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ABSTRACT

The aim of this study is to examine the inter-rater reliability of the responses to open-
ended items scored by ChatGPT, an artificial intelligence-based tool, and two real
raters according to the scoring keys. The study group consists of 30 students, aged
between 13 and 15, studying in Eskisehir province in the 2022-2023 academic year.
The data of the study were collected face-to-face with the help of 16 open-ended
items selected from the sample questions published in the International Student
Assessment Program-PISA Reading Skills. Correlation, percentage of agreement
and the Generalizability theory were used to determine inter-rater reliability. SPSS
25 was used for correlation analysis, Excel for percentage of agreement analysis, and
EduG 6.1 for the Generalizability theory analysis. The results of the study showed
that there was a positive and high level of correlation between the raters, the raters
showed a high level of agreement, and the reliability (G) coefficients calculated
using the Generalizability theory were lower than the correlation values and
percentage of agreement. In addition, it was determined that all raters showed
excellent positive correlation and full agreement with each other in the scoring of
the answers given to the short-answer items whose answers were directly in the
text. In addition, according to the results of the Generalizability theory, it was found
out that the items (i) explained the total variance the most among the main effects
and the student-item interaction (sxi) explained the most among the interaction
effects. As a result, it can be suggested to educators to get support from artificial
intelligence-based tools such as ChatGPT when scoring open-ended items that take
a long time to score, especially in crowded classes or when time is limited.
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Introduction

The main purpose of measurement and evaluation processes is to determine the knowledge, skills
and abilities of individuals accurately. For this reason, reliability is considered one of the
cornerstones of this process (Dogan, 2021) and is generally defined as the degree of freedom of
measurement results from random errors (Turgut, 1993). Errors that cause a decrease in reliability
may differ according to the definition of reliability (stability, consistency, sensitivity) or the source
of error (individual, item, rater, time, etc.) (Crocker & Algina, 1986; Lord & Novick, 1968). It is seen
that raters, who are stated to be an important source of error, have been investigated within the
scope of inter-rater reliability in many studies (Atilgan, 2005; Bilgen & Dogan, 2017; Giiler & Teker,
2015; Hallgren, 2012; Kan, 2005; Lilford et al., 2007; Mancar, 2019; Park & Kim, 2015; Pekin et al.,
2018). Rater reliability is defined as the degree of consistency between the scorings made by more
than one rater (Aiken, 2000). Therefore, the difference between the scoring of the raters is a rater-
induced error and causes a decrease in rater reliability. In cases where the measurement tool consists
of open-ended items, it is expected that the scoring will move away from objectivity. For this reason,
the consistency of item and test scores is examined over the items scored by different raters in order
to evaluate how much the measurement results reflect the reality and how accurate the decisions
made based on these measurement results are (Atilgan et al., 2011). Although there are many
methods used to examine inter-rater reliability (Cohen's kappa, weighted kappa, Krippendorf alpha,
Kendall's coefficient of concordance, many-facet Rasch measurement model, etc.), in the current
study, inter-rater reliabilities were examined with the help of three different methods: Pearson's
correlation coefficient, percentage of agreement and the Generalizability theory.

When the literature is examined, it is seen that the percentage of agreement (Giiler & Teker, 2015;
Glimiis & Arikan, 2020; Hallgren, 2012; IThan, 2016; Mancar, 2019) and correlation (Goodwin, 2001;
Goodwin et al., 1991; Goodwin & Goodwin, 1991; Kan, 2005) are frequently used to determine inter-
rater reliability. In addition, the Generalizability theory has also been used in many studies (Atilgan,
2005; Cakici Eser & Gelbal, 2012; Gage et al., 2014; Hill et al., 2012; Pekin et al., 2018).

Pearson correlation coefficient is a method that shows the linear relationship between the scores of
two raters, in other words, the consistency of their scoring with each other, and is frequently used
in the calculation of inter-rater reliability (Baykul, 2000). The percentage of agreement can be defined
as the simple percentage of the number of items on which the raters agree by giving the same score
to the same item (Meyer, 1999). In addition to these, in the Generalizability theory, the main effects
of individual, item, and rater as well as their interaction effect are taken into account as error sources.
Therefore, both potential errors from raters and other main effects and interaction effects can be
examined with the Generalizability theory. This is seen as a great advantage of the Generalizability
theory (Brennan, 2001).

Unlike the studies in the literature, ChatGPT, an artificial intelligence-based tool, was used as a rater
in the current study. ChatGPT is one of the most recent developments belonging to the group of
systems known as "chatbot". Chatbots are defined as intelligent systems developed using rule-based
or self-learning (artificial intelligence) methods (OpenAl, 2015). After ChatGPT is available to people
in late 2022, it is seen that studies have been carried out on its beneficial use in many areas from
education to health. When the literature is examined, it is seen that the number of studies (Aktay et
al.,, 2023; Broutin, 2023; Goktas, 2023; Grassini, 2023; Lo, 2023; Opera et al., 2023; Zileli, 2023) on the
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use of ChatGPT in the education process is increasing recent times. These studies generally
investigated the role and use of ChatGPT in education, its use in distance education exams and
language education. In addition to these, Mizumoto and Eguchi (2023) used ChatGPT to perform
automatic text evaluation and to evaluate the reliability and accuracy of the evaluation. As a result
of the study, it was emphasized that ChatGPT can provide significant support to real evaluators. In
the current study, unlike these studies, open-ended items were scored by ChatGPT and inter-rater
reliabilities were examined based on these scores and the scorings made by two Literature teachers.
It can be said that this study will contribute to the literature in this respect. In addition, it is thought
that the current study is important in terms of providing educators with ideas about both the
potential of technology in the educational assessment process and the use of ChatGPT, an artificial
intelligence-based tool.

The aim of the current study is to examine the inter-rater reliability of the responses to open-ended
items scored by ChatGPT, an artificial intelligence-based tool, and two real raters according to the
scoring keys. In line with this main purpose of the study, three sub-problems were identified.

For the scoring of open-ended items, for the scores given by ChatGPT and two real raters who are
literature teachers,

1. What is the inter-rater reliability according to the correlation between raters?
2. How is inter-rater reliability according to the percentage of agreement between raters?

3. How is inter-rater reliability according to the Generalizability theory?

Method

Research Design

This study has a descriptive research characteristic since it is aimed at examining the inter-rater
reliability coefficients calculated by various methods for open-ended items scored by two real raters
and an artificial intelligence-based tool. In descriptive research, it is aimed to explain the situation
as fully, detailed and carefully as possible (Biiyiikoztiirk et al., 2011).

Study Group

The study group of this study consisted of 30 students who were selected on a voluntary basis
among 13-15 year-old students studying in a public school in Eskisehir province in the 2022-2023
academic year. The responses of 30 students to 16 open-ended items were scored by three raters.
The rater group consisted of the GPT-4.0 licensed version of ChatGPT, an artificial intelligence-based
tool, and two volunteer Literature teachers who have been working in different schools for 8 and 10
years.

Data Collection

This study was approved by the Ethical Committee of Tokat Gaziosmanpasa University Social and

Human Sciences Researches dated 13.06.2023 and numbered 10.15. The data of the study were

collected face-to-face with the help of 16 open-ended items selected from the sample questions
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published in the International Student Assessment Program-PISA Reading Skills and presented in
Appendix-1. The maximum score that could be obtained from the items in total was determined as
100. Students' responses to the open-ended items in the questionnaire were scored by ChatGPT, an
artificial intelligence-based tool, and two volunteer Literature teachers as Rater 1 (R1) and Rater 2
(R2). In scoring, a holistic rubric created by the researcher in line with the published scoring criteria
for the selected PISA questions was used. Thus, the data set used in the study was obtained by the
raters independently scoring each student's responses to the 16 items. The descriptive statistics
calculated over the total scores given by the raters to each question are presented in Table 1.

Table 1
Descriptive Statistics of Scoring by ChatGPT, R1 and R2
Rater N Minimum Maximum Mean Standard Skewness  Kurtosis
Deviation
ChatGPT 16 5 225 98.88 55.20 429 485
R1 16 5 150 82.19 41.41 -115 -.581
R2 16 5 150 86.31 44.29 -.202 -.921

According to Table 1, in terms of the total scores given to each item, ChatGPT has a higher mean
compared to the other two raters (X=98.88; SD=55.20). Skewness and kurtosis values are in the range
of [-1.5, +1.5]. Accordingly, it can be said that the scorings show a normal distribution (Tabachnick
& Fidell, 2014).

