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ABSTRACT 

This study introduces the development and validation of an analytical rubric designed to teach sixth-grade 

students how to write effective prompts. An initial draft rubric was developed based on a literature review on 

ChatGPT and prompt engineering, as well as the opinions of seven experts. The rubric was piloted with 32 

sixth-grade students. We re-evaluated content validity, assessed construct validity through factor analysis, and 

measured internal consistency through Cronbach’s alpha. During validation, four items were removed due to 

low common variance, and item 10 was excluded for redundancy. The final version demonstrated robust 

construct validity and internal consistency. Moreover, the Fleiss’ kappa value of 0.29 showed fair to moderate 

interrater agreement. Implications for Practice or Policy: This section presents implications for educators, 

policymakers, students, and researchers: (1) Policymakers can create assessment tools aligned with AI-

integrated curricula, using the developed rubric as a guide. (2) Educators can use the rubric for lesson planning, 

assessing prior knowledge, and measuring skill development. (3) Researchers may build foundational K-12 

assessment studies based on this work. (4) Students can enhance their AI communication by writing clearer, 

more polite, and purposeful prompts, thereby improving their written expression and self-assessment skills. 

Keywords: Artificial intelligence prompt, ChatGBT 3.5, K-12, Validity and reliability, Writing rubric 

 

INTRODUCTION 

The concept of intelligence 

Intelligence has long been regarded as one of the core concepts that has captivated philosophers, psychologists, 

and scientists from Ancient Greece to the present day (Sternberg, 2005). Despite its enduring significance, there 

is still no consensus among researchers regarding the nature and scope of intelligence (Woodcock, R. W.,1990; 

Solso, 1995; Halonen & Santrock, 1996). While intelligence is often described as one’s ability to adapt to their 

environment, solve problems, and learn from experience, how these processes function across different contexts 

remains a subject of ongoing debate (Sternberg, 2005). In this debate, various theorists proposed differing 

classifications of the core abilities that constitute intelligence. Spearman’s Theory of General Intelligence, for 

example, claims that intelligence is a unified construct, with mental energy serving as the driving force behind 

all cognitive actions (Köksal, 2007). In contrast, Thorndike’s (1920) Multifactor Theory conceptualizes 

intelligence as the capacity to effectively navigate novel situations and respond with appropriate solutions. 

Similarly, Sternberg’s (1985) Triarchic Theory of Intelligence divides intelligence into three interrelated 

dimensions: analytical, creative, and practical. These frameworks offer more comprehensive perspectives on 

human intelligence and contribute significantly to our understanding of cognitive processes. 

 

Research on intelligence has consistently highlighted problem-solving, decision-making, and environmental 

adaptability as core components of the construct (Sutarso, 1998; Budak, 2000; Rau, 2001). These components 

suggest that intelligence is not solely rooted in cognitive processes but is also closely linked to physical and 

emotional domains (Damasio, 1999). In this context, Piaget defined intelligence as one’s ability to adapt to their 

environment and organize their thoughts and behaviors accordingly (Clark, 2019). By the 1980s, intelligence 

began to be understood as a measurable construct, often expressed through intelligence quotient (IQ) scores 

(Hoerr, 2000). Alfred Binet laid the foundation for the IQ concept by developing the first systematic intelligence 

test aimed at determining children’s mental age (Myers, 1998). However, subsequent research demonstrated that 

IQ tests fall short of capturing the full scope of an individual’s cognitive potential, emphasizing the need to 
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conceptualize intelligence as a multidimensional construct (Riggio et al., 2002). Similarly, Wechsler (1943) 

argued that intelligence assessments should encompass not only cognitive but also emotional and social 

components. Supporting this perspective, Gardner (1983; 1999) proposed the theory of multiple intelligences, 

contending that intelligence extends beyond mathematical and linguistic abilities and that individuals may 

exhibit exceptional strengths across various domains. These diverse efforts to understand human intelligence 

have laid the groundwork for developing models that mimic cognitive processes, ultimately enhancing 

machines’ capacity to learn, solve problems, and adapt to their environments (McCarthy, 2007). Furthermore, 

these theoretical advancements have played a foundational role in shaping the field of artificial intelligence (AI). 

Notably, McCarthy (2007) redefined intelligence not as an exclusively human trait but as a phenomenon 

observable in some animals and even certain machines, thereby broadening the definition to include artificial 

entities. 

