses generated by ChatGPT (free version 3.5). A
quantitative analysis was conducted to assess the relationship between prompt techniques
and response quality. Two emergent prompt engineering strategies were identified: the
Guide Contextualization Strategy and the Specific Purpose Strategy. The Guide Contextual-
ization Strategy focused on providing explicit contextual information to guide ChatGPT’s
responses, aligning with few-shot prompting, while the Specific Purpose Strategy em-
phasized defining the request’s purpose, aligning with structured objective formulation
strategies. The regression analysis indicated that the Guide Contextualization Strategy had
a greater impact on response quality, reinforcing the importance of contextual information
in effective interactions with large language models. As an exploratory study, these findings
provide preliminary evidence on prompt engineering strategies in Spanish, a relatively
unexplored area in artificial intelligence education research. Based on these results, a
methodological framework is proposed, encompassing four key dimensions: grammatical
skills; prompt strategies; response from the large language model; and evaluation of re-
sponse quality. This framework lays the groundwork for future artificial intelligence digital
literacy interventions, fostering critical and effective engagement with generative artificial
intelligence while also highlighting the need for further research to validate and expand
these initial insights.

Keywords: prompt engineering; natural language processing; Al in higher education;
generative Al; Spanish grammar performance; generative artificial intelligence; Al literacy
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1. Introduction

The rise in generative artificial intelligence (GenAl) marks one of the most transforma-
tive technological shifts in recent decades, reshaping how individuals learn, communicate,
and solve problems. Its rapid proliferation underscores the need to reassess the skills
required for citizens to interact effectively with these advanced tools. This new scenario be-
gan when the company OpenAl (San Francisco, CA, USA) launched ChatGPT (version 3.5)
in 2022. However, other tech giants such as Google (Mountain View, CA, USA), Microsoft
(Redmond, WA, USA), and Meta (Menlo Park, CA, USA) already have their own GenAlI
platforms, widely accessible to people around the world.

The rapid development of artificial intelligence (AI) has brought notable changes to
various fields, particularly education. Within this context, ChatGPT has gained prominence
due to its advanced conversational capabilities and its potential to enhance teaching and
learning processes. As a chatbot powered by Al, ChatGPT can offer tailored and interactive
assistance to students by addressing complex queries, providing feedback on academic
tasks, and facilitating open-ended dialog. Thanks to its flexibility and practical applications,
this tool holds the potential to reshape traditional models of higher education [1].

These advancements are referred to as large language models (LLMs), which are
trained on vast volumes of text to process and generate natural language. They are con-
sidered part of the field of natural language processing (NLP), which enables models to
‘understand,” generate, and analyze human language. This represents a significant advan-
tage, as it allows users to interact with LLMs using natural language rather than code,
removing the need for programming skills to effectively engage with them.

Typically, the process of interacting with a GenAl involves a user providing informa-
tion in various formats, such as text or audio, through a prompt. The GenAlI then processes
the input using a large language model and generates an output, also in multiple formats.
The user does not know how the GenAl analyzes their input to transform and generate the
output. Therefore, the only way to interact with the GenAl is by using the prompt.

Various authors [2,3] point out that managing the use of prompts is a skill that can be
acquired and improved by following certain rules to enhance the richness of grammatical
information provided in the input, incorporating context, roles, output formats, and other
aspects. In this context, concepts such as prompt engineering, prompt strategies, and
prompt techniques have been emerging. However, distinguishing between strategies and
techniques is not straightforward, as they sometimes share the same names or are grouped
into a generic category.

On the other hand, considering that the use of prompts in the context of GenAl is
relatively new, it is not yet clear which strategies or techniques yield the best results in the
quality of responses provided by GenAl. Educational communities are beginning to explore
how these technologies can be integrated. Nonetheless, the lack of time and resources
makes it difficult to develop a road map that facilitates their systematic integration and
measures the real impact of GenAl on the teaching-learning process. Students are also
facing the challenge of interacting with GenAlI, requiring them to develop new skills, such
as effective prompt design. These skills are not always intuitive and require strong guidance
and support to leverage the use of GenAl in a critical and ethical manner.

In summary, the arrival of GenAl is redefining the concept of digital literacy, shifting
from basic technology skills to the ability to communicate effectively with complex artificial
intelligence systems. This shift implies a transformation in educational programs, empha-
sizing proper interaction with these tools while addressing risks such as technological
dependence and the lack of critical thinking skills.

Although several studies have analyzed and classified prompt techniques [2-7], little is
still known about the specific strategies employed by students to leverage the opportunities
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brought by GenAl While the potential of GenAl in education is widely acknowledged,
further research is needed to understand how students interact with these tools, particularly
in Spanish, given that most LLMs are primarily trained in English.

Understanding how higher education students interact with GenAl is a critical first
step in developing strategies to support their effective use of these tools. This exploratory
study examines the prompting techniques employed by the students while working with
the free version of ChatGPT (version 3.5). By analyzing both circumstantial and request-
based techniques, the research identifies emergent dimensions of prompt strategies and
provides a comprehensive characterization of the simple and complex strategies utilized
in prompt construction. These techniques are particularly relevant as they influence the
quality and effectiveness of interactions with GenAl, particularly in Spanish—a language
that poses distinct grammatical and contextual challenges for LLMs. Furthermore, the
study explores the relationship between the types of techniques employed and the quality
of the responses generated. Beyond assessing whether students fully understand the
techniques they apply, the research examines how the interaction and interrelation of these
techniques, grouped into emergent strategies, impact the outputs produced by GenAl. By
offering a deeper understanding of students’ prompting behaviors, the findings contribute
to a foundational framework for designing educational interventions that promote critical,
ethical, and effective engagement with LLMs in non-English-speaking contexts.

Despite the growing integration of generative Al tools like ChatGPT in academic
settings, there remains limited understanding of how students interact with these
systems—particularly in non-English contexts. Most of the research on prompt engineering
and Al literacy has focused on English-speaking users, often overlooking the linguistic
and cognitive challenges faced by Spanish-speaking students. Moreover, there is a lack
of pedagogical frameworks to guide students in crafting effective prompts and critically
evaluating Al responses. This study was motivated by the need to explore these gaps and
contribute empirical evidence to support the development of culturally and linguistically
appropriate Al literacy programs in higher education.

To achieve this purpose, the study was guided by the following research questions:

(1) What prompting strategies do higher education students use when interacting with
ChatGPT in Spanish? (2) How do the types of techniques used in prompt formulation relate
to the perceived quality of the Al-generated responses? (3) What patterns of simple and
complex prompting strategies emerge from students” interactions, and how might these
inform future Al literacy initiatives?

2. Related Work

The emergence of GenAl has sparked a wave of innovation across various sectors,
transforming how people and organizations coexist with technology. This accelerated
development is challenging organizations to understand how these tools could bring
competitive advantages. However, the implications of the massive adoption of GenAl are
still underexplored, especially in the education sector, where the challenges are even more
complex due to its structured nature and occasionally rigid curricula.

In this context, the pathways for integrating these new technologies may depend on
the level of digital maturity within educational communities, particularly regarding their
capacity to incorporate and innovate with digital tools in academic, cultural, and knowl-
edge management processes, ultimately generating a significant impact on their external
environment. Consequently, implementation proposals may range from comprehensive
initiatives that encompass the entire community to smaller, informal practices based on
trial and error. An important difference between artificial intelligence (Al) before GenAl
and GenAl itself lies in the fact that, with the latter, we do not necessarily know where the
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data used to train and operate its models comes from. Therefore, the most critical way to
interact with GenAl is through the prompt.