Data Analysis

In the current study, correlation, percentage of agreement and the Generalizability theory were used
to determine the scoring reliability between the raters who scored each student's responses to the 16
items. SPSS 25 was used for correlation analysis, Excel for percentage of agreement analysis and
EduG 6.1 for the Generalizability theory analysis.

The Pearson correlation coefficient has assumptions such as the data being at least at an equal
interval scale level and showing a normal distribution. In addition, correlation values less than .30
indicate a low relationship between two variables, values between .30 and .70 indicate a medium
relationship, and values greater than .70 indicate a high relationship (Biiyiikoztiirk et al., 2011). Since
the research data were continuous, Pearson correlation coefficient was preferred, and inter-rater
correlations were calculated in paired combinations. However, this method does not include
information about the percentages of agreement of the raters and the variance between the raters
(Giiler & Teker, 2015; Sencan, 2005).

The percentage of agreement was calculated as the percentage of raters giving the same score to the
same item in pairwise combinations. It is an easy calculation and interpretation method that can be
used for all scale-level data. However, an important limitation of the method is that it ignores chance
or coincidental agreements between raters' scorings (Goodwin, 2001). In order to determine the
existence of inter-rater reliability, the percentage of agreement should be above 75% (Sencan, 2005).

In the Generalizability theory analyses, which is another method used to determine inter-rater
reliability, the measurement object of the study was students (s) and the surfaces were items (i) and
raters (r). Analyses were conducted using a completely crossed-random design (sxixr). In order to
make comparisons, the analyses were repeated over the binary combinations of raters and all three
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raters, and comparisons were made.
Findings

In the current study, the Pearson correlation coefficient values calculated over the scores given by
ChatGPT, an artificial intelligence-based tool, and two Literature teachers to student responses to 16
open-ended questions are given in Table 2.

Table 2
Inter-rater Reliabilities through Correlation Coefficient
Item Correlation between Correlation between Correlation between R1 and
ChatGPT and R1 ChatGPT and R2 R2
1 47* B51* 93*
2 70* 74* 90*
3 1.00* 1.00% 1.000%
4 62* 62* 1.000%
5 a a a
6 .66* .66 1.00*
7 1.00* 1.00* 1.00*
8 1.00* 1.00* 1.00*
9 .84* 84* 1.00*
10 2% 74* .92*
11 .84* 84* 1.000*
12 .94* 94* 1.000%
13 1.00* 1.00* 1.000%
14 .94* 94* 1.000*
15 81* 94* 76*
16 87* 94* 93*
Test .82% 86* 94*
Note. @ Cannot be computed because at least one of the variables is constant.
"p<.001

When Table 2 is examined, it is seen that there is a perfect positive correlation (1.00) between
ChatGPT and R1, ChatGPT and R2 and R1 and R2 for item 3, item 7, item 8 and item 13. In addition,
the lowest correlations between ChatGPT and R1 and ChatGPT and R2 were calculated as .47 and
.51 for item 1, respectively. The lowest correlation between R1 and R2 was observed for item 15 (.76).
Therefore, it can be said that the correlation values calculated for inter-rater agreement vary from
item to item. According to the calculated correlation values, it can be said that R1 and R2 showed a
high correlation in all items in terms of their scorings. According to the correlation values between
ChatGPT and R1 and ChatGPT and R2, it is seen that there is a moderate relationship only in item
1, item 4 and item 6, while the relationship in the other items is quite high. In addition, since all
raters gave the same score to item 5, inter-rater correlations could not be calculated. It was also found
that there were high correlations between the mean scores of the raters (.82, .86, and .94).

Inter-rater percentages of agreement are presented in Table 3.
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Table 3
Inter-rater Reliabilities through Percentage of Agreement
Item Percentage of Agreement Percentage of Agreement Percentage of Agreement
between ChatGPT and between ChatGPT and between R1 and R2
R1 R2

1 50.00 53.33 90.00

2 36.67 26.67 90.00

3 100.00 100.00 100.00

4 80.00 80.00 100.00

5 100.00 100.00 100.00

6 80.00 80.00 100.00

7 100.00 100.00 100.00

8 100.00 100.00 100.00

9 63.33 63.33 100.00

10 73.33 76.67 96.67

11 93.33 93.33 100.00

12 96.67 96.67 100.00

13 100.00 100.00 100.00

14 96.67 96.67 100.00

15 53.33 93.33 53.33

16 93.33 96.67 96.67

Mean 82.29 84.79 95.42
Standard Deviation 21.04 21.08 11.73

The second, third, and fourth columns in Table 3 show the percentages of items that both raters gave
the same score. Accordingly, in parallel with the data presented in Table 2, ChatGPT and R1,
ChatGPT and R2, and R1 and R2 gave the same score to the same items in items 3, 5, 7, 8, and 13. As
a remarkable finding obtained from the study, it is seen that the percentage of agreement with R1
for item 2 is approximately 37% and the percentage of agreement with R2 is approximately 27%
when one of the raters is ChatGPT. In the same question, the agreement between R1 and R2 was
calculated as 90%. Accordingly, it can be said that the percentage of agreement between raters varies
from item to item. In addition, the mean percentage of agreement was calculated as 82.29 (SD=21.04),
84.79 (SD= 21.08), and 95.42 (SD= 11.73) for ChatGPT and R1, ChatGPT and R2 and R1 and R2,
respectively.

The Generalizability theory was also used to determine inter-rater reliability. While the source of
error in other approaches is only the differentiation between the scores of the raters, in the
Generalizability theory, different sources of error are considered at the same time. These error
sources can be listed as item (i), rater (), student-item interaction (sxi), student-rater interaction (sxr),
item-rater interaction (ixr) and student-item-rater interaction (sxixr) for the current study. The results
of the analysis of variance and the estimated variance components obtained from the analyses
conducted for the binary combinations of raters and three raters are presented in Table 4.
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Table 4
Analysis of Variance Results and Estimated Variance Components
Rater Source of SS df MS Estimated  Percentage G
Variance Variance of Variance = Coefficient
Component (%)
ChatGPT and student (s) 847.11 29 29.21 0.55 5.9 .61
R1 item (i) 2124.38 15 141.63 1.92 20.5
rater (r) 74.26 1 74.26 0.12 13
sxi 4735.71 435 10.89 4.69 50.3
sxr 60.90 29 2.10 0.04 0.4
ixr 256.36 15 17.09 0.52 5.6
SXixr, e 651.99 435 1.50 1.50 16.0
ChatGPT and student (s) 848.29 29 29.25 0.54 5.8 .59
R2 item (1) 2296.81 15 153.12 2.16 23.1
rater () 42.08 1 42.08 0.06 0.6
sxi 4780.22 435 10.99 4.86 51.9
sxr 64.88 29 2.24 0.06 0.6
ixr 207.50 15 13.83 0.42 4.5
SXixr, e 554.03 435 1.27 1.27 13.6
R1 and R2 student (s) 827.92 29 28.55 0.52 6.1 .58
item (i) 1779.90 15 118.66 1.72 20.1
rater (7) 454 1 454 0.00 0.0
sxi 521291 435 11.98 5.78 67.6
sxr 7.78 29 0.27 -0.01 0.0
ixr 58.10 15 3.87 0.12 1.3
sXixr, e 181.59 435 0.42 0.42 4.9
ChatGPT, R1 student (s) 1239.40 29 42.74 0.54 59 .61
and R2 item (1) 3013.55 15 200.90 1.93 21.3
rater (1) 80.59 2 40.29 0.06 0.6
sxi 7133.16 435 16.40 5.11 56.3
sxr 89.04 58 1.54 0.03 0.3
ixr 347.97 30 11.60 0.35 3.9
sXixr, e 925.07 870 1.06 1.06 11.7

Note. SS: Sum of Squares, MS: Mean Square, df: degrees of freedom

According to Table 4, when the student, item, and rater main effects are examined when the raters
are ChatGPT and R1, ChatGPT and R2, R1, and R2 or ChatGPT, R1, and R2, it is seen that the
variability related to the item (i) has the highest value among the main effects and explains 20.5%,
23.1%, 20.1% and 23.1% of the total variance, respectively. This shows that the difficulty levels of the
items differ from each other. The variances related to students (s) explain 5.9%, 5.8%, 6.1%, 6.1%,
and 5.9% of the total variance, respectively. This value, which indicates that there is a difference
between students, is expected to be as high as possible (Brennan, 2001). In addition, the variance
related to the main effect of rater (r) explains 1.3% of the total variance when the raters are ChatGPT
and R1, 0.6% when ChatGPT and R2, and 0.6% when ChatGPT, R1, and R2. Since this value
expresses inter-rater variability, it is desired to be as close to zero as possible (Brennan, 2001). In this
respect, when raters are R1 and R2, the variance related to the rater main effect is 0.0%, which meets
the expectation and is a desired situation.