 

Artificial intelligence 

The concept of machine intelligence first entered academic discourse in 1950 through Alan Turing’s seminal 

question, “Can machines think?”, which laid the foundation for what became known as the Turing Test. This 

test was designed to evaluate whether a machine could exhibit human-like cognitive abilities. In the test, a 

human evaluator engaged in written communication with two participants– one human and one machine. If the 

evaluator could not reliably distinguish the responses from the machine from those from the human, the machine 

was considered to have the ability to think (Turing, 1950). Turing’s work provided a theoretical framework that 

not only established the foundation of AI but also guided the development of modern AI systems. Over time, 

this framework has spurred practical applications of AI across a wide range of fields, including education, 

healthcare, finance, agriculture, industry, retail, security, transportation, logistics, law, and the creative 

industries. For example, an AI-based portable electronic assistive device was developed to support visually 

impaired individuals in navigating their environments independently (Shariff, 2020). Similarly, AI has been 

employed to detect safety and quality issues, while it has been used to automate personalized advertisement 

targeting (Davenport & Ronanki, 2021). In the field of education, particularly in language learning, AI 

applications have been developed for speech and pronunciation recognition, as well as for answering student 

queries, thus demonstrating the potential to support personalized learning processes (Hill et al., 2015). These 

diverse implementations have led to varying definitions of AI, tailored to the specific needs and perspectives of 

each discipline. Computer engineers, for instance, describe AI as a form of machine learning that utilizes 

artificial neural networks to apply algorithms to data for pattern recognition, decision-making, and predictive 

analysis (Say, 2018; Marr, 2020; Chivers, 2020; Yılmaz, 2022). In the field of medicine, scholars conceptualize 

AI within the framework of the “artificial human” (Aydın & Değirmenci, 2018), while philosophers explore its 

implications for consciousness, mind, and reasoning (Köse, 2022). Education researchers, on the other hand, 

describe AI in terms of its parallels with cognitive processes, focusing on a computer’s ability to reason, solve 

problems, generalize, adapt, comprehend language, and make decisions in ways that resemble human cognition 

(Shidiq, 2023).  

 

The combination of high computational power, vast data volumes, and advanced machine learning algorithms 

has recently driven significant progress in AI-based technologies (Russell, 2021). Thus, the capabilities of 

artificial intelligence now extend far beyond language processing and decision-making; they encompass a 

broader spectrum that includes visual perception, learning, autonomous action, and even creative thinking 

(Altıntop, 2023). In parallel with this expansion, numerous models have emerged, many of which are trained 

using complex architectures such as artificial neural networks developed through deep learning techniques 

(Goodfellow et al., 2016). Among the most notable are large language models (LLMs) built on transformer-

based architectures (Sutton& Baro, 2018), which have become closely associated with AI in the public 

imagination, evident in the widespread use of voice and text assistants (e.g., Siri, Alexa, and ChatGPT). 

Particularly, generative AI tools, including language models and visual content generators, have enhanced users’ 

productivity and enabled them to perform various tasks more efficiently (Kutlucan & Seferoğlu, 2024). One 

such tool is Chatbot Generative Pre-Trained Transformer (ChatGPT), released by OpenAI at the end of 2022 

(ExcelinEd, 2023). Free access and its ability to produce highly relevant responses to user prompts (Günbatar & 

Ağgün, 2024) have underscored the growing necessity for clear and effective communication in written 

interaction with AI. This form of communication is defined by the concept of a “prompt,” which refers to the 

initial input text designed to elicit a specific response from a language model (Bea et al., 2024). In other words, 

a prompt functions as a guiding input that steers the output toward a particular task (Brown et al., 2020). In this 

regard, the technique known as “prompt engineering” assumes a key role in optimizing the performance of AI 

systems. 

 

Prompt engineering refers to the strategic formulation of natural language inputs and the refinement of 

interactions with LLMs. Prompts—consisting of task instructions, input data, and the expected output format 
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serve as a critical interface between human intent and machine response during the inference phase. Among the 

overall prompt strategies outlined by OpenAI, several stand out: articulating tasks and expected outputs with 

precision, supplying reference texts to minimize hallucinated content, decomposing complex assignments into 

manageable components, and allowing the model time to engage in reasoning processes (OpenAI, n.d.). In this 

light, the crafting of effective prompts is increasingly recognized as a pivotal factor influencing both the 

relevance and accuracy of LLM-generated outputs. Systematic prompt design plays a crucial role in optimizing 

model performance and tailoring outputs to specific needs (Mesko, 2023; Chakraborty et al., 2024; Schulhoff et 

al., 2024). Moreover, prompt strategies may be categorized based on their underlying objectives—ranging from 

guiding model behavior without the need for retraining to fostering reasoning capabilities and mitigating the risk 

of misinformation (Chakraborty et al., 2024). Anchored in these strategic insights, we developed a series of 

prompt steps and identified related behavioral subcomponents. Accordingly, the prompt dimensions and their 

corresponding behavioral indicators were structured as follows:  

1.Clarity and Precision in Task Definition (a) Clearly articulates their requests when defining the task to a 

language-based AI. (b)Breaks down the task into small, manageable components as concise sentences. 

2. Profile Creation (a) Creates a level-appropriate profile to guide the AI’s responses. 

3. Grammar Usage and Expression (a) Adheres to grammatical rules. (b) Provides accurate commands when 

defining the task for the language-based AI. (c) Enhances the effectiveness of the prompt by using adjectives, 

conjunctions, and adverbs correctly. 

4. Politeness and Professional Tone (a) Employs polite expressions when interacting with the language-based 

AI. (b) Adopts a tone consistent with the defined task and user profile. 