Nonetheless, the integration of ChatGPT into higher education is influenced by a
range of elements that determine its acceptance and actual usage among both students and
faculty members [4-7]. Gaining insight into these elements is crucial for harnessing the
full potential of ChatGPT and facilitating its effective incorporation into academic settings.
Empirical research has explored multiple dimensions related to ChatGPT’s adoption, such
as its technological features, users’ attitudes and experiences, institutional frameworks,
and the broader educational landscape.

Considering the above, in the last two years, various investigations have been con-
ducted to build a knowledge base that enables understanding and analyzing the interactions
between users and prompts. Within this emerging field, concepts such as prompts, prompt
strategies, prompt techniques, and prompt engineering have emerged.

In the domain of LLMs, a prompt refers to an input provided by a user to a GenAl
model to guide and trigger a specific output. Typically, the prompt consists of a piece of
text used to communicate with LLMs. It can take the form of a question, a statement, a set
of instructions, or any other input that serves as the basis for the model’s response [8-11].

A prompt also functions as a translational bridge between human communication and
the computational abilities of LLMs. It consists of natural language instructions that operate
as an intermediary language, translating human intentions into machine-readable tasks.
Beyond basic directives, prompts establish a contextual framework for the interaction,
signaling the relevance of certain elements and delineating the structure and content
expected in the model’s output [12].

Understanding the elements of a prompt and their importance is crucial for effective
interactions with GenAl. These elements include the following, according to Giray [13]:
(1) a task or specific instruction that guides the model’s behavior toward the desired results;
(2) external contextual information that provides the model with additional knowledge,
helping it generate more accurate and relevant outputs; (3) the input data or question that
the user wants the model to process and respond to; and (4) specifications regarding the
type or format of the desired output. These elements serve as a foundation for designing
effective prompts that maximize the capabilities of GenAl models.

Building upon this foundational understanding of prompt components, it becomes
essential to explore how these elements can be intentionally combined and optimized
through the practice of prompt engineering.

Prompt engineering is the strategic process of designing inputs (prompts) that guide
LLMs to generate specific, relevant outputs. It is akin to providing the right questions or
commands to ensure that the desired answers are obtained. Prompt engineers leverage the
predictive capabilities and extensive training data of Al models and combine them with the
nuances of human communication to strategically influence model behavior without the
need for task-specific training [14,15]. Effective prompt engineering tactically employs the
various best practices of prompt design as needed to maximize the performance of LLMs,
making them more accurate and relevant for specific tasks. It involves not just the creation
of prompts but also their testing and refinement based on feedback and desired outcomes.

Similarly, Eager and Brunton [16] provided guidance on producing instructional text
to enhance the development of high-quality outputs from LLMs in higher education. To
facilitate the process of prompt engineering, they recommend including six key components
in written prompts: (a) verb, (b) focus, (c) context, (d) focus and condition, (e) alignment,
and (f) constraints and limitations. These categories offer a structured lens for designing
effective prompts in educational settings and align with broader efforts to foster Al literacy.
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As LLMs are increasingly used for more complex tasks, the process of prompt engi-
neering tends to involve assembling multiple prompts in creative and layered ways. Due to
the models’ sensitivity to natural language input, slight adjustments in wording, sentence
construction, or contextual cues can significantly alter the resulting outputs [17,18].

A prompt technique is a framework that describes how to construct a single prompt,
multiple prompts, or a dynamic sequence of interconnected prompts. It can incorporate
features such as conditional or branching logic, parallelism, or other architectural consider-
ations to structure a cohesive group of prompts. These techniques may be implemented
either manually or through automation, depending on the complexity of the task and the
desired level of precision [19].

Among these techniques, two of the most significant are the following: (a) few-
shot learning, which involves instructing an LLMs to learn a new task using only a few
examples. This approach facilitates spontaneous task delegation and improves model
performance [20]. (b) Zero-shot learning, which prompts LLMs to perform tasks without
any prior examples. This technique can be further enhanced by fine-tuning the instructions
and incorporating reinforcement learning with human feedback [21,22].

Prompt engineering is an iterative process that involves designing, refining, and
optimizing input prompts to effectively convey the user’s intent to a language model like
ChatGPT. This practice often includes modifying or adjusting the prompting technique to
improve the quality of the responses. Proper prompt engineering is essential for obtaining
accurate, relevant, and coherent outputs, making it a critical skill for users seeking to
maximize the potential of GenAl.

As language models continue to advance, mastering prompt engineering has be-
come increasingly important across a wide range of applications [3,23]. Haugsbaken
and Hagelia [2] suggest that prompts can vary in their levels of complexity, identifying
four distinct levels: (a) basic prompting, (b) prompt reviewing, (c) prompt planning, and
(d) prompt scaffolding. (a) Basic prompting: This practice is associated with educational
promptization and focuses primarily on input interactions with Al language models. It
reflects a student’s ability to engage with chatbots in a basic manner, using a ‘programming
approach’ to generate a variety of content or responses, ranging from simple to complex.
(b) Prompt reviewing: This level involves an emphasis on the output aspect of input-output
engagements. It entails critically examining and refining the outputs provided by Al mod-
els to better align them with the intended objectives of the interaction. (c) Prompt planning:
At this level, prompting evolves into a more complex and recursive process. Students
construct a series of interconnected prompts designed to structure a learning process. This
approach moves beyond generic communication with Al models, focusing on creating
tailored and purposeful interactions that support specific learning goals.

Various studies are being conducted to understand and classify prompt techniques,
as well as to evaluate their effectiveness. Schulhoff et al. [3], using the PRISMA methodol-
ogy for a systematic review, proposed an ontological taxonomy of text-based prompting
techniques. This taxonomy includes 58 techniques distributed across six major categories:
(a) zero-shot, (b) few-shot, (c) thought-generation, (d) ensembling, (e) self-criticism, and
(f) decomposition.

Giray [13] proposes five prompting techniques: (a) instructive prompt, (b) system
prompt, (c) question—answer prompt, (d) contextual prompt, and (e) mixed prompt. An
instructive prompt allows the user to employ a guide to direct their writing toward a
specific task. A system prompt provides a starting point or context to help users build their
content effectively. A question—answer prompt facilitates the structuring of inputs around
specific research questions. A contextual prompt offers additional background or details
within the prompt to help users focus on particular aspects of their response. Finally, a
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mixed prompt combines multiple elements, enabling users to construct their inputs in a
comprehensive and understandable manner.

Sawalha, Taj, and Shoufan [24] conducted a study to investigate how undergraduate
students used ChatGPT for problem-solving, the prompting strategies they developed,
the relationship between these strategies and the model’s response accuracy, the presence
of individual prompting tendencies, and the influence of gender in this context. The
study involved 56 senior students enrolled in the course. The findings revealed that stu-
dents predominantly employed three types of prompting strategies: single copy-and-paste
prompting (SCP), single reformulated prompting (SRP), and multiple-question prompting
(MQP). ChatGPT’s response accuracy using SRP and MQP was significantly higher than
with SCP, with effect sizes of —0.94 and —0.69, respectively.