When Table 4 is analyzed in terms of student, item, and rater interactions when raters are ChatGPT
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and R1, ChatGPT and R2, R1 and R2 or ChatGPT, R1 and R2, it is seen that student-item interaction
(sxi) has the highest value among the interaction effects. Accordingly, the variance related to the
student-item interaction (sxi) explains 50.3%, 51.9%, 67.6%, and 56.3% of the total variance,
respectively. Therefore, the difficulty level of the items shows a significant variability according to
the students. It is seen that the variance related to student-rater interaction (sxr) is quite low (0.4, 0.3,
0.6) in all rater groups and zero when the raters are R1 and R2. This indicates that the scoring of
students' responses to the questions did not change from rater to rater. In addition, the variances
related to item-rater interaction (ixr) correspond to 5.6%, 4.5%, 1.3%, and 3.9% of the total variance,
respectively. It was determined that this interaction, which shows the change in the scores given to
the items from rater to rater, had the highest value when the raters were ChatGPT and R1, and the
lowest value when the raters were R1 and R2. Therefore, it can be said that the raters who differed
the most from each other in terms of their scoring were ChatGPT and R1 raters, while the raters who
differed the least were R1 and R2 raters. In addition, the variances related to the student-item-rater
common effect (sxixr,e), which is also expressed as residual or error variance and which is desired
to be as close to zero as possible, were calculated as 16%, 13.6%, 4.9%, and 11.7%, respectively. Here,
the highest value was calculated when the raters were ChatGPT and R1, and the lowest value was
calculated when the raters were R1 and R2.

The last column of Table 4 shows the generalizability (G) coefficient calculated when the raters were
ChatGPT and R1, ChatGPT and R2, R1 and R2, or ChatGPT, R1 and R2. This coefficient, which is an
indicator of the reliability or generalizability of the scores, takes values between 0.0 and 1.0
(Shavelson & Webb, 1991). For 30 students, 16 items, and two raters, the G coefficients were
calculated as .61 (ChatGPT and R1 raters), .59 (ChatGPT and R2 raters), and .58 (R1 and R2 raters),
respectively, and for three raters, .61 (ChatGPT, R1, and R2 raters).

Discussion and Conclusion

In the current study, inter-rater reliabilities were determined over the open-ended items scored by
three raters, ChatGPT and two Literature teachers. At this stage, the raters were grouped in pairs
and trios (ChatGPT and R1, ChatGPT and R2, R1, and R2, ChatGPT, R1, and R2) and inter-rater
reliability was determined with the help of correlation, percentage of agreement and the
Generalizability theory. The results obtained from the analyses were found to support each other in
terms of the general conclusions reached.

The correlation values calculated between the raters show that there is a positive and high level
relationship between the raters (.82 for ChatGPT and R1; .86 for ChatGPT and R2; .94 for R1 and R2).
In support of this finding, it is seen that high correlations were obtained for inter-rater reliability in
many studies in the literature (Goodwin, 2001; Goodwin & Goodwin, 1991; Goodwin et al., 1991;
Guler & Teker, 2015; Oksiizoglu, 2022; Ozgavll, 2023; Seheryeli, 2018; Wilson et al., 2022). In addition,
as an important finding of the study, all raters showed excellent positive correlation (1.00) with each
other in the scoring of the answers given to the short-answer items (item 3, item 7, item 8, and item
13) whose answers were directly in the text. Moreover, when one of the raters was ChatGPT
(ChatGPT and R1 or ChatGPT and R2), the lowest inter-rater correlation was calculated for item 1.
In this item, it is asked to write one of the sub-goals for the given text other than the main goal that
is clearly stated in the text. Therefore, it can be interpreted that the scoring made by the real raters
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(R1 and R2) was more compatible with the scoring of the responses for determining the sub-goals
that were not as clearly stated as the main goal in the text. In addition, as a remarkable finding of
the study, the correlation between ChatGPT and real raters was higher in item 15, where the lowest
correlation between real raters (R1 and R2) was observed. When this item was analyzed, it was seen
that the text used a complex language that reflected the character's inner monologues and thought
processes and required the reader to think and use imagination. Based on this, it can be interpreted
that while the differentiation between the real raters increased in the scoring of the items whose
answers were based on imagination and creativity, ChatGPT's scoring was close to the average of
the real raters. In addition, all raters gave one and the same score to the 15th item in which the
answer to the question was stated in the text in a remarkable, short, and clear way. Therefore, it is
possible to say that the raters showed complete agreement in the short-answer and open-ended
items whose answer was clearly emphasized in the text. However, it should be noted that the
correlation used in the calculation of inter-rater reliability does not show the similarities between
the scorings of two raters or their strictness/generosity since it is calculated independently of the
mean. Therefore, it may be insufficient in determining inter-rater reliability (Goodwin, 2001).

As a remarkable finding obtained from the study, it was observed that the scoring made by the real
raters showed a higher correlation with each other and the percentages of agreement were also
higher. In addition, it was observed that the lowest percentage of agreement between ChatGPT and
real raters was calculated for item 2. However, the percentage of agreement between the real raters
for this item is quite high (90%). When item 2, which was based on the given text, was examined, it
was seen that the item was two-stage, and it was asked to write information in the text as an answer
and then to support the answer with the expressions in the text. Therefore, it can be interpreted that
the agreement between real raters is higher in the scoring of open-ended items that can be
characterized as two-stage, while the scoring made by ChatGPT differs from real raters. The most
significant limitation of the percentage of agreement method, which provides convenience in term0Os
of calculation and interpretation, is that it does not take into account the agreement of the raters that
occurs by chance (Giiler & Teker, 2015). At this point, it can be suggested to use Cohen's Kappa
statistic (Cohen, 1960), which also takes into account the artificial agreement between raters due to
chance, in the calculation of the reliability coefficient.

The Generalizability theory addresses different error sources at the same time and provides detailed
information. This feature makes the Generalizability theory superior to other methods used in the
study. In the present study, it is seen that the G coefficients obtained by using the Generalizability
theory are lower than the correlation values and percentages of agreement (.61 for ChatGPT and R1;
.59 for ChatGPT and R2; .58 for R1 and R2; .61 for ChatGPT, R1 and R2). However, the fact that no
significant difference was observed between different rater groups supports the findings obtained
from other methods used to determine inter-rater reliability. When the analyses conducted within
the scope of the Generalizability theory are examined, it is seen that important findings were
reached. When the main effects of student (s), item (i) and rater () were analyzed, it was determined
that the variability related to the item had the highest value among the main effects. Therefore, the
difficulty levels of the items used in data collection differed from each other. In addition, in line with
the expectation, it can be said that the main effect for students indicates that students differ from
each other, albeit slightly, and the main effect for raters indicates that there is no variability among
raters. It was observed that the variance related to student-item interaction (sxi) explained a large
portion of the total variance in all rater groups. Accordingly, the difficulty level of the items shows
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a significant variability according to the students. According to Giiler and Teker (2015), this situation
is more likely in areas such as mathematics and statistics where students' past learning experiences
are effective. However, as another striking finding of the study, it was determined that the difficulty
level of the items in the questions related to students' reading skills also showed a significant
variability according to the students. This may have been due to the fact that the questions in the
PISA Reading Skills area are aimed at different cognitive processes such as fluent reading, reading
comprehension, evaluation, and reflection. The fact that the variance related to student-rater
interaction (sxr) was quite low in all rater groups and even zero when the raters were R1 and R2
indicates that the scoring of students' answers to the questions did not change from rater to rater.
Therefore, it can be concluded that the scores of ChatGPT are similar to the real raters. On the other
hand, the item-rater interaction (ixr) values obtained can be considered as an indicator that ChatGPT
as a rater differs from real raters, albeit with small differences. The fact that the highest value of this
interaction, which shows the change in the scores given to the items from rater to rater, was obtained
when the raters were ChatGPT and R1, shows that ChatGPT and R1 differed the most in terms of
scoring the items. In addition, the fact that the item-rater interaction (ixr) took its lowest value when
the raters were R1 and R2 can be interpreted that the raters who were the most similar in terms of
scoring the items were the real raters. The findings regarding the variance (residual, error variance)
related to the student-item-rater common effect (sxixr,e) show that the error variance is higher when
one of the raters is ChatGPT. This may be due to a non-systematic change between student-item-
rater and/or the interference of unknown factors that do not systematically affect scoring (Giiler &
Teker, 2015). In contrast to this finding, the lowest value of error variance was calculated when the
raters were R1 and R2. This indicates that it is more appropriate for real raters to score open-ended
questions compared to ChatGPT. When the calculated G coefficients are examined, it can be said
that the relative evaluations (e.g. achievement ranking) to be made in line with the scores made will
have moderate reliability or generalizability.

