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Abstract

This study presents several pretesting approaches for automated short-answer
grading (ASAG) items, addressing a critical gap in standardized item development
procedures in the AS literature. We utilized a large language model approach to
develop and assess an ASAG platform for Turkish language inputs across three
subject domains: history of the Turkish revolution, Turkish as a first language, and
science literacy. Our methodology integrated traditional classical test theory item
parameters with insights from cognitive interviews and expert-based machine
score-ability ratings to predict ASAG performance. We evaluated performance using
quadratic weighted kappa across 73 short-answer items. Our preliminary results
indicated that the effectiveness of the pretesting metrics varies by domain. While
strong correlations between item parameters and ASAG performance were observed
in the history and Turkish domains, a more complex case arose in the science literacy
domain, where pretest metrics were insignificant predictors, likely due to linguistic
and semantic diversity and complex reasoning. Preliminary evidence suggests that,
depending on the study domain, ASAG performance might be predicted from
pretesting results. Overall, this study has the potential to advance the field by shifting
the paradigm from traditional, retrospective algorithmic validation to a proactive,
evidence-based process of item pretesting and development for ASAG.

Keywords Automated short-answer grading (ASAG), Item pretesting, Validity, Machine
score-ability, Natural language processing

1 Introduction

Test items can be broadly categorized as selected-response (SR) or constructed-response
(CR) [40, 69]. When carefully prepared, CR items have the potential to measure knowl-
edge and skills that cannot be adequately assessed with SR items [16, 31, 46, 72, 75].
There has been an increase in the use of CR items due to the interest in measuring
higher-order thinking [78]. Because these items have been utilized extensively across
subject domains, the terminology used to define CR items has diversified over time [39,
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84]. Historically, terms such as free response, extended response, performance assess-
ment, and even essay have been used to describe this item type. Among the many CR
item types, the focus of this study is on short answer (SA) items, in which the test takers
are expected to give a short answer, ranging in length from a word, a symbol, a num-
ber, an expression, a simple sentence, or a sentence to a paragraph [17]. For instance, a
low-cognition SA task might merely require the recall of an explicit historical date or
scientific term, whereas a high-cognition SA task can require an examinee to synthesize
a brief causal mechanism or evaluate an experimental relationship in a few sentences.
Thus, when carefully developed, SA items evaluate complex reasoning without requiring
extensive text generation. As with other item types, standardization is important for SA
exams; however, these items are generally scored by human raters, which poses a chal-
lenge. SA items are generally costly, time-consuming, and challenging to implement, yet
they offer important validity advantages. The lack of standardization in SA items, on the
other hand, can jeopardize the validity advantage [3, 71], thereby making it challenging
to ensure that test results are fair and comparable. This lack of standardized scoring can
induce a negative washback effect, where instructors abandon CR items in favor of SR
simply to avoid scoring logistics, ultimately narrowing the scope of classroom instruc-
tion [1, 70]. To combine the advantages of SA items with the practical need for standard-
ization, this study introduces a comprehensive framework for designing items intended
for ASAG. Building on the machine score-ability (MSA) perspective of Lottridge et al.
[67], we argue that the effectiveness of an ASAG platform depends not only on the scor-
ing algorithm but also on the linguistic quality and MSA ratings assessed during the item
pretesting phase. While traditional guidelines emphasize the importance of training
and clear rubrics to ensure reliability among human raters, the rise in the use of ASAG
requires a proactive shift in how we pilot these tasks.

This paper specifically evaluates several pretesting approaches across three distinct
subject areas: history of the Turkish revolution (HTR, course name: Atatiirk llkeleri ve
Inkilap Tarihi), Turkish as a first language (TL1), and science literacy (SCL). We use a
large language model (LLM)-based approach to score Turkish inputs. Our investigation
focuses on how classical test theory parameters—such as difficulty and discrimination—
along with findings from cognitive interviews and MSA ratings, serve as predictors of
actual ASAG performance, measured using quadratic weighted kappa (QWK). By clari-
fying these relationships, this study seeks to move beyond typical post hoc algorithmic
evaluations. It attempts to establish upfront pretesting steps that secure psychometric

and structural item validity prior to operational ASAG deployment.

1.1 A brief review of current SA assessment in practice

Guidelines for preparing SA items (e.g., [8]) emphasize that development should rely
on data from samples that reflect the examinee or domain expert population, while
ensuring full transparency regarding the purpose, content, and scoring criteria for both
community stakeholders and test-takers. SA items should focus on students’ cognitive
processes, be well-defined tasks, and have the scoring process clarified through rubrics.
Gitomer [37] outlined seven principles for effective SA item writing: the use of this item
format must be justified, conclusions drawn from student responses should be based on
direct information rather than on an implicit structure, scoring levels should be clearly
distinguished, each scoring level should have a clear rationale, responses should not be
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overly detailed to ensure that interpretations are sufficient for different responses, items
should be empirically tested and revised if necessary, and the cognitive structures mea-
sured in all tasks should be consistent.

One of the most important justifications for the use of SA items in exams is that they
may allow for a more sensitive measurement of students’ mastery of the subject [7, 64,
97]. Compared to SR item types, they can reduce guessing effects, which might be dif-
ficult to separate from true score variance [36, 98]. However, they may have the disad-
vantage of reduced content coverage due to fewer items within a test administration
[115]. Known limitations of SA include their sensitivity to poor writing skills among test
takers [60] and to scoring-related issues such as low reliability despite efforts [89, 115].
These limitations have long been a problematic area in large-scale assessments world-
wide [50, 52, 117]. Research shows that various human-rater factors can influence scor-
ing variability and reliability in SA items [9, 52]. These factors include raters’” professional
backgrounds, scoring methods, scoring criteria, tolerance for grammatical errors, and
the number of raters involved in the scoring process [126]. As scoring methods, holistic
rubrics emerged primarily to ensure a higher level of inter-rater reliability [15, 53] when
compared with analytical rubrics [51]. Nevertheless, both scoring methods have advan-
tages and disadvantages for use in the assessment process, and both require substantial
effort to train raters [10, 56]. ASAG systems have the potential to address this challenge
[104].

1.2 A brief review of ASAG

By definition, ASAG refers to the use of statistical and computational linguistic tech-
niques to assign scores or labels to responses to open-ended test items [66]. The applica-
tion of ASAG to complex, structured responses has firmly entered the domain of applied
measurement, carrying significant implications for high-stakes decision-making [119].
Prominent examples of this technology include the engines employed by the Educational
Testing Service (ETS), such as e-rater for essays, m-rater for mathematics, SpeechRater
for speech, and c-rater for content. Specifically, the c-rater engine is designed to score
the content of SA items by evaluating answers against pre-identified correct responses
and semantically equivalent expressions. ASAG research for non-English languages has
also been gaining momentum (e.g., [18, 24, 55, 59]). Broadly, approaches to ASAG fall
into four main categories [21, 41, 43, 54, 65]: feature-based models such as c-rater, sim-
ple statistical models, machine learning approaches, and deep learning or LLMs.

The development and deployment of an ASAG process typically follow a six-step
framework [66]. First, responses representing the target population are collected, after
which trained experts assign manual scores using well-defined evaluation criteria [124].
From this manually scored data, at least two subsamples are created to facilitate model
comparison; competing models are developed and evaluated, and the best-performing
model is selected. Because scoring engines involve many parameters, they are particu-
larly prone to overfitting [107]. Consequently, the selected model must be evaluated on
a held-out validation dataset to assess its performance on unseen data before it is pack-
aged and deployed as an operational engine in real-world test environments.