Recent advancements in prompt engineering have led to the development of diverse
techniques aimed at optimizing interactions with conversational LLMs. Fagbohun and
Harrison [25] proposed a comprehensive and interdisciplinary framework that categorizes
these prompting techniques into seven conceptual groups: logical and sequential process-
ing, contextual understanding and memory, specificity and targeting, meta-cognition and
self-reflection, directional and feedback, multimodal and cross-disciplinary, and creative
and generative. Each category encompasses a set of strategies tailored to specific interaction
goals, such as reasoning through complex problems, eliciting reflective responses, or gener-
ating creative content. This taxonomy offers a roadmap for practitioners and educators to
select the most appropriate prompting strategies based on their pedagogical objectives or
domain-specific applications.

According to Sawalha et al. [24], although there is a growing body of research on
GenAl prompts, most studies have focused on their use by researchers rather than by
students. Few authors have explored how students interact with GenAl tools such as
ChatGPT, highlighting a significant gap in understanding student-specific behaviors and
strategies in this context.

In this regard, Knoth et al. [22] examined how Al literacy among higher education
students influences their interactions with LLMs. For this study, the author defined Al
literacy as “a set of competencies that enables individuals to critically evaluate Al tech-
nologies, communicate and collaborate effectively with Al, and use Al as a tool online, at
home, and in the workplace” [26] (p. 2). The study involved a sample of 45 students aged
between 19 and 35 years. The findings revealed that higher-quality prompt engineering
skills significantly predict the quality of LLM outputs, highlighting prompt engineering
as an essential skill for the goal-directed use of generative Al tools. Furthermore, the
study showed that certain aspects of Al literacy play a crucial role in improving prompt
engineering quality and enabling targeted adaptation of LLMs within educational contexts.

Building upon the findings from related works, which highlight the existence of a wide
range of techniques for prompt construction, this study proposes a synthesized framework
comprising two groups of techniques: circumstantial and request-based. Circumstantial
techniques are defined as those that provide context and structure to the prompt, forming a
foundational layer to guide the interaction. For this study, 10 circumstantial techniques
were identified and defined (see Table 1). On the other hand, request-based techniques refer
to those explicitly used to articulate the query or task to the LLMs. The 11 request-based
techniques proposed in this framework are detailed in Table 2. This categorization serves
as a practical synthesis of the existing body of knowledge, offering a structured approach
that can be applied to analyze the work produced by students, as further elaborated in the
methodology and results sections.
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Table 1. Identified circumstantial techniques.

NO

Circumstantial Technique (CT)

Definition

10

Context

Ambiguity Reduction

Response Format Instructions

Conditions or Assumptions

Goal or Purpose Indicator

Style, Tone, or Linguistic Constraints

Exhaustiveness Indicator

Time or Temporal Perspective

Role Indicator

Perspective or Point of
View Indicator

Provides a framework to guide the response. The context can be
more or less explicit depending on the amount of additional
information to be included. Example: “I'm preparing a pitch for
investors. ..”.

Crucial for tasks that may have multiple interpretations. This
technique removes unnecessary ambiguities or clarifies potentially
confusing terms. Example: “I'm preparing a pitch for investors in a
startup focused on renewable energy”.

Specifies how the response should be structured (e.g., paragraphs,
lists, tables). Ensures that the output aligns with the desired style or
level of clarity. Example: “Respond with a bulleted list of the key
benefits of machine learning.”

Incorporates specific assumptions or conditions that the model must
consider to respond appropriately, reducing undesired
interpretations. Example: “Assume the reader has basic knowledge
of statistics.”

Guides the response by specifying the underlying objective or reason
behind the prompt. This helps the model align its output with the
intended purpose of the request. Example: “I'm planning a
workshop for beginners on artificial intelligence and want to make
the session engaging. Provide practical and interactive activities I can
include.” In this case, the objective is to design an engaging and
interactive workshop.

Defines the style or tone of the response, such as academic,
conversational, technical, or humorous. Adjusts the language to suit
the intended audience. Example: “Use simple language without
technical jargon”.

Specifies whether a comprehensive response covering all possibilities
is expected or a concise one focusing on key aspects. Example:
“Provide an exhaustive list of the main machine learning algorithms”.
Indicates a specific timeframe or perspective to guide the response
(e.g., “currently” or “in the next five years”). Example: “Describe the
current state of machine learning in the healthcare industry”.
Defines the role from which the response should be constructed, such
as “you are a doctor” or “you are a teacher.”

Specifies the perspective for constructing the response, distinct from
the role assigned to the model. This may include viewpoints like
“analyze from an economic perspective” or “from the public health
standpoint.” Example: “Explain the impact of Al from the
perspective of an ethics specialist”.

Table 2. Identified request-based techniques.

NO

Request-Based Technique (RBT)

Definition

11

12

13

Direct Request
Mixed Request or Multiple Tasks

Request with Specified Detail Level
or Focus

Involves asking for a specific action in a simple sentence without
adding context. Example: “Define what machine learning is”.
Combines multiple instructions in a single prompt, such as
“Describe machine learning and provide examples of its use in
medicine.” Enables richer responses.

Specifies the desired level of detail, such as “Briefly describe” or
“Explain each step of the learning process in detail.” Example:
“Provide information related to i, ii, iii”.
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Table 2. Cont.

N° Request-Based Technique (RBT) Definition
) . I o o .
14 Open-Ended Question Request Uses open-ended questions like “What does it imply...?” to elicit
broad and exploratory responses.
Indicates that the response should address several aspects in a
15 Sequential Request specific sequence, such as “First define, then provide examples, and
finally analyze the limitations”.
Asks the model to approach the response from multiple disciplines
16 Request for Analysis from Multiple or perspectives, valuable for multidisciplinary topics. Example:
Disciplines or Perspectives “Analyze the impact of artificial intelligence from medical, ethical,
and technological perspectives”.
Seeks a response grounded in concrete facts or known statistics,
17 Request for Fact-Based or even hypothetically, for a more objective and evidence-based focus.
Data-Specific Response Example: “Based on recent studies, explain the impact of Al
on employment”.
Specifies a limit on the response length, such as “in less than
. . 100 words” or “in three sentences.” Depth can also be limited, like
Request with Extension or Y . ., . L, ]
18 o provide an overview” or “conduct a detailed analysis.” Example:
Depth Limitation ” . . . .
Summarize the applications of neural networks in medicine in less
than 100 words”.
19 Request with Purpose Asks for a specific e}lctlon Whlle indicating the purpose behmc}/ the
request, such as “Explain xxx so I can prepare for my class”.
20 Closed-Ended Question Request Uses closed-ended gt}esn’(’)ns 111.<e‘ Is mgchme learning effective in
medicine?” to elicit concise answers.
Adds context to guide the response, which can range from minimal
1 Request with Context to extensive depending on the additional information provided.

Example: “Create a reading list for a graduate student specializing
in computational linguistics”.

Building upon the findings from related works, we developed a 21-item checklist
through a three-step process grounded in a functional classification of prompt engineering
techniques. First, an exploratory review of academic and technical literature was con-
ducted to identify common prompting techniques relevant to educational contexts. From
this review, 21 techniques were consolidated based on frequency, conceptual clarity, and
applicability in higher education.

In the second step, a functional analysis grouped these techniques into two over-
arching categories based on their communicative role: (i) circumstantial techniques
(n =10), which provide structural or contextual cues for shaping the model’s response; and
(if) request-based techniques (n = 11), which explicitly articulate the action or task expected
from the LLM. Each technique was clearly defined and illustrated with an example (see
Tables 1 and 2), forming a practical and pedagogically oriented framework for analyzing
prompt construction.