Based on all these findings, it can be concluded that the use of more than one method in estimating
inter-rater reliability can provide more information to the reader about the real situation. The results
of the current study reveal that there is a similarity and generally high reliability between real raters
and between ChatGPT and real raters. Accordingly, it can be stated that artificial intelligence-based
tools can play a potential role in educational assessments. Mizumoto and Eguchi (2023) used
ChatGPT for automatic text evaluation and found that ChatGPT has a certain level of accuracy and
reliability, can provide significant support for real raters, and linguistic features can improve the
accuracy of scoring. The slightly higher reliability among real raters may be an indication that real
raters are better able to detect some subtle details or subtexts in student responses.

In practice, educators may be advised to get support from artificial intelligence-based tools such as
ChatGPT when scoring open-ended items that take a long time to score, especially in crowded
classes or when time is limited. In this way, faster feedback can be provided and the teaching process
can be made more effective. In addition, it may be recommended to conduct further research on how
ChatGPT or similar artificial intelligence-based tools evaluate more complex or abstract responses.
In addition, larger-scale studies can be conducted to determine how such tools affect the learning
process and teacher feedback.
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OZET

MAKALE BILGISI

Bu arastirmanin amaci, agik uglu maddelere verilen yanitlar icin yapay zeka tabanh
bir ara¢ olan ChatGPT ve iki gercek puanlayici tarafindan puanlama anahtarlarina
gore yapilan puanlamanin puanlayicilar arasi giivenirlik bakimindan incelenmesidir.
Arastirmanin ¢alisma grubunu, 2022-2023 egitim 6gretim yilinda Eskisehir ilinde
Ogrenim goren 13-15 yas grubundan 30 Ogrenci olusturmaktadir. Arastirmanin
verileri, Uluslararasi Ogrenci Degerlendirme Programi-PISA Okuma Becerileri
alaninda yayimlanmis 6rnek sorular arasindan secilen 16 agik uclu madde yardimiyla
yliz ylize toplanmistir. Puanlayicilar arasi giivenirligi belirlemek amaciyla
korelasyon, uyusma yiizdesi ve Genellenebilirlik kuramindan yararlanilmistir.
Korelasyon analizlerinde SPSS 25, uyusma yiizdesinin analizlerinde Excel ve
genellenebilirlik kurami analizlerinde EduG 6.1 programlar1 kullanilmistir.
Arastirma sonugclari, puanlayicilar arasinda pozitif yonlii ve yliksek diizeyde bir iligki
oldugunu, puanlayicilarin yiiksek oranda uyusma gosterdigini ve Genellenebilirlik
kurami kullanilarak hesaplanan giivenirlik (G) katsayilarinin, korelasyon degerleri ve
uyusma ytlizdelerine kiyasla daha diisiik oldugunu gostermistir. Bunun yani sira
cevab1 dogrudan metnin iginde gecen ve kisa cevapli olan maddelere verilen
yanitlarin puanlanmasinda tiim puanlayicilarin birbirleriyle miikemmel pozitif
korelasyon ve tam uyusma gosterdigi belirlenmistir. Ayrica Genellenebilirlik kuram1
sonuglarina gore toplam varyansi ana etkiler arasindan en ¢ok maddelerin (m),
etkilesim etkileri arasindan ise en ¢ok 6grenci-madde etkilesiminin (6xm) agikladigi
goriilmiistiir. Sonucta, uygulamaya doniik olarak egitimcilere, kalabalik siniflarda
veya zamanin kisitli oldugu durumlarda ozellikle puanlamasi uzun zaman alan agik
uclu maddeler puanlanirken ChatGPT gibi yapay zeka tabanli araglardan destek

almalar1 Onerilebilir.
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Olgme ve degerlendirme siireclerinin temel amaci, bireylerin bilgi, beceri ve yeteneklerini dogru bir
sekilde tespit etmektir. Bu nedenle giivenirlik, bu siirecin temel taslarindan biri olarak kabul
edilmektedir (Dogan, 2021) ve genel olarak, dlgme sonuglarinin tesadiifi hatalardan armiklik
derecesi olarak tanimlanmaktadir (Turgut, 1993). Giivenirligin diismesine neden olan hatalar,
giivenirlik tanimina (kararlilik, tutarlilik, duyarlilik) ya da hata kaynagna (birey, madde,
puanlayici, zaman vb.) gore farklilik gosterebilir (Crocker ve Algina, 1986; Lord ve Novick, 1968).
Onemli bir hata kaynag1 oldugu belirtilen puanlayicilarin, cok sayida calismada puanlayicilar arasi
guvenirlik kapsaminda arastirildig1 goriilmektedir (Atilgan, 2005; Bilgen ve Dogan, 2017; Giiler ve
Teker, 2015; Hallgren, 2012; Kan, 2005; Lilford ve digerleri, 2007; Mancar, 2019; Park ve Kim, 2015;
Pekin ve digerleri, 2018). Puanlayic1 giivenirligi, birden fazla puanlayicinin yaptig1 puanlamalar
arasindaki tutarliligin derecesi olarak tanimlanmaktadir (Aiken, 2000). Dolayisiyla puanlayicilarin
puanlamalar1 arasindaki farklilik puanlayici kaynakli bir hatadir ve puanlayici glivenirliginin
diismesine neden olmaktadir. Ol¢gme aracinin acik ucglu maddelerden olustugu durumlarda,
puanlamanin objektiflikten uzaklasmas: beklenen bir durumdur. Bu nedenle 6l¢gme sonuglarinin
gercegi ne kadar yansittigini ve bu 6l¢me sonuglarina dayali olarak verilen kararlarin ne kadar
dogru oldugunu degerlendirmek igin farkli puanlayicilarin puanladigr maddeler {izerinden madde
ve test puanlariin tutarlilig incelenir (Atilgan ve digerleri, 2011). Puanlayicilar aras: glivenirligin
incelenmesinde kullanilan ¢ok sayida yontem (Cohen’s kappa, agirhiklandirilmis kappa,
Krippendorf alfa, Kendall uyusma katsayisi, ¢ok yiizeyli Rasch 6lgme modeli vb.) bulunmakla
birlikte mevcut arastirmada Pearson korelasyon katsayisi, uyusma yiizdesi ve Genellenebilirlik
kurami olmak {izere ii¢ farkli yontem yardimiyla puanlayicilar aras1 giivenirlikler incelenmistir.

Alanyazm incelendiginde puanlayicilar aras1 giivenirligi belirlemede uyusma ytizdesinin (Giiler ve
Teker, 2015; Giimiis ve Arikan, 2020; Hallgren, 2012; [lhan, 2016; Mancar, 2019) ve korelasyonun
(Goodwin, 2001; Goodwin ve digerleri, 1991; Goodwin ve Goodwin, 1991; Kan, 2005) siklikla
kullanildig1 goriilmektedir. Bunun yani sira Genellenebilirlik kurami da ¢ok sayida arastirmada
(Atilgan, 2005; Cakic1 Eser ve Gelbal, 2012; Gage ve digerleri, 2014; Hill ve digerleri, 2012; Pekin ve
digerleri, 2018) kullanilmustir.