To select and validate the final model, QWK is commonly employed as an evaluation
criterion [120], despite its limitations, particularly for small sample sizes [63]. Validation
generally relies on comparisons with scores from human raters, who serve as the gold
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standard [29, 90, 93, 120]. However, this validation is often addressed indirectly through
random sampling, assuming that all score levels are represented equally [26]. A critical
limitation is that the scores used to validate AG systems largely depend on the quality of
human scoring [92]. Despite potential issues such as errors, costs, inconsistencies, and
functional limitations, expert human raters remain the best source for developing AG
algorithms [19, 102, 119]. Therefore, even after validation, ASAG is often used as a sec-
ond score alongside a human rating in high-stakes contexts, ensuring that human input
remains essential to the process [29].

Operational evaluation focuses on identifying differences between humans and ASAG
to assess the impact of these discrepancies on validity [119]. This process involves four
sequential actions: determining human and ASAG evaluations, identifying agreements
and discrepancies, selecting cases that are inconsistent to determine the cause, and
deciding whether to adopt a human, automated, or compromise perspective. If neces-
sary, the evaluation criteria are modified, and all responses are reprocessed. This rigor-
ous focus on discrepancies clarifies the differences between the two scoring methods
and provides crucial information on the accuracy of ASAG. Because human raters will
continue to play an important role in the SA scoring process, the procedures underlying
this process must be continuously supported by empirical evidence [123].

In general, discussions of ASAG system validation have been addressed indirectly in
the academic literature [92]. While machine scoring of essays and SA items is increas-
ingly accepted in the United States, it is noteworthy that these systems are at different
stages of development across countries and languages [105]. This situation highlights the
need not only to address technical issues but also to provide ongoing evidence demon-
strating whether ASAG accurately reflects the qualities of good input [105]. The pro-
liferation of distributed online scoring applications in recent years has transformed
large-scale ASAG [116]. However, human raters will remain integral to the process
for the foreseeable future [124]. Therefore, careful planning and execution of pilots to
ensure the reliability of automated systems and to solidify the role of human raters are
critical steps in advancing this field.

Despite criticisms that scoring engines do not genuinely understand language and
can be tricked into assigning high scores [86], the rapid development of computer tech-
nology has led to increased use of ASAG, which offers distinct advantages over human
raters, including the provision of detailed feedback, ensuring consistency and reproduc-
ibility, standardizing the application of scoring criteria, and making the scoring ratio-
nale traceable. Furthermore, ASAG may enhance objectivity, reliability, and efficiency
[118] and enable remote administration and online evaluation [119]. These advantages
are particularly vital for SA items, which are traditionally complex and costly to score;
thus, computer-based assessments effectively enable the broader use of these item types
[57]. A recent systematic review by Civitoglu et al. [21] reported results from 110 ASAG
studies and discussed the increased interest in these technologies. However, one of the
main findings of this review was that, despite the high research activity, none of the stud-
ies reported details of SA development or item pretesting.

1.3 A brief review of SA item pretesting practices
Several stages of the test development process also apply to the ASAG process. Stan-
dards for achievement test development have been recommended by widely recognized
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organizations, including the American Educational Research Association (AERA), the
American Psychological Association (APA), and the National Council on Measurement
in Education (NCME) [4, 40, 113]. These stages include defining the test’s characteris-
tics; item writing and review; item pretesting; reliability and validity analyses; construct-
ing and evaluating the test form; developing administration and scoring procedures;
test revision; gathering evidence; and ensuring validity. Sahin et al. [111] examined
numerous studies on test development within the framework of these standards. The
review included tests with multiple-choice, open-ended, and mixed items. Their findings
revealed that most studies did not create an item pool, did not seek input from language
experts, did not conduct sufficient pretesting, did not perform item analyses, did not
provide most reliability and validity evidence, often relied on expert opinion for validity
evidence, did not give information about experts, and did not report the test adminis-
tration conditions in most cases. However, for example, scoring criteria must be field-
tested to ensure that the criteria at each level reflect the intended performance range
and to confirm that trained raters yield consistent results [28]. Similarly, Baldwin et al.
[8] suggest that all performance tasks and instructions should be piloted with a sample
representative of the examinees who will take the operational assessment. Schmeiser
and Welch [101] recommend administering approximately twice the number of items
ultimately required. Ideally, items should be reviewed by independent experts for lin-
guistic complexity, fairness, accuracy of the answer key, cognitive demand, and align-
ment with specifications. For new item formats, developers may employ think-aloud
protocols to assess accessibility and cognitive engagement. Items should generally be
examined for difficulty, discrimination, inter-item relationships, and potential differen-
tial item functioning, as described by Wolf et al. [122], who classified SA as cognitively
demanding and reported these analyses. Furthermore, rater consistency requires review.
If pilot testing is infeasible, Baldwin et al. [8] suggest that raters generate responses
addressing seven key areas, specifically determining whether examinees understand
directions, whether tasks are appropriate for the group, and whether any bias exists that
might advantage specific examinees. Additionally, raters must assess whether tasks elicit
the intended response types, whether scoring can be conducted accurately and easily,
whether they are using the scoring system in the intended way, and whether rater scor-
ing remains consistent.

During item pretesting, participants can be asked to perform tasks in the researchers’
immediate presence to capture real-time behavioral data [25]. This direct observational
approach allows researchers to monitor physical indicators of confusion, track behav-
ioral patterns, and document unrecorded modifications such as skipped items or erased
and deleted responses [99]. A pilot study with 12 to 50 participants might be sufficient
to identify any problems with the test and is cost-effective in terms of time and finances
[103, 109]. Hogan [47] recommended conducting an informal pilot study with 10 par-
ticipants first. This informal study asks participants to think aloud and answer the ques-
tions. This prevents the use of ambiguous items in the pilot study and their inclusion in
the statistical analysis. A formal pilot study representative of the target population can
then be conducted for statistical analysis [47]. The Program for International Student
Assessment (PISA), a well-known large-scale assessment, employs a slightly different
strategy. Their process begins with an internal expert review of item features, followed by
small-scale cognitive interviews using think-aloud protocols to map examinee response
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processes, the refined item pool undergoes large-scale field testing with representative
samples to stabilize initial psychometric parameters before operational deployment
[6]. Recently, PISA conducted an even more rigorous pilot study to assess the invari-
ance of item parameters, estimate the initial parameters of newly added mathematics
topics, evaluate survey applications with sampling, and assess the effectiveness of the
computer-based application [82]. However, these rigorous item pretesting studies are
generally impractical for low-stakes assessments.