This classification informed the design of the 21-item binary checklist used in the
study, enabling a systematic analysis of student-generated prompts. The application of this
framework is further elaborated in the methodology and results sections.

While this study centers on the functional structuring of prompts, the impact of gram-
matical and syntactic features on LLM outputs has been explored in detail in a recent publi-
cation by Viveros-Muifioz et al. [27], which specifically examines these linguistic aspects.

To better situate this study within existing educational paradigmes, it is important to
consider how current theories of Al literacy and digital competence frame user interaction
with generative Al Ng [28] defines Al literacy as a multidimensional construct that includes
not only technical knowledge but also cognitive and ethical understanding, allowing users
to make informed decisions about the use of Al This concept aligns with recent calls to
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develop Al literacy programs that empower students to question, interpret, and strategically
engage with Al systems in educational settings.

In parallel, the Digital Competence Framework for Citizens (DigComp 2.2), developed
by the European Commission, outlines five competence areas. Of particular relevance are
“Digital Content Creation”, which emphasizes the ability to produce and adapt digital con-
tent critically and responsibly, and “Problem Solving”, which highlights the importance of
identifying needs and responding through appropriate digital tools [29]. These frameworks
offer a conceptual foundation for understanding the competencies required for meaningful
engagement with Al-based technologies in education.

Although this study does not directly assess these frameworks, it builds on their
principles by exploring how students formulate and refine prompts, interpret Al responses,
and evaluate their usefulness—processes that implicitly involve digital content creation,
problem-solving, and critical thinking.

3. Materials and Methods

The material used to collect the data was a questionnaire, and the analysis was based
on a descriptive exploratory study methodology. The details will be presented in the
following points.

3.1. Data Collection

The research sample consisted of 102 higher education students from the Biobio Region
in Chile. A convenience sampling approach was employed, with participants recruited
based on the accessibility and willingness of the collaborating educational institutions [30].
Students came from two undergraduate programs—rehabilitation (approximately 30%)
and computer science (approximately 70%)—at two universities. Although the analysis was
conducted on the overall sample, the inclusion of students from both a health-related and a
technological program helps to contextualize the educational background of participants.

Although the sample is non-probabilistic, it is considered appropriate for the purposes
of this exploratory study, as it includes students with varying levels of familiarity with the
use of GenAl This sampling strategy offers a broad perspective on the prompting strategies
employed by students, despite the limitations inherent to its non-random nature.

3.2. Procedure

The data collection procedure followed a structured approach. First, students were
welcomed, and the context and objectives of the study were explained. Participants were
then presented with an informed consent form, which they reviewed before confirming
their voluntary participation. The questionnaire was administered via Google Forms to
ensure efficient and anonymous data collection. Students completed the questionnaire
using their personal devices—such as mobile phones or tablets—within the classroom
environment to maintain consistent technological conditions. The questionnaire comprised
three main sections:

e  Demographics: This section gathered information such as age, gender, educational
institution, academic program, year of study, and prior experience with ChatGPT,
providing context for participants’ responses.

e  Case Analysis: Participants were presented with a common scenario: preparing for a
job interview in their field of study. They were instructed to use ChatGPT to generate
examples of typical interview questions and tips for effectively answering them.

e  Satisfaction Assessment: This section measured participants’ satisfaction with the
responses generated by ChatGPT.
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For the prompt interaction phase, students were asked to write a prompt in the
questionnaire, input it into the free version of ChatGPT (3.5), and copy the Al-generated
response back into the form. They were then required to evaluate their satisfaction with the
response. If satisfied, the test concluded; if dissatisfied, they could rewrite the prompt up
to seven iterations until they achieved satisfaction.

Ethical considerations were central to the procedure. Participation was entirely
voluntary, and students could withdraw at any time without facing any consequences.
Anonymity and confidentiality were rigorously ensured, with all data collected being
used exclusively for academic purposes. The entire activity lasted approximately 35 min,
providing a structured and controlled environment for data collection and analysis.

After data collection, the responses were analyzed to identify the presence of the
21 proposed techniques (circumstantial and request-based) within the prompts. Each
prompt was independently evaluated by two experts in artificial intelligence, who as-
signed a binary code of 1 if a technique was present or 0 if it was absent (for more details
see Section 3.3). The final results were consolidated and systematically tabulated for
further analysis.

3.3. Study Design and Analytical Approach

To validate the evaluation instrument, two experts independently analyzed each
prompt, assigning a binary code of 1 if a particular technique was identified in the prompt
and 0 if it was not. Cases where the two reviewers disagreed were flagged for further
analysis. In such instances, a third expert acted as an arbitrator to resolve the discrepancies.
To prevent bias, the arbitrator was blinded to the decisions of the initial reviewers, ensuring
an impartial assessment of whether the prompt employed the technique in question. All
reviewers were specialists in artificial intelligence applied to education and healthcare,
providing the necessary expertise to accurately evaluate the use of the proposed techniques.

This study adopts a quantitative approach, structured into descriptive and correla-
tional phases, to address its objectives comprehensively. In the first phase, the study focuses
on Objective 1, which seeks to identify emerging dimensions of the prompt strategies em-
ployed by higher education students. To achieve this, an Exploratory Factor Analysis
(EFA) was conducted, grouping the techniques used into distinct dimensions based on
their patterns of co-occurrence.

The second phase addresses Objectives 2 and 3. In relation to Objective 2, the study
explores the relationship between the types of techniques students used to formulate
prompts and the quality of the responses generated by the Al This phase includes a
descriptive analysis, followed by correlation and regression analyses aimed at identifying
patterns and potential causal links. For Objective 3, the focus is on characterizing the simple
and complex strategies observed in students” prompt-writing processes. A Rasch model is
applied to assess the difficulty of the responses generated by the Al, offering insights into
how specific strategies may influence the overall complexity of the interaction.

4. Results
4.1. Emerging Dimensions of Prompt Strategies

To address Objective 1, a tetrachoric correlation analysis was conducted using the
statistical software Jamovi (version 2.6.44) to examine the relationships between the di-
chotomous variables indicating the presence or absence of each technique. Items 3, 6, 7, 10,
and 16 were excluded from the analysis due to insufficient response variability. Notably,
negative correlations were identified for items 11, 12, 14, and 20, as indicated by the red
lines in the network diagram presented in Figure 1.
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Figure 1. Network structure. The thickness of the lines represents the strength of the correlation
between two factors. Green and red lines indicate positive and negative correlations, respectively,
among the 16 items (see numbering in Tables 1 and 2). Note: CT: Circumstantial Technique; RBT:
Request-Based Technique.

A moderate negative tetrachoric correlation (rt = —0.518) was observed between the
use of the direct request technique and the mixed or multi-task request technique. This
indicates that as the presence of one of these strategies increases, the presence of the other
tends to decrease. In other words, students who frequently used direct prompts tended not
to employ complex or multi-tasking formulations simultaneously, suggesting a possible
distinction in their approach to interacting with the model.

High positive tetrachoric correlations (>0.7, in Table 3) were identified between indica-
tors 1 and 2, indicators 1 and 21, indicators 2 and 21, and indicators 13 and 21. Conversely,
indicator 14 exhibited a strong negative correlation with other techniques.