Pearson korelasyon katsayisi, iki puanlayicinin puanlarmin dogrusal iliskisini baska bir ifadeyle,
yaptiklar1 puanlamanin birbirleriyle tutarliligini gosteren ve puanlayicilar aras: giivenirligin
hesaplanmasinda siklikla kullanilan bir yontemdir (Baykul, 2000). Uyusma ytlizdesi ise
puanlayicilarin ayn1 maddeye ayni puani vererek uyusma sagladiklar1 madde sayisinin basit
ylizdesi olarak tanimlanabilir (Meyer, 1999). Bunlarin yan1 sira Genellenebilirlik kuraminda, hata
kaynag1 olarak birey, madde ve puanlayici ana etkilerinin yani sira bunlarin etkilesim etkisi de
dikkate alinmaktadir. Dolayisiyla hem puanlayicilardan gelen potansiyel hatalar hem de diger ana
etkiler ve etkilesim etkileri Genellenebilirlik kuramiyla incelenebilir. Bu, Genellenebilirlik
kuraminin sagladig biiyiik bir avantaj olarak goriilmektedir (Brennan, 2001).

Alanyazinda yer alan ¢alismalardan farkh olarak mevcut arastirmada, yapay zeka tabanli bir arag
olan ChatGPT, puanlayici olarak kullanilmistir. ChatGPT, “chatbot” olarak bilinen sistemler
grubuna ait en son gelismelerdendir. Chatbot’lar, kural tabanli veya kendi kendine 6grenme (yapay
zeka) yontemleri kullanilarak gelistirilen akilli sistemler olarak tanimlanmaktadir (OpenAl, 2015).
ChatGPT'nin, 2022 yilinin sonlarinda insanlarin kullanimina sunulmasinin ardindan egitimden
sagliga kadar pek c¢ok alanda faydali kullanimi tizerine c¢alismalar yapildigi goriilmektedir.
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Alanyazin incelendiginde ChatGPT'nin egitim 6gretim siirecinde kullanimina iliskin ¢alismalarin
(Aktay ve digerleri, 2023; Broutin, 2023; Goktas, 2023; Grassini, 2023; Lo, 2023; Opera ve digerleri,
2023; Zileli, 2023) sayisinin giin gegctikge arttifn goriilmektedir. Bu ¢alismalarda genel olarak
ChatGPT'nin egitimdeki rolii ve kullanimi, uzaktan egitim sinavlarinda kullanimi ve dil egitiminde
kullanim1 arastirilmistir. Bunlarin yami1 sira Mizumoto ve Eguchi (2023) tarafindan yapilan
arastirmada ChatGPT, otomatik metin degerlendirmesi yapmak ve yapilan degerlendirmenin
guvenirligini ve dogrulugunu degerlendirmek igin kullanilmistir. Arastirmanin sonucunda,
ChatGPT'nin gercek degerlendiricilere énemli 6l¢lide destek saglayabilecegine vurgu yapilmustir.
Mevcut arastirmada ise bu arastirmalardan farkli olarak ChatGPT ile agik uglu maddeler
puanlanmis ve bu puanlamalar ile iki Edebiyat 6gretmeninin yaptifi puanlamalar {izerinden
puanlayicilar arasi giivenirlikler incelenmistir. Arastirmanin bu yoniiyle alanyazmna katk:
saglayacaglr soOylenebilir. Bunun yami sira mevcut arastirmanin hem teknolojinin egitsel
degerlendirme siirecindeki potansiyeline hem de yapay zeka tabanli bir ara¢ olan ChatGPTnin
kullanimina yonelik egitimcilere fikir verebilmesi bakimmdan 6nemli oldugu diistintilmektedir.

Mevcut arastirmanin amaci, agik uclu maddelere verilen yanitlar igin yapay zeka tabanl bir arag
olan ChatGPT ve iki gercek puanlayia tarafindan puanlama anahtarlarina gore yapilan
puanlamanin puanlayicilar arasi gilivenirlik bakimindan incelenmesidir. Arastirmanin bu temel
amaci dogrultusunda iig alt problem belirlenmistir.

Acik uglu maddelerin puanlanmasinda, ChatGPT ve Edebiyat ogretmeni olan iki gergek
puanlayicinin verdigi puanlar igin,

1. Puanlayicilar arasindaki korelasyona gore puanlayicilar arasi giivenirlik nasildir?
2. Puanlayiclar arasindaki uyusma yiizdesine gore puanlayicilar aras1 giivenirlik nasildir?

3. Genellenebilirlik kuramina gore puanlayicilar arasi giivenirlik nasildir?

Yontem
Arastirmanin Modeli

Bu arastirma, iki gercek puanlayici ve bir yapay zeka tabanli aracin puanladig agik uglu maddeler
icin cesitli yontemlerle hesaplanan puanlayicilar arasi gilivenirlik katsayilarinin incelenmesine
yonelik oldugundan betimsel arastirma 0Ozelligi tasimaktadir. Betimsel arastirmalarda ele alinan
durumun olabildigince tam, ayrintih ve dikkatli bir sekilde agiklanmasi amaglanmaktadir
(Biiytikoztiirk ve digerleri, 2011).

Calisma Grubu

Bu aragtirmanin ¢alisma grubunu, 2022-2023 egitim 6gretim yilinda Eskisehir ilinde bir devlet
okulunda 6grenim goren 13-15 yas grubundaki 6grenciler arasindan tamamen gondilliiliik esasina
gore segilen 30 6grenci olusturmaktadir. 30 6grencinin, 16 agik uglu maddeye verdikleri yanitlar tig
puanlayici tarafindan puanlanmistir. Puanlayici grubunu ise yapay zeka tabanli bir arag¢ olan
ChatGPT'nin GPT-4.0 lisanslh versiyonu ve farkli kurumlarda 8 ve 10 yildir gérev yapmakta olan
goniillii iki Edebiyat 6gretmeni olusturmaktadir.
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Verilerin Toplanmasi

Bu calisma, Tokat Gaziosmanpasa Universitesi Sosyal ve Beseri Bilimler Arastirmalari Etik
Kurulu'nun 13.06.2023 tarih ve 10.15 sayili onayi ile gerceklestirilmistir. Arastirmanin verileri,
Uluslararast Ogrenci Degerlendirme Programi-PISA Okuma Becerileri alaninda yayimlanmis rnek
sorular arasindan segilen ve Ek-1"de sunulan 16 acik u¢lu madde yardimiyla yiiz yiize toplanmistir.
Maddelerden toplamda almabilecek en yiiksek puan 100 olarak belirlenmistir. Olusturulan soru
formunda yer alan agik uclu maddelere 6grencilerin verdikleri yanitlar, yapay zeka tabanli bir arag
olan ChatGPT ve Puanlayici 1 (P1), Puanlayic 2 (P2) olarak iki goniillii Edebiyat 6gretmeni
tarafindan puanlanmistir. Puanlamada, segilen PISA sorular igin yaymmlanmis olan puanlama
kriterleri dogrultusunda arastirmaci tarafindan olusturulan bir biitiinciil dereceli puanlama
anahtar1 kullanilmistir. Boylece aragtirmada kullamilan veri seti, puanlayicilarin birbirinden
bagimsiz sekilde her bir 6grencinin 16 maddeye verdigi yanitlar1 puanlamasiyla elde edilmistir.
Puanlayicilarin her bir soruya verdikleri toplam puanlar iizerinden hesaplanan betimsel istatistikler
Tablo 1’de sunulmustur.