5. Output Refinement and Attention to Detail (a) Evaluates the generated output. (b) Writes follow-up prompts 

with refined details to complete or improve nuanced aspects of the output.   

6. Critical Evaluation and Verification of Information (a) Critically evaluates the accuracy and reliability of the 

information provided by the language-based AI. 

 

Measuring these dimensions and behavioral indicators, alongside evaluating students’ academic performance, 

plays a critical role in analyzing the effectiveness of instructional processes (Ministry of National Education 

[MoNE], 2024). In this regard, the development of a valid and reliable tool for assessing prompt writing skills is 

considered essential. Guided by this need, the present study aims to develop a rubric capable of validly and 

reliably assessing the prompt writing competencies of sixth-grade students.   

 

Rubrics, recognized as a specialized form of checklist, serve not only to articulate the ideal qualities of a 

completed task to students but also to provide teachers with a structured mechanism for assessing and scoring 

student performance in detail. Rubrics outline a set of specific criteria, each accompanied by clearly defined 

performance levels, which makes them effective tools not only for evaluating performance but also for tracking 

student progress and guiding learning (Brookhart, 2013). With access to these scoring criteria, students are 

better equipped to understand the expectations for improving their future work (Moskal & Leydens, 2000). In 

addition, rubrics enable individuals to assess their own performance (Mertler, 2001; Oakleaf, 2009), while 

offering both teachers and students constructive feedback on their strengths and weaknesses (Hall & Salmon, 

2003). Teachers can also systematically monitor learners’ progress toward achieving educational goals through 

rubric-based assessment (Arter, 2002).   

 

Rubrics are often classified into two main categories: holistic and analytic. While holistic rubrics provide an 

overall assessment of a student’s work (Taggart et al., 1998), analytic rubrics examine student performance in 

detail, aligned with specific learning objectives, and are regarded as one of the most effective and widely used 

assessment tools (Reeves, 2011). Due to their structured and targeted nature, analytic rubrics are often seen as 

more practical and comprehensive than holistic ones (Amanvermez İncirkuş & Beyreli, 2019). In this sense, we 

adopted an analytic rubric in this study to assess sixth-grade students’ written communication skills using 

language-based AI tools, specifically ChatGPT. In developing the rubric, we followed the steps outlined by 

Goodrich Andrade (2001), including identifying the assessment criteria, defining the levels of performance, and 

consulting expert opinions to ensure the validity and clarity of the rubric. Then, we performed a comprehensive 

analysis to assess the validity and reliability of this rubric. 

 

Literature review 

In the relevant literature, a plethora of studies focus on forming a solid theoretical foundation for analysis by 

scrutinizing the role of ChatGPT and similar AI tools in education, the significance of prompt instruction, the 

function of rubrics in educational settings, and the necessity of evaluating prompts. In the realm of education, a 

growing body of research has emerged regarding the integration of language-based AI tools, with increasing 

attention being paid to the pedagogical applications of ChatGPT. Recent studies have explored the multifaceted 

role of ChatGPT in instructional contexts. For example, Qureshi (2023) noted that universities attempt to 
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leverage technology to enhance student learning and that instructors serve as facilitators in this process. 

Similarly, Mhlanga (2023) reported that ChatGPT is currently under examination for a variety of academic 

purposes, including instruction delivery, language learning, educational feedback, and assessment. Advances in 

AI models enable the development of innovative educational applications capable of fundamentally 

transforming learning experiences. Chiu et al. (2024) examined the educational potential of ChatGPT and other 

AI technologies, highlighting their capacity to personalize student learning and enhance engagement. Moreover, 

AI tools support teachers in tailoring lessons to individual needs and hold promises for fostering personalized 

learning experiences in university settings (Vatansever, 2024). Xu (2022) further emphasized that AI can serve 

as a valuable aid in problem-solving and rapid-response scenarios, particularly within STEM (Science, 

Technology, Engineering, Mathematics) education. In their 2024 bibliometric analysis on ChatGPT-based 

learning, Ching-Yi Chang and colleagues found that its use was most concentrated in educational technology, 

English language learning, and STEAM (Science, Technology, Engineering, Art & Mathematics)-related 

studies. 

 

Previous research on prompt engineering indicated that the quality of prompts significantly influences the 

quality of output generated by LLMs for relevant tasks (Knoth et al., 2024). In their study exploring the relation 

between AI literacy and prompt engineering skills among university students, Knoth et al. (2024) presented 

experimental evidence showing that advanced prompt engineering fosters the production of higher-quality LLM 

outputs and enhances users’ ability to harness the potential of such technologies more effectively. Prompt 

writing is positioned as a measurable skill that distinguishes individuals who can productively utilize LLMs 

from those who struggle to generate desired outcomes. Another study highlighted that while individuals without 

expertise in AI can engage in prompt engineering, their limited understanding of LLM capabilities and the 

tendency to mimic human-human instructions hinder systematic progress (Zamfirescu-Pereira et al., 2023). 

Similarly, relevant research showed that students often approach LLM-based AI systems as though interacting 

with a human, using socially desirable phrases such as ‘Hello!’ and ‘Thank you.’ This behavior is attributed to 

the human-like interfaces and conversational abilities of LLMs, which lead users to anthropomorphize these 

systems (Bewersdorff et al., 2025). Collectively, the previous research underscores the significance of equipping 

individuals, particularly K-12 students, with prompt engineering skills. 

 

Although several studies examined the educational applications of ChatGPT at the K-12 level, research 

specifically focused on assessing students’ prompt writing skills remains notably scarce. Among the limited 

body of work, Kobara et al. (2024) developed analytic rubrics to assess learning outcomes within AI education 

programs for K-12 students and analyzed the reliability of these rubrics through an AI-focused educational 

workshop. The findings revealed that, while the rubric demonstrated internal consistency, its inter-rater 

reliability remained poor. The study highlights the need for more tailored rubrics and the identification of 

appropriate methods for assessing learning outcomes. 

 

Ultimately, the analytic rubric developed in the present study (Appendix A) is expected to contribute to the 

evaluation of prompt writing skills at the K-12 level. Moreover, we anticipate that while both researchers and 

practitioners can reap such a context-specific analytic assessment tool, our findings will guide future rubric 

development efforts in this emerging area. 

 

THE STUDY 

In this study, we employed a methodological design to ensure the validity and reliability of the rubric developed. 

During the 2023–2024 academic year, we administered the draft version of the rubric to 32 sixth-grade students 

attending a private school located on the European side of Istanbul. Two teachers and one researcher then 

evaluated the rubric. In the development and validation phases of the rubric that assesses the commands from 

students during their interactions with ChatGPT 3.5 and their prompt writing steps, we adhered to the following 

steps (Taggart et al., 1998; Brookhart, 2013; Schoepp et al., 2018; Amanvermez İncirkuş & Beyreli, 2019; 

Bhatnagar et al., 2021):   

 

Reviewing the literature on prompt engineering and ChatGPT  

Initially, we identified the key components of prompt writing based on the existing literature on prompt 

engineering and ChatGPT (Spasić & Janković, 2023; Vairamani & Nayyar, 2024; Öz, 2024; Lindley & 

Whitham, 2024; Li & Klabjan, 2024; Ein-Dor et al., 2024; OpenAI, n.d.; Prompting Guide, 2025). In AI-

mediated writing tasks, the process of generating commands is grounded in a conceptual formula that consists of 

three main elements: the task, the instructions, and the role (John, 2023). The ‘task’ refers to clearly and 

explicitly stating what the prompt aims to achieve. In the pilot study, an example of such a task was having 

students instruct a language-based AI model to compose a poem. ‘Instructions’ denote the steps the AI model is 

expected to follow in executing the task, while the ‘role’ defines the persona/profile the model should adopt 
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while generating the text (Melanson & Maman, 2024). In this study, we noted that students asked ChatGPT to 

adopt the perspective of a sixth-grade student and to produce poems suited to that level. Accordingly, as prompt 

writing skills need to be designed in alignment with students’ language and written communication abilities, we 

identified appropriate criteria and tasks for the assessment process. 

 

Creating a draft rubric 

In constructing the dimensions of the prompt rubric, we utilized both native language learning outcomes and 

Information and Communication Technologies (ICT) curriculum objectives as foundational criteria, as these are 

considered prerequisites for the language and written communication skills underpinning prompt writing steps. 

We tried to ensure that the tasks expected to be carried out using AI tools for text generation were aligned with 

the topics covered in class. Accordingly, key aspects of native language competencies (e.g., grammar, spelling 

conventions, and expression) were incorporated into the rubric as sub-dimensions. In addition, we included 

complete and error-free writing, as well as the use of polite language, in the draft rubric as sub-dimensions and 

observable behaviors to be assessed (Oz, 2023). The draft rubric consists of 7 dimensions and includes 11 

behavioral indicators evaluated across four performance levels: Excellent, Proficient ,Basic, and Needs 

Improvement. We structured the drafting process of the rubric around the following steps to ensure its validity 

and reliability.  

 

FINDINGS 

Calculating content validity rates and content validity indices through expert opinions 

To ensure the content validity of the draft rubric, we refined the items based on feedback from seven experts 

employed in various schools and universities. These experts included a computer science teacher, a native 

language teacher, an academic specializing in computer science, two curriculum and instruction specialists, and 

two experts in educational measurement and evaluation. In this process, we employed the Lawshe technique. 

According to Lawshe (1975), the minimum content validity ratio (CVR) value for an instrument evaluated by 

seven experts should be 0.99. Accordingly, we calculated the CVR value to be 1.00 for our draft rubric and 

made several revisions to some rubric items in line with expert opinions. For example, the indicator initially 

worded as “Defines the task to ChatGPT clearly and explicitly” was revised by one expert as “Clearly articulates 

their requests while defining the task to a language-based AI tool.” Another expert recommended including 

adverbs of frequency in the indicator (e.g., always, usually). Moreover, we separated items involving multiple 

actions (e.g., “Always breaks down the task into small, manageable components in concise sentences and 

creates an appropriate profile to complete the task”) into distinct behaviors based on expert opinions, resulting in 

an increased number of indicators. In addition, descriptions under the “Grammar Usage” and “Output 

Refinement and Attention to Detail” dimensions were rewritten to ensure clarity and precision. 

 

Following these revisions, the total number of behavioral indicators increased to 14. We also restructured the 

performance levels based on expert recommendations and finalized them as “Excellent,” “Proficient,” “Partially 

Proficient,” and “Not Proficient.” The findings related to Lawshe’s analysis are presented in Table 1. 

 

Table 1. Findings of the CVR values 

 Relevant Useful/Need 

to be revised 

Irrelevant Total 

number of 

experts 

(N) 

Responses to 

“Relevant” 

Items (NG) 

CVR Decision 

Item 1  4 3  0 7 7 +1.00 Accept 

Item 2 5 2 0  7 7 +1.00 Accept 

Item 3 6 1 0 7 7 +1.00 Accept 

Item 4 5  2  0 7 7 +1.00 Accept 

Item 5 6 1 0 7 7 +1.00 Accept 

Item 6 7  0 0 7 7 +1.00 Accept 

Item 7 5  2  0 7 7 +1.00 Accept 

Item 8 5 2  0 7 7 +1.00 Accept 

Item 9 6  1  0 7 7 +1.00 Accept 

Item 10 6 1  0 7 7 +1.00 Accept 

Item 11 7 0 0 7 7 +1.00 Accept 

 

Pilot study and administering the rubric  

We carried out the pilot study for the draft rubric with the designated sample. A total of 32 sixth-grade students 

received a brief introduction to ChatGPT in their ICT class and were subsequently asked to complete a poetry-

writing task using the platform. To ensure that participants were adequately prepared to complete the task, we 
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administered a Turkish language test to assess their basic language skills before the pilot study. This test helped 

identify deficiencies in students’ language abilities. After providing the necessary support to address these gaps, 

we conducted the pilot study to further test the validity and reliability of the rubric. Prior to implementation, 

ethical approval forms were obtained from the Ministry of National Education, the participating school, the 

affiliated university, and the students’ parents. 

 

In the pilot study, students were allowed to complete the task based on their current written communication 

skills, without prior instruction on how to interact effectively with a language-based AI tool. The poetry-writing 

task allowed for natural language use; therefore, students could engage authentically with the AI. The evaluation 

involved three raters: the researcher, a Turkish language teacher, and an ICT teacher. Each student was assigned 

a single task, resulting in a total of 32 rubric-based assessments. Following the evaluation, we received no 

revision suggestions from the raters. 

 

Establishing the construct validity of the rubric 

We examined the clustering of behavioral indicators in the rubric using factor analysis. Specifically, we 

employed an exploratory factor analysis (EFA) with principal component analysis and orthogonal rotation 

(varimax) to determine the construct validity of this multi-dimensional scoring rubric and to uncover its factorial 

structure. We chose the principal component analysis as it is one of the most commonly used and practical 

methods in practice, while the varimax rotation was selected based on the assumption that there would be no 

correlation between factors. 

 

There were no missing values in the dataset. We also calculated z-scores to detect outliers, and data within the 

range of -3 < z < 3 were retained for analysis. Among the 210 cases, we excluded nine outliers exceeding this 

range. In addition, the following four items with communalities of 0.5 or below were excluded from the 

analysis: “Providing examples in the prompt,” “Specifying key terms (e.g., topic or main idea) that align with 

the task,” “High-level alignment between the output and the prompt,” and “Adhering to grammar rules.” To 

assess the suitability of the dataset for factor analysis, we examined the Kaiser-Meyer-Olkin (KMO) value and 

Bartlett’s test of sphericity. The KMO value was found to be .740, indicating a moderate level of sampling 

adequacy. Bartlett’s test of sphericity produced a statistically significant result, χ²(45) = 1085.443, p < .001, 

confirming that the data exhibited multivariate normality (Büyüköztürk, 2022). We also examined the scree plot 

to explore the dimensionality of the items analyzed through factor analysis (Figure 1). 

 

 
Figure 1. Scree plot 

 

The rubric produced two factors. While the first factor accounted for 42.74% of the total variance, the second 

factor explained 17.08%. Table 2 presents the distribution of items across the factors along with their 

corresponding factor loadings. 
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Table 2. Factorial Structure of the Rubric, Item Factor Loadings, and Item Contributions to Common Variance 

Items Factor 1 Factor 2 Contribution to Common 

Variance 

Item 1 0.84  0.70 

Item 4 0.72  0.54 

Item 9 0.88  0.78 

Item 11 0.88  0.78 

Item 12 0.76  0.64 

Item 13 0.76  0.59 

Item 6  0.89 0.79 

Item 14  0.89 0.79 

Item 8 0.58  0.35 

Item 10  -0.98 0.84 

Eigenvalue 4.26 2.54  

Variance Explained 42.74 17.08  

Total Variance Explained  59.82  

 

Table 2 presents the distribution of the items across two factors, along with their factor loadings, contributions 

to common variance, eigenvalues, and explained variance. Factor loadings indicate the strength of the relations 

between items and the corresponding factors. High factor loadings (.70 and above) suggest that an item is 

strongly represented within that factor (Deniz, 2021). Accordingly, Item 1 demonstrated a strong association 

with Factor 1, with a factor loading of .84, making it one of the key components of this dimension. Item 4 also 

loaded significantly on Factor 1 with a loading of .72. Items 9 and 11 both showed high loadings f .88 on Factor 

1, further emphasizing their salience within this dimension. Items 12 and 13 lso loaded strongly on Factor 1, 

each with a loading of .76, reflecting their close alignment with this dimension. Items 6 and 14 both loaded on 

Factor 2 with a factor loading of .89, indicating their centrality in this dimension. Item 10 exhibited a negative 

factor loading of −.98 on Factor 2, suggesting that it represents an opposing component within this factor. 

Finally, Item 8 had a factor loading of .58 on Factor 1, indicating a relatively lower contribution to this factor. 

 

In this study, only factors with eigenvalues > 1 were retained in the analysis. Accordingly, the factor analysis 

yielded the eigenvalues for these two factors to be 4.26 and 2.54, respectively. Factor 1 accounted for 42.74% of 

the total variance, and Factor 2 explained 17.08%, indicating that together, the two factors explained 59.82% of 

the total variance. This proportion is generally considered acceptable in factor analysis and suggests that the 

scale has an adequately supported construct validity (Field, 2018). 

 

Establishing the reliability of the rubric 

We calculated Cronbach’s alpha coefficients to assess the internal consistency of the two dimensions of the 

rubric. A coefficient closer to 1.00 indicates a higher degree of internal consistency among the items (Kula & 

Mor, 2016). Accordingly, the coefficient was found to be .89 for the seven-item Factor 1 and .76 for the two-

item Factor 2. As both values exceed the commonly accepted threshold of .70, the internal consistency of each 

factor can be considered adequate.  

 

We performed an item analysis to examine the relation between Items 8 and 10. Exploring inter-item 

correlations basically aims to bring further evidence to the internal consistency of a measurement tool and 

explore the association between items (Kilmen, 2022). suggesting that participants scoring highly on one item 

also tended to score highly on the other. This finding also implies a genuine relation between these items rather 

than a random association. Given the size of the dataset (n = 201) for this analysis, this finding further 

contributed to the reliability of the rubric. Correlations between items are often used to assess conceptual 

overlap; while excessively high correlations (e.g., r > .80) may indicate redundancy, values between .40 and .70 

are generally considered acceptable in scale development research (Deniz, 2021). Hence, Item 8 was retained in 

the rubric despite its relatively modest contribution to Factor 1. However, due to its strong inverse loading and 

limited theoretical alignment, Item 10—related to the use of polite language—was excluded from the final 

version of the rubric. 

 

Calculating the inter-rater reliability of the rubric 

Following the examination of the internal consistency of the pilot-tested draft rubric, we evaluated its inter-rater 

reliability using Fleiss’ kappa coefficient. Fleiss’ kappa is a statistical measure used to evaluate the level of 

agreement among multiple raters when classifying a common set of items or individuals into specific categories 

(Fleiss et al., 2003). However, each rating criterion inherently requires its own sub-criteria (Bıkmaz Bilgen & 

Doğan, 2017). Thus, the evaluation involves a progression from numerical judgments to performance-based 
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interpretation, ultimately leading to the measurement of consensus. In this context, assessing the kappa 

coefficient serves as a response to the question: “To what extent did the raters agree?” Accordingly, we 

calculated the inter-rater reliability coefficient using the statsmodels.stats.interrater.fleiss_kappa() function in 

Python. The resulting Fleiss’ kappa value was 0.29, suggesting a fair to moderate level of agreement among 

raters (Sim & Wright, 2005). 

 

DISCUSSION 

In the literature, the study by Mott et al. (2003) highlighted the significant role of analytic rubrics in enhancing 

the reliability and validity of writing assessments, emphasizing their effectiveness in evaluating both written and 

visual narratives. Similarly, Dimopoulos et al. (2013) demonstrated that Learning Analytics-enhanced Rubrics 

(LAe-R) provide more comprehensive and data-driven assessments by integrating traditional rubric structures 

with learning analytics, thereby enabling more objective teacher evaluations and deeper insights into student 

development. Rayon et al. (2014) likewise underscored the importance of enriched rubrics in competency-based 

assessment by illustrating how student performance data can be systematically analyzed through rubric-based 

frameworks. In a related vein, Kocakülah (2021) developed a rubric to assess pre-service teachers’ problem-

solving skills and found that rubric-based assessment supported consistent scoring, accurately captured 

performance, and positively contributed to academic achievement. Collectively, these studies position rubrics as 

foundational tools in data-driven and structured assessment practices within education. 

 

Validity and reliability studies on rubrics, alongside research evaluating student performance through rubric-

based assessments, consistently emphasize the role of rubrics not only as reliable measurement instruments but 

also as pedagogical frameworks that guide instruction, clarify learning objectives, and minimize bias in 

assessment. Rubrics facilitate the integration of assessment with instruction and promote student engagement by 

supporting self- and peer-assessment practices. Moreover, they are widely regarded as authentic assessment 

tools that can be embedded in real-world problem-solving tasks (Mertler, 2001; Oakleaf, 2009; Petropoulou, 

2011; Brookhart, 2013). In this respect, rubric development research assumes a critical role in the effective 

integration of artificial intelligence applications into educational contexts. 

 

Within the context of AI-supported education, acquiring prompt-writing skills for effective communication with 

language-based AI systems and framing these skills within an analytic rubric may facilitate learning processes 

and address individual learner needs. Although a substantial body of research has explored AI-supported 

educational practices—such as enhancing motivation, engagement, classroom participation, academic 

achievement, and decision-making—relatively limited attention has been devoted to the assessment of AI-

related competencies through performance-based tools (Arndt, 2023; Khan et al., 2023; Liu et al., 2020; Paek & 

Kim, 2021; Kumar & Raman, 2022; Winkler & Soellner, 2018; Yılmaz et al., 2021). While previous studies 

support the use of rubrics for evaluating student performance, they have predominantly focused on conceptual 

or outcome-oriented dimensions of learning rather than the procedural skills involved in interacting with AI 

systems. For instance, Kobara et al. (2024) developed analytic rubrics to assess learning outcomes in K–12 AI 

education; however, their findings revealed low inter-rater reliability, suggesting the need for more context-

sensitive and skill-specific assessment criteria. In this regard, the rubric developed in the present study offers a 

valuable contribution by targeting prompt-writing skills as a measurable and assessable component of AI-

supported learning at the K–12 level. 

 

Previous research on assessing learning effectiveness in K–12 artificial intelligence education has largely 

adopted a knowledge-oriented perspective, focusing on students’ conceptual understanding of AI, including 

dimensions such as understanding of AI, methods of AI use, AI–human relationships, and AI ethics (Kobara et 

al., 2024). These approaches primarily evaluate students’ abilities to explain, relate, and generalize AI-related 

concepts. In contrast, the rubric developed in the present study addresses a complementary and relatively 

underexplored dimension of AI education by focusing on students’ prompt-writing performance during 

interactions with language-based AI systems. Rather than assessing what students know about AI, this rubric 

operationalizes how effectively they can communicate with AI to obtain meaningful and accurate outputs. 

Accordingly, the emphasis shifts from conceptual AI literacy to an interactional, procedural, and performance-

based conception of AI literacy. While previous rubrics evaluate students’ explanations of AI usage and ethical 

considerations, the present rubric captures micro-level writing behaviors that directly shape AI-generated 

responses, such as clarity and precision in task definition, decomposition of complex requests, construction of 

appropriate user or role profiles, grammatical accuracy and expressive richness, explicit specification of tone, 

and systematic output refinement through follow-up prompts. Furthermore, the “Critical Evaluation and 

Verification of Information” dimension extends beyond general ethical awareness by assessing students’ active 

evaluation of the accuracy and reliability of AI-generated content. By evaluating students’ engagement in 

iterative prompt–response cycles rather than isolated responses, the rubric aligns closely with authentic 
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classroom practices involving generative AI. Taken together, the rubric does not aim to replace existing AI 

education assessment tools but rather to complement them by bridging the gap between knowing about AI and 

using AI productively. 

 

LIMITATIONS 

This study has several limitations that should be acknowledged. First, the rubric was validated with a relatively 

small sample of 32 sixth-grade students from a single private school in Istanbul, which limits the 

generalizability of the findings to different school types and educational contexts. Second, the study was 

conducted within a single grade level and instructional setting; therefore, the applicability of the rubric to other 

grade levels or subject areas remains to be examined. Third, although inter-rater agreement was assessed using 

two teachers and one researcher, including a larger and more diverse group of raters could provide stronger 

evidence for scoring consistency. Finally, the rubric was developed based on student interactions with ChatGPT 

3.5 within a specific instructional design; thus, its use with other generative AI models or alternative 

instructional approaches requires further validation. 

 

CONCLUSIONS 

In this study, we developed and validated an analytic rubric designed to assess sixth-grade students’ prompt-

writing skills for effective and accurate communication with ChatGPT. The final rubric consists of five primary 

dimensions and nine items, and evidence for its validity and reliability was obtained through expert review, 

exploratory factor analysis, and internal consistency analyses. The factor analysis revealed a robust two-factor 

structure with satisfactory eigenvalues, explained variance, and factor loadings, while communality values 

indicated that the extracted factors adequately represented the items. Reliability analyses demonstrated 

acceptable internal consistency for both factors, and inter-rater agreement, assessed via Fleiss’ kappa, indicated 

a moderate level of consistency among raters. Overall, the findings suggest that the analytic rubric constitutes a 

valid and reliable tool for evaluating K–12 students’ prompt-writing performance and holds promise as a 

benchmark for AI-integrated educational assessment practices. In addition, the rubric supports the development 

of students’ written communication skills by encouraging clarity, precision, appropriate tone, and purposeful 

interaction with language-based AI systems. 

 

IMPLICATIONS AND FUTURE RESEARCH 

Future research may benefit from employing additional methodological approaches, such as confirmatory factor 

analysis, reliability generalization, and consistency checking, to further strengthen the evidence for the rubric’s 

validity and reliability (Kamış & Doğan, 2017). Comparative studies examining alternative assessment tools—

such as holistic rubrics, checklists, or sequential rating scales—may also provide insights into the most effective 

strategies for evaluating prompt-writing skills. To enhance inter-rater consistency in classroom implementations, 

structured teacher training and norming processes are recommended prior to rubric use. Moreover, the analytic 

rubric developed in this study may be adapted for broader user groups and extended to assess prompt writing for 

diverse generative AI tasks, including visual or video content generation, thereby supporting future research and 

practice in this rapidly evolving field. 
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Appendix A 

 

AI prompt writing rubric 

Dimension

s 
 

Excellent 

(4) 

Proficient 

(3) 

Partially Proficient 

(2) 

Not proficient 

(1) 
SCORE 

Clarity and Precision 

in Task Definition 

Always articulates their 

requests clearly when 

defining the task to a 

language-based AI. 

Usually articulates their 

requests clearly when 

defining the task to a 

language-based AI. 

Sometimes 

articulates their 

requests clearly 

when defining the 

task to a language-

based AI. 

Never articulates their 

requests clearly when 

defining the task to a 

language-based AI. 

 

Always breaks down their 

requests into small, 

manageable components as 

concise sentences when 

defining the task to a 

language-based AI. 

Usually breaks down 

their requests into small, 

manageable components 

as concise sentences 

when defining the task 

to a language-based AI. 

Sometimes breaks 

down their requests 

into small, 

manageable 

components as 

concise sentences 

when defining the 

task to a language-

based AI. 

Enter their requests in a 

single, long, and hard-

to-understand sentence 

when defining the task. 

 

 

Profile Creation 

Always create a level-

appropriate profile to 

complete the task and add 

details that elaborate on the 

task. 

Usually create a level-

appropriate profile to 

complete the task and 

add some details that 

elaborate on the task. 

Does not create a 

profile when 

defining the task, but 

the task itself is clear 

and comprehensible. 

Does not create a 

profile when defining 

the task and fails to 

express the task clearly 

and comprehensibly. 

 

 

 

 

 

 

 

 

 

Grammar Usage and 

Expression 

Always provides accurate 

commands when defining 

the task for the language-

based AI. 

Usually provides 

accurate commands 

when defining the task 

for the language-based 

AI. 

Sometimes provides 

accurate commands 

when defining the 

task for the 

language-based AI. 

Provides commands 

using only a single 

word or phrase without 

any action-oriented 

element when defining 

the task for the 

language-based AI. 

 

Enhances the effectiveness 

of the prompt by always 

using adjectives, 

conjunctions, and adverbs 

correctly. 

Enhances the 

effectiveness of the 

prompt by usually using 

adjectives, conjunctions, 

and adverbs correctly. 

Sometimes uses 

adjectives, 

conjunctions, and 

adverbs correctly. 

The request clarity is 

poor. 

Never uses adjectives, 

conjunctions, and 

adverbs when defining 

the task. 
 

Always adopts a tone 

consistent with the defined 

task. Ensures a more 

accurate output by clearly 

stating this tone in the 

prompt (e.g., casual-

informal tone or formal-

academic tone). 

Usually adopts a tone 

consistent with the 

defined task. 

Sometimes adopts a 

tone consistent with 

the defined task. 

Never adopts a tone 

when defining the task. 

 

Output Refinement 

and Attention to 

Details 

Always evaluates the 

generated output. 

Usually evaluates the 

generated output. 

Sometimes evaluates 

the generated output. 

Never evaluates the 

generated output.  

Always writes follow-up 

prompts with refined details 

to complete or improve 

nuanced aspects of the 

output. 

Usually writes follow-

up prompts with refined 

details to complete or 

improve nuanced 

aspects of the output. 

Sometimes writes 

follow-up prompts 

with refined details 

to complete or 

improve nuanced 

aspects of the 

output. 

Never writes follow-up 

prompts with refined 

details. Uses the output 

as it is without any 

refinement. 
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Critical Evaluation and 

Verification of 

Information 

Always critically evaluates 

the accuracy and reliability 

of the information provided 

by the language-based AI. 

Usually critically 

evaluates the accuracy 

and reliability of the 

information provided by 

the language-based AI. 

Sometimes critically 

evaluates the 

accuracy and 

reliability of the 

information 

provided by the 

language-based AI. 

Never critically 

evaluates the accuracy 

and reliability of the 

information provided 

by the language-based 

AI. 

 

 

 

 

 

 

 