The RBT14 shows a negative correlation with the other techniques. This inverse
association indicates that when an open-ended question is formulated (e.g., “What does
it imply...?”), it is less likely that the prompt will include elements intended to frame,
constrain, or structure the response. In other words, the use of open-ended questions tends
to be accompanied by fewer contextual or structural cues, suggesting a preference for
unstructured interaction styles when employing exploratory formulations.

Figure 2 illustrates the process preceding the exploratory factor analysis (EFA), where
69 relevant responses were selected from the 102 participants. Different models were tested:
first, considering only positively correlated items, and then including both positive and
negative correlations. The EFA was conducted to determine the most suitable model for
grouping the techniques (see Figure 2). Model 5 demonstrated a good fit, with an RMSEA
of 0.00 (90% CI: [0.00, 0.018]), an excellent TLI of 0.977, a chi-square (x?) value of 8.76 (df = 9,
p = 0.460), and an explained variance of 45.2%. Meanwhile, Model 3 exhibited the best
overall fit, with an RMSEA of 0.00 (90% CI: [0.00, 0.019]), a x? value of 6.05 (df = 1, p = 0.83),
and an explained variance of 53.6%. The KMO values were 0.819 for Model 5 and 0.741 for
Model 3, indicating strong sampling adequacy. Between the two best-fitting models, Model
3 was ultimately selected due to its stronger theoretical alignment and better conceptual
coherence regarding the two emerging factors.
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Table 3. Tetrachoric correlations among techniques.
CT1 CI2 Cr4 CT5 CT8 CT9  RBT11 RBT12 RBT13 RBT14 RBTI15 RBT17 RBTI18 RBT19 RBT20 RBT21
CT1 1.000
CT2 0.832 1.000
CT4 0380 0123  1.000
CT5 0649 0591 0132  1.000
CT8 0.094 —0.081 0545 0.400 1.000
CT9 0.424 0.455 0.615 0.077 0.377 1.000
RBT11 0.148 0.351 —0.036 0325 0.098 0.091 1.000
RBT12 0567 0393 0400 0392 0277 0482  —0518  1.000
RBT13 0199 0037 0539 —0012 0538 0621 0016 0227  1.000
RBT14 0770 -0715 —-0251 0576 —0.125 —0360 —0503 —0289 —0.176  1.000
RBT15 0.252 0.043 0.504 0.286 0.553 0.299 0.347 -0129 0731 —0.235  1.000
RBT17  0.105 0.153 0.289 0.130 0.656 0.429 0.139 0.003 0.539 —0.105  0.564 1.000
RBTI8 0453 0484 0315 0379 0391 0495 —0139 0640 0610 —033 0311 0431  1.000
RBT19 0.450 0444 0.049 0.617 0.435 —0.054  0.565 —-0.123  0.098 —0468  0.403 0.487 0.193 1.000
RBT20 —-0.032 —0237 —0.156 —0.025 0.159 -0079 0128  0.056 0.104 —0305  0.047 0.175 —0.070 —0.042  1.000
RBT21 0.702 0.783 0.374 0.409 —0.011 0489 0.381 0.172 0.251 —0540 0447 0.300 0.469 0.327 —0.356 1

CT: Circumstantial Technique; RBT: Request-Based Techniques.

[ Prompt construction techniques ]

[ 102 participants

]

Inclusion criteria

[ 69 atingent responses included }

Factorial analysis

[ Exploratory Factor Analysis ]

[ Techniques (Positive correlation only) ]_ Models —[ Techniques (Negative correlation) ]

Model 1

3 factors

Model 3

2 factors

F1:2,1,21and 5
F2:13,15,9and 18
F3:8and 4

50.1 % variance explained
RMSEA=0.11
/C 90% inf 0.06 sup 0.17
TLI=0.69
x?=35.7 (gl =18, p = 0.008)
w =0.706

Model 4

3 factors

F1:2,1,21and 5
F2:13,15,9y18

46.3 % variance explained
RMSEA=0.11
1C =90% inf 0.04 sup 0.18
TLI=0.80
x?=24.9(gl=13,p=0.02)
w=0.72

F1:1,2and 21
F2:5y19

53.6 % variance explained
RMSEA =0.00
IC =90% inf 0.00 sup 0.19
TLI=1.10
x?=6.05(gl=1,p=0.83)
w=0.78

Model 5 l

1 factor

F1:2,1,5and 21
F2:8y4
F3:12,11,18y 19

50.1 % variance explained
RMSEA=0.00

1C 90% inf 0.00 sup 0.10
X?=18.2(gl=18,p =0.44)
w=0.71

F1:2,1,5,21,19,14
(14 negative)

45.2 % variance explained
RMSEA =0.00
IC =90% inf 0.00 sup 0.13

TLI=1

x?=8.76 (gl =9, p = 0.46)

w =0.82

Figure 2. Exploratory analysis flow. This figure shows the sequence of decisions and model tests

conducted during the exploratory factor analysis. It highlights the selection of 69 valid responses

from 102 participants, the division of techniques by correlation polarity, and the fit statistics for each

model tested.
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Model 3 revealed two theoretical strategies: the contextual strategy, comprising tech-
niques 1, 2, and 21, and the purpose-related strategy, comprising techniques 5 and 19 (see
Table 4).

Table 4. Factor loadings comparison—EFA Model 5 and Model 3.

Technique Model 5 Model 3
1 KMO 0.819 KMO 0.741
Factor 1 Uniqueness Factor1  Factor2 Uniqueness
CT2 Ambiguity Reduction 0.882 0.223 0.913 0.140
CT1 Context 0.833 0.306 0.748 0.374
RBT21 Request with context 0.622 0.613 0.669 0.591
RBT14 Open-Ended Question Request —0.727 0.472
CT5 Goal or Purpose Indicator 0.461 0.787 0.622 0.547
RBT19 Request with Purpose 0.338 0.886 0.606 0.667

Note: The ‘maximum likelihood” extraction method was used in combination with a “promax’ rotation.

4.2. Relationships Between Techniques and Quality of Responses
4.2.1. Tetrachoric Correlations

To address Objective 2, the study examined the relationship between techniques used
by students and the quality of responses obtained from ChatGPT. Table 5 shows that the
quality of correct responses was highly correlated with CT1 (rt = 0.632) and CT2 (rt = 0.656),
and moderately correlated with RBT21 (rt = 0.497). This indicates that CT1 and CT2 strongly
align with correct responses.

Table 5. Correlation matrix—tetrachoric.

CT1 cT2 CT5 RBT14  RBT19  RBT21 Val.  Gpruse  Stratesy
Response Use
CT1 1 0.933 0.680 —0.842 0.550 0.801 0.632 0.538 0.546
CT2 0.933 1 0.609 —0.866 0.510 0.844 0.656 0.440 0.632
CT5 0.680 0.69 1 —0.659 0.632 0.410 0.369 0.142 0.476
RBT14 —0.842  —0866 —0.659 1 —0.655 —0.676 —0.280 ~0.339 —0.442
RBT19 0.550 0.510 0.632 —0.655 1.000 0.299 0.005 0.015 0.108
RBT21 0.801 0.844 0.41 —0.676 0.299 1 0.497 0.275 0.651
Valorisation of g (3> 0656 0369 —0.280 0.005 0.497 1.000 0.411 0.301
the Response
GPT use 0.538 0.440 0.142 ~0.339 0.015 0.275 0.411 1.000 0.583
Strategy use 0.546 0.632 0.476 —0.442 0.108 0.651 0.301 0.584 1

Students’ prior use of ChatGPT was moderately correlated with CT1 (rt = 0.538), CT2
(rt = 0.440), and their self-reported use of strategies during the exercise (rt = 0.584). CT1
showed positive associations with CT2 (rt = 0.933), CT5 (rt = 0.680), RBT19 (rt = 0.550),
and RBT21 (rt = 0.801). Conversely, RBT14 exhibited strong negative correlations with CT1
(rt = —0.842) and CT2 (rt = —0.866), suggesting that the presence of RBT14 reduced the
likelihood of CT1 and CT2 being employed.