Tablo 1

ChatGPT, P1 ve P2 Tarafindan Yapilan Puanlamalarin Betimsel Istatistikleri
Puanlayici N  Minimum Maksimum  Ortalama Standart Sapma  Carpikhik  Basiklik

ChatGPT 16 5 225 98.88 55.20 429 485
P1 16 5 150 82.19 41.41 -115 -.581
P2 16 5 150 86.31 44.29 -.202 -.921

Tablo 1’e gore her bir maddeye verilen toplam puanlar bakimmdan ChatGPT, diger iki puanlayiciya
kiyasla daha yiiksek bir ortalamaya sahiptir (X= 98.88; SS= 55.20). Carpiklik ve basiklik degerlerinin
ise [-1.5, +1.5] araliginda oldugu goriilmektedir. Buna gore yapilan puanlamalarin normal dagilim
gosterdigi (Tabachnick ve Fidell, 2014) soylenebilir.

Verilerin Analizi

Mevcut aragtirmada, her bir 6grencinin 16 maddeye verdigi yanitlar1 puanlayan puanlayicilar
arasindaki puanlama giivenirligini belirlemek amaciyla korelasyon, uyusma yiizdesi ve
Genellenebilirlik kuramindan yararlanilmistir. Bunlardan korelasyon analizlerinde SPSS 25,
uyusma yiizdesi analizlerinde Excel ve Genellenebilirlik kurami analizlerinde EduG 6.1 programlar:
kullanilmastir.

Pearson korelasyon katsayismin, verilerin en az esit aralik Olgek diizeyinde olmasi ve normal
dagilim gostermesi gibi varsayimlari bulunmaktadir. Ayrica .30’dan kiiciik olan korelasyon
degerleri iki degisken arasindaki diistik iligkiyi, .30 ile .70 arasindaki degerler orta ve .70"ten biiyiik
olan degerler ise yiiksek iliskiyi gostermektedir (Biiytikoztiirk ve digerleri, 2011). Arastirma verileri
stirekli oldugu icin Pearson korelasyon katsayisi tercih edilmis ve puanlayicilar arasi korelasyonlar
ikili kombinasyonlar halinde hesaplanmistir. Ancak bu yontem puanlayicilarin uyusma yiizdeleri
ve puanlayicilar arasindaki varyansla ilgili bilgi icermemektedir (Giiler ve Teker, 2015; Sencan,
2005).

Uyusma ytizdesi, ikili kombinasyonlar halinde puanlayicilarin ayn1 maddeye ayni puani verme
ylizdeleri olarak hesaplanmistir. Tiim Olgek diizeyindeki veriler i¢in kullanilabilen hesaplama ve
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yorumlama kolaylig1 sunan bir yontemdir. Ancak puanlayicilarin yaptiklar: puanlamalar arasindaki
sansa bagh veya tesadiifi uyusmalar1 goz ardi ediyor olmasi yontemin onemli bir sinirliligidir
(Goodwin, 2001). Puanlayicilar arasi giivenirligin var oldugundan bahsedebilmek igin uyusma
ylizdesinin %75’in izerinde olmasi gerekmektedir. (Sencan, 2005).

Puanlayicilar arasi giivenirligin belirlenmesinde kullanilan bir diger yontem olan Genellenebilirlik
kurami analizlerinde ise ¢alismanin 6lgme objesi 6grenciler (0) olarak yiizeyler ise maddeler (1) ve
puanlayicilar (p) olarak belirlenmistir. Analizler tiimiiyle ¢aprazlanmis tesadiifi desen (dxmuxp)
tizerinden yiritiilmistiir. Karsilastirma yapabilmek amaciyla analizler, puanlayicilarin ikili
kombinasyonlar1 ve {i¢ puanlayicinin tamami {izerinden tekrarlanmis ve karsilastirmalar
yapilmistir.

Bulgular

Mevcut arastirmada yapay zeka tabanli bir arag olan ChatGPT ve iki Edebiyat 6gretmenin 16 agik
ugclu soruya iliskin 6grenci yanitlarina verdikleri puanlar tizerinden hesaplanan Pearson korelasyon
katsayis1 degerleri Tablo 2’de verilmistir.

Tablo 2
Korelasyon Katsayist Araciligiyla Puanlayicilar Aras: Giivenirlikler
Madde ChatGPT ile P1 aras: ChatGPT ile P2 aras1 P1 ile P2 aras1 korelasyon
korelasyon korelasyon

1 A7* 51% 93*
2 70% 74% 90%
3 1.00* 1.00% 1.000*
4 .62% .62% 1.000*
5 a a a
6 66% .66 1.00*
7 1.00* 1.00% 1.00%
8 1.00* 1.00% 1.00%
9 .84* 84* 1.00*
10 72% 74* 92%
11 84% 84* 1.000%
12 94% 94* 1.000%
13 1.00* 1.00% 1.000*
14 94* 94* 1.000*
15 81% 94* 76%
16 87% 94* 93*

Test .82% 86* 94*

Not. a Degiskenlerden en az biri sabit oldugu icin hesaplanamaz.
"p<.001

Tablo 2 incelendiginde, ChatGPT ile P1, ChatGPT ile P2 ve P1 ile P2 arasinda 3. madde, 7. madde, 8.
madde ve 13. maddede mitkemmel pozitif korelasyon (1.00) oldugu goriilmektedir. Ayrica sirasiyla
ChatGPT ile P1 ve ChatGPT ile P2 arasindaki en diisiik korelasyonlar .47 ve .51 olarak 1. madde igin
hesaplanmistir. P1 ile P2 arasindaki en diisiik korelasyon 15. maddede (.76) gozlenmektedir.
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Dolayisiyla puanlayicilar arast uyuma yonelik olarak hesaplanan korelasyon degerlerinin
maddeden maddeye degistigi sdylenebilir. Hesaplanan korelasyon degerlerine gore P1 ile P2'nin
yaptiklar1 puanlamalar bakimindan tiim maddelerde yiiksek korelasyon gosterdikleri sdylenebilir.
ChatGPT ile P1 ve ChatGPT ile P2 arasindaki korelasyon degerlerine gore ise sadece 1. madde, 4.
madde ve 6. maddede orta diizeyde bir iligkinin oldugu, diger maddelerdeki iligkinin ise oldukca
yliksek oldugu goriilmektedir. Bunun yani sira 5. maddeye tiim puanlayicilar ayni puani verdigi
icin puanlayicilar aras1 korelasyonlar hesaplanamamaistir. Ayrica puanlayicilarin maddelere verdigi
puanlarin ortalamalar1 arasinda da (.82, .86 ve .94) yiiksek iliskiler oldugu tespit edilmistir.

Puanlayicilar arasi uyusma yiizdeleri Tablo 3’te sunulmustur.

Tablo 3
Uyusma Yiizdesi Araciligiyla Puanlayicilar Arasi Giivenirlikler
Madde ChatGPT ile P1 aras1 uyusma ChatGPT ile P2 aras1 P1 ile P2 aras1 uyusma
ylizdesi uyusma ylizdesi ylizdesi

1 50.00 53.33 90.00

2 36.67 26.67 90.00

3 100.00 100.00 100.00

4 80.00 80.00 100.00

5 100.00 100.00 100.00

6 80.00 80.00 100.00

7 100.00 100.00 100.00

8 100.00 100.00 100.00

9 63.33 63.33 100.00

10 73.33 76.67 96.67

11 93.33 93.33 100.00

12 96.67 96.67 100.00

13 100.00 100.00 100.00

14 96.67 96.67 100.00

15 53.33 93.33 53.33

16 93.33 96.67 96.67
Ortalama 82.29 84.79 95.42
Standart Sapma 21.04 21.08 11.73

Tablo 3’te yer alan ikinci, tiglincii ve dordiincii siitunlarda, her iki puanlayicinin da ayni puani
verdigi maddelerin yiizdeleri goriilmektedir. Buna gore Tablo 2’de sunulan verilere paralel olarak
3. madde, 5. madde, 7. madde, 8. madde ve 13. maddede ChatGPT ile P1, ChatGPT ile P2 ve 1 ile
P2 ayn1 maddelere ayni puani vermistir. Arastirmadan elde edilen dikkat ¢ekici bir bulgu olarak,
puanlayicilardan birinin ChatGPT oldugu durumlarda 2. madde igin P1 ile uyusma yiizdesinin
yaklasik %37 oldugu, P2 ile uyusma yiizdesi ise yaklasik %27 oldugu goriilmektedir. Ayni soruda
P1 ile P2'nin uyusmas: ise %90 olarak hesaplanmistir. Buna gore puanlayicilar arasi uyusma
ylizdelerinin maddeden maddeye degistigi sOylenebilir. Ayrica, uyusma yiizdesi ortalamasi
ChatGPT ile P1, ChatGPT ile P2 ve P1 ile P2 icin sirasiyla 82.29 (5S= 21.04), 84.79 (S5= 21.08) ve 95.42
(85=11.73) olarak hesaplanmustr.