In contrast to the rigorous protocols established for traditional assessments, the devel-
opment and pretesting of items specifically for ASAG appear significantly less standard-
ized. As mentioned above, a recent systematic review by Ciivitoglu et al. [21] highlighted
this gap, reporting that among 110 studies on ASAG, none provided detailed accounts
of item development or pretesting procedures. This absence persists despite attempts
to formalize such processes; notably, Lottridge et al. [67] proposed an MSA perspec-
tive designed to predict automated scoring performance prior to the resource-intensive
engine training phase. This framework used expert ratings of specific item features—
such as the number of concepts, linguistic variation, and item-rubric alignment—to
forecast the likelihood that an engine would yield scores comparable to those of human
raters. However, the predictive validity of this scale was dependent on the item domain.
Although citations of this work acknowledge the importance of these item features (e.g.,
[125]), the specific rating scale has not been widely adopted as a standard quality control
mechanism. On the other hand, recent studies have investigated the potential of LLMs
for item pretesting (e.g., [13, 30, 45, 48, 58]). It is stated that by feeding item stems and
options into an LLM, item parameters can be estimated based on characteristics such
as textual complexity, readability, stem-option similarity, and semantic structure; these
estimates can then be used as informative priors, particularly in small-sample calibra-
tion studies, enabling a reduction in the required sample size [2, 11, 49, 68, 94, 114].
However, the literature emphasizes that LLMs should be used as a complementary sup-
port system under human supervision, rather than as a replacement for human exper-
tise [79, 85, 106]. Nevertheless, the field largely relies on retrospective empirical analysis
rather than proactive item pretesting, leaving the MSA of items as an unverified assump-
tion until after data collection.

1.4 Current study

The current study was conducted as part of a project funded by the Scientific and Tech-
nological Research Council of Tiirkiye (TUBITAK). The project aimed to develop an
ASAG approach for Turkish inputs in the subject domains of HTR, TL1, and SCL, and
to identify factors affecting agreement between ASAG and experts. Acknowledging
the paucity of information on item pretesting for ASAG in the literature, we have com-
prehensively reviewed approaches to item pretesting. Specifically, for each of the three
subject domains, we conducted traditional statistical item pretesting analyses using a
representative but relatively small sample, conducted cognitive interviews, and asked
four experts about the MSA of the developed items [67]. After this comprehensive item
pretesting step, developing the ASAG platform and collecting data to evaluate its perfor-
mance took approximately 17 months. ASAG’s performance or observed score-ability
for the study SA items in the three different subject domains was evaluated using QWK.
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To complement our analysis, we also fed our items and rubrics into an LLM and asked it
to assign an MSA score and predict the QWK.

The presupposition of linking pretest parameters to automated scoring performance
resides in response variance and rubric clarity [67, 120]. The item difficulty might be
related to the linguistic and semantic diversity of the questions [44]. Extremely easy or
difficult items probably restrict score variance [40] and compress response variations
into possibly predictable lexical clusters (e.g., uniform correct keywords or omitted
answers), easing machine alignment. Moderate-difficulty items, however, might maxi-
mize linguistic variations and partial misconceptions, challenging an LLM’s boundary-
discrimination capabilities [21]. Similarly, item discrimination reflects how successfully
an item or its rubric separates distinct levels of the latent construct [101]. Highly dis-
criminating items might possess clear, unambiguous semantic boundaries between score
tiers [30, 90], maximizing human-machine alignment (e.g., QWXK). Conversely, poorly
discriminating items often suffer from construct irrelevance [92] or rubric ambigu-
ity, confounding human experts and LLMs alike. Therefore, variation in human cogni-
tive processing and response production might systematically modulate both the item
parameters and the subsequent algorithmic score-ability of the text inputs. The paths
representing the presupposition of relationships among item attributes, cognitive pro-
cessing, psychometric parameters, and AS performance are conceptualized in Fig. 1.
Following this presupposition, the current study’s research questions were formed sepa-
rately for the three subject domains as follows:

RQ1: How well do traditional item parameters from the item pretesting correlate with
the observed QWK across items?

Item features
(i.e., domain, complexity)

Human cognitive process
(i.e., comprehension,
reasoning)

v ¥

Machine score-ability Item parameters

!

Observed ASAG
performance

Fig. 1 The presumed mechanisms linking item parameters to AS performance
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RQ2: How well do MSA ratings and predicted QWK correlate with the observed
QWK across items?

These research questions were inspired by and similar to those stated in Lottridge et
al. [67]. For the SCL domain only, we formed an additional RQ as follows:

RQ3: How well do perceived item difficulty and response process quality from the cog-
nitive interviews correlate with the observed QWK across SCL items?

2 Method

In this section, we introduce: (a) the subject domains and experts, (b) items, rubrics, and
pretesting approaches, (c) examinee sample information, (d) ASAG for Turkish and its
evaluation measures, and (e) outcome evaluation measures.

2.1 Subject domains

The HTR course was first introduced in 1925 as History of Revolutions in order to
analyze the Turkish Revolution comparatively. It became a regular university offering
in 1933 with the establishment of the Institute of History of the Turkish Revolution at
Istanbul University. As of May 27, 1960, it became a mandatory two-semester course.
Under Higher Education Law No. 2547 (November 6, 1981), it was adopted as a com-
pulsory common course for all undergraduate programs. The course aims to enable stu-
dents to evaluate Ottoman-Turkish modernization, grasp the military and diplomatic
phases of the War of Independence, and interpret core concepts such as National Sover-
eignty. Learning outcomes include analyzing the foundation of the Republic, the transi-
tion to a democracy, economic development challenges, and Tiirkiye’s strategic global
position. An experienced faculty member who serves as the department head and the
college coordinator of the HTR course served as the subject expert.

Our TL1 definition distinguishes between native language education—specifically,
Turkish—and foreign language learning. While native language is a core cognitive abil-
ity acquired naturally, generally at an early age, foreign language learning involves the
conscious acquisition of new structures. Turkish instruction generally covers five skill
areas, centralized exams generally focus only on reading and grammar. Modern reading
instruction prioritizes analytical and critical reading. The PISA 2018 reading framework
categorizes these into three cognitive processes: accessing & retrieving information,
integrating & interpreting, and reflecting & evaluating. Accordingly, PISA defines read-
ing literacy as understanding, using, and reflecting on written texts to achieve one’s goals
and participate in society [83]. In this context, SA questions are deemed highly suitable
for measuring these skills. An experienced faculty member who is also a board mem-
ber of the Turkish Language Association, the regulatory body for the Turkish language,
served as the TL1 expert.

SCL has long been a core objective in national and international education policies [5,
73, 74, 77]. PISA defines SCL as the competence to use scientific knowledge to address
daily problems and make informed decisions [80], a goal mirrored by the Turkish Higher
Education Qualifications Framework’s emphasis on evidence-based problem solving.
Climate change serves as a critical interdisciplinary context for developing these skills
across various undergraduate courses (e.g., [12, 62, 110]). Consequently, we used the
PISA framework, which categorizes science literacy into three dimensions: scientific
knowledge (content, procedural, and epistemic), competencies (explaining phenomena,
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evaluating research, and interpreting data), and attitudes (interest, valuing science, and
environmental awareness) [81]. Research on climate education typically focuses on top-
ics such as greenhouse gases, carbon footprints, and human impacts on climate (e.g.,
[23, 62, 76]). For the current study, a faculty member with substantial experience and an
academic publishing record on the topic served as the SCL expert. In addition to sub-
ject-domain experts, the ASAG for the Turkish platform project included four computer
scientists: two faculty members with substantial publication records in natural language
processing and two graduate students with extensive programming experience. These
four project members served as the expert panel to answer the MSA scale.

2.2 Items, rubrics, and pretesting approaches

The study followed the same item and rubric preparation across the three domains:
HTR, TL1 and SCL. For each domain, an initial pool of 50 SA items, along with their
scoring rubrics, was prepared. Scoring rubrics included instructions to assign a score of
0 for completely incorrect, 1 for partially correct, or 2 for correct answers. For all three
domains, student responses were collected from a representative sample to estimate
item parameters using classical test theory, with human expert scoring. Specifically, we
computed the average item score, which ranged from 0 to 2, with higher scores indicat-
ing items of lower difficulty. We also computed the Pearson correlation coefficient (7)
between each item and the total score to quantify item discrimination, with higher cor-
relation values indicating better discrimination. Based on these parameters, 25 SA items
per domain were selected for further pretesting.

In the second step of item pretesting, we shared items and rubrics with the computer
experts and independently asked them to rate score-ability based on the five descriptors
proposed by Lottridge et al. [67]. Specifically, a rating of 5 indicates that the ASAG can
yield scores comparable to those of domain experts, whereas a rating of 1 indicates that
items are not suitable for the ASAG. We also requested a brief explanation for any rating
of 3 or lower. To complement this pretesting approach, we asked for Gemini’s [34] MSA
ratings and its QWK prediction.

Only for the SCL domain, the expert conducted a cognitive interview study. A total
of 3 students (2 male, 1 female) in the undergraduate science education program and
1 student (1 female) in the graduate program participated in individual interviews. All
interviews were audio-recorded with the participant’s consent and transcribed verbatim
by the expert. Each interview lasted approximately 30 min. First, the expert explained
the purpose of the interview and provided the participants with the 25 questions in writ-
ing. For each question, participants were asked to answer it, state their level of confi-
dence, and identify its level of difficulty. Additionally, at the end of the interview, each
participant was asked whether the 25-question set reflects scientific literacy in the con-
text of climate change and whether it is suitable for identifying high- and low-achieving
students’ scientific literacy. For each answer, we conducted content analysis following
Collins [20] using a combined think-aloud and verbal probing approach to assess par-
ticipants’ understanding of the questions and response generation processes. We applied
process-quality analysis to examine participants’ question processing across 4 aspects:
(a) their comprehension of the key terms and the question as a whole, (b) their retrieval
of information by identifying whether respondents can recall the required informa-
tion, (c) whether the respondent used strategies to make judgments about the question
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and self-reported confidence as an indicator of certainty, (d) whether, in their response,
the reasoning chain was internally consistent and aligned with the question’s intent.
Perceived item difficulty was treated as a separate descriptive variable, noted as easy,
medium, or difficult, and summarized by coding these categories as 1, 0.5, and 0, respec-
tively, and averaging across participants. We placed greater analytical emphasis on com-
prehension to reduce ambiguity and ensure interpretability, which was critical for both
item pretesting and automated scoring. Accordingly, comprehension was operational-
ized in two subcomponents (key terms and the item as a whole), yielding five scored
components in total (the two comprehension subcomponents plus retrieval, judgement,
and response). Each component was scored using a 02 rubric (0, does not meet criteria;
1, partially meets criteria; 2, fully or nearly fully meets criteria), and component scores
were summed to yield a response processing score (RPS) ranging from 0 to 10. Overall,
the item set showed an acceptable RPS (6.48/10), and perceived difficulty ratings were
distributed across easy (29%), medium (38%), and difficult (33%). Questions with the
lowest process-quality totals were also perceived as the most difficult, supporting con-
vergence between observed processing and perceived difficulty. In particular, three items
were consistently rated as difficult and often left unanswered, which participants attrib-
uted to unfamiliar or advanced concepts. Finally, participants’ evaluative comments sup-
ported the content validity of the set for scientific literacy in the climate change context
and its discriminant power for distinguishing higher- and lower-achieving students.

As the final step prior to data collection to evaluate ASAG, the domain experts studied
the content validity of the selected 25 items. The HTR and SCL experts each decided to
replace one item, whereas the TL1 expert approved all the selected 25 items.

2.3 Examinee sample information

For the SCL domain, the representative sample and the main study sample com-
prised 109 and 387 college students, respectively, yielding 15,125 scored responses. As
explained earlier, four college students participated in the cognitive interview, which was
conducted between the two data collection periods. For TL1, the representative sample
comprised 94 students, whereas the main study included 491 students, yielding 16,975
student responses. For HTR, data from 488 students formed the representative sample,
whereas the main study included 780 students and yielded 43,900 responses. Overall, the
majority of participants were from Ege University across diverse majors between 2023
and 2025; a limited number of responses were gathered from three additional universi-
ties within Tiirkiye to increase the amount of data collected.

2.4 ASAG for Turkish and its evaluation

A zero-shot evaluation approach was used to assess student responses, leveraging LLM
capabilities. This method involved applying evaluation criteria via prompt engineer-
ing, enabling the model to score responses as a human expert would [61]. The system
consisted of four stages: data preparation, dynamic prompt generation, querying via
the Gemini API, and reporting structured outputs. The dataset included question texts,
expert-prepared reference answers, and student responses, all of which underwent
cleaning and preprocessing. This served as the input architecture for the LLM, with no
structural changes. The prompt engineering process was crucial for defining the task.
A dynamic prompt configuration was created for each response, encompassing role
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assignment, context integration, and scoring logic [27]. The model was assigned a spe-
cific role with domain knowledge to ensure that evaluations met academic standards.
Context integration brought together the question, student answer, and expert rubric.
The scoring logic involved either searching for reference-answer matches or using the
model’s expertise when none were available. The Gemini 1.5 Flash model was chosen for
its strong contextual understanding, high reasoning capacity, and low latency [35, 112].
To ensure reliable scoring, the temperature was set to 0.2 and the fopP to 1, minimiz-
ing randomness. To facilitate analysis, the Gemini API's JSON Mode was enabled, pro-
ducing outputs in a fixed JSON schema that included scores and rationales. The entire
process was automated using a Python-based system that managed responses, commu-
nicated with the Gemini API, and integrated data into a central database. An advanced
error handling and retry mechanism was implemented to mitigate potential data loss
during high-volume processing, thereby ensuring system stability and data integrity.
The performance of our system was evaluated by computing QWK between ASAG and
human expert scores; an item was flagged as successfully scored by ASAG when QWK >
0.65 [87].

2.5 Outcome evaluation measures

To address our research questions, following Lottridge et al. [67], we computed correla-
tions between the ASAG evaluation metric and pretest measures for 25 TL1 items and
24 HTR and SCL items [42, 88, 91, 96]. Specifically for all three domains, pretest mea-
sures were (a) item difficulty and discrimination values based on the data from a repre-
sentative sample and human expert scores using classical test theory, (b) MSA ratings,
and (c), only for the SCL domain, the average perceived difficulty based on the cognitive
interviews. When interpreting the magnitude of these correlations, readers should note
that with a small item-level sample size, coefficients possess wider confidence intervals
and represent preliminary effect sizes that require replication in larger item pools rather
than highly robust population parameters.

3 Results

For the HTR domain items, difficulties ranged between 0.05 and 1.77, with a mean of
1.15 out of 2, and the correlation between the item difficulty and QWK was positive and
statistically significant (rgz qwk = 0.67, p < 0.001). The discrimination values ranged
from 0.06 to 0.46, with a mean of 0.28, and rg;;._qwi = 0.68, p < 0.001. Expert MSA rat-
ings were generally high across all items, resulting in average MSA values between 4.25
and 5, with a mean of 4.73 and rygve_qwk = 0.69, p < 0.001. Gemini’s MSA ratings had
an average of 4.46, slightly lower than the experts’ average, but its correlation with the
observed QWK was noticeably larger with rygem_qwi = 0.833, p < 0.001.

The ASAG for HTR was considered successful, with an average QWK of 0.76; 18 of 24
items (75%) had a QWK greater than 0.65. Gemini’s predicted QWK based on the items
and rubrics ranged from 0.55 to 0.95 with a mean of 0.86; the correlation between the
predicted and observed QWK was strong, rqwigem-qwk = 0-85, p < 0.001. The experts’
MSA average was 4.82 for items with QWK > 0.65 and 4.46 for the remainder; this differ-
ence was statistically significant, Welch’s £(6.34) =2.51, p = 0.04, with a Cohen’s d of 1.21.
Gemini’s MSA average was 4.83 for items with QWK > 0.65 and 3.33 for the remainder,
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Welch’s £(5.47) =3.48, p = 0.02, with a Cohen’s d of 1.93. Pretest and ASAG measures for
the HTR domain are reported in Table 1.

For the TL1 domain items, difficulties ranged between 0.64 and 1.80, with a mean of
1.04 out of 2, and rgg qwxk = 0.55, p < 0.01. The discrimination values ranged between
0.04 and 0.45, with a mean of 0.25, and 74;._qwi = 0.07. MSA ratings were generally high
across all items, yielding average MSA values between 3.75 and 5, with a mean of 4.47
and ryg,ve_qwk = 0-27. Gemini’'s MSA ratings averaged 3.96, with rygeen_qwk = 0.00.

The ASAG for TL1 was also considered successful, with an average QWK of 0.70; 17
of 25 items (68%) had a QWK greater than 0.65. Gemini’s predicted QWK had a mean
of 0.83 with rgwkgem-qwk = 0.08. The experts’ MSA average was 4.54 for items with
QWK>0.65 and 4.31 for the remainder; this difference was not statistically significant,
Welch’s £(15.7) =1.61, p = 0.13 with a Cohen’s d of 0.67. Gemini’s MSA ratings were simi-
lar across two groups, Welch’s #(10.9) =0.61. Pretest and ASAG measures for the TL1
domain are reported in Table 2.

For the SCL domain items, difficulties ranged between 0.34 and 1.39, with a mean
of 0.73 out of 2, and ryg qwi = —0.06. The discrimination values ranged between 0.26
and 0.69, with a mean of 0.42, and rgi;._qwk = 0.16. Average expert MSA ratings were
between 2.25 and 4.50, with a mean of 3.30 and ryg,e_qwk = 0.20. Gemini’s MSA rat-
ings averaged 3.33, with rygeem_qwk = 0-35. Perceived difficulty and RPS from the cogni-
tive interviews had a mean of 0.48 and 6.30, respectively, and were strongly correlated
(rpaig_rps = 0.92, p<0.001). The correlation between observed difficulty and perceived
item difficulty was rgg pgig = 0.66, p <0.001; similar to the correlation between observed

Table 1 Pretest and ASAG measures for the HTR domain

ltemID Diff. Disc. MS,, MSy, MSz; MS,, MS,,. MSg, QWKg, QWK QWK>0.65
HTR1 154 026 5 5 5 5 500 5 094 099 1
HTR3 134 024 5 4 5 5 475 5 090 078 1
HTR4 155 028 4 5 5 5 475 5 095 098 1
HTR5S 149 030 5 5 5 5 500 5 095 099 1
HTR6 177 038 5 5 5 5 500 5 095 097 1
HTR7 162 022 4 5 5 4 450 4 078 072 1
HTR8 124 017 4 4 5 4 425 3 060 050 0
HTR9 105 027 5 5 5 5 500 5 094 085 1
HTR10 121 039 4 5 5 5 475 5 090 089 1
HTR11 020 011 4 4 5 4 425 2 055 038 0
HTR12 005 006 4 4 5 4 425 3 060 041 0
HTR13 100 046 4 5 5 4 450 5 094 096 1
HTR14 115 028 5 4 5 4 450 4 080 066 1
HTR15 065 013 5 5 5 5 500 5 095 061 0
HTR16 113 026 5 4 5 5 475 4 080 047 0
HTR17 173 034 5 5 5 5 500 5 092 090 1
HTR18 084 012 5 5 5 4 475 5 090 068 1
HTR19 105 029 5 4 5 4 450 4 082 078 1
HTR20 170 040 4 5 5 5 475 5 095 080 1
HTR21 113 042 5 5 5 5 500 5 095 091 1
HTR22 062 033 5 5 5 5 500 5 095 085 1
HTR23 137 039 5 5 5 5 500 5 095 073 1
HTR24 149 037 5 5 5 5 500 5 095 087 1
HTR25 073 030 4 4 5 4 425 3 065 048 0
Average 115 028 463 467 500 463 473 446 086 076 075

Diff Difficulty, Disc Discrimination, MSA Machine score-ability, R rater, Gem Gemini
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Table 2 Pretest and ASAG measures for the TLT domain
ltemID Diff. Disc. MSp, MSgz; MSz, MS,. MS.,, QWK., QWK QWK>0.65

=
5"

TLT 1 100 035 4 5 5 5 475 5 0.96 0.91 1
TL1 2 134 041 3 5 5 5 4.50 5 0.94 0.95 1
L3 128 030 5 5 5 3 4.50 5 0.92 0.69 1
TL1 4 139 045 4 5 5 5 4.75 5 0.98 0.93 1
TL15 064 019 5 4 5 5 475 5 0.95 026 O
TL16 079 030 3 4 5 4 4.00 5 0.94 048 0O
L7 180 004 5 5 5 5 5.00 5 0.96 0.94 1
TL1 8 124 021 5 5 5 5 5.00 4 0.88 0.74 1
TL19 097 017 3 5 4 5 4.25 4 0.85 039 0
TL1 10 134 040 5 5 5 4 475 5 0.95 0.83 1
TLT 11 088 020 5 4 5 4 4.50 5 0.92 0.35 0
TL1 12 117 013 4 5 5 5 4.75 4 0.87 0.74 1
TL1 13 089 018 5 4 5 1 3.75 5 0.97 0.65 1
TLr14 073 020 4 4 5 4 4.25 4 0.86 0.82 1
TL1 15 079 036 4 4 5 2 375 4 0.84 046 O
TL1 16 122 042 3 4 5 4 4.00 2 0.65 0.78 1
TL1 17 099 020 4 4 5 5 4.50 3 0.72 0.80 1
TL1 18 1.05 021 4 4 5 3 4.00 3 0.68 0.88 1
TL119 084 028 4 4 4 5 4.25 2 0.58 060 0O
TL1 20 065 024 5 4 5 5 4.75 3 0.74 0.91 1
TLT 21 09 033 4 4 5 5 4.50 2 0.55 050 O
TLY 22 081 023 4 4 5 5 4.50 3 0.71 045 0
TLT 23 095 0.1 4 4 5 5 4.50 3 0.75 0.91 1
TL1 24 121 018 5 5 4 4 4.50 4 0.86 0.95 1
TL1 25 105 027 5 5 5 5 5.00 4 0.82 0.68 1
Average 104 025 424 444 488 432 447 3.96 0.83 070 068

Diff Difficulty, Disc Discrimination, MSA Machine scoreability, R rater, Gem Gemini

difficulty and RPS (rgg_cogine = 0.58, p<0.01). However, the correlation between per-
ceived difficulty and QWK was negative but statistically insignificant (rqwk_paig = —0-37,
p=0.08), similar to RPS and QWK (rqyi_gps = —0.34, p=0.11).

The ASAG for SCL was also considered successful, with an average QWK of 0.70; 18
of 24 items (75%) had a QWK greater than 0.65. Gemini’s predicted QWK had a mean
of 0.64 with rqwigeem-qwk = 0.16. The experts’ MSA average was 3.36 for items with
QWK >0.65 and 3.13 for the remainder; this difference was statistically insignificant,
Welch’s £(11.9)=1.10, p = 0.292, with a Cohen’s d of 0.48. Gemini’s MSA ratings were
similar across two groups, Welch’s #(16.4) =0.50. Pretest and ASAG measures for the
SCL domain are reported in Table 3.

4 Discussion
Unlike conventional ASAG research that evaluates machine performance retrospec-
tively, this study introduces proactive quality control steps. By validating item parame-
ters and machine score-ability upfront, we sought to bridge the gap between educational
measurement and computer science literature, ensuring items are intentionally prepared
for AS. Our preliminary findings provide critical insights into the relationships among
traditional psychometric item parameters, MSA ratings, and the observed performance
of an LLM-based ASAG (QWK =0.70).

The results across the three subject domains—HTR, TL1, and SCL—indicate that the
effectiveness of pretesting for a successful ASAG implementation varies substantially
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across domains. In the HTR domain, we found strong, statistically significant correla-
tions between the observed QWK, traditional item difficulty (r=0.67), discrimination
(r=0.69), expert MSA ratings (r=0.69), Gemini’s MSA ratings (r=0.83), and QWK
prediction (r=0.85). Compared to TL1 and SCL, HTR items were content-heavy and
fact-based. These results show that for such social science domains (e.g., language and
science literacy), ASAG developers might want to enhance their rubrics, especially for
items with low item difficulty parameters (i.e., low student success), discrimination
parameters, and MSA ratings. This supports the idea that clearly defined concepts and
distinct boundaries between the correct and incorrect enhance agreement between
humans and machines.

The SCL domain presented a more complex scenario compared to the others. Nei-
ther the traditional item parameters nor the MSA ratings showed significant correlations
with the observed QWK. Through the cognitive interview process, we found a moder-
ate correlation (r = 0.58) between perceived difficulty and actual item difficulty; how-
ever, observed ASAG performance was not related to either. This discrepancy may be
attributed to the nature of scientific reasoning items. As Lottridge et al. [67] noted, while
science items may benefit from specific vocabulary, they can suffer if the assessment
engine fails to capture the underlying logic or relationships between phenomena. Our
preliminary findings suggest that, despite using the same number of question-answer
pairs, the higher number of unique words in the alternative answers of SCL domain
pairs (SCL: 368, HTR: 263, TL1: 88) indicates greater linguistic and conceptual diversity
in the science domain. This type of diversity is challenging for ASAG systems (e.g., [44,
100]) in two ways. Firstly, as the range of expression forms encountered by the model
expands, the training data scope becomes relatively sparser, forcing the system to gener-
alize across many surface realizations of similar meanings. Secondly, scientific answers
often require multi-level reasoning, precise units and numerical values, and conceptual
justification; therefore, even small linguistic differences (e.g., the choice of a technical
term, numerical values, units, or causal phrasing) can materially affect scientific accu-
racy. We also noticed that items that required students to provide a list (e.g., give three
examples of the effects of climate change on human health) as the correct response were
associated with low ASAG performance. Furthermore, we noticed low ASAG perfor-
mance when the scoring rubric may not have adequately operationalized the distinction
between descriptive statements and mechanism-based reasoning, particularly on cogni-
tively demanding items. Overall, as Bolgova et al. [14] and Grevisse [38] indirectly noted,
our results indicate that item- and domain-specific pretesting is necessary.

The implementation of the MSA rating scale proposed by Lottridge et al. [67] pro-
duced mixed results. For the HTR and TL1 categories, items successfully scored by
ASAG (with a QWK greater than 0.65) received significantly higher MSA ratings than
those not scored. This indicates that expert judgment can, to some extent, identify
items that possess favorable linguistic or structural features—such as clear rubrics and
limited variation in concepts—that lend themselves to ASAG. Despite the low correla-
tion between MSA ratings and observed QWK for the SCL domain, the average MSA
ratings for the SCL were noticeably lower than those for the HTR and TL1, indicating
that both human experts and an LLM noticed that scoring SCL would be more chal-
lenging. Nevertheless, the lack of a significant correlation in the SCL domain aligns with
the original MSA study’s findings, which reported that expert judgment was moderately
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successful in science. Our results suggest that experts may underestimate the capabilities
of modern LLMs in managing linguistic variation. In domains like SCL, where responses
tend to be more diverse, the “bag-of-words limitations” associated with older scoring
engines—which influenced the original 2018 MSA framework—may no longer be as
relevant. Nevertheless, our results clearly show the need for new pretesting procedures
to predict ASAG performance for our SCL tasks. Our results suggest that rubrics for
LLM-based ASAG in science must explicitly define the causal phrasing required for a
full-credit score. Future pretesting protocols for complex domains like science should
move beyond traditional metrics in order to map the semantic network of acceptable
answers and rigorously evaluate how well the rubric operationalizes reasoning prior to
administration.

4.1 Limitations and future research

Despite the comprehensive nature of this pretesting study, several limitations must be
acknowledged. First, the sample sizes for the representative pretesting phase, which
ranged from 94 to 488 students, varied across domains. While these sizes are sufficient
for initial estimates based on classical test theory, larger samples would enable the use of
item response theory, potentially providing more stable difficulty estimates. Second, the
expert panel responsible for the MSA ratings consisted primarily of computer scientists.
Although they possess in-depth knowledge of NLP capabilities, incorporating domain-
specific experts into the MSA rating process could yield different results, particularly
regarding concept overlap and relationships, as described by Lottridge et al. [67]. Third,
this study utilized a zero-shot approach with a specific LLM. The performance of auto-
mated scoring can be highly sensitive to prompt engineering and the specific model
used. Fourth, while we introduce a baseline presupposition linking CTT parameters
to AS via cognitive and semantic variance, our cross-domain findings remain partially
exploratory. The unique linguistic properties of a specific domain (e.g., science literacy)
require further theoretical modeling to successfully predict AS performance. Fifth, while
this study evaluates the relational patterns between pretest indicators and AS perfor-
mance using simple agreement metrics, it does not execute predictive modeling such
as multiple regression. Sixth, while the expert MSA ratings were summarized via mean
scores, formal inter-rater reliability metrics are not reported. However, to maintain abso-
lute transparency and enable future researchers to assess rater consensus or conduct
predictive modeling, the raw rater metrics, item-level parameters, and full datasets have
been made accessible. Seventh, while the content-alignment and baseline scoring bench-
marks relied on individual subject-matter experts within each domain, these individuals
were senior faculty members representing the highest tiers of their respective disciplines
within Turkey. Each expert possessed over 15 years of active research experience, held a
doctoral degree in the target domain, and maintained documented leadership roles on
national curriculum design or ministerial assessment committees. Although relying on
a single senior expert per domain is an established psychometric practice for securing
baseline content-valid keys, it represents a localized constraint; deploying expanded,
multi-member panels of independent reviewers in future iterations could further con-
trol for idiosyncratic grading stringency and refine baseline parameter estimation.
Eighth, the strong alignment observed between the LLM’s QWK predictions and actual
agreement performance (e.g., within the HTR domain) must be interpreted with strict
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caution. These correlations are exploratory, are not yet operationally validated, and face
significant threats to generalizability due to prompt sensitivity and structural dependen-
cies within the scoring rubrics. Furthermore, implementing LLMs as proactive pretest-
ing utilities introduces distinct operational vulnerabilities, including API latency shifts,
model drift across version updates, and systemic replication challenges inherent to non-
deterministic architectures. Consequently, these preliminary predictions function only
as supplemental metadata.

Future research should investigate whether the correlations identified in this pretest-
ing hold true across different architectures. We notice that our complementary analy-
sis, using the same LLM approach we used in the development phase to predict QWK
and rate MSA, could be improved by leveraging recent developments and different LLM
approaches; however, our results might be regarded as an invitation to conduct more
research on LLMs’ pretesting capabilities, and readers should notice that this sugges-
tion is consistent with our preliminary findings that LLM’s MSA ratings were somewhat
better than those of the experts for the SCL domain. Another limitation is that due to
time and cost constraints, we conducted cognitive interviews only for the SCL domain,
not for HTR and TL1. Finally, while this study provides suggestions for pretesting AS
items, it focuses on a single-part response format. As assessments evolve toward more
complex, multi-part constructed-response formats, the interplay among item design,
rubric complexity, and machine performance will require advanced pretesting strate-
gies. Furthermore, future research can systematically account for individual differences
in examinee literacy backgrounds, and baseline reading comprehension skills as poten-
tial confounding variables in ASAG performance. In domains like TL1, tasks evaluating
explicit morphosyntactic and metalinguistic knowledge assume a healthy, natural base-
line variation in literacy skills across the student sample [22, 108]. Within the Turkish
linguistic context, recent evidence confirms that individual differences are critical pre-
dictors of advanced reading and grammar outcomes [32, 33]. Because our operational
grading framework presupposes that observed text variance is purely reflective of target
construct mastery rather than underlying reading literacy gaps, omitting these predictor
variables remains an administrative limitation.

Appendix

HTR Items

Item ID SA item

HTR 1 Sultan Abdulmecit déneminde 1856 yilinda ilan edilen hangi ferman ile gayrimuslimlere yeni
haklar ve bazi ayricaliklar taninmistir?

HTR 2 Mustafa Kemal Pasa, 28 Mayis 1919da yayinladigi genelgede (Havza Genelgesi) yasanan

isgaller karsisinda buyuk ve heyecanli mitinglerin yapilarak milli gdsteride bulunmasini
istemistir. Mustafa Kemal Pasa, bu genelge ile hangi sehirlerin isgalini 6rnek gostererek yapilan
isgallerin protesto edilmesini istemistir?

HTR 4 itilaf Devletlerinin Mondros Miitarekesi'ne dayanarak Anadoluda baslattiklari isgaller karsisinda
ortaya cikan direnis hareketini ittihatciligin devami ve istanbul'daki “mesru” hikiimete karsl
girisilmis bir ayaklanma ve baskaldiri olarak géren ve Milli Mucadele karsiti bir siyaset takip
eden Osmanli sadrazami kimdir?

HTR 5 itilaf Devletleri |. Inéni Muharebesinin kazaniimasindan sonra TBMM hiikiimetini hangi
konferansa davet etmislerdir?
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Item ID SA item

HTR 6 Atatlrk doneminde 1920'li yillarda uygulanan ekonomi politikalari hangi kongrede alinan
kararlarla saptanmistir?

HTR7 Kuvayi Milliye hangi anlama gelmektedir?

HTR 8 izmir Yunanistan yerine baska bir itilaf devleti tarafindan isgal edilseydi, bunun Milli Miicadele
tarihi agisindan sonuglari ne olurdu?

HTR9 1923 yilinda gerceklesen hangi gelisme sonrasinda‘Meclis Hikimeti'sisteminden ‘Kabine
Sistemi'ne gegilmistir?

HTR 10 Lozan Antlasmasi ile elde edilen ve Anadolu'nun Batili devletlerin hammadde kaynagi ve
pazar olma durumundan kurtarilmasi amaciyla atilmis olan en énemli adim nedir?

HTR 11 Osmanli Devleti'nin I. Dinya Savasi'ni muttefiki Aimanya ile birlikte kazanmasi halinde, bunun

sonuglari ne olabilirdi?

HTR 12 Sakarya Meydan Muharebesi'nin kaybedilmesi halinde ortaya cikabilecek sonuglari
degerlendiriniz.

HTR 13 Temel amaci, Turkleri kademeli olarak &nce Avrupa iclerinden, sonra Balkanlar'dan ve sonugta
Anadoludan da atip Orta Asya'ya sirmek olan ve Avrupalilarca gidulen siyaset, hangi ka-
vramla agiklanmaktadir?

HTR 14 AtatUrk déneminde hukuk alaninda yapilan devrimlerden Ug¢ tanesini yaziniz?

HTR 15 Mustafa Kemal Pasa'nin, Birinci Diinya Savasi sona ererken, Mondros Mitarekesi'nin hemen
dncesinde (1918n Ekim ayi icinde) veya istanbul’a geldiginde (13 Kasim 1918) Harbiye Naziri
gorevine getirilmesi durumunda ortaya ¢ikabilecek sonuglar degerlendiriniz.

HTR 16 Atatlrk doneminde sosyal alanda yapilan devrimlerden (g tanesini yaziniz.
HTR 17 Takrir-i SUkGn Kanunu hangi gelisme sonrasinda ¢ikariimistir?
HTR18 Balkan Devletlerinin (Karadag, Yunanistan, Sirbistan ve Bulgaristan) kendi aralarinda ittifak

yaparak 1912'in Ekim ayinda Osmanli Devletine savas agmalari ve Birinci Balkan Savasini
baslatmalarinin temel sebebi nedir?

HTR 19 Atatlrk'in dis politika ilkelerinden Ug tanesinin adini yaziniz.

HTR 20 Il. Mesrutiyet doneminde (1909 yilinda) yasanan hangi gelisme Sultan Il. Abdilhamit'in tahttan
indirilerek yerine Sultan V. Mehmet Resat'in tahta ¢ikmasina neden olmustur?

HTR 21 Il. Dinya Savasi yillarinda (1939-1945) yasanan sikintilarr atlatmak amaciyla devletin eko-
nomiye mudahalesini saglamak dogrultusunda ¢ikariimis olan kanunun adi nedir?

HTR 22 Il. Dinya Savasi'nin Avrupada son bulmasinin hemen ardindan 7 Temmuz 1945'te kurulus dile-
kgesi verilen ve donemin ¢ok partili siyasi hayata gecisindeki ilk parti olan partinin adi nedir?

HTR 23 Turkiye'nin NATO Uyeligi hangi iktidar doneminde gerceklesmistir?

HTR 24 Ozellikle Makedonya bélgesinde yrittigi faaliyetler ile Mesrutiyet'in yeniden ilanina (II.
Mesrutiyet'in ilanina) neden olan cemiyetin adi nedir?

HTR 25 Turkiye'nin 1952'de NATO'ya (Kuzey Atlantik Antlasmasi Orgitl) Gye olmamasi durumunda,

bunun Turkiye Gzerindeki etkileri ne olabilirdi?

HTR 3 was replaced before the ASAG evaluation, and is hence not included here

TL1 ltems

Item ID SA item

TL1 1 olanak - tutanak
kopuk — yatak
Yukarida verilen sozcUk ciftlerinden hangisindeki sézctkler ayni tdretim ekini tagimaktadir?

TLT 2 “Iki veya daha ¢ok sey arasinda konum, bicim ve belirli bir eksene gore dl¢ii uygunlugu” olarak
tanimlanan sézclk hangisidir?

TLT 3 “Her turld nitelik bakimindan esit olan, aralarinda fark bulunmayan; ayni”olarak tanimlanan sézcik
hangisidir?

TL1 4 “Soylediklerimden hicbir sey anlamamis olman, beni yeterince dinlemedigini gosteriyor” timce-
sinin 6znesi nedir?

TL1 5 Karanfil-bitki, kedi-hayvan, gomlek-giysi gibi sozctk ¢iftleri, hangi anlam iliskisini drneklemektedir?

TL1 6 Turkgede “s6z dinlemez olmak, hicbir seyden cekinmemek”anlamlarindan kullanilan deyim
hangisidir?

TL17 Dilbilgisinde nesnesi olmayan/nesne alamayan eylemlere ne ad verilir?

TL1 8 "Agaclar sonbahar mevsiminde yapraklarini dok-..." timcesinde, s6z konusu eylemin gegmiste

tekrarlandidi ama artik s6z konusu olmadigi anlatiimis olur?
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Item ID

SA item

TL1
TL1

TL1
TL1
TL1
TL1

TL1

TL1

TL1
TL1
TL1

9
10

11
12
13
14

17
18
19

TLT 20

TLT 21

TLT 22

TLT 23

TL1 24
TL1 25

“blylk sanat¢l”ifadesinde gecen “blydk” sifatinin karsit anlamlisi ne olabilir?

Bir kisi baskalarina saygil oldugu kadar, kendi varligina karsi da ayni tutumu sergilemelidir.
................................................ , 6zgUvenin temelidir.
Yukaridaki timcede bos birakilan yere gelebilecek en uygun soézcik nedir?

“Toplantiya birkag kisi katildi”timcesindeki birkag kisi, kag kisi olabilir?

Turkcede “davranisi kaba, sert ve gonil kirici olan, nadan”anlaminda kullanilan sézctk hangisidir?
“Cocugun eli kanadi”timcesinin edilgen bigcimi nedir?

“Uzmanlar, algilarimizla ulasamadigimiz pek ¢ok bilgiye, mekanizmasi hentiz tam olarak
aciklanamamigsolsada .........ooooiiiiii sayesinde ulasabildigimizi soyluyor”

Yukarida timcede bos birakilan yere, timcenin icerik olarak gerektirdigi sézctk ya da ifadeyi yaziniz.

iyi, dogru, glzel gibi nitelemeler, biyik élclide 6znel, géreceli, dlgltleri tam olarak belirlenmemis
.......................................... kavramlardir.

Yukarida timcede bos birakilan yere, timcenin icerik olarak gerektirdigi sézctk ya da ifadeyi yaziniz.

a. Kedi bahceye cikt.

b. Kedi dort ayaklidir.

Bu iki timcedeki “kedi” sézcUgunun anlamlari arasindaki fark nedir?

Sigara boredi, kuipe cicedi, ekmek ayvasi bilesik sézciklerinin, anlamsal agidan ortak ézelligi nedir?
Turkgede "el elin esegini tirkd ¢igirarak ararmis” atasozi hangi durumlarda kullanilir?

“Siir, dilin yaramaz ¢ocugudur”ifadesinde siirin hangi ¢zelligine vurgu yapilmaktadir?
Ogrencilerinin timu izmirli olan bir sinif icin séylenen “Bu siniftaki bazi égrenciler izmirlidir” timcesi
dogru mudur, yanlis midir? Neden?

Dogru, her insan icin farkli olabilir. Bu nedenle tek bir dogrudan séz edilemez. Hatta dtinyadaki
insan sayisi kadar “dogru” oldugu séylenebilir. Yukaridaki ifadeye gore, “yanlis’in tanimi nasil
yapilabilir?

Tavuk-yemek ve tavuk-kus ciftlerini olusturan sézctkler arasinda, anlam iliskisi bakimindan hangi
fark vardir?

“Ali giinde 3 ekmek yiyebilir timcesinden hareketle, Alinin her gtin 3 ekmek yedigi ¢ikarimi
yapilabilir mi? Neden?

“Nobran”s6zcigd ne anlama gelmektedir?
“Omur térplsi” deyimi ne anlama gelmektedir?

SCL Items

Item ID

SA items

SCL1
SCL2

SCL3
SCL4
SCLS
SCL6
SCL7
SCL8
SCL9
SCL10

Karbon ayakizini azaltacak bireysel diizeyde yapilabilecek 3 sey nedir aciklayiniz

Benzinli araclara gore elektrikli arag kullaniminin iklim degisikligi etkisini azaltmadaki rolind
degerlendirin.

iklim degisikliginin ruh saghgr tizerindeki etkisini tartisin.

Sanayilesme ve iklim degisikligi arasinda nasil bir iliski vardir?

Yenilenebilir enerji iklim degisikligi ile micadelede nasil bir rol oynar?

Karbon ayak izi nedir?

iklim degisikliginin insan saghgina etkisine yonelik 3 érek veriniz.

iklim nedir?

Deniz ve okyanus kenarindaki sehirlerin iklim degisikliginden nasil etkilenebilecegini agiklayiniz.
Ormanlarin tahribatlarinin 2 adet nedenini ve iklim degisikligine etkisini aciklayiniz.

iklim degisikligi su kaynaklarinin kullanilabilirligini ve kalitesini nasil etkiler?

Tarnimin iklim degisikligi Gzerindeki etkisini azaltmaya yonelik bir strateji dnerin.

iklim degisikligi ve glinimUizde yasanan ekstrem havaolaylari arasinda nasil bir iliski vardir?
Bitkisel ve et bazli beslenmenin iklim degisikligine olasi etkisini karsilastirarak agiklayin.
Okyanus asidifikasyonu nedir?

insan kaynakli sera gazi etkisi nedir?

Bilim insanlarr iklim degisikligi ile verileri nasil toplamaktadir?

Sera gazi emisyonlarinin azaltilmasinda karbon fiyatlandirmasinin roliint degerlendirin.
iklim degisikliginde ozon tabakasi incelmesinin iliskisini aciklayiniz.

Et tlketiminin sera gazi emisyonlarina olan etkisini analiz ederek aciklayiniz.

iklim degisikligiyle miicadelede uluslararasi isbirliginin roltini degerlendirin.
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Item ID SA items

SCL 23 Bir sera gazi olan metanin saliminin en énemli mekanizmalar nelerdir agiklayiniz

SCL24 Ulusal anlasmalardan Paris Anlasmasinin iklim degisikligi ile micadelede etkinligini degerlendirin.
SCL 25 Albedo etkisi nedir ve kisesel sicakliklara nasil etki eder agiklayiniz.

SCL 22 was replaced before the ASAG evaluation, and is hence not included here
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