4.2.2. Linear Regression Analysis

A linear regression analysis was conducted using a six-point scale (1 = very incorrect to
6 = very correct) to predict response quality based on the strategies employed (see Table 6).
Techniques CT1, CT2, and RBT21 were significantly associated with the variable quality of
response, F (1, 67) =17.7, p < 0.001, with an R? value of 0.209, indicating that the model
accounted for 20.9% of the variance in the dependent variable. The intercept of the model
was 4.98, with an average increase of 1.283 attributable to these strategies. The overall
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model was statistically significant, with a standardized coefficient 3 = 0.457, reflecting a
high-moderate effect size [31].

Table 6. Model results—Strategy 1.

Model Fit
R?2 Adj. R? Df df (res) F p
0.209 0.197 1 67 17.7 <0.001
ANOVA Omnibus tests
SS Df F p 1’ p
Model 19.847 1 17.698 <0.001 0.209
dimensién 2, 1, 21 19.847 1 17.698 <0.001 0.209
Residuals 75.138 67
Total 94.986 68
Parameter Estimates (Coefficients)
95% Confidence Intervals
Names Estimate SE Lower Upper B Df T
(Intercept) 4.986 0.127 4.731 5.24 0 67 39.106 <0.001
dimensién 2, 1, 21 1.283 0.305 0.675 1.892 0.457 67 4.207 <0.001

As shown in Table 7, techniques CT5 and RBT19 also exhibited a statistically significant
relationship with quality of response, F (1, 67) = 8.58, p < 0.005, with an R? value of 0.11,
accounting for 11% of the variance in the outcome variable. The model yielded an intercept
of 4.98, with an average increase of 1.243 associated with these strategies. The effect size
was moderate, § = 0.337.

Table 7. Model results—Strategy 2.

Model Fit
R? Adj. R? Df df (res) F p
0.114 0.1 1 67 8.58 0.005
ANOVA Omnibus tests
SS Df F p 1’ p
Model 10.788 1 8.585 0.005 0.114
dimension 5, 19 10.788 1 8.585 0.005 0.114
Residuals 84.197 67
Total 94.986 68
Parameter Estimates (Coefficients)
95% Confidence Intervals
Names Estimate SE Lower Upper B Df T p
(Intercept) 4.986 0.135 4716 5.255 0 67 36.942  <0.001
dimension 5, 19 1.243 0.424 0.396 2.089 0.337 67 2.93 0.005

In this study, although the R? values may appear modest, they are considered accept-
able within the scope of educational and applied research. As Kline [32] points out, in
applied settings, methodological decisions are often guided by theoretical coherence and
practical relevance rather than strict statistical conventions. Moreover, Cohen [31] provides
benchmarks for interpreting R? values, suggesting that 0.02, 0.15, and 0.35 represent small,
medium, and large effect sizes, respectively. Accordingly, the observed R? values (e.g.,
0.209 and 0.11) fall within a medium range and provide meaningful insights into the rela-
tionship between prompt strategies and response quality. In addition, the use of a six-point
scale in this study supports treating the variable as continuous, as research suggests that
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Likert-type scales with five or more points can be analyzed as continuous variables without
compromising validity [33].

4.3. Description of Simple and Complex Strategies

To address Objective 3, a Rasch analysis [34,35] with a dichotomous model was
conducted in Jamovi. The analysis was performed separately for each dimension.

To achieve Objective 3, which aimed to characterize both simple and complex prompt-
ing strategies, the responses were first coded dichotomously based on the presence or
absence of correct strategy use. Subsequently, the Rasch model was selected and applied
for the analysis, as it allows for the estimation of item difficulty by transforming categor-
ical (dichotomous) responses into an interval-level logit scale. This enables an objective
comparison of item difficulty across the set.

Contextual Strategies. The MADaQ3 (mean of absolute values of centered Q3) was
0.124, and the p-value exceeded the threshold for significance (p = 0.375), thereby satisfying
the assumption of local independence [36]. Additionally, all Q3 correlations were below 0.3.
CT1 and CT2 were categorized as moderately difficult, with 59% and 47% of participants,
respectively, providing correct responses. RBT21 was considered difficult, as only 31% of
participants responded correctly (see Table 8).

Table 8. Item statistics—dichotomous model for contextual strategies and Q3 correlation matrix.

Item Statistics Q3 Correlation Matrix

Proportion Measure S.E. Measure Infit Outfit CT2 CT1 RBT21
CT2 0.478 0.184 0.355 0.771 0.624 CT2 —
CT1 0.594 —0.83 0.358 0.81 0.582 CT1 0.004 —
RBT21 0.319 1.615 0.37 0.905 0.809 RBT21 —0.277 —0.274 —

Note. Infit= Information-weighted mean square statistic; Outfit = Outlier-sensitive means square statistic.

Purpose-Related Strategies. The MADaQ3 value was 0.00, with a corresponding
p-value greater than 0.05 (p = 1.000), thereby satisfying the assumption of local indepen-
dence. All Q3 correlations remained below the 0.3 threshold. Techniques CT5 and RBT19
were classified as difficult, with only 21% and 14% of participants, respectively, providing
correct responses (see Table 9).

Table 9. Item statistics—dichotomous model for purpose-related strategies and Q3 correlation matrix.

Item Statistics Q3 Correlation Matrix

Proportion Measure S.E. Measure Infit Outfit CT5 RBT19
CT5 0.217 2.05 0.363 0.968 0.963 CT5 —
RBT19 0.145 2.8 0.414 0.975 0.954 RBT19 —0.263 —

Note. Infit = Information-weighted mean square statistic; Outfit = Outlier-sensitive means square statistic.

5. Discussion

This study aimed to explore the relationship between prompting techniques written
in Spanish and the responses generated by a large language model (LLMs), specifically
ChatGPT (free version 3.5), as employed by higher education students. Additionally, the
study examined how these techniques clustered into emergent strategies and assessed their
overall impact on ChatGPT’s output quality.

To achieve this purpose, the present research aimed to fulfill the following three
key objectives: (i) to identify the emerging prompt strategies employed by higher edu-
cation students; (ii) to examine the relationship between the types of techniques used
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to formulate prompts and the quality of the responses generated by the large language
model (LLM); and (iii) to describe both simple and complex strategies observed in students’
prompt-writing processes.

From the literature review, we preliminarily proposed two categories of techniques:
circumstantial and request-based. Circumstantial techniques were defined as those that
provide context and structure to the prompt, forming a foundational layer that guides
the interaction. Conversely, request-based techniques refer to those explicitly designed
to articulate the query or task directed to the LLMs. For this study, 10 circumstantial
techniques and 11 request-based techniques were identified and defined (see Tables 1 and 2).
This categorization served as a practical synthesis of existing research, offering a structured
framework that was applied to analyze the students’ prompt-writing practice.

The key contribution of this study lies in the evidence it provides regarding the impact
of prompt engineering strategies on the quality of responses generated by ChatGPT in
Spanish. Two emergent strategies were identified, each clustering distinct prompt engi-
neering techniques systematically identified in this research: (i) Guide Contextualization
Strategy (GCS) and (ii) Specific Purpose Strategy (SPS). The GCS clusters techniques that
focus on providing an informative framework to structure the language model’s response
generation, ensuring that the Al operates within a well-defined context. In contrast, the
SPS group’s techniques aimed at directing the model’s output by explicitly stating the
underlying purpose of the request, thereby shaping the Al’s response toward a specific goal.
The characteristics and distinctions of each strategy are detailed in the following sections.

Three techniques were clustered into the group of contextual strategies (GCS). The
linear regression analysis revealed that CT1 (Context), CI2 (Ambiguity Reduction), and
RBT21 (Request with Context) had a significant effect on the quality of responses generated
by the model, F (1, 67) =17.7, p < 0.001, R2 =0.209, B = 0.457. These findings indicate that
incorporating contextual information into prompts enhances the accuracy and relevance of
the generated outputs.

Although the R? value of 0.209 may appear modest, it aligns with the medium effect
size threshold proposed by Cohen [31], who defined values of 0.02, 0.15, and 0.35 as small,
medium, and large, respectively. In the context of educational and behavioral research,
such effect sizes are considered meaningful, particularly when dealing with complex
phenomena influenced by multiple factors. Therefore, the conclusion that incorporating
contextual information into prompts enhances the accuracy and relevance of the gener-
ated outputs remains valid, as it is supported by a statistically significant and practically
relevant association.

In addition, the analysis of tetrachoric correlations revealed a strong association
between CT1 (Context) and CT2 (Ambiguity Reduction), rt = 0.933, suggesting that these
techniques are frequently employed together. CT1 also demonstrated positive correlations
with CT5 (Goal or Purpose Indicator), rt = 0.680, and RBT21 (Request with Context),
rt = 0.801, indicating that students who apply contextual strategies tend to incorporate
elements that clarify the purpose of their prompts.

In contrast, RBT14 (Open-Ended Question Request) showed strong negative corre-
lations with CT1, rt = —0.842, and CT2, rt = —0.866, suggesting that this technique may
reduce the likelihood of using clearly contextualized prompting strategies. A possible
interpretation is that, in some cases, when students formulate entirely open-ended ques-
tions without anchoring them to specific topics or goals, they may overlook key contextual
elements needed to guide the generative model effectively. This could result in prompts
that lack precision or relevance, potentially affecting the quality and specificity of the
Al-generated responses. These findings underscore the importance of fostering a balance
between openness and contextual framing in the development of prompt engineering skills.
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These findings are consistent with previous research that has identified the use of
contextual information as a crucial factor in generating more accurate responses from
LLMs. For example, Eager and Brunton [16] highlight the importance of providing a clear
and structured context to optimize interactions with LLMs. In this sense, the clarity and
specificity of prompts are presented as key factors in obtaining more accurate outputs.
Nonetheless, while previous studies have examined these strategies in expert-designed
environments, our research focused on the spontaneous interactions between students
and ChatGPT, offering a closer perspective on the real-world use of these tools in higher
education contexts.

On the other hand, the SPS (Strategies with Purpose Specification) cluster grouped two
techniques: CT5 (Goal or Purpose Indicator) and RBT19 (Request with Purpose), both of
which demonstrated a significant association with response quality, F (1, 67) = 8.58, p = 0.005,
RZ =0.114, B = 0.337. However, the observed effect was smaller than that of the GCS cluster,
suggesting that while explicitly articulating the intended purpose in prompts can improve
interactions with generative Al, its effective implementation may require a higher level of
linguistic proficiency and a deeper understanding of LLMs’ operational principles.

These results are consistent with the systematic review conducted by Lee and
Palmer [37], who emphasize the importance of users clearly defining their objectives
when interacting with Al to maximize effectiveness. Nonetheless, their study revealed that
students encounter difficulties in implementing these strategies, suggesting the need for
more specialized training in prompt engineering.

Building on this discussion, Figure 3 presents a synthesis of the findings from this
study, summarizing the relationships between the identified strategies and their impact on
response quality.

Quality of responses

v
Conteftl::ﬁzation gpediflsfuigese
Strategy (SPS)

Strateg‘v (GCS)

RBT21

@S RBT19
CT2 R "
(Ambiguity ( :f:::s (Goal or (Req.uest
Reduction) Purpose with
Context) Indicator) Purpose)

Figure 3. Classification of strategies associated with response quality.

The findings of this study indicate that the techniques grouped within GCS and
SPE align with certain prompt engineering strategies documented in the literature. In
particular, the techniques classified under GCS share multiple characteristics with the few-
shot prompting strategy [21,38,39]. According to Walter [40], incorporating examples and
contextual information within a prompt can significantly enhance the quality of responses
generated by LLMs. Additionally, Henrickson and Merofio-Pefiuela [41] highlight that
prompts enriched with prior contextual information are more likely to generate meaningful
responses. This observation aligns with the findings of this study, particularly regarding the
impact of CT1 (context) and CT2 (ambiguity reduction) on response accuracy. These results
suggest that providing a clear contextual framework is a crucial factor in interactions with
Al models—an insight that has been consistently identified in few-shot learning research.
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Conversely, the techniques grouped under SPS align with strategies that emphasize
the explicit formulation of purpose within the prompt. Previous studies have indicated
that clearly defining the user’s objectives can enhance interactions with LLMs [16]. In
particular, Lee and Palmer [37] stress the importance of users establishing well-defined
objectives when interacting with Al models. However, their findings also suggest that
students struggle to implement these strategies effectively without prior Al literacy in
prompt engineering. This observation is consistent with the results of the present study,
where SPE demonstrated a weaker effect on response quality compared to GCS, reinforcing
the notion that explicit purpose formulation alone may be insufficient without a deeper
understanding of how LLMs function.

Furthermore, the literature has identified persona prompting as an effective technique
for enhancing interactions with LLMs [11,42]. Although this technique was not explicitly
analyzed in the present study; its potential relationship with RBT21 (request with context)
warrants further investigation. This is because RBT21, like persona prompting, incorpo-
rates a contextual framework in the formulation of requests, making it similar to the role
personalization characteristic of persona prompting.

In summary, the findings of this study provide evidence on the importance of con-
textualization and clear objective definition in the formulation of prompts in Spanish.
These results align with previous research on few-shot prompting, persona prompting,
and strategies for structuring objectives in interactions with GenAl. However, while many
of these studies have been conducted in controlled environments with expert Al users,
this research focused on the spontaneous interactions of higher education students with
ChatGPT, offering a more authentic perspective on its real-world use in academic settings.

While this study focuses on the functional aspects of prompt construction—specifically
the use of circumstantial and request-based techniques—it is also important to recognize
that linguistic features, such as sentence complexity and grammatical mood, significantly
influence LLM behavior. These language-level dimensions were addressed in a recent
study conducted by our team, which examined how variations in grammatical structure
affect the perceived quality of Al-generated responses in Spanish-language prompts [27].