Puanlayicilar aras: giivenirligin belirlenmesinde Genellenebilirlik kuramindan da yararlanilmistir.
Diger yaklasimlardaki hata kaynag1 sadece puanlayicilarin puanlar1 arasindaki farklilasma iken
Genellenebilirlik kuraminda farkli hata kaynaklar1 ayni anda ele alinmaktadir. Bu hata kaynaklar:
mevcut arastirma i¢in madde (m), puanlayici (p), 6grenci-madde etkilesimi (0xm), 6grenci-puanlayici
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etkilesimi (6xp), madde-puanlayici etkilesimi (mxp) ve 6grenci-madde-puanlayici etkilesimi (6xmxp)
olarak siralanabilir. Puanlayicilarin ikili kombinasyonlar: ve ii¢ puanlayic igin yapilan analizlerden
elde edilen varyans analizi sonuglar1 ve kestirilen varyans bilesenleri Tablo 4’te sunulmustur.

Tablo 4
Varyans Analizi Sonuglar: ve Kestirilen Varyans Bilegenleri
Puanlayicilar Varyans KT sd KO Kestirilen Varyans G
Kaynag Varyans Yiizdesi Katsayisi
Bileseni (%)
ChatGPT ve ogrenci (0) 847.11 29 29.21 0.55 59 .61
P1 madde (1) 2124.38 15 141.63 1.92 20.5
puanlayici (p) 74.26 1 74.26 0.12 1.3
oxm 4735.71 435 10.89 4.69 50.3
axp 60.90 29 2.10 0.04 0.4
mxp 256.36 15 17.09 0.52 5.6
dxmxp, e 651.99 435 1.50 1.50 16.0
ChatGPT ve ogrenci (6) 848.29 29 29.25 0.54 5.8 .59
P2 madde (m) 2296.81 15 153.12 2.16 23.1
puanlayici (p) 42.08 1 42.08 0.06 0.6
oxm 4780.22 435 10.99 4.86 51.9
oxp 64.88 29 2.24 0.06 0.6
mxp 207.50 15 13.83 0.42 4.5
dxmxp, e 554.03 435 1.27 1.27 13.6
P1 ve P2 6grenci (6) 827.92 29 28.55 0.52 6.1 .58
madde (1) 1779.90 15 118.66 1.72 20.1
puanlayici (p) 4.54 1 4.54 0.00 0.0
oxm 521291 435 11.98 5.78 67.6
dxp 7.78 29 0.27 -0.01 0.0
mxp 58.10 15 3.87 0.12 1.3
oxmxp, e 181.59 435 0.42 0.42 4.9
ChatGPT, P1 ogrenci (6) 1239.40 29 42.74 0.54 5.9 .61
ve P2 madde (m) 3013.55 15 200.90 1.93 21.3
puanlayici (p) 80.59 2 40.29 0.06 0.6
oxm 7133.16 435 16.40 5.11 56.3
oxp 89.04 58 1.54 0.03 0.3
mxp 347.97 30 11.60 0.35 3.9
dxmxp, e 925.07 870 1.06 1.06 11.7

Not. KT: kareler toplami, KO: kareler ortalamasi, sd: serbestlik derecesi

Tablo 4’e gore puanlayicilar ChatGPT ve P1 oldugunda, ChatGPT ve P2 oldugunda, P1 ve P2
oldugunda veya ChatGPT, P1 ve P2 oldugunda 6grenci, madde ve puanlayici ana etkileri
incelendiginde maddeye (m) iliskin degiskenligin ana etkiler i¢inde en yiiksek degere sahip oldugu
ve toplam varyansin sirasiyla %20.5"ini, %23.1’ini, %20.1'ini ve %23.1’ini agikladig1 goriilmektedir.
Bu durum maddelerin giigliik diizeylerinin birbirinden farklilagtigim gdstermektedir. Ogrencilere
(0) iliskin varyanslar ise toplam varyansin sirasiyla %5.9unu %5.8’ini, %6.1'ini %5.9'unu
aciklamaktadir. Ogrenciler arasinda farkliligin bulundugunu gosteren bu degerin olabildigince
yliksek olmasi beklenmektedir (Brennan, 2001). Bunun yani sira puanlayici (p) ana etkisine iliskin
varyans ise puanlayicilar ChatGPT ve P1 oldugunda toplam varyansin %1.3"iinii , ChatGPT ve P2
oldugunda %0.6’sin1, ChatGPT, P1 ve P2 oldugunda yine %0.6'sim1 agiklamaktadir. Bu deger
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puanlayicilar arasi degiskenligi ifade ettiginden miimkiin oldugu kadar sifira yakin ¢ikmasi
istenmektedir (Brennan, 2001). Bu bakimdan puanlayicilar P1 ve P2 oldugunda puanlayic1 ana
etkisine iligkin varyansin %0.0 olmasi beklentiyi karsilayan, istenen bir durumdur.

Tablo 4, puanlayicilar ChatGPT ve P1 oldugunda, ChatGPT ve P2 oldugunda, P1 ve P2 oldugunda
veya ChatGPT, P1 ve P2 oldugunda &grenci, madde ve puanlayict etkilesimleri bakimindan
incelendiginde, 6grenci-madde etkilesiminin (dxm) etkilesim etkileri icinde en yiiksek degere sahip
oldugu goriilmektedir. Buna gore Ogrenci-madde etkilesimine (dxm) iliskin varyans, toplam
varyansin sirastyla %50.3'tinii, %51.9'unu, %67.6'sm1 ve %56.3’iinli aciklamaktadir. Dolayisiyla
maddelerin giicliik diizeyi 6grencilere gore Snemli bir degiskenlik gostermektedir. Ogrenci-
puanlayic etkilesimine (0xp) iliskin varyansimn ise tiim puanlayic1 gruplarinda oldukga diisiik (0.4,
0.3, 0.6) oldugu, puanlayicilar P1 ve P2 oldugunda ise sifir oldugu goriilmektedir. Bu durum,
ogrencilerin sorulara verdikleri yanitlar i¢in yapilan puanlamalarin puanlayicidan puanlayiciya
degismedigine isaret etmektedir. Bunun yani sira madde-puanlayic etkilesimine (mxp) iligkin
varyanslar toplam varyansin sirasiyla %5.6'lik, %4.5'lik, %1.3’liik ve %3.9'luk kismina karsilik
gelmektedir. Maddelere verilen puanlarin puanlayicidan puanlayiciya degisimini gosteren bu
etkilesimin en yiiksek degerini puanlayicilar ChatGPT ve P1 oldugunda aldigy, en diisiik degerini
ise puanlayicilar P1 ve P2 oldugunda aldig1 belirlenmistir. Dolayisiyla yaptiklar1 puanlama
bakimindan birbirinden en ¢ok farklilagsan puanlayicilarin ChatGPT ve P1 puanlayicilari oldugu, en
az farklilasan puanlayicilarin ise P1 ve P2 puanlayicilar: oldugu sdylenebilir. Bunlarin yani sira artik
(residual) veya hata varyansi olarak da ifade edilen ve miimkiin oldugunca sifira yakin ¢ikmasi
istenen 6grenci-madde-puanlayici ortak etkisine (0xmxp,e) iliskin varyanslar sirasiyla %16, %13,6,
%4.9 ve %11.7 olarak hesaplanmistir. Burada en yiiksek degerin puanlayicilar ChatGPT ve P1
oldugunda, en diisiik degerin ise puanlayicilar P1 ve P2 oldugunda hesaplandig: goriilmektedir.

Tablo 4'tin son siitununda puanlayicilar ChatGPT ve P1 iken, ChatGPT ve P2 iken, P1 ve P2 iken
veya ChatGPT, P1 ve P2 iken hesaplanmis olan genellenebilirlik (G) katsayisi yer almaktadir.
Puanlarin giivenirlik veya genellenebilirlik diizeyinin gostergesi olan bu katsay1 0.0 ile 1.0 arasinda
degerler almaktadir (Shavelson ve Webb, 1991). 30 6grenci, 16 madde ve iki puanlayic igin G
katsayilari sirastyla .61 (ChatGPT ve P1 puanlayicilary), .59 (ChatGPT ve P2 puanlayicilar) ve .58
(P1 ve P2 puanlayicilar:) olarak, {i¢ puanlayia iginse .61 (ChatGPT, P1 ve P2 puanlayicilar:) gibi
digerlerine yakin bir deger olarak hesaplanmustir.

Tartigsma ve Sonug

Mevcut arastirmada biri yapay zeka tabanl bir ara¢ olan ChatGPT diger ikisi Edebiyat 6gretmeni
olan {i¢ puanlayicinin puanladiklar1 agik uglu maddeler tizerinden puanlayicilar arasi giivenirlikler
belirlenmistir. Bu asamada, puanlayicilar ikili ve tiglii olarak gruplanmis (ChatGPT ve P1 olarak,
ChatGPT ve P2 olarak, P1 ve P2 olarak, ChatGPT, P1 ve P2 olarak) ve puanlayicilar aras: giivenirlik;
korelasyon, uyusma yiizdesi ve Genellenebilirlik kurami yardimiyla belirlenmistir. Analizlerden
elde edilen sonuglarin, ulasilan genel ¢ikarimlar noktasinda birbirini destekler nitelikte oldugu
gorulmiistiir.

Puanlayicilar arasinda hesaplanan korelasyon degerleri, puanlayicilar arasinda pozitif yonlii ve
yliksek diizeyde (ChatGPT ve P1 igin .82; ChatGPT ve P2 icin .86; P1 ve P2 icin .94) bir iligki
oldugunu gostermektedir. Bu bulguyu destekler nitelikte, alanyazindaki pek ¢ok aragtirmada da
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puanlayicilar arasi giivenirlige yonelik olarak yiiksek korelasyonlar elde edildigi goriilmektedir
(Goodwin, 2001; Goodwin ve Goodwin, 1991; Goodwin ve digerleri, 1991; Giiler ve Teker, 2015;
Oksﬁzoglu, 2022; Ozgavh, 2023; Seheryeli, 2018; Wilson ve digerleri, 2022). Bunun yani sira
arastirmadan elde edilen énemli bir bulgu olarak, cevab: dogrudan metnin iginde gegen ve kisa
cevapli olan maddelere (3. madde, 7. madde, 8. madde ve 13. madde) verilen yanitlarin
puanlanmasinda tiim puanlayicilar birbirleriyle miikemmel pozitif korelasyon (1.00) gostermistir.
Ayrica, puanlayicilardan biri ChatGPT oldugunda (ChatGPT ve P1 veya ChatGPT ve P2),
puanlayicilar arasi en diisiik korelasyon 1. madde icin hesaplanmistir. Bu maddede, verilen metne
yonelik olarak metinde net olarak belirtilen ana amag disindaki alt amaglardan birinin yazilmasi
istenmektedir. Dolayisiyla metinde ana amag kadar net belirtilmeyen alt amaglarin belirlenmesine
yonelik yanitlarin puanlanmasinda gercek puanlayicilarin (P1 ve P2) yaptigi puanlamalarin daha
uyumlu oldugu yorumu yapilabilir. Bunun yani sira arastirmanin dikkat gekici bir bulgusu olarak,
gercek puanlayialar (P1 ve P2) arasindaki en diisiik korelasyonun gozlendigi 15. maddede,
ChatGPT ile gercek puanlayicilar arasindaki korelasyon daha yiiksek hesaplanmistir. Bu madde
incelendiginde, verilen metinde, karakterin i¢sel monologlarmi ve diislince siireglerini yansitan,
okuyucunun diistinmesini ve hayal giiciinii kullanmasini gerektiren karmasik bir dil kullanildig:
goriilmiistiir. Buradan yola ¢ikarak, yaniti hayal giicli ve yaraticiiga dayanan maddelerin
puanlanmasinda gercek puanlayicilar arasindaki farklilasma artarken ChatGPT'nin yaptig
puanlamanin gergek puanlayicilarin ortalamasina yakin bir puanlama yaptigir yorumu yapilabilir.
Ayrica sorulan sorunun yamitinin verilen metinde dikkat cekici, kisa ve net olarak belirtildigi
goriilen 15. maddeye tiim puanlayicilar tek ve ayni puani vermistir. Dolayisiyla kisa cevapl ve
cevab1 metinde net olarak vurgulanan acik uclu maddelerde puanlayicilarin tam uyum gosterdigini
de sdylemek miimkiindiir. Ancak sunu belirtmek gerekir ki, puanlayicilar arasindaki giivenirligin
hesaplanmasinda kullanilan korelasyon, ortalamadan bagimsiz olarak hesaplandigindan iki
puanlayicinin puanlamalar: arasindaki benzerlikleri veya katilik/comertlik durumlarin gostermez.
Bu nedenle puanlayicilar arasi giivenirligin belirlenmesinde yetersiz kalabilir (Goodwin, 2001).

Aragtirmadan elde edilen dikkat cekici bir bulgu olarak, gercek puanlayicilarin yaptig
puanlamalarin birbiriyle daha yiiksek iligki gosterdigi ve uyusma yiizdelerinin de daha ytiksek
oldugu goriilmiistiir. Bunun yani sira ChatGPT ile gercek puanlayicilar arasindaki en diistik
uyusma yiizdesinin 2. madde igin hesaplandigi goriilmiistiir. Ancak bu madde igin gergek
puanlayicilar arasit uyusma ytizdesi (%90) oldukga yiiksektir. Verilen metne dayali olan 2. madde
incelendiginde, maddenin iki asamali oldugu, yamit olarak metinde yer alan bir bilginin
yazilmasinin ardindan verilen yanitin metindeki ifadelerle desteklenmesinin istendigi goriilmiistiir.
Dolayisiyla iki asamali olarak nitelendirilebilecek agik ug¢lu maddelerin puanlamasinda gergek
puanlayicilar arasindaki uyumun daha yiiksek oldugu, ChatGPT'nin yaptig1 puanlamanin ise
gercek puanlayiclardan farklilastigi yorumu yapilabilir. Hesaplama ve yorumlama bakimindan
kolaylik saglayan uyusma ytiizdesi yontemin en biiyiik sinirliligi, puanlayicilarin tesadiifen/sansla
ortaya ¢ikan uyumunu dikkate almamasidir (Giiler ve Teker, 2015). Bu noktada giivenirlik
katsayisinin hesaplanmasinda, puanlayicilar arasi sansa bagli yapay uyumu da dikkate alan
Cohen’s Kappa istatistiginin (Cohen, 1960) kullanilmasi onerilebilir.

Genellenebilirlik kurami, farkli hata kaynaklarmi ayni anda ele almakta ve ayrintili bilgiler
sunmaktadir. Bu o6zelligi, Genellenebilirlik kuramini arastirmada kullanilan diger yontemlerden
daha {tistiin kilmaktadir. Mevcut arastirmada Genellenebilirlik kurami kullanilarak elde edilen G
katsayilarinin, korelasyon degerleri ve uyusma ytizdelerine kiyasla daha diisiik (ChatGPT ve P1 igin
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.61; ChatGPT ve P2 icin .59; P1 ve P2 i¢in .58; ChatGPT, P1 ve P2 i¢in .61) oldugu goriilmektedir.
Ancak farkli puanlayic1 gruplar1 arasinda ciddi bir farkliligin gézlenmemesi, puanlayicilar arasi
giivenirligi belirlemek ic¢in kullanilan diger yontemlerden elde edilen bulgular1 destekler
niteliktedir. Genellenebilirlik kurami kapsaminda yapilan analizler incelendiginde o6nemli
bulgulara ulagildig1 goriilmektedir. Ogrenci (§), madde (m) ve puanlayici (p) ana etkileri
incelendiginde, maddeye iliskin degiskenligin, ana etkiler icinde en yiiksek degere sahip oldugu ve
dolayisiyla da veri toplamada kullanilan maddelerin giigliik diizeylerