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ABSTRACT

This study investigated whether artificial intelligence (AI) systems could evaluate the content validity of
Bl-level English reading comprehension items comparably to human experts. A 25-item multiple-choice
test was rated by four human experts and four Al models (GPT-40, Gemini 2.0, Replika, and Chatfuel).
Items were evaluated for their relevance to Bl-level reading skills and representativeness of the targeted
content using a 3-point scale: 1 = not representative, 2 = needs improvement, and 3 = representative. To
support methodological transparency, a standardized few-shot prompting framework was used. Each model
was accessed in a new session to minimize context drift, and identical prompts were provided across
evaluations. Content Validity Ratio (CVR) and Item Content Validity Index (I-CVI) values were calculated
from the ratings and compared using the Wilcoxon Signed-Rank Test. Results showed no statistically
significant difference between AI- and human-generated scores, indicating similarity between the two
evaluator groups under the study conditions. Although fine-tuning was not possible because the models
were closed source, standardized prompting supported reliability and replicability. The findings suggest
that Al tools can complement expert judgment in content validity assessment and support hybrid human—
Al frameworks, provided that methodological control, model transparency, and context management are
maintained.
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The assessment of individuals' skills, attitudes, and behaviors is essential for both
research and real-world applications in the domains of psychology and education
(Cohen & Swerdlik, 2021). The development of tests and scales is crucial to achieving
accurate and insightful evaluations. Based on an individual's skills, preferences, and
psychological traits, these instruments form the basis for assessing cognitive,
emotional, and psychomotor skills. Validity and reliability are two key ideas in test
development, and they are carefully considered throughout the complex process of
developing these assessment tools (Nunnally & Bernstein, 1994).

Assuring content validity is an essential part of test development. How well a
test's or scale's items capture the concept they are meant to measure is known as
content validity. In other words, the test must cover every facet of the construct
without leaving out any crucial details. High content validity is essential for drawing
reliable conclusions about individuals based on their test results. For instance, a well-
designed reading comprehension test should include items that assess a range of
reading skills, such as understanding vocabulary, analyzing texts, and identifying
main ideas (Messick, 1989).

Assessing content validity is frequently accomplished through pilot studies, in
which a small sample of people take the exam to see its efficacy. Researchers are able
to see items that do not perform as predicted or that do not accurately reflect the
construct during these pilot studies. The test is significantly enhanced by the insights
gained from these studies before being administered to a broader population.
However, pilot studies may not always be feasible, particularly in contexts where time
or resources are limited. For this reason, content validity is not assessed through a
single fixed procedure; rather, different approaches are used depending on the purpose
of the test, the stage of development, and the available resources. One of the
commonly used approaches in the literature is expert-based judgment, especially
when the aim is to examine whether the items adequately represent the intended
construct before wider administration. In such cases, the content validity of the test is
assessed through expert consultation (Haynes et al., 1995).

Within expert-based content validity studies, researchers may use both
qualitative judgments and quantitative indicators to summarize expert opinions. The
Content Validity Index (CVI) and the Content Validity Ratio (CVR) are two essential
instruments in this procedure. These statistical measures are employed to evaluate the
validity of an item within a scale or test, ensuring that it accurately represents the
construct being measured. Experts evaluate each item to determine whether it is
essential for measuring the specific construct, useful but not critical, or unnecessary.
Based on these assessments, the CVR is computed, yielding a numerical result that
represents the content validity of every item. In contrast, the Content Validity Index
(CVI) consolidates individual Content Validity Ratios (CVRs) to offer a
comprehensive evaluation of a test's or scale's content validity (Lawshe, 1975). A
significant factor affecting the validity and reliability of CVR and CVI computations
is the number of experts engaged in the process. In general, evaluations are more
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reliable when a greater number of experts are involved. This is because a broader
range of professional perspectives can reduce the impact of individual biases and
increase the likelihood that the final measures accurately represent the construct being
examined. A large and varied panel of experts can offer a more thorough evaluation,
guaranteeing that the test items are representative and pertinent (Mertler et al., 2025).

In practice, however, assembling a sufficiently large group of qualified experts
can be challenging. Securing an adequate number of participants is often challenging
due to limited resources and the availability of experts. The absence of sufficient
expert input can compromise the validity and reliability of content validity
assessments, potentially leading to biased or less accurate evaluations. In such cases,
ensuring that scales and tests meet the standards for content validity can pose
significant challenges for researchers.

Given these challenges, researchers have explored alternative approaches,
including artificial intelligence (AI), which offers a scalable and data-driven method
for evaluating test items. Leveraging advanced algorithms and large datasets, Al
systems can evaluate test items, compare them against predefined standards, and
calculate CVR and CVI values using machine learning and natural language
processing techniques. While Al cannot fully replicate the nuanced insights of human
experts, it can be particularly valuable when expert input is limited or unavailable. By
integrating Al into the validation process, researchers can enhance efficiency and
accuracy, with further improvements achieved through human expert evaluations.
This study is significant for several reasons. Firstly, by examining the use of Al
technologies in the content validity evaluation of English reading comprehension
items, this study provides preliminary evidence on how Al tools may support expert-
based item review processes, particularly in terms of efficiency and access to
additional evaluative feedback. Validity is a critical aspect of test construction, as it
ensures that assessments measure the constructs they are intended to evaluate.
Additionally, Al techniques offer a novel approach to validating tests, particularly in
scenarios where expert resources are limited or unavailable.

Upon reviewing the studies conducted on the potential of artificial intelligence
tools in education, Sihite et al. (2023) evaluated ChatGPT's competence in generating
reading comprehension questions for academic texts and emphasized the need for
further development in this process. Additionally, Morjaria et al. (2023) examined
ChatGPT's performance in short-answer assessment questions, highlighting potential
risks related to the validity of such assessments. On the other hand, research conducted
in the context of scale development has also made significant contributions to
understanding the different dimensions of ChatGPT. Nemt-Allah et al. (2024)
designed the "ChatGPT Usage Scale" for graduate students, examining dimensions
such as academic writing, task support, and dependency. Lee and Park (2024)
developed the ChatGPT Literacy Scale to assess its impact on knowledge transfer and
creativity. Moreover, the effect of artificial intelligence tools on personalized learning
processes has also been noteworthy. Siegle (2023) suggested that these tools could
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enrich the learning processes of gifted students, while Lin (2024) proposed that
ChatGPT could support self-regulated learning among adult learners. In the field of
language learning, Kohnke et al. (2023) discussed the opportunities, controversial
aspects, and disadvantages of ChatGPT in language teaching and learning, while
Saraswati et al. (2023) found that Al Replika could help students practice with native
speakers, though it remained limited in understanding cultural meanings.
Furthermore, significant findings have emerged in studies comparing artificial
intelligence tools with different Al models and human performance. Kim et al. (2024)
revealed that, compared to human scores, ChatGPT showed limitations in terms of
accuracy and reliability in second-language writing tasks. Hayawi et al. (2024)
investigated the capacity of LLMs (BARD, GPT) to be indistinguishable from human
writing, while ul haq Akhoon et al. (2024) examined the effectiveness of ChatGPT
and Google Gemini in academic content generation and the associated ethical
validation issues. Wachinger et al. (2025) found that ChatGPT's performance in
qualitative data analysis largely aligned with that of an experienced researcher.
Similarly, Giirdil et al. (2025) observed some inconsistencies in item parameters when
examining ChatGPT's effectiveness in data generation, but they found results similar
to human data. On the other hand, Tenhundfeld (2023) highlighted the need for further
development in ChatGPT's human and Al interaction, whereas Onal and Kulavuz-
Onal (2024) assessed ChatGPT's high performance in higher education assessment
tasks, stating that these tools play a complementary role to human expertise. More
recent studies have also discussed the role of generative Al in educational assessment
with a more cautious perspective. Xia et al. (2024) reviewed empirical studies on the
use of generative Al in higher education assessment and noted that these tools may
change assessment practices, but their use requires careful attention to assessment
design, teacher preparation, and institutional policies. Similarly, Weng et al. (2024)
emphasized that generative Al has introduced new discussions about how student
learning should be assessed and how assessment tasks may need to be redesigned.
Kizilcec et al. (2024) compared educator and student perspectives and reported that
generative Al is perceived to have a considerable impact on assessment quality,
particularly in relation to authenticity, academic integrity, and higher-order thinking.
In a recent study, Zacharis and Papadakis (2025) also found that Al-based grading
should not be treated as interchangeable with human evaluation in high-stakes
assessment contexts. Taken together, these studies suggest that Al tools may support
assessment processes, but their use should be guided by human expertise and validity-
related considerations. Upon reviewing the studies, it is evident that the potential of
Al-based tools in education has been examined in terms of validity, reliability, and
user experience, with comparisons to human performance. However, no research has
been found that explores the potential of artificial intelligence tools in determining
content validity. Content validity is a critical factor that assesses how accurately a
measurement tool captures the entire domain it is intended to measure. Wynd et al.
(2003) demonstrated that low inter-expert agreement in the Content Validity Index is
crucial for scale revision. This topic is frequently addressed in studies (Ayre & Scally,
2014; Hinkin & Tracey, 1999; Newman et al., 2013), where the importance of
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innovative approaches to evaluating content validity is emphasized. However, an
examination of the literature reveals that no research has specifically explored the
potential of artificial intelligence tools in determining content validity. This gap
highlights the need for investigating the effectiveness of Al in content validity
assessment.

Purpose of the Study

This study aims to explore the potential of artificial intelligence (Al) in assessing
the content validity of reading skill items from a B1 level English exam. Specifically,
the study seeks to examine the level of agreement among Al tools and calculate
Content Validity Ratios (CVR) and Item Content Validity Indices (I-CVI) based on
the ratings provided by four distinct Al tools and four human experts. In this context,
the following research questions were formulated:

1. Are there statistically significant differences among the scores given by all
evaluators for the items?

2. How consistent are the ratings among all evaluators?

3. Do the CVR values derived from Al evaluators differ significantly from those
provided by human evaluators?

4. Do the I-CVI values derived from Al evaluators differ significantly from
those provided by human evaluators?

Significance of the Study

This study explores whether Al can serve as a scalable alternative to expert-
based content validity assessments, reducing time and resource constraints. If Al
demonstrates effectiveness, it could provide a scalable and cost-efficient alternative,
reducing resource demands and enhancing the accessibility of high-quality test
validation processes. The study also aims to compare Al-generated content validity
evaluations with those made by a human expert. This comparison is essential for
evaluating the effectiveness and reliability of Al tools in educational assessment,
identifying their strengths and limitations, and informing future test development
practices.

Furthermore, the study ensures that its findings have practical implications for
language instructors and item writers. Effective Al-based content validity evaluations
could lead to more accurate and representative test designs, ultimately benefiting
students by providing more reliable measures of their language abilities. Finally, by
focusing on a specific application—content validity assessment—this study
contributes to the growing body of research on Al applications in education.
Successfully integrating Al into this domain could pave the way for further
advancements and innovative uses of Al in educational settings, potentially
transforming how tests are designed, administered, and validated. Overall, the study's
findings could have a substantial impact on test development practices, resource
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allocation, and the role of artificial intelligence in educational contexts. Additionally,
the results may offer valuable insights into the intersection of technology and
assessment, guiding future research and practice in the field.

Method

Research Design

This study was designed as a comparative descriptive study. The main purpose
was to compare the content validity evaluations provided by human experts and Al
tools for B1-level English reading comprehension items. Since the study focused on
examining and comparing evaluator ratings rather than testing an intervention, a
descriptive and comparative research approach was considered appropriate.

Data Development and Implementation of the Test

In this study, a 25-item test consisting of Bl-level English reading texts and
questions was used for the purposes of the study. In the preparation phase of the test,
it was developed by four expert English language instructors. To ensure the validity
and reliability of the test, the questions were reviewed by the coordinator of the testing
unit, and necessary revisions were made. The items were developed within an item
specification framework aligned with CEFR-based Bl reading sub-skills. In this
framework, attention was paid to the targeted learning outcome, the relevant reading
skill area, the suitability of the item for the B1 level, the alignment between the text
and the item, the plausibility and functionality of distractors, and the linguistic clarity
of the item. The same criteria were also reflected in the expert evaluation form used
during the content validity review. Experts were asked to evaluate whether each item
represented the intended reading skill, was appropriate for the B1 proficiency level,
was directly related to the reading text, included functional distractors, and was
linguistically clear and accurate. The test's achievements are compatible with the
Common European Framework of Reference for Languages (CEFR). At this point,
the respondents are expected to have reading skills corresponding to the B1 level. This
means they should be able to understand the general meaning of different types of
texts (newspaper articles, essays, stories, etc.), identify the main ideas and important
details in the texts, and make inferences about information not explicitly stated. They
should also have vocabulary knowledge appropriate to the B1 level and be able to
deduce the meanings of words within the text, as well as understand the organization
of the text and the connections between paragraphs.

The B1 level was chosen for the study because it represents an intermediate level
of English proficiency and appeals to a wide audience. Individuals at this level can
understand a variety of texts they may encounter in daily life and can use English for
academic or professional purposes. In addition, the Bl level creates a more
homogenous group compared to other levels, which ensures that the results of the
study are more reliable.
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Evaluators: Human and Al Tools

After the test was validated, the 25 items it contained were evaluated by 4 human
experts and 4 Al tools. The human experts are experts in the field of English Language
Teaching, have at least 5 years of experience and are proficient in CEFR assessment
processes. These criteria were used to ensure that the evaluators had relevant subject-
area expertise, practical experience in language assessment, and familiarity with
CEFR-based reading skill descriptors. Since the items were developed for a Bl-level
English reading test, experts with experience in CEFR-aligned assessment were
considered appropriate for evaluating the relevance and representativeness of the
items. The Al tools used in the study were GPT-40, Gemini 2.0, Replika, and Chatfuel.
These tools were selected to include different types of accessible Al-based systems
with text-processing and response-generation capacities. GPT-40 and Gemini 2.0
were included as advanced large language models, whereas Replika and Chatfuel were
included as chatbot-based systems. This selection allowed the study to compare
evaluations obtained from different Al-supported response environments. Developed
by OpenAl, ChatGPT-4o0 is highly successful in analyzing and interpreting complex
expressions naturally, thanks to its extensive language processing capacity. ChatGPT-
40, which stands out as a leading model among current artificial intelligence
technologies, can be used to analyze texts from different disciplines. While the basic
text processing features of GPT-40 can be used for free, some advanced features such
as audio and image processing require a subscription (Ofgang, 2024; OpenAl, 2023).

Gemini 2.0 is a multimodal artificial intelligence model developed by Google
DeepMind. This model strengthens the evaluation process by drawing not only on text
analysis but also on visual and contextual information. The strong performance of
Gemini 2.0 in text-based tasks was an important rationale for its use in the present
study (Hassabis & Kavukcuoglu, 2024). Replika, on the other hand, is a social chatbot
that employs advanced natural language processing (NLP) technologies and is built
upon the Generative Pretrained Transformer 3 (GPT-3) model. Its technological
infrastructure enables it to generate language responses based on a large dataset
derived from user conversations, allowing for contextually rich and nuanced
interactions (Pentina et al., 2023).

In addition to these tools, Chatfuel was also selected for this study. Chatfuel is
an Al-based chatbot that uses natural language processing (NLP) techniques to
interpret text and generate responses. While it is commonly used in customer service
and automated messaging processes, it is also employed to provide feedback and
create interactive learning environments. In their study, Ahmed & Hussein (2020)
presented a chatbot design that uses the Chatfuel platform to help Kurdish-speaking
individuals find answers through online conversations instead of direct contact with
human agents. In this study, the use of Al-supported feedback mechanisms in
evaluation processes is explored, and for this reason, Chatfuel has been selected.
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This study was reviewed by the Ethics Committee of Gazi University Rectorate
at its meeting dated 23.09.2025 and numbered 14, and was approved as ethically
appropriate with the document dated 09.10.2025 and numbered E.1352469. The
research code number is 2025-1649.

Methodological Rigor
AI Prompting Procedure and Context Control

To ensure that the evaluations were comparable and replicable, all Al systems
were accessed independently in new sessions. Before each evaluation, previous
conversation histories were cleared to prevent context drift—the unintended influence
of earlier prompts or responses on subsequent outputs. A standardized few-shot
prompting framework was adopted across all models. Each Al system was first
provided with two sample items containing correct labels (valid vs. invalid) to
establish the rating logic. Following this short calibration step, the 25 items of the B1
reading comprehension test were entered sequentially, using the same input structure.

The main prompt was: “Rate the relevance of this item to the intended reading
skill on a scale of 1 (not relevant) to 3 (highly relevant). Provide only a numerical
score.” This approach allowed the Al systems to emulate human evaluators’ judgment
criteria without introducing subjective variability across runs. The consistency of
outputs across repeated sessions was checked manually to verify internal stability.

Reliability and Consistency Check

To determine the internal consistency of the Al evaluations, repeated trials were
conducted at two different times using the same standardized prompts. The minor
variations observed in the raw scores were found to be statistically non-significant.
The inter-rater reliability among the eight evaluators (four human and four Al) was
calculated using Fleiss’ Kappa and found to be .431, indicating a moderate level of
agreement among the evaluators. Differences between the evaluator groups were
analyzed using the Kruskal-Wallis H Test, and no significant differences were
observed (p > .05).

Data Analysis

In this study, human and Al evaluators assessed each test item by assigning
scores ranging from 1 to 3 to measure how well the items reflected the intended
content. The scoring system was straightforward: ‘1’ meant the item did not represent
the content well; ‘2’ indicated the item needed improvement and ‘3’ suggested the
item represented the content effectively. Once all items were evaluated, the scores
were organized into a table. These ratings were then used to calculate the Content
Validity Ratio (CVR) and Item-Level Content Validity Index (I-CVI) for each item.
To check whether there were significant differences in the scores given by the
evaluators, a Kruskal-Wallis H test was used. This test is a non-parametric alternative
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to One-Way ANOVA, ideal for analyzing ordinal data that does not follow a normal
distribution (MacFarland & Yates, 2016). The analysis was conducted using the ‘stats’
package in R (R Core Team, 2024).

Each item was reviewed by 8 evaluators -4 humans and 4 Al tools. To assess the
level of agreement between human and Al evaluators and among Al tools themselves,
the Fleiss Kappa statistic was applied. Fleiss Kappa is a measure of agreement that
works well for categorical data when multiple evaluators are involved (Fleiss, 1971;
Hallgren, 2012). The calculations were carried out using the ‘irr’ package in R (Gamer
et al., 2019). Fleiss Kappa values range from -1 to +1, with +1 indicating perfect
agreement. In addition, the content validity of the test items was evaluated using two
measures: the Content Validity Ratio (CVR) and the Item Content Validity Index (I-
CVI). These measures were calculated based on the scores provided by both human
and Al evaluators.

Content Validity Ratio (CVR)

CVR, introduced by Lawshe (1975), is a widely used method to assess whether
test items adequately represent the intended content. Experts categorize each item as
‘Essential’, ‘Useful but not essential’ and ‘Not necessary’. Items rated as Essential by
a certain number of evaluators are kept, while others are discarded (Almanasreh et al.,
2019). The CVR is calculated using the following formula:

Ne—

CVR = — 1
2

N4

Where ‘n_e’ is the number of evaluators who rated the item as "Essential." and
‘N’ is the total number of evaluators. The CVR score ranges from -1 to +1: “+1’
indicates perfect agreement; ‘-1’ indicates complete disagreement and ‘0’ means half
of the evaluators rated the item as "Essential." Based on Lawshe’s (1975) cut-off
points, items with a CVR of at least 0.99 were included in the final version of the test.

Content Validity Index (I-CVI)

The Item-Level Content Validity Index (I-CVI) focuses on evaluating the
relevance of individual items. Although I-CVI is often calculated using a 4-point
relevance scale in the literature (Davis, 1992), the present study used a 3-point rating
scale in line with the evaluation procedure applied to both human and Al evaluators.
In this scale, “1” indicated that the item did not represent the intended content well,
“2” indicated that the item needed improvement, and “3” indicated that the item
represented the intended content effectively. For the I-CVI calculation, ratings of “3”
were considered relevant, whereas ratings of “1” and “2” were not considered fully
relevant. Therefore, the I-CVI value for each item was calculated as the proportion of
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evaluators who rated the item as relevant. Lynn (1986) suggested that smaller panels
(e.g., 3-5 evaluators) can use either 3- or 5-point scales. The I-CV1 is calculated using
this formula:

Number of experts who rated the item as relevant )
[—=CVI =
Total number of experts

When there are fewer than 6 evaluators, Lynn (1986) recommended that the I-
CVI should be 1 for the item to be considered valid. Similarly, Polit et al. (2007) noted
that there should be 100% agreement among evaluators when the panel includes 3 or
fewer experts. In this study, only items with an I-CVI of 1 were included in the final
form. Items with an I-CVI below 1 were flagged for revision.

Results

The Kruskal-Wallis test was conducted to assess whether there was a significant
difference between the mean ranks of the scores assigned by eight different evaluators
(Humanl, Human2, Human3, Human4, GPT-40, Gemini 2.0, Replika, and Chatfuel)
(Appendix 1). The results of the test and the corresponding effect size (€2) value are
presented in Table 1.

Table 1

Kruskal-Wallis Test Results and Effect Size for Evaluators
Evaluators  Rank Mean 2 Df p Effect Size
8 raters*® 13.00 10.18 7 0.180 0.05

*Human 1, Human2, Human3, Human4, GPT-40, Gemini 2.0, Chatfuel and Replika

When examining Table 1, the results of the Kruskal-Wallis test indicate that
there is no significant difference between the evaluators (x> = 10.182, df =7, p > 0.05,
€2 = 0.051). This result suggests that all evaluators rated the test items in a similar
manner. Additionally, the calculated effect size shows that the difference between
evaluators is minimal, supporting the conclusion that there is no statistically
significant difference between them. The results of the Fleiss Kappa analysis
conducted to examine the consistency among all evaluators are presented in Table 2.

Table 2

Results of Consistency Analysis Among Evaluators
Evaluators Kappa value )4
8 raters™ 0.43 p <.001
*Human 1, Human2, Human3, Human4, GPT-40, Gemini 2.0, Chatfuel and Replika

Asseen in Table 2, A Fleiss Kappa value of 0.431 indicates moderate agreement
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among evaluators, suggesting some level of consistency, though differences exist in
certain items. In other words, there are certain inconsistencies among the evaluators,
but overall, they tended to score consistently. Additionally, the most frequently given
score (mode) by all evaluators was calculated to be 3. These findings indicate that the
evaluators scored consistently, and both human and Al evaluators showed similar
performance in the evaluation processes. Based on the scores given by human and Al
evaluators, the Content Validity Ratio (CVR) and Item Content Validity Index (I-CVI)
values were calculated, and the obtained values are provided in Table 3.

Table 3
CVR and I-CVI Values for Human and Artificial Intelligence (Al) Scores

CVR_AIl CVR_Human I-CVI_AI I-CVI_Human
1 050 0.50 0.75 0.75
2 050 -1.00 0.75 0.00
3 1.00 1.00 1.00 1.00
4  1.00 1.00 1.00 1.00
5 1.00 0.50 1.00 0.75
6 -0.50 -0.50 0.25 0.25
7 100 1.00 1.00 1.00
8 050 1.00 0.75 1.00
9 0.00 -1.00 0.50 0.00
10 1.00 1.00 1.00 1.00
11 1.00 1.00 1.00 1.00
12 1.00 1.00 1.00 1.00
13 050 -0.50 0.75 0.25
14 1.00 1.00 1.00 1.00
15  1.00 0.00 1.00 0.50
16 1.00 1.00 1.00 1.00
17 1.00 1.00 1.00 1.00
18  1.00 1.00 1.00 1.00
19 1.00 1.00 1.00 1.00
20 1.00 1.00 1.00 1.00
21 1.00 1.00 1.00 1.00
22 1.00 1.00 1.00 1.00
23 1.00 1.00 1.00 1.00
24 1.00 1.00 1.00 1.00
25 1.00 1.00 1.00 1.00

When examining the CVR and I-CVI values for Human and Al evaluators, it is
observed that human evaluators validated 18 items, whereas Al evaluators validated
19 items (see Table 3). These findings indicate that both evaluator groups
demonstrated similar performance in terms of content validity, with the Al evaluators
approving one more item at a higher rate. However, both Human and Al evaluators
decided not to finalize items 1, 2, 6, 9, and 13. These items were considered inadequate
in terms of content validity by both groups and were not approved. The results show
that both human and Al evaluators made parallel assessments on these items,
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demonstrating a similar negative attitude towards them. Similarly, for items 3, 4, 7,
10,11, 12, 14,16, 17,18, 19, 20,21, 22, 23, 24, and 25, both groups decided to finalize
the items. High approval was observed from both human and Al evaluators, and
consistent and parallel results were obtained. This further reinforces the notion that
Al can make human-like evaluations, yielding results that are consistent with human
assessments.

However, item 8 (Appendix 2) reveals a disagreement among evaluators. Human
evaluators found this item appropriate in terms of content validity, while Al evaluators
preferred revision or removal. This difference may stem from the Al evaluations'
inability to fully grasp the context of the text and insufficiently analyze key elements.
Al evaluators tend to rely on syntactic and lexical patterns rather than contextual
depth, which may explain why they recommended revision for item 8§, while human
evaluators likely conducted a more in-depth analysis, considering the societal impact
and context of the text. Human evaluators considered cultural and societal context,
whereas Al evaluators may have overlooked these aspects.

Additionally, for items 5 and 15 (Appendix 2), Al evaluators found both items
appropriate in terms of content validity, while human evaluators adopted a more
cautious approach, preferring to recommend revision or removal for these items. In
the evaluation of item 5, Al evaluators, based on technical criteria, generally found
the item sufficient and suggested its finalization, while human evaluators may have
taken a more critical approach, assessing the text in terms of context, linguistic
sensitivity, and content quality, and opted for a 'revise' or remove' decision. This
difference may stem from several factors. First, human evaluators may have been
more sensitive to the mismatch of the text with its context, while Al evaluators'
standard-based evaluation process may overlook such nuances. Human evaluators
may also have examined the linguistic quality of the text, the clarity of expressions,
and the appropriateness for the target audience in more detail. Furthermore, the
alignment of the text with pedagogical objectives and any deficiencies regarding
students' learning outcomes may have influenced human evaluators' decisions. On the
other hand, Al evaluators may have assessed the text primarily from a technical
sufficiency perspective, while human evaluators focused more on content quality,
context, and linguistic sensitivity. This discrepancy may be due to Al systems'
tendency to overlook certain linguistic and pedagogical features.

Similarly, in the evaluation of item 15, Al evaluators recommended finalizing
the question, while human evaluators decided on 'remove' or 'revise'. Several potential
reasons for this difference can be considered. Human evaluators may have adopted a
more critical approach, particularly regarding the context of the question and its
relevance. For example, the statements about the festival's environmental impact and
the connection with local producers in this question require a more complex and
multifaceted interpretation. Al evaluators, focusing on the technical aspects of the
text, concentrated on specific keywords, whereas human evaluators might have
addressed the text's integrity and cultural context from a broader perspective. As a
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result, the criticisms made by human evaluators may have required a more detailed
evaluation of the way the question was phrased and the depth of meaning in the
answer.

Differences Between the Calculated CVR and I-CVI for Evaluators' Scores

The differences between the Content Validity Ratio (CVR) values calculated for
the items based on the scores of human and artificial intelligence (Al) evaluators were
analyzed using the Wilcoxon Signed-Rank Test. The analysis revealed that the
differences between human and Al evaluators were not statistically significant (W =
335.5, p = 0.5708). This result indicates that there was no significant change in the
central tendency (median) between the two groups and, therefore, the CVR values are
similar.

Although the results obtained from the CVR analysis show the general
agreement on the decisions made regarding the items in terms of content validity, it is
necessary to examine the suitability of each item in greater depth using the more
detailed measurement, the Item Content Validity Index (I-CVI). In this context, the
differences between the I-CVI values calculated from the scores of human and Al
evaluators were analyzed using the Wilcoxon Signed-Rank Test. The analysis
revealed that there was no statistically significant difference between the I-CVI values
calculated by human and Al evaluators (W = 335.5, p = 0.5708). In other words, the
decisions made by both evaluator groups regarding the suitability of the items were
similar. The findings suggest that human and Al evaluators provided consistent results
in content validity assessments and that Al systems offer reliability similar to that of
human evaluations.

Discussion, Conclusion and Suggestions

This study investigated whether human and Al evaluators made similar
evaluations in content validity assessments. The results indicated that for the vast
majority of items, all evaluators made similar assessments. Furthermore, no evaluator
was found to systematically score higher or lower than others. Additionally, the
statistical analysis of the differences in the CVR and I-CVI values calculated for the
ratings revealed no significant differences, suggesting that Al evaluators provided
evaluations that were aligned and similar to those made by human evaluators. The
absence of statistically significant differences between evaluators suggests that,
within the scope of this study, Al evaluators may serve as a supportive tool in content
validity analyses.

Al evaluators, based on technical criteria and adherence to standards, may
produce rating patterns that are partly comparable to those of human evaluators in
tasks that require objectivity and speed; however, they should be considered as a
complementary tool rather than a replacement for human evaluators. In the future, the
potential of Al evaluators to support faster and more systematic content validity
analyses could be further explored, particularly within human-supervised or hybrid
evaluation frameworks. In this study, overall, there was a moderate level of agreement
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between evaluators in scoring an item, but differences were observed in some items
between Al and human evaluators. These differences suggest that there may be
different interpretations of evaluation criteria between the two groups. This indicates
that certain items may be interpreted more subjectively, or they may require more
detailed explanations. Notably, in some items, Al evaluators provided higher levels
of approval, while human evaluators adopted a more cautious approach.

Al evaluators adopt a consistent and rule-based approach focused on technical
competence but may overlook contextual and linguistic nuances. In contrast, human
evaluators assess texts more critically and comprehensively, taking into account
societal, cultural, and pedagogical contexts. It becomes clear that Al evaluation
processes need improvement in areas such as contextual analysis, linguistic
sensitivity, and alignment with pedagogical goals. The capabilities of human
evaluators in these areas are particularly crucial when making critical pedagogical and
cultural decisions. For example, in some items, Al evaluators, based on technical
standards, considered the items sufficient and recommended their inclusion in the final
form. On the other hand, human evaluators, taking into account more detailed aspects
such as linguistic sensitivity, context, and content quality, made decisions of 'revision'
or 'removal.' These differences may arise from the different prioritization of
evaluation criteria and the inability of Al systems to fully grasp the subtleties and
context of language. Especially in cases where context is critical, human evaluators
may have conducted deeper analyses, considering the societal impact of the texts and
their alignment with pedagogical objectives. In conclusion, it is suggested that the
evaluation processes of Al evaluators should be improved in terms of contextual
analysis, linguistic sensitivity, and alignment with pedagogical goals. These examples
highlight that evaluators may adopt different perspectives on content validity, and
these differences demonstrate that Al evaluators may not always fully reflect the
decision-making processes of human evaluators. In this context, collaboration
between Al and human evaluators could contribute to more consistent and reliable
results in content validity assessments. While Al evaluators have the advantage of
making quick and precise decisions based on linguistic cues, human evaluators may
offer the potential for broader critical thinking and consideration of pedagogical
concerns in a wider context. This situation suggests that while Al evaluators can
perform similarly to human evaluators in certain assessment processes, it may not
always be possible for them to fully replace human evaluators in all cases. Similarly,
Kim et al. (2023) emphasize that human guidance is critical for Al to produce results
with similar accuracy and reliability to humans. Additionally, Fjelland (2020) points
out that Al cannot fully reflect human intelligence, while Shane (2019) suggests that
Al may outperform human intelligence in certain tasks. In this context, it is important
to provide Al evaluators with the necessary training, guidelines, and process
improvements to work in harmony with human evaluations.

Taking into account the differences between both approaches in evaluation
processes, emphasizing the importance of linguistic clarity and distinguishable
options, is believed to contribute to Al evaluators performing similarly to human
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evaluators. In this regard, defining the criteria more clearly and aligning evaluators'
perceptions with these criteria could contribute to making the processes more
consistent. The development of hybrid systems where Al-based assessment systems
work alongside human evaluations could lead to more reliable and consistent results.
Such systems could enable more efficient and accurate content validity analyses by
leveraging the strengths of both parties. Furthermore, developing training programs
and guidance systems that enhance collaboration between Al and human evaluators
could help evaluators achieve more consistent results with a shared understanding.
Similar to the results of this study, research conducted by Low et al. (2024),
Tenhundfeld (2023), and Vassis et al. (2024) also highlights that Al-based systems do
not fully replicate human-like evaluation performance. These studies emphasize that
for these systems to align with human evaluations, further development is necessary.

Content validity is critically important, especially in situations where a thorough
evaluation of the accuracy and validity of specific test items is required. In the
literature, it is generally recommended to consult the opinions of at least 3 to 5 experts
in content validity assessments. For example, Lawshe (1975) recommends at least
three expert opinions, while Polit ef al. (2007) suggest that the decision regarding
whether an item should be finalized or not is typically made based on feedback from
three experts. However, due to the workload of experts and other practical constraints,
it is not always possible to reach these experts and receive feedback (Vassis et al.,
2024). In such cases, the involvement of Al evaluators may allow for faster and more
efficient content validity assessments. Similar to the studies by Low et al. (2024) and
Abu Arqub et al. (2024), this study suggests that Al systems may provide supportive
input in content validity reviews under controlled conditions. However, the findings
do not imply that Al evaluators can replace human judgment, particularly in contexts
requiring pedagogical, linguistic, or cultural interpretation.

However, this potential should be managed carefully, and possible
methodological risks should be taken into account. In this regard, potential sources of
bias such as context drift and user-specific histories were minimized in this study
through the implementation of standardized prompting frameworks and the
replication of evaluations across independent sessions. Nevertheless, these
precautions alone may not be sufficient to achieve optimal reliability. This study
utilized closed-source Al systems (e.g., GPT-40, Gemini 2.0) without direct fine-
tuning; however, it acknowledges that model retraining or fine-tuning on domain-
specific validity data could further enhance performance. Therefore, future research
should explore open-source large-language models such as LLaMA 2 or RoBERTa to
enable systematic fine-tuning and reduce reliance on prompt-only optimization. Such
methodological improvements could strengthen the consistency and generalizability
of Al-based content validity assessments.

As aresult, it can be said that Al evaluators could be an effective tool in technical
analyses such as content validity, offering significant advantages, particularly in
situations where the number of experts is high and the expertise requirements are
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demanding. The partly comparable rating patterns observed between Al and human
evaluators indicate that, in some cases, Al tools may support the evaluation process
as an additional source of evidence rather than replace human intervention. This could
allow for the use of Al evaluators' speed and efficiency advantages, especially in
studies that require a large number of experts and have time constraints. The data
processing speed of Al evaluators and their ability to make consistent decisions based
on specific criteria can make the evaluation process more efficient. Future research
may make progress in defining processes and evaluation criteria more clearly to make
Al and human evaluations more aligned. This could help clarify how Al evaluators
can be used more appropriately as supportive tools in content validity assessments.
Additionally, conducting similar analyses with larger sample groups and different
datasets would allow for testing these findings in a broader context. In conclusion, the
strengths of Al evaluators can provide efficiency and effectiveness as a complement
to human evaluations. However, it should still be acknowledged that human
intervention and guidance are important. Future research is expected to improve the
understanding of the balance between Al and human evaluations, making it possible
for Al to be applied effectively in a wider range of areas.
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Bireylerin beceri, tutum ve davraniglarinin degerlendirilmesi, psikoloji ve
egitim alanlarinda hem arastirmalar hem de ger¢ek yasam uygulamalari agisindan
bliyik 6nem tagimaktadir. (Cohen ve Swerdlik, 2021). Dogru ve anlaml
degerlendirmelere ulasabilmek igin test ve Olg¢eklerin gelistirilmesi kritik bir role
sahiptir. Bireylerin becerileri, tercihleri ve psikolojik &zelliklerine dayali olarak
gelistirilen bu oOlgme araglart; bilissel, duyussal ve psikomotor becerilerin
degerlendirilmesine temel olusturur. Gegerlik ve giivenirlik, test gelistirme siirecinin
iki temel kavramidir ve bu dlgme araglarinin gelistirilmesine iliskin karmagik siireg
boyunca dikkatle ele alinir (Nunnally ve Bernstein, 1994).

Kapsam gecerliginin saglanmasi, test gelistirme siirecinin temel unsurlarindan
biridir. Kapsam gecerligi, bir test ya da 6l¢egin maddelerinin 6l¢iilmesi amaglanan
kavrami ne 6lgiide temsil ettigini ifade eder. Bagka bir deyisle, testin dl¢iilmek istenen
yapinin tiim yonlerini kapsamasi ve onemli hi¢bir boyutu disarida birakmamasi
gerekir. Kapsam gegerliginin yiiksek olmasi, bireylerin test sonuglarina dayali olarak
giivenilir ¢ikarimlar yapilabilmesi agisindan énemlidir. Ornegin, iyi yapilandirilmis
bir okudugunu anlama testi; sdzciik bilgisini anlama, metinleri analiz etme ve ana
fikirleri belirleme gibi farkli okuma becerilerini degerlendiren maddeler igermelidir
(Messick, 1989).

Kapsam gegerliginin degerlendirilmesi, siklikla kiiclik bir orneklemin testi
yanitladigt ve testin etkililiginin incelendigi pilot c¢aligmalar yoluyla
gerceklestirilmektedir. Arastirmacilar, bu pilot caligmalar sirasinda beklenen
performanst gostermeyen ya da 6l¢iilmek istenen yapiy1 yeterince temsil etmeyen
maddeleri belirleyebilir. Bu ¢aligmalardan elde edilen veriler, testin daha genis bir
gruba uygulanmadan once onemli Olglide gelistirilmesine katki saglar. Bununla
birlikte, ozellikle zamanin ya da kaynaklarin smirli oldugu durumlarda pilot
¢alismalar her zaman uygulanabilir olmayabilir. Bu nedenle kapsam gegerligi tek ve
sabit bir iglemle degerlendirilmez; bunun yerine testin amacina, gelistirme asamasina
ve mevcut kaynaklara bagli olarak farkli yaklasimlar kullanilabilir. Literatiirde yaygin
olarak kullanilan yaklagimlardan biri, 6zellikle maddelerin daha genis olgekli
uygulama oOncesinde hedeflenen yapry1 yeterli diizeyde temsil edip etmediginin
incelenmek istendigi durumlarda, uzman yargisina dayali degerlendirmedir. Bu tiir
durumlarda testin kapsam gegerligi uzman goriisleri araciligiyla degerlendirilir
(Haynes vd., 1995).

Uzman yargisina dayali kapsam gecerligi ¢alismalarinda arastirmacilar, uzman
goriislerini 6zetlemek amaciyla hem nitel yargilardan hem de nicel gostergelerden
yararlanabilir. Kapsam Gegerlik indeksi (KGI) ve Kapsam Gegerlik Oran1 (KGO), bu
siiregte kullanilan iki temel 6l¢iittiir. Bu istatistiksel dl¢iitler, bir dl¢ek ya da testte yer
alan bir maddenin 6l¢iilmek istenen yapiyr dogru bigimde temsil edip etmedigini
degerlendirmek amaciyla kullanilir. Uzmanlar, her bir maddeyi ilgili yapiy1 dlgmede
gerekli, yararli ancak kritik olmayan ya da gereksiz olup olmadigi agisindan
degerlendirir. Bu degerlendirmelere dayali olarak KGO hesaplanir ve her bir
maddenin kapsam gegerligini temsil eden sayisal bir deger elde edilir. Buna karsilik,
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Madde veya Olgek Diizeyinde hesaplanan Kapsam Gegerlik Indeksi (KGI),
uzmanlarin maddelere verdigi dereceleme puanlarini sistematik olarak bir araya
getirerek testin ya da Olgegin kapsam gecerligine iliskin daha biitlinciil bir
degerlendirme sunar (Lawshe, 1975). KGO ve KGI hesaplamalarinin gegerlik ve
giivenirligini etkileyen onemli faktdrlerden biri, slirece déahil edilen uzman sayisidir.
Genel olarak, daha fazla sayida uzmanin yer aldig1 degerlendirmeler daha giivenilir
kabul edilmektedir. Bunun nedeni, daha genis bir uzman goriisii ¢esitliliginin bireysel
yanliliklarin etkisini azaltabilmesi ve elde edilen sonug¢larin incelenen yapiy1 dogru
bi¢imde temsil etme olasiligini artirabilmesidir. Genis ve ¢esitlilik gdsteren bir uzman
paneli, test maddelerinin temsil edici ve ilgili olmasini giivence altina alarak daha
kapsamli bir degerlendirme sunabilir (Mertler vd., 2025). Bununla birlikte,
uygulamada yeterli sayida nitelikli uzmandan olusan bir grup olusturmak gii¢ olabilir.
Smirlt kaynaklar ve uzmanlarin erisilebilirlik diizeyleri nedeniyle yeterli sayida
degerlendiriciye ulasmak c¢ogu zaman zorlagmaktadir. Yeterli uzman goriisiiniin
alimamamasi, kapsam gecerligi degerlendirmelerinin gecerlik ve giivenirlik
diizeylerini olumsuz etkileyebilir; bu durum yanliliga ya da daha az dogru
degerlendirmelere yol agabilir. Bu tiir durumlarda, dlgek ve testlerin kapsam gecerligi
standartlarin1  karsilamasini saglamak aragtirmacilar agisindan 6nemli giigliikler
dogurabilir. Bu giliikkler dogrultusunda arastirmacilar, test maddelerinin
degerlendirilmesinde 6lgeklenebilir ve veri temelli bir yontem sunan yapay zeka (YZ)
dahil olmak fizere alternatif yaklagimlari incelemeye baglamistir. Gelismis
algoritmalardan ve bilylik veri kiimelerinden yararlanan yapay zeka sistemleri,
makine 6grenmesi ve dogal dil isleme tekniklerini kullanarak test maddelerini
degerlendirebilir, bu maddeleri 6nceden belirlenmis Olgiitlerle karsilastirabilir ve
KGO ile KGI degerlerini hesaplayabilir. Yapay zeka, insan uzmanlarin ayrintili ve
baglamsal yargilarini tam olarak karsilayamasa da uzman goriisiiniin sinirli oldugu ya
da uzman temininin giiglestigi durumlarda 6zellikle yararli olabilir. Yapay zekanin
gecerlik siirecine dahil edilmesiyle arastirmacilar, insan uzman degerlendirmeleriyle
desteklenmek {izere, slirecin verimliligini ve dogrulugunu artirabilir. Bu calisma
birkac agidan 6nem tasimaktadir. ilk olarak, Ingilizce okudugunu anlama
maddelerinin kapsam gegerligi degerlendirmesinde yapay zeka teknolojilerinin
kullanimm inceleyerek, yapay zekd araglarinin ozellikle verimlilik ve ek
degerlendirme geri bildirimi saglama agisindan uzman temelli madde inceleme
stireglerini nasil destekleyebilecegine iliskin 6n kanit sunmaktadir. Gegerlik, testlerin
Olgmeyi amagladiklar1 yapilart 6lgmesini saglamasi bakimindan test gelistirme
stirecinin kritik bir boyutudur. Ayrica yapay zeka teknikleri, 6zellikle uzman
kaynaklarmin sinirh oldugu ya da uzmanlara ulasilamadigi durumlarda testlerin
gecerlenmesine yonelik yeni bir yaklagim sunmaktadir.

Yapay zeka araglarmin egitimdeki potansiyeline iligkin yiiriitiilen ¢aligmalar
incelendiginde, Sihite vd. (2023) ChatGPT’nin akademik metinlere yonelik
okudugunu anlama sorulart olusturmadaki yeterligini degerlendirmis ve bu siirecin
daha fazla gelistirilmesi gerektigini vurgulamistir. Ayrica Morjaria vd. (2023),
ChatGPT’nin kisa yanith degerlendirme sorularindaki performansini incelemis ve bu
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tiir degerlendirmelerin gecerligiyle iliskili olasi risklere dikkat cekmistir. Ote yandan,
Olgek gelistirme baglaminda yiiriitiilen arastirmalar da ChatGPT’nin farkli
boyutlarinin anlagilmasina 6nemli katkilar saglamistir. Nemt-Allah vd. (2024),
lisansiistii 6grenciler icin “ChatGPT Kullanim Olgegi™ni gelistirmis; akademik
yazma, gorev destegi ve bagimlilik gibi boyutlar1 incelemistir. Lee ve Park (2024) ise
bilgi aktarimi ve yaraticilik {izerindeki etkisini degerlendirmek amaciyla ChatGPT
Okuryazarligi Olgegi'ni gelistirmistir. Bunun yaninda, yapay zekd araglarinin
kisisellestirilmis 6grenme siiregleri tizerindeki etkisi de dikkat ¢ekmektedir. Siegle
(2023), bu araglarin dstiin  yetenekli Ogrencilerin  6grenme  siireglerini
zenginlestirebilecegini ileri siirerken, Lin (2024) ChatGPT nin yetiskin 6grenenlerde
0z diizenlemeli 6grenmeyi destekleyebilecegini belirtmistir. Dil 6grenimi alaninda ise
Kohnke vd. (2023), ChatGPT’nin dil 6gretimi ve 6grenimindeki firsatlarini, tartigmali
yonlerini ve dezavantajlarini ele almig; Saraswati vd. (2023) ise Al Replika’nin
Ogrencilerin ana dili konusurlariyla pratik yapmalarina yardimci olabilecegini, ancak
kiiltiirel anlamlar1 kavrama konusunda sinirli kaldigini ortaya koymustur. Bunun yani
sira, yapay zeka araglarmi farkli yapay zeka modelleri ve insan performansiyla
kargilagtiran ¢aligmalarda da 6nemli bulgular ortaya konmustur. Kim vd. (2024),
ikinci dilde yazma gorevlerinde ChatGPT nin insan puanlariyla karsilastirildiginda
dogruluk ve giivenirlik agisindan sinirliliklar gosterdigini ortaya koymustur. Hayawi
vd. (2024), biiyiik dil modellerinin (BARD, GPT) insan yazisindan ayirt edilememe
kapasitesini incelemis; ul haq Akhoon vd. (2024) ise ChatGPT ve Google Gemini’nin
akademik icerik iiretimindeki etkililigini ve buna iligkin etik gegerlik sorunlarimi ele
almistir. Wachinger vd. (2025), nitel veri analizinde ChatGPT’ nin performansinin
biiyiik 6lgiide deneyimli bir arastirmacinin performansiyla Ortiistiigiinii bulmustur.
Benzer sekilde Giirdil vd. (2025), ChatGPT’nin veri tretimindeki etkililigini
incelerken madde parametrelerinde bazi tutarsizliklar gozlemlemis, ancak insan
verisine benzer sonuglar elde etmistir. Ote yandan Tenhundfeld (2023), ChatGPT nin
insan ve yapay zeka etkilesimi baglaminda daha fazla gelistirilmesi gerektigini
vurgulamig; Onal ve Kulavuz-Onal (2024) ise ChatGPT’nin yliksekdgretimde
degerlendirme gorevlerindeki yiiksek performansini inceleyerek bu araglarin insan
uzmanligini tamamlayici bir rol tistlendigini belirtmistir.

Daha giincel ¢aligmalar, iiretken yapay zekanin egitimde degerlendirme
stireglerindeki roliinii daha temkinli bir bakis agisiyla ele almistir. Xia vd. (2024),
yiiksekogretimde degerlendirme siireglerinde iiretken yapay zeka kullanimina iliskin
ampirik ¢alismalart incelemis ve bu araglarin degerlendirme uygulamalarim
degistirebilecegini, ancak kullanimlarinin degerlendirme tasarimi, 6gretmen hazirligi
ve kurumsal politikalar agisindan dikkatle ele alinmasi gerektigini belirtmistir. Benzer
sekilde Weng vd. (2024), iiretken yapay zekanin Ogrenci Ogrenmesinin nasil
degerlendirilmesi gerektigine ve degerlendirme gorevlerinin nasil yeniden
tasarlanabilecegine iliskin yeni tartigmalari giindeme getirdigini vurgulamistir.
Kizilcec vd. (2024), egitimcilerin ve dgrencilerin bakis agilarmi karsilagtirmis ve
iiretken yapay zekanin 6zellikle 6zgiinliik, akademik diiriistliik ve {ist diizey diisiinme
becerileriyle iligkili olarak degerlendirme kalitesi iizerinde 6nemli bir etkiye sahip
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oldugunun diisiiniildiigiinii rapor etmistir. Yakin tarihli bir ¢alismada Zacharis ve
Papadakis (2025) de yapay zeka temelli puanlamanin yiiksek riskli degerlendirme
baglamlarinda insan degerlendirmesiyle birbirinin yerine kullanilabilir olarak
goriilmemesi gerektigini ortaya koymustur. Birlikte degerlendirildiginde, bu
calismalar yapay zeka araglarinin degerlendirme siireglerini destekleyebilecegini;
ancak bu kullanimm insan uzmanhg ve gecerlikle ilgili degerlendirmeler
dogrultusunda yonlendirilmesi gerektigini gostermektedir.

Caligmalar incelendiginde, yapay zekd temelli araglarin egitimdeki
potansiyelinin gegerlik, giivenirlik ve kullanict deneyimi agisindan ele alindigi ve
insan performanstyla karsilastirildigi goriilmektedir. Bununla birlikte, ilgili literatiirde
yapay zekanin dogrudan kapsam gecgerligi siireglerindeki roliini ve etkililigini
inceleyen bir arastirmaya rastlanmamistir. Kapsam gecerligi, bir dlgme aracinin
6lgmeyi amagladig1 alani ne derece dogru bi¢cimde kapsadigini degerlendiren kritik
bir unsurdur. Wynd vd. (2003), Kapsam Gegerlik Indeksi’nde uzmanlar aras: diisiik
uyumun Ol¢ek revizyonu agisindan 6nemli oldugunu gostermistir. Bu konu, kapsam
gecerligini degerlendirmeye yonelik yenilik¢i yaklagimlarin 6neminin vurgulandig
calismalarda siklikla ele alinmaktadir (Ayre ve Scally, 2014; Hinkin ve Tracey, 1999;
Newman vd., 2013). Ancak literatiir incelendiginde, yapay zeka araglarinin kapsam
gecerliginin belirlenmesindeki potansiyelini 6zel olarak inceleyen bir aragtirmanin
bulunmadig: goriilmektedir. Bu bosluk, kapsam gecerligi degerlendirmesinde yapay
zekanin etkililiginin aragtirilmasi gerekliligini ortaya koymaktadir.

Arastirmanin Amaci

Bu ¢aligma, B1 diizeyindeki bir Ingilizce smavinda yer alan okuma becerisi
maddelerinin kapsam gegerligini degerlendirmede yapay zekanin (YZ) potansiyelini
incelemeyi amaglamaktadir. Daha 6zel olarak ¢aligmada, dort farkli yapay zeka araci
ve dort insan uzman tarafindan verilen puanlara dayali olarak yapay zeka araclari
arasindaki uyum diizeyinin incelenmesi, Kapsam Gegerlik Oranlarmin (KGO) ve
Madde Diizeyinde Kapsam Gegerlik Indekslerinin (M-KGIi) hesaplanmasi
amaglanmistir. Bu dogrultuda asagidaki aragtirma sorulari olusturulmustur:

1. Maddelere iligkin tiim degerlendiriciler tarafindan verilen puanlar arasinda
istatistiksel olarak anlaml bir farklilik var midir?

2. Tum degerlendiriciler arasindaki puanlamalar ne diizeyde tutarlidir?

3. Yapay zeka degerlendiricilerinden elde edilen KGO degerleri, insan
degerlendiricilerden elde edilen KGO degerlerinden anlamli diizeyde
farklilagsmakta midir?

4. Yapay zekd degerlendiricilerinden elde edilen M-KGI degerleri, insan
degerlendiricilerden elde edilen M-KGI degerlerinden anlamli diizeyde
farklilagsmakta midir?
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Arastirmanin Onemi

Bu calisma, yapay zekdnin zaman ve kaynak smirliliklarini azaltarak uzman
temelli kapsam gecerligi degerlendirmelerine Olgeklenebilir bir alternatif sunup
sunamayacagini incelemektedir. Yapay zekanm etkili oldugunun ortaya konmasi
durumunda, yiiksek nitelikli test gegerleme siireglerinin erisilebilirligini artiran,
kaynak gereksinimlerini azaltan ve maliyet agisindan daha verimli bir alternatif
saglayabilecegi diisiiniilmektedir. Calismada ayrica, yapay zeka tarafindan iiretilen
kapsam gecerligi degerlendirmelerinin  insan uzman tarafindan yapilan
degerlendirmelerle karsilagtirilmasi amaglanmaktadir. Bu karsilagtirma, yapay zeka
araglarmin egitimde degerlendirme alanindaki etkililigini ve giivenirligini
degerlendirmek, giiclii ve sinirli yonlerini belirlemek ve gelecekteki test gelistirme
uygulamalarina yon vermek agisindan 6nem tagimaktadir.

Bunun yam sira, ¢alismanin bulgularinin dil 6gretim elemanlar1 ve madde
yazarlari i¢in uygulamaya doniik ¢ikarimlar sunmasi beklenmektedir. Etkili yapay
zeka temelli kapsam gecerligi degerlendirmeleri, daha dogru ve temsil giicii yiiksek
test tasarimlarinin gelistirilmesine saglama potansiyeline sahiptir. Bu durum,
Ogrencilerin dil becerilerine iligkin daha gilivenilir olglimler elde edilmesini
kolaylastirarak dolayli olarak 6grencilere de yarar saglayabilir. Son olarak, bu ¢alisma
kapsam gecerligi degerlendirmesi gibi belirli bir uygulama alanina odaklanarak
egitimde yapay zekd entegrasyonuna iligkin gelisen arastirma alanina katkida
bulunmaktadir. Yapay zekanin bu alana basarili bicimde entegre edilmesi, egitim
ortamlarinda yapay zekanimn daha ileri ve yenilik¢i kullanimlarinin 6niinii agabilir;
testlerin tasarlanma, uygulanma ve gecerlenme siireglerini doniistiirebilir. Genel
olarak, caligmanin bulgulari test gelistirme uygulamalari, kaynak kullanimi ve egitim
baglamlarinda yapay zekanin rolii tizerinde dnemli etkiler yaratabilir. Ayrica sonuglar,
teknoloji ve degerlendirmenin kesigim noktasina iliskin degerli bilgiler sunarak
alandaki gelecekteki arastirma ve uygulamalara yon verebilir.

Yontem
Arastirmanin Deseni

Bu caligma, karsilastirmali betimsel bir arastirma olarak tasarlanmustir.
Calismanin temel amaci, B1 diizeyindeki ingilizce okudugunu anlama maddelerine
iliskin insan uzmanlar ve yapay zeka araglar1 tarafindan yapilan kapsam gegerligi
degerlendirmelerini karsilagtirmaktir. Caligma, bir miidahalenin test edilmesinden
ziyade degerlendirici puanlarinin incelenmesine ve karsilagtirilmasina odaklandigi
icin betimsel ve karsilagtirmali aragtirma yaklagimi uygun gorillmiistiir.

Testin Gelistirilmesi ve Uygulanmasi

Bu calismada, arastirmanm amaci dogrultusunda Bl diizeyindeki Ingilizce
okuma metinleri ve sorularindan olusan 25 maddelik bir test kullanilmigtir. Testin
hazirlik asamasinda maddeler, dort uzman Ingilizce dgretim elemani tarafindan
gelistirilmistir. Testin gecerlik ve glivenirligini saglamak amaciyla sorular, 6lgme ve
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degerlendirme birimi koordinatorii tarafindan incelenmis ve gerekli diizeltmeler
yapilmistir. Maddeler, CEFR temelli B1 okuma alt becerileriyle uyumlu bir madde
belirtke ¢ergevesi kapsaminda gelistirilmistir. Bu ¢ercevede hedeflenen &grenme
kazanimu, ilgili okuma becerisi alani, maddenin B1 diizeyine uygunlugu, metin ile
madde arasindaki uyum, ¢eldiricilerin inandiricilig1 ve islevselligi ile maddenin dilsel
acikligr dikkate alinmistir. Aymi Olgiitler, kapsam gegerligi incelemesi sirasinda
kullanilan uzman degerlendirme formuna da yansitilmistir. Uzmanlardan her bir
maddenin hedeflenen okuma becerisini temsil edip etmedigini, B1 yeterlik diizeyine
uygun olup olmadigini, okuma metniyle dogrudan iligkili olup olmadigini, islevsel
celdiriciler igerip icermedigini ve dilsel agidan agik ve dogru olup olmadigim
degerlendirmeleri istenmistir. Testin kazamimlari, Diller I¢in Avrupa Ortak Basvuru
Metni (CEFR) ile uyumludur. Bu noktada yanitlayicilarin B1 diizeyine karsilik gelen
okuma becerilerine sahip olmalar1 beklenmektedir. Bu durum, onlarin farkli metin
tirlerinin  (gazete makaleleri, denemeler, hikayeler vb.) genel anlamini
anlayabilmelerini, metinlerdeki ana fikirleri ve dnemli ayrintilar1 belirleyebilmelerini
ve agikca ifade edilmeyen bilgilere iliskin ¢ikarim yapabilmelerini gerektirir. Ayrica
B1 diizeyine uygun sozciik bilgisine sahip olmalari, metin igindeki sdzciiklerin
anlamlarini baglamdan ¢ikarabilmeleri, metnin diizenini ve paragraflar arasindaki
baglantilar1 anlayabilmeleri beklenmektedir.

Bl diizeyi, orta diizeyde Ingilizce yeterligini temsil etmesi ve genis bir hedef
kitleye hitap etmesi nedeniyle bu g¢alisma i¢in secilmistir. Bu diizeydeki bireyler,
giinliik yasamda Karsilagabilecekleri gesitli metinleri anlayabilir ve Ingilizceyi
akademik ya da mesleki amagclarla kullanabilir. Ayrica B1 diizeyi, diger diizeylerle
kargilagtirildiginda daha homojen bir grup olusturdugundan, c¢alisma sonuglarinin
daha giivenilir olmasina katki saglamaktadir.

Degerlendiriciler: insan Uzmanlar ve Yapay Zeka Araclari

Test gegerlik siireci tamamlandiktan sonra testte yer alan 25 madde, 4 insan
uzman ve 4 yapay zeka araci tarafindan degerlendirilmistir. insan uzmanlar, Ingilizce
Ogretimi alaninda uzman, en az 5 yillik deneyime sahip ve CEFR degerlendirme
siireglerine hakim kisilerden olugmaktadir. Bu 6lgiitler, degerlendiricilerin ilgili alan
uzmanligina, dil degerlendirmesi konusunda uygulama deneyimine ve CEFR temelli
okuma becerisi tanimlayicilarina asinaliga sahip olmasini saglamak amaciyla
kullanilmistir. Maddeler B1 diizeyinde bir Ingilizce okudugunu anlama testi igin
gelistirildiginden, maddelerin ilgililigini ve temsil ediciligini degerlendirmek iizere
CEFR ile uyumlu degerlendirme deneyimine sahip uzmanlarin uygun oldugu
distiniilmiistiir.

Calismada kullanilan yapay zeka araglart GPT-40, Gemini 2.0, Replika ve
Chatfuel’dir. Bu araglar, metin igleme ve yanit iiretme kapasitesine sahip, erisilebilir
farkli yapay zeka temelli sistem tiirlerini igerecek sekilde segilmistir. GPT-40 ve
Gemini 2.0 gelismis biiyiik dil modelleri olarak ¢alismaya dahil edilirken, Replika ve
Chatfuel sohbet robotu temelli sistemler olarak dahil edilmistir. Bu se¢im, farkli yapay
zeka destekli yanit ortamlarindan elde edilen degerlendirmelerin karsilastirilmasina
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olanak saglamistir. OpenAl tarafindan gelistirilen ChatGPT-40, genis dil isleme
kapasitesi sayesinde karmagik ifadeleri dogal bigimde analiz etme ve yorumlama
konusunda oldukga basarilidir. Giincel yapay zeka teknolojileri arasinda one ¢ikan bir
model olan ChatGPT-4o, farkli disiplinlerden metinleri analiz etmek amaciyla
kullanilabilmektedir. GPT-40’nun temel metin igleme &zellikleri {icretsiz olarak
kullanilabilirken, ses ve goriintii isleme gibi bazi gelismis ozellikleri abonelik
gerektirmektedir (Ofgang, 2024; OpenAl, 2023).

Gemini 2.0, Google DeepMind tarafindan gelistirilen ¢ok modlu bir yapay zeka
modelidir. Bu model, yalnizca metin analizinden degil, aym1 zamanda gorsel ve
baglamsal bilgilerden de yararlanarak degerlendirme siirecini gii¢clendirmektedir.
Gemini 2.0’1n metin temelli gorevlerdeki gii¢lii performansi, bu ¢aligma kapsaminda
kullanilmasinda 6nemli bir gerekce olusturmustur (Hassabis ve Kavukcuoglu, 2024).
Replika ise gelismis dogal dil isleme (NLP) teknolojilerini kullanan ve Uretken
Onceden Egitilmis Doniistiiriicii 3 (GPT-3) modeli {izerine yapilandirilmig sosyal bir
sohbet robotudur. Teknolojik altyapisi, kullanict konusmalarindan elde edilen genis
bir veri kiimesine dayali dil yanitlari {iretmesine olanak tanimakta; bdylece baglamsal
acidan zengin ve niiansh etkilesimler saglayabilmektedir (Pentina vd., 2023).

Bu araglara ek olarak, Chatfuel de bu ¢alisma i¢in se¢ilmistir. Chatfuel, metni
yorumlamak ve yanit {iretmek amaciyla dogal dil isleme (NLP) tekniklerini kullanan
yapay zeka temelli bir sohbet robotudur. Genellikle miisteri hizmetleri ve otomatik
mesajlagsma siireclerinde kullanilmakla birlikte, geri bildirim saglama ve etkilesimli
O0grenme ortamlart olusturma amaciyla da kullanilmaktadir. Ahmed ve Hussein
(2020), calismalarinda Kiirtge konusan bireylerin insan temsilcilerle dogrudan
iletisime ge¢cmek yerine ¢evrim i¢i konusmalar yoluyla yanit bulmalarina yardimei
olmak i¢in Chatfuel platformunu kullanan bir sohbet robotu tasarimi sunmustur. Bu
calismada degerlendirme siireclerinde yapay zeka destekli geri bildirim
mekanizmalarimin kullanimi incelendiginden, Chatfuel bu nedenle segilmistir.

Etik Kurul Karan

Bu calisma, Gazi Universitesi Rektorliigii Etik Komisyonunun 23.09.2025
tarihli ve 14 sayili toplantisinda incelenmis; 09.10.2025 tarihli ve E.1352469 sayili
belge ile etik agidan uygun bulunmustur. Arastirma kod numarasi 2025-1649’dur.

Arastirmanin Bilimsel Niteligi
Yapay Zeka Yionlendirme Siireci ve Baglam Kontrolii

Degerlendirmelerin  karsilagtirilabilir ve tekrarlanabilir olmasini saglamak
amactyla tiim yapay zeka sistemlerine bagimsiz olarak yeni oturumlarda erisilmistir.
Her degerlendirme oOncesinde, onceki yonlendirmelerin ya da yanitlarin sonraki
¢iktilar iizerinde istenmeyen etkisini ifade eden baglam kaymasimi onlemek igin
onceki konusma gegmisleri temizlenmigtir. Tiim modellerde standartlagtirilmis az
ornekli yonlendirme ¢ercevesi benimsenmistir. Puanlama mantigini olusturmak
amactyla her bir yapay zeka sistemine oncelikle dogru etiketleri igeren iki drnek
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madde sunulmustur (gegerli ve gegersiz). Bu kisa kalibrasyon adimimin ardindan, B1
diizeyindeki okudugunu anlama testine ait 25 madde ayn1 girdi yapis1 kullanilarak
sirali bigimde girilmistir.

Temel yonlendirme su sekilde yapilandirilmistir: “Bu maddenin hedeflenen
okuma becerisiyle ilgililigini 1 (ilgili degil) ile 3 (yiiksek diizeyde ilgili) arasinda
puanlaymiz. Yalnizca sayisal bir puan veriniz.” Bu yaklasim, yapay zeka sistemlerinin
insan degerlendiricilerin yargi olgiitlerini taklit etmesine olanak saglamis ve farkl
uygulamalar arasinda 6znel degiskenlik olugmasini Onlemeyi amaglamistir.
Tekrarlanan oturumlar boyunca elde edilen c¢iktilarin tutarliligi, igsel kararlilig:
dogrulamak amaciyla manuel olarak kontrol edilmistir.

Giivenirlik ve Tutarlilik Kontrolii

Yapay zeka degerlendirmelerinin tutarliligini belirlemek amaciyla ayni
standartlagtirilmis yonlendirmeler kullanilarak iki farkli zamanda tekrarli denemeler
gergeklestirilmigtir. Ham puanlarda gozlenen kiigiik farkliliklarin istatistiksel olarak
anlaml1 olmadig1 belirlenmistir. Sekiz degerlendirici arasindaki degerlendiriciler arasi
uyum, Fleiss Kappa kullanilarak hesaplanmis ve .431 olarak bulunmustur. Bu deger,
degerlendiriciler arasinda orta diizeyde bir uyum oldugunu gdstermektedir.
Degerlendirici gruplari arasindaki farkliliklar Kruskal-Wallis H Testi ile analiz
edilmis ve anlamli bir farklilik gézlenmemistir (p > .05).

Verilerin Analizi

Bu calismada, insan ve yapay zeka degerlendiricileri her bir test maddesini,
maddelerin hedeflenen igerigi ne olglide yansittigini belirlemek amaciyla 1 ile 3
arasinda puanlayarak degerlendirmistir. Puanlama sistemi agik bir bigimde
yapilandirilmigtir: “1” maddenin igerigi yeterince temsil etmedigini, “2” maddenin
gelistirilmesi gerektigini ve “3” maddenin igerigi etkili bigimde temsil ettigini
gostermektedir. Tiim maddeler degerlendirildikten sonra puanlar bir tablo haline
getirilmistir. Bu puanlar daha sonra her bir madde i¢in Kapsam Gegerlik Orani (KGO)
ve Madde Diizeyinde Kapsam Gegerlik Indeksi (M-KGI) hesaplamalarinda
kullanilmistir.  Degerlendiriciler tarafindan verilen puanlar arasinda anlaml
farkliliklar olup olmadigini belirlemek amaciyla Kruskal-Wallis H testi kullanilmustir.
Bu test, normal dagilim gostermeyen siral1 verilerin analizinde kullanilan Tek Yonlii
ANOVA’nin parametrik olmayan bir alternatifidir (MacFarland ve Yates, 2016).
Analizler, R programindaki “stats” paketi kullanilarak gergeklestirilmistir (R Core
Team, 2024).

Her bir madde, 4 insan uzman ve 4 yapay zeka araci olmak iizere toplam 8
degerlendirici tarafindan incelenmistir. Insan ve yapay zekd degerlendiricileri
arasindaki ve yapay zekd araglarmin kendi aralarindaki uyum diizeyini
degerlendirmek amaciyla Fleiss Kappa istatistigi uygulanmistir. Fleiss Kappa, birden
fazla degerlendiricinin yer aldig1 kategorik veriler i¢in uygun bir uyum oSlcisiidiir
(Fleiss, 1971; Hallgren, 2012). Hesaplamalar, R programindaki “irr” paketi
kullanilarak gergeklestirilmistir (Matthias vd., 2019). Fleiss Kappa degerleri -1 ile +1
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arasinda degismekte olup, +1 mikemmel uyumu gostermektedir. Ayrica test
maddelerinin kapsam gegerligi iki Olgiit kullanilarak degerlendirilmistir: Kapsam
Gegerlik Oram (KGO) ve Madde Diizeyinde Kapsam Gegerlik Indeksi (M-KGi). Bu
olgiitler, hem insan hem de yapay zeka degerlendiricileri tarafindan verilen puanlara
dayali olarak hesaplanmuistir.

Kapsam Gegerlik Orant (KGO)

Lawshe (1975) tarafindan gelistirilen KGO, test maddelerinin hedeflenen igerigi
yeterli diizeyde temsil edip etmedigini degerlendirmek amacryla yaygin olarak
kullanilan bir yontemdir. Uzmanlar her bir maddeyi “gerekli”, “yararli ancak gerekli
degil” ve “gerekli degil” bigiminde smiflandirir. Belirli sayida degerlendirici
tarafindan “gerekli” olarak puanlanan maddeler korunurken, diger maddeler ¢ikarilir

(Almanasreh vd., 2019). KGO asagidaki formiil kullanilarak hesaplanir:

Burada (n_e), maddeyi “gerekli” olarak degerlendiren degerlendirici sayisint;
(N) ise toplam degerlendirici sayisini ifade etmektedir. KGO degeri -1 ile +1 arasinda
degismektedir. “+1” mikemmel uyumu, “-1” tam uyumsuzlugu, “0” ise
degerlendiricilerin  yarisinin = maddeyi  “gerekli”  olarak  degerlendirdigini
gostermektedir. Lawshe’nin (1975) kesme noktalara gore, KGO degeri en az 0.99
olan maddeler testin nihai formuna dahil edilmistir.

Madde Diizeyinde Kapsam Gegerlik Indeksi (M-KGI)

Madde Diizeyinde Kapsam Gegerlik Indeksi (M-KGI), bireysel maddelerin
ilgililigini degerlendirmeye odaklanmaktadir. Literatiirde M-KGI siklikla 4’lii bir
uygunluk 6l¢egi kullanilarak hesaplanmasina ragmen (Davis, 1992), bu ¢aligmada
hem insan hem de yapay zeka degerlendiricilerine uygulanan degerlendirme siireciyle
uyumlu olarak 3°lii bir derecelendirme 6l¢egi kullanilmistir. Bu 6lgekte “1” maddenin
hedeflenen igerigi yeterince temsil etmedigini, “2”” maddenin gelistirilmesi gerektigini
ve “3” maddenin hedeflenen igerigi etkili bicimde temsil ettigini gdstermektedir. M-
KGI hesaplamasinda “3” puanlari ilgili kabul edilirken, “1” ve “2” puanlari tam olarak
ilgili kabul edilmemistir. Bu nedenle her bir maddeye iliskin M-KGi degeri, maddeyi
ilgili olarak degerlendiren degerlendiricilerin orani geklinde hesaplanmigtir. Lynn
(1986), daha kiigiik panellerde (6rnegin 3-5 degerlendirici) 3°lii ya da 5°1i 6l¢eklerin
kullanilabilecegini belirtmistir. M-KGi asagidaki formiil kullanilarak hesaplanr:

. Maddeyi ilgili olarak degerlendiren uzman sayisi
M — KGl = 2
Toplam uzman sayisi
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Degerlendirici sayisinin 6’dan az oldugu durumlarda Lynn (1986), bir maddenin
gegerli kabul edilebilmesi igin M-KGI degerinin 1 olmasi gerektigini nermistir.
Benzer sekilde Polit vd. (2007), panelde 3 ya da daha az uzman bulundugunda
degerlendiriciler arasinda %100 uyum olmas1 gerektigini belirtmistir. Bu ¢alismada
yalnizca M-KGI degeri 1 olan maddeler nihai forma dahil edilmistir. M-KGI degeri
I’in altinda olan maddeler ise revizyon i¢in isaretlenmistir.

Bulgular

Sekiz farkl1 degerlendiriciden (Insanl, insan2, Insan3, insan4, GPT-40, Gemini
2.0, Replika ve Chatfuel) elde edilen puanlarin sira ortalamalari arasinda anlamli bir
farklilik olup olmadigini belirlemek amaciyla gergeklestirilen Kruskal-Wallis testi
sonuglart ve etki biiytikligii (¢2) degeri (Ek 1) Tablo 1’de sunulmustur.

Tablo 1
Degerlendiricilere Iligkin Kruskal-Wallis Testi Sonuclar: ve Etki Biiyiikliigii

Degerlendiriciler ~ Sira %2 Sd )4 Etki
Ortalamasi Biiyiikliigii
8 degerlendirici* 13.00 10.18 7 0.180 0.05

**fnsan 1, Insan 2, Insan 3, Insan 4, GPT-40, Gemini 2.0, Chatfuel ve Replika

Tablo 1 incelendiginde, Kruskal-Wallis testi sonuglar1 degerlendiriciler arasinda
anlaml bir farklilik olmadigini géstermektedir (y* = 10.182, sd = 7, p > 0.05, €2 =
0.051). Bu sonug, tiim degerlendiricilerin test maddelerini benzer bigimde
puanladigini  distindiirmektedir. Bununla birlikte hesaplanan etki biiytikligi,
degerlendiriciler arasindaki farkin oldukga diisiik oldugunu gostermekte ve aralarinda
istatistiksel olarak anlamli bir farklilik olmadig1 sonucunu desteklemektedir. Tiim
degerlendiriciler arasindaki tutarliligi incelemek amaciyla gerceklestirilen Fleiss
Kappa analizinin sonuglar1 Tablo 2’de sunulmustur.

Tablo 2

Degerlendiriciler Arasindaki Tutarlilik Analizi Sonuglar:
Degerlendiriciler Kappa degeri P
8 degerlendirici* 0.43 p <.001

*Insan 1, Insan 2, Insan 3, Insan 4, GPT-40, Gemini 2.0, Chatfuel ve Replika

Tablo 2’de goriildiigi iizere, Fleiss Kappa degerinin 0.431 olmas1 degerlendiriciler
arasinda orta diizeyde bir uyum bulundugunu gostermektedir. Bu sonug, bazi
maddelerde goriis ayriliklar1 bulunmakla birlikte degerlendiriciler arasinda belirli
diizeyde bir tutarhlik oldugunu diisindiirmektedir. Baska bir ifadeyle,
degerlendiriciler arasinda bazi tutarsizliklar olsa da genel olarak puanlamalarin tutarli
bir egilim gosterdigi sdylenebilir. Ayrica tim degerlendiriciler tarafindan en sik
verilen puan (mod) 3 olarak hesaplanmigtir. Bu bulgular, degerlendiricilerin tutarl
bi¢imde puanlama yaptigim1 ve hem insan hem de yapay zekd degerlendiricilerinin
degerlendirme siireclerinde benzer performans gosterdigini ortaya koymaktadir. insan
ve yapay zeka degerlendiricileri tarafindan verilen puanlara dayali olarak Kapsam
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Gegerlik Oram1 (KGO) ve Madde Diizeyinde Kapsam Gegerlik Indeksi (M-KGI)
degerleri hesaplanmis ve elde edilen degerler Tablo 3’°te sunulmustur.

Tablo 3
Insan ve Yapay Zekd (YZ) Puanlarina lliskin KGO ve M-KGI Degerleri

KGO_YZ KGO_Insan M-KGI_YZ M-KGI_Insan
1 0.50 0.50 0.75 0.75
2 0.50 -1.00 0.75 0.00
3 1.00 1.00 1.00 1.00
4 1.00 1.00 1.00 1.00
5 1.00 0.50 1.00 0.75
6 -0.50 -0.50 0.25 0.25
7 1.00 1.00 1.00 1.00
8 0.50 1.00 0.75 1.00
9 0.00 -1.00 0.50 0.00
10 1.00 1.00 1.00 1.00
11 1.00 1.00 1.00 1.00
12 1.00 1.00 1.00 1.00
13 0.50 -0.50 0.75 0.25
14 1.00 1.00 1.00 1.00
15 1.00 0.00 1.00 0.50
16 1.00 1.00 1.00 1.00
17 1.00 1.00 1.00 1.00
18 1.00 1.00 1.00 1.00
19 1.00 1.00 1.00 1.00
20 1.00 1.00 1.00 1.00
21 1.00 1.00 1.00 1.00
22 1.00 1.00 1.00 1.00
23 1.00 1.00 1.00 1.00
24 1.00 1.00 1.00 1.00
25 1.00 1.00 1.00 1.00

Insan ve yapay zekd degerlendiricilerine iliskin KGO ve M-KGI degerleri
incelendiginde, insan degerlendiricilerin 18 maddeyi, yapay zeka degerlendiricilerinin
ise 19 maddeyi gegerli kabul ettigi goriilmektedir (bkz. Tablo 3). Bu bulgular, her iki
degerlendirici grubunun kapsam gecerligi agisindan benzer performans gosterdigini;
yapay zeka degerlendiricilerinin ise bir maddeyi daha yiiksek oranda onayladigini
gostermektedir. Bununla birlikte, hem insan hem de yapay zeka degerlendiricileri 1,
2, 6, 9 ve 13. maddelerin nihai forma alinmamasi yoniinde karar vermistir. Bu
maddeler, her iki grup tarafindan kapsam gegerligi agisindan yetersiz goriilmiis ve
onaylanmamustir. Sonuglar, insan ve yapay zeka kararlarinin bu maddeler {izerinde
paralel oriintiiler sergiledigini ve elenmesi gereken maddelerin tespitinde tam bir
uzlasi saglandigini gostermektedir. Benzer sekilde 3, 4, 7, 10, 11, 12, 14, 16, 17, 18,
19, 20, 21, 22, 23, 24 ve 25. maddeler i¢in her iki grup da maddelerin nihai forma
alinmasi yoniinde karar vermistir. Bu maddelerde hem insan hem de yapay zeka
degerlendiricilerinden yiiksek diizeyde onay alinmig ve tutarli, paralel sonuglara
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ulasilmistir. Bu durum, yapay zekanin insan benzeri degerlendirmeler yapabildigi ve
insan degerlendirmeleriyle tutarli sonuglar tiretebildigi goriisiinii desteklemektedir.

Bununla birlikte, 8. madde (Ek 2) degerlendiriciler arasinda bir goriis ayriligi
oldugunu gostermektedir. Insan degerlendiriciler bu maddeyi kapsam gegerligi
acisindan uygun bulurken, yapay zekd degerlendiricileri maddenin gozden
gecirilmesini ya da ¢ikarilmasimi  Onermistir.  Bu  farklilik, yapay zeka
degerlendirmelerinin metnin baglamini tam olarak kavrayamamasindan ve temel
unsurlart yeterince analiz edememesinden kaynaklanmis olabilir. Yapay zeka
degerlendiricilerinin baglamsal derinlikten ziyade so6zdizimsel ve sozciiksel
oriintiilere dayanma egiliminde olmasi, 8. madde igin revizyon oOnermelerini
aciklayabilir. Buna karsilik insan degerlendiriciler, metnin toplumsal etkisini ve
baglamini dikkate alarak daha derinlemesine bir analiz yapmis olabilir. Insan
degerlendiriciler kiiltiirel ve toplumsal baglami goz oniinde bulundururken, yapay
zeka degerlendiricileri bu yonleri gozden kagirmis olabilir.

Buna ek olarak, 5. ve 15. maddeler (Ek 2) i¢in yapay zeka degerlendiricileri her
iki maddeyi de kapsam gecerligi agisindan uygun bulurken, insan degerlendiriciler
daha temkinli bir yaklagim benimsemis ve bu maddeler i¢in revizyon ya da ¢ikarma
Onerisinde bulunmay1 tercih etmistir. 5. maddenin degerlendirilmesinde yapay zeka
degerlendiricileri, teknik olgiitlere dayali olarak maddeyi genel olarak yeterli bulmus
ve nihai forma alimasini 6nermistir. Buna karsilik insan degerlendiriciler; baglam,
dilsel duyarlilik ve icerik niteligi gibi Olgiitleri devreye sokarak daha elestirel bir
siizge¢ kullannuglardir. Bu farklihk birka¢ etmenden kaynaklanmis olabilir. ilk
olarak, insan degerlendiriciler metnin baglamiyla uyumsuzluga kars1 daha duyarl
davranmig olabilirken, yapay zekd degerlendiricilerinin standartlara dayali
degerlendirme siireci bu tiir niianslar1 gdzden kacirmis olabilir. insan degerlendiriciler
ayrica metnin dilsel niteligini, ifadelerin agikligini ve hedef kitleye uygunlugunu daha
ayrintili bigimde incelemis olabilir. Bunun yani sira, metnin pedagojik amaglarla
uyumu ve Ogrencilerin 6grenme ¢iktilar1 agisindan olast eksiklikleri de insan
degerlendiricilerin  kararlarim  etkilemis olabilir. Ote yandan yapay zeka
degerlendiricileri metni Oncelikle teknik yeterlik agisindan degerlendirmis; insan
degerlendiriciler ise igerik niteligine, baglama ve dilsel duyarlilia daha fazla
odaklanmus olabilir. Bu farklilik, yapay zeka sistemlerinin belirli dilsel ve pedagojik
ozellikleri g6zden kagirma egiliminden kaynaklanmis olabilir.

Benzer sekilde, 15. maddenin degerlendirilmesinde yapay zeka
degerlendiricileri sorunun nihai forma alinmasini onerirken, insan degerlendiriciler
“cikar” ya da “revize et” yoniinde karar vermistir. Bu farkliligin birkag olas1 nedeni
diisiiniilebilir. insan degerlendiriciler, o6zellikle sorunun baglami ve ilgililigi
konusunda daha elestirel bir yaklasim benimsemis olabilir. Ornegin, bu soruda
festivalin cevresel etkisi ve yerel iireticilerle baglantisina iliskin ifadeler daha
karmagsik ve ¢ok yonlii bir yorum gerektirmektedir. Yapay zeka degerlendiricileri,
metnin teknik yonlerine odaklanarak belirli anahtar sozciiklere yogunlagmis
olabilirken, insan degerlendiriciler metnin biitiinliigiinii ve kiiltiirel baglamini daha
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genis bir perspektiften ele almis olabilir. Sonug¢ olarak, insan degerlendiriciler
tarafindan yapilan elestiriler, sorunun ifade edilis bi¢iminin ve yanittaki anlam
derinliginin daha ayrintili bigimde degerlendirilmesini gerektirmis olabilir.

Degerlendirici Puanlarina Goére Hesaplanan KGO ve M-KGI Degerleri
Arasindaki Farkhhklar

Insan ve yapay zekd (YZ) degerlendiricilerinin puanlarma dayali olarak
maddeler i¢in hesaplanan Kapsam Gegerlik Orani (KGO) degerleri arasindaki
farkliliklar Wilcoxon Isaretli Siralar Testi kullanilarak analiz edilmistir. Analiz
sonucunda, insan ve yapay zeka degerlendiricileri arasindaki farkliliklarin istatistiksel
olarak anlamli olmadig1 belirlenmistir (W = 335.5, p = 0.5708). Bu sonug, iki grup
arasinda merkezi egilimde (medyan) anlamli bir degisim olmadigini ve dolayisiyla
KGO degerlerinin benzer oldugunu gostermektedir.

KGO analizinden elde edilen sonuglar, maddelere iliskin kapsam gecerligi
kararlarinda genel bir uyum oldugunu gosterse de her bir maddenin uygunlugunu daha
ayrintili bir lgiit olan Madde Diizeyinde Kapsam Gegerlik Indeksi (M-KGi) ile daha
derinlemesine incelemek gerekmektedir. Bu baglamda, insan ve yapay zeka
degerlendiricilerinin puanlarindan hesaplanan M-KGi degerleri arasindaki farkliliklar
Wilcoxon Isaretli Siralar Testi kullanilarak analiz edilmistir. Analiz sonucunda, insan
ve yapay zeka degerlendiricileri tarafindan hesaplanan M-KGI degerleri arasinda
istatistiksel olarak anlamli bir farklilik olmadig: belirlenmigtir (W = 335.5, p =
0.5708). Baska bir ifadeyle, her iki degerlendirici grubunun maddelerin uygunluguna
iliskin verdigi kararlar benzerlik gostermektedir. Bulgular, insan ve yapay zeka
degerlendiricilerinin kapsam gegerligi degerlendirmelerinde tutarli sonuglar
sundugunu ve yapay zekd sistemlerinin insan degerlendirmelerine benzer bir
giivenirlik saglayabilecegini diisiindiirmektedir.

Tartisma, Sonuc ve Oneriler

Bu calismada, insan ve yapay zekd degerlendiricilerinin kapsam gegerligi
degerlendirmelerinde benzer degerlendirmeler yapip yapmadigi incelenmistir.
Sonuglar, maddelerin biiylik ¢ogunlugu i¢in tiim degerlendiricilerin benzer
degerlendirmeler yaptigini gostermistir. Ayrica higbir degerlendiricinin sistematik
olarak digerlerinden daha yiiksek ya da daha diisiik puan vermedigi; tarafsiz bir
yonelim sergiledigi belirlenmistir. Bunun yani sira, puanlamalara dayali olarak
hesaplanan KGO ve M-KGI degerleri arasindaki farkliliklara iliskin istatistiksel
analizler anlamli bir farklililk ortaya koymamustir. Bu durum, yapay zeka
degerlendiricilerinin insan degerlendiriciler tarafindan yapilan degerlendirmelerle
uyumlu ve benzer degerlendirmeler sundugunu diigiindiirmektedir. Degerlendiriciler
arasinda istatistiksel olarak anlamli farkliliklarin bulunmamasi, bu ¢aligmanin
kapsam1 i¢inde yapay zekad degerlendiricilerinin kapsam gegerligi analizlerinde
destekleyici bir arag olarak kullanilabilecegini gostermektedir.

Yapay zeka degerlendiricileri, teknik olgiitlere ve standartlara uyuma dayali
olarak nesnellik ve hiz gerektiren gorevlerde insan degerlendiricilerle kismen
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karsilagtirilabilir puanlama oOrtntiileri iiretebilir. Bununla birlikte, yapay zeka
degerlendiricileri insan degerlendiricilerin yerine gegen bir unsur olarak degil,
tamamlayict bir ara¢ olarak ele alinmalidir. Gelecekte, yapay zeka
degerlendiricilerinin 6zellikle insan denetimli ya da hibrit degerlendirme ¢ergeveleri
icinde daha hizli ve daha sistematik kapsam gegerligi analizlerini destekleme
potansiyeli daha ayrintili bi¢cimde incelenebilir. Bu calismada genel olarak, bir
maddenin puanlanmasinda degerlendiriciler arasinda orta diizeyde bir uyum
bulunmus; ancak bazi maddelerde yapay zeka ve insan degerlendiriciler arasinda
farkliliklar gozlenmistir. Bu farkliliklar, iki grup arasinda degerlendirme 6lgiitlerinin
farkli yorumlanabilecegini diisiindiirmektedir. Bu durum, belirli maddelerin daha
Oznel bigimde yorumlanabilecegini ya da daha ayrintili agiklamalara gereksinim
duyabilecegini  gdstermektedir.  Ozellikle bazi  maddelerde yapay zeka
degerlendiricileri daha yiiksek diizeyde onay verirken, insan degerlendiriciler daha
temkinli bir yaklasim benimsemistir.