Implications of This Work in the Field of Higher Education

The results of this study have significant implications for the development of Al
literacy programs in education. As Holmes [43] suggests, it is essential to recognize that
the relationship between Al and education is more complex than might initially appear,
with misunderstandings often stemming from a lack of comprehensive research [44].

Al literacy encompasses not only technical knowledge but also the ability to engage
effectively with the ethical and societal implications of Al technology. In contemporary
classrooms, Al literacy must complement traditional learning approaches, equipping
students with essential skills to critically assess, interact with, and leverage Al across
various aspects of their lives. As an emerging field with immense potential, Al literacy
also faces the challenge of early adoption. The difficulty lies not only in imparting tech-
nical proficiency but also in fostering a comprehensive understanding of Al’s broader
impact—whether social, psychological, or economic [40].

Figure 4 presents a methodological framework for structuring interactions with large
LLMs through prompts. This framework illustrates the iterative nature of the process,
where students formulate prompts using their grammatical skills and prompt engineering
strategies, receive responses from the LLM, and evaluate the quality of those responses. If
the output is satisfactory, it is accepted; if not, the process restarts with a reformulation of
the prompt.
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Interaction with the LLM through the prompt
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Figure 4. Proposed methodological framework for interacting with LLMs. This figure highlights the
role of grammatical skills and prompt strategies in shaping the initial input, followed by Al-generated
responses that are evaluated for quality. The horizontal arrows indicate that this process is iterative:
users can revise their prompts based on unsatisfactory outputs. The vertical flow underscores the
foundational influence of grammatical skills across all stages.

The diagram highlights two foundational components that shape the initial interaction:
grammatical skills and prompt strategies. Grammatical performance—particularly in
verb selection and syntactic structure—plays a critical role in the clarity and precision of
the prompt.

For instance, the use of the subjunctive mood in Spanish, which introduces complex-
ity absent in English, can affect how the model interprets and generates responses [27].
Similarly, compound or subordinate sentence structures can be associated with both the
semantic richness and processing of user inputs. As Bozkurt and Sharma [45] note, subtle
linguistic variations can significantly impact the relevance of Al-generated content.

Prompt strategies refer to the techniques employed to guide the model toward the in-
tended outcome. These include contextualization, goal setting, and structured formulation.
A prompt serves as an input to a generative Al model, guiding the nature and quality of its
output [9,10]. As described by Schulhoff et al. [3], well-crafted prompts can improve the
coherence, depth, and factual accuracy of LLM outputs. However, as recent studies show,
these strategies are still not widely understood by students and require explicit training
within Al literacy programs [46—48].

The evaluation phase is essential for determining whether the output meets the user’s
expectations. This involves critical thinking, the ability to contrast sources, and ethical
awareness regarding intellectual property, bias, and reliability [40]. The cyclical nature
of the model recognizes that achieving a satisfactory response often requires multiple
iterations and refined prompt constructions, reinforcing the importance of deliberate
interaction design.
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This iterative process also reflects how users in higher education evaluate Al-generated
outputs based on a web of interconnected factors, including trust, privacy, and security.
While some studies identify trust as a decisive factor in adoption [49], others report it as
less influential [6], suggesting that privacy and security concerns may mediate or moderate
its effect. In this educational context, a systems-thinking perspective is essential to grasp
how students’ decisions to adopt and engage with GenAl tools are shaped by multiple,
interrelated influences [50].

The findings of this study could have meaningful pedagogical implications, partic-
ularly for informing the design of educational interventions aimed at supporting novice
users in their interactions with GenAl. The proposed framework might serve as a basis for
training programs that foster the development of key competencies—such as grammat-
ical precision, effective use of prompting strategies, and critical evaluation of responses.
Educators could design scaffolded learning experiences that guide students in the itera-
tive refinement of prompts, encourage experimentation with different prompt types, and
promote reflective assessment of Al outputs. Incorporating these elements into Al liter-
acy curricula might contribute to bridging the gap between basic usage and meaningful,
responsible engagement with generative Al tools.

It is important to note that, as an exploratory study, the findings should be interpreted
as preliminary and hypothesis-generating. Further empirical research, including longitudi-
nal and cross-cultural studies, is necessary to validate and extend the proposed framework.

6. Conclusions

This exploratory study provides evidence on the impact of prompt engineering strate-
gies on the quality of responses generated by ChatGPT (free version 3.5) in Spanish. Ana-
lyzing the techniques used by 102 higher education students, two emergent strategies were
identified: the Guide Contextualization Strategy (GCS) and the Specific Purpose Strategy
(SPS). The first strategy emphasizes the use of contextual information to guide response
generation, while the second focuses on the explicit formulation of the request’s purpose.

The results indicate that GCS is more strongly associated with response quality, rein-
forcing the importance of providing a clear contextual framework to enhance the precision
and relevance of interactions with GenAl models. On the other hand, the lower impact of
SPS suggests that simply stating the purpose of a request is insufficient unless students
also possess a deeper understanding of how LLMs function. This highlights a potential gap
in Al literacy, where users may struggle to translate well-defined objectives into effective
prompt formulations.

These findings align with prior research on few-shot prompting, persona prompting,
and structured objective-setting strategies in interactions with GenAl. However, a key
distinction of this study lies in its focus on spontaneous student interactions with ChatGPT,
as opposed to controlled environments led by Al experts. This methodological approach
offers a closer approximation to the real world.

Al usage in higher education, capturing how students naturally engage with LLMs
in academic settings. The results suggest that, while context-driven strategies align with
established prompting techniques, students may require additional support to refine their
use of structured request-based approaches.

From an educational perspective, these findings reinforce the importance of develop-
ing Al digital literacy programs that extend beyond technical knowledge of GenAI models
and equip students with effective prompt engineering strategies. The methodological
framework proposed in this study, encompassing four key dimensions—grammatical skills;
prompt strategies; response from the LLM; and evaluation of response quality—serves as a
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foundation for future initiatives aimed at fostering critical and effective engagement with
GenAl in Spanish-speaking contexts.

As an exploratory study, this research underscores the need for further investigation
into the relationship between GenAl and prompt engineering performance, considering
factors such as language proficiency, users’ disciplinary backgrounds, and the impact of Al
digital literacy programs. Additionally, future research should examine how these strategies
manifest across different languages and educational settings and assess the effectiveness of
interventions designed to enhance students” Al interaction skills. Given the preliminary
nature of our findings, we emphasize the importance of replicating this study in broader
and more diverse educational contexts to validate the results and explore their applicability
at scale. Ultimately, these insights contribute to a growing understanding of how learners
engage with Al in academic contexts, reinforcing the need for tailored educational strategies
that bridge the gap between technological advancement and pedagogical practice.

7. Limitations

This exploratory study was conducted with a limited sample of higher education
students from the Biobio region in Chile. While the findings underscore the relevance of
two emerging strategies for interacting with LLMs, further research is necessary to validate
these results and evaluate their applicability across diverse educational settings.

Although the proposed framework provides insights into how higher education
students interact with GenAl tools in Spanish, it is important to acknowledge the contextual
limitations of this study. The findings are based on a non-probabilistic sample from two
universities in the Biobio region of Chile and cannot be generalized to all Spanish-speaking
learners or higher education contexts without further cross-cultural validation. Future
research should include comparative studies across diverse cultural and linguistic settings
to assess the broader applicability and adaptability of the framework.
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