Yapay zeka degerlendiricileri, teknik yeterlige odaklanan tutarli ve kural temelli
bir yaklasim benimsemekte; ancak baglamsal ve dilsel niianslar1 gdzden
kacgirabilmektedir. Buna karsilik insan degerlendiriciler, toplumsal, kiiltiirel ve
pedagojik baglamlart dikkate alarak metinleri daha elestirel ve kapsamli bigimde
degerlendirmektedir. Bu durum, yapay zeka degerlendirme siireglerinin baglamsal
analiz, dilsel duyarlilik ve pedagojik hedeflerle uyum gibi alanlarda gelistirilmesi
gerektigini gostermektedir. Insan degerlendiricilerin bu alanlardaki yeterlikleri,
Ozellikle kritik pedagojik ve kiiltiirel kararlarin verilmesinde biiyiikk 6nem
tasimaktadir. Ornegin, bazi maddelerde yapay zekd degerlendiricileri teknik
standartlara dayali olarak maddeleri yeterli gérmiis ve nihai forma alinmalarini
onermistir. Ote yandan insan degerlendiriciler, dilsel duyarlilik, baglam ve igerik
niteligi gibi daha ayrintili boyutlar1 dikkate alarak “revizyon” ya da “gikarma”
kararlart vermistir. Bu farkliliklar, degerlendirme dlgiitlerinin farkli bigimde
onceliklendirilmesinden ve yapay zeka sistemlerinin dilin inceliklerini ve baglamini
tam olarak kavrayamamasindan kaynaklanmus olabilir. Ozellikle baglamin kritik
oldugu durumlarda, insan degerlendiriciler metinlerin toplumsal etkisini ve pedagojik
hedeflerle uyumunu dikkate alarak daha derinlemesine analizler yapmis olabilir.
Sonug olarak, yapay zeka degerlendiricilerinin degerlendirme siire¢lerinin baglamsal
analiz, dilsel duyarlilik ve pedagojik hedeflerle uyum agisindan gelistirilmesi
Onerilmektedir.

Bu ornekler, degerlendiricilerin kapsam gegerligine iligkin farkli bakis agilart
benimseyebilecegini gostermekte ve bu farkliliklar, yapay zeka degerlendiricilerinin
insan degerlendiricilerin karar verme siireglerini her zaman tam olarak
yansitamayabilecegini ortaya koymaktadir. Bu baglamda, yapay zekd ve insan
degerlendiriciler arasindaki is birligi, kapsam gegerligi degerlendirmelerinde daha
tutarli ve giivenilir sonuglarin elde edilmesine katki saglayabilir. Yapay zeka
degerlendiricileri, dilsel ipuglarima dayali olarak hizli ve kesin kararlar verme
avantajina sahipken, insan degerlendiriciler daha genis bir baglamda elestirel
diistinme ve pedagojik kaygilar1 dikkate alma potansiyeli sunabilir. Bu durum, yapay
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zeka degerlendiricilerinin belirli degerlendirme siireglerinde insan degerlendiricilere
benzer performans gosterebilmesine ragmen, her durumda insan degerlendiricilerin
yerini tamamen almasimin miimkiin olmayabilecegini diisiindiirmektedir.

Benzer sekilde Kim vd. (2023), yapay zekanin insanlara benzer dogruluk ve
giivenirlikte sonuglar iiretebilmesi i¢in insan rehberliginin kritik oldugunu
vurgulamaktadir. Ayrica Fjelland (2020), yapay zekanin insan zekasini tam olarak
yansitamayacagia dikkat ¢ekerken, Shane (2019) yapay zekanm belirli gorevlerde
insan zekasindan daha {istiin performans gosterebilecegini ileri siirmektedir. Bu
baglamda, yapay zeka degerlendiricilerinin insan degerlendirmeleriyle uyum iginde
calisabilmesi i¢in gerekli egitim, yonerge ve siireg iyilestirmelerinin saglanmast 6nem
tagimaktadir.

Degerlendirme siireglerinde her iki yaklasim arasindaki farkliliklar dikkate
alindiginda, dilsel agikligin ve aywt edilebilir segeneklerin  dneminin
vurgulanmasinin, yapay zeka degerlendiricilerinin insan degerlendiricilere benzer
performans gostermesine katki saglayabilecegi diistiniilmektedir. Bu dogrultuda,
oOlciitlerin daha ag¢ik bi¢cimde tanimlanmasi ve degerlendiricilerin bu 6lgiitlere iliskin
algilarinin uyumlu hale getirilmesi, siireglerin daha tutarli yiiriitiilmesine katkida
bulunabilir. ~ Yapay zekd temelli degerlendirme  sistemlerinin  insan
degerlendirmeleriyle birlikte ¢alistig1 hibrit sistemlerin gelistirilmesi, daha giivenilir
ve tutarli sonuglarin elde edilmesini saglayabilir. Bu tiir sistemler, her iki tarafin gii¢li
yonlerinden yararlanarak daha verimli ve dogru kapsam gegerligi analizlerinin
gerceklestirilmesine olanak taniyabilir. Ayrica yapay zeka ve insan degerlendiriciler
arasindaki is birligini giliglendiren egitim programlar1 ve rehberlik sistemlerinin
gelistirilmesi, degerlendiricilerin ortak bir anlayisla daha tutarli sonuglara ulasmasina
yardimct olabilir. Bu c¢alismanin sonuglarina benzer sekilde, Low vd. (2024),
Tenhundfeld (2023) ve Vassis vd. (2024) tarafindan yiiriitiilen ¢caligmalar da yapay
zeka temelli sistemlerin insan benzeri degerlendirme performansini tam olarak tekrar
edemedigini gostermektedir. Bu ¢aligmalar, s6z konusu sistemlerin insan
degerlendirmeleriyle uyumlu hale gelebilmesi i¢in da ha fazla gelistirmeye
gereksinim oldugunu vurgulamaktadir.

Kapsam gecerligi, 6zellikle belirli test maddelerinin dogrulugu ve gegerligine
iliskin ayrintili bir degerlendirmenin gerekli oldugu durumlarda kritik 6neme sahiptir.
Literatiirde, kapsam gegerligi degerlendirmelerinde genellikle en az 3 ila 5 uzmanin
goriisiine basvurulmasi &nerilmektedir. Ornegin Lawshe (1975) en az ii¢ uzman
goriistinii 6nerirken, Polit vd. (2007) bir maddenin nihai forma alinip alinmamasina
iliskin kararin genellikle ii¢ uzmandan alinan geri bildirime dayali olarak verildigini
belirtmektedir. Bununla birlikte, uzmanlarin is yiikii ve diger uygulamaya doniik
sinirliliklar nedeniyle bu uzmanlara ulasmak ve geri bildirim almak her zaman
mimkiin olmayabilir (Vassis vd., 2024). Bu tiir durumlarda, yapay zeka
degerlendiricilerinin siirece dahil edilmesi daha hizli ve daha verimli kapsam gegerligi
degerlendirmelerinin yapilmasina olanak saglayabilir. Low vd. (2024) ve Abu Arqub
vd. (2024) tarafindan yiiriitiilen ¢alismalara benzer sekilde, bu ¢aligma da kontrollii
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kosullar altinda yapay zekd sistemlerinin kapsam gecerligi incelemelerinde
destekleyici girdi saglayabilecegini gostermektedir. Ancak bulgular, o6zellikle
pedagojik, dilsel ya da kiiltirel yorum gerektiren baglamlarda yapay zeka
degerlendiricilerinin insan yargisinin yerini alabilecegi anlamina gelmemektedir.

Bununla birlikte, bu potansiyel dikkatli bicimde yonetilmeli ve olas1 yontemsel
riskler goz 6niinde bulundurulmalidir. Bu dogrultuda, bu ¢alismada baglam kaymasi
ve kullanictya 6zgii geemisler gibi olasit yanlilik kaynaklari, standartlagtirilmis
yonlendirme ¢ergevelerinin uygulanmasi ve degerlendirmelerin bagimsiz oturumlarda
tekrarlanmasi yoluyla en aza indirilmistir. Bununla birlikte, bu dnlemler tek bagina en
uygun giivenirlik diizeyine ulagsmak i¢in yeterli olmayabilir. Bu ¢aligmada, dogrudan
ince ayar yapilmaksizin kapali kaynakli yapay zeka sistemleri (6rnegin GPT-4o,
Gemini 2.0) kullanilmistir. Ancak alana 6zgii gegerlik verileriyle modelin yeniden
egitilmesinin ya da ince ayar yapilmasinin performansi daha da artirabilecegi kabul
edilmektedir. Bu nedenle gelecekteki arastirmalarda, sistematik ince ayara olanak
saglamak ve yalnizca yonlendirme temelli iyilestirmelere olan bagimlilig1 azaltmak
amactyla LLaMA 2 ya da RoBERTa gibi acik kaynakli biiyiik dil modelleri
incelenmelidir. Bu tiir yontemsel gelistirmeler, yapay zeka temelli kapsam gegerligi
degerlendirmelerinin tutarliligini ve genellenebilirligini gii¢lendirebilir.

Sonug olarak, yapay zeka degerlendiricilerinin kapsam gegerligi gibi teknik
analizlerde etkili bir ara¢ olarak kullanilabilecegi; 6zellikle uzman sayisinin fazla
oldugu ve uzmanlik gereksinimlerinin yogun oldugu durumlarda 6nemli avantajlar
sunabilecegi soylenebilir. Yapay zeka ve insan degerlendiriciler arasinda gozlenen
kismen karsilastirilabilir puanlama oriintiileri, baz1 durumlarda yapay zeka araglarinin
insan miidahalesinin yerini almaktan ziyade degerlendirme siirecini ek bir kanit
kaynag1 olarak destekleyebilecegini gostermektedir. Bu durum, 6zellikle ¢ok sayida
uzmanin gerekli oldugu ve zaman sinirliliklarinin bulundugu ¢alismalarda yapay zeka
degerlendiricilerinin hiz ve verimlilik avantajlarindan yararlanilmasina olanak
saglayabilir. Yapay zekd degerlendiricilerinin veri isleme hizi ve belirli dlgiitlere
dayali olarak tutarli kararlar verebilme kapasitesi, degerlendirme siirecini daha
verimli héle getirebilir. Gelecekteki arastirmalar, yapay zekd ve insan
degerlendirmelerinin daha uyumlu hale gelmesi i¢in siireglerin ve degerlendirme
Olgiitlerinin daha agik bigimde tanimlanmasina odaklanabilir. Bu durum, yapay zeka
degerlendiricilerinin kapsam gegerligi degerlendirmelerinde destekleyici araglar
olarak nasil daha uygun bi¢imde kullanilabileceginin agikliga kavusturulmasina
yardimer olabilir. Ayrica benzer analizlerin daha genis 6rneklem gruplari ve farkli veri
setleriyle yiiriitiilmesi, bu bulgularin daha genig bir baglamda test edilmesine olanak
saglayacaktir. Sonug olarak, yapay zeka degerlendiricilerinin giiglii yonleri, insan
degerlendirmelerini tamamlayici bi¢cimde kullanildiginda verimlilik ve etkililik
saglayabilir. Bununla birlikte, insan miidahalesi ve rehberliginin 6nemini korudugu
kabul edilmelidir. Gelecekteki arastirmalarin, yapay zeka ve insan degerlendirmeleri
arasindaki dengeye iliskin anlayis1 gelistirmesi ve yapay zekanin daha genis alanlarda
etkili bicimde uygulanmasina katk: saglamas1 beklenmektedir.
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Appendix 2
Sample Items from the Test

PART1
Benefit for customers

The advantage of having a multicultural workforce is that it can teach people to look
at things from a different point of view and solve problems more effectively.
Employees have to learn to see things from a different point of view. As a result, this
can often lead to a satisfactory solution that they were unable to see before. In addition,
the different skills of cultural understanding and languages enable a company to give
better customer service around the world.

5. How does a culturally diverse workforce benefit customers according to
Paragraph 47

a) By enhancing customer support services

b) By making innovative products

¢) By maintaining a good reputation

d) By managing cultural differences

e) By offering problem solving skills for customers

PARTII

Similarly, Oprah Winfrey, a favorite media entrepreneur, is well-known for her extensive
network of charitable efforts. From funding poor children’s education to supporting
women's empowerment programs, Winfrey's behavior exemplifies the power of using
one's platform for the wellbeing of positive change.

8. As stated in Paragraph 2, Oprah Winfrey supports .

a) learning organisations

b) children’s psychological platforms
¢) men's empowerment programs

d) women’s employment training

e) public health education
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PART I

Despite these recommendations, some obstacles such as moldy or stale food may arise.
However, adopting some solutions such as freezing or preserving can help extend the shelf
life of fresh items, minimising waste. Food festivals can continue to be a source of joy and
inspiration while protecting the planet by considering the cost of food waste and embracing
environmentally friendly approaches. They give people a chance to try delicious foods, learn
about local traditions, and meet other food lovers.

15. According to Paragraph 4, food festivals .
a) affect the people’s overall health

b) decline the number of imported foods

¢) help people meet local food producers

d) make people prepare meals cooked in other countries
e) reduce the financial impact of wasteful consumption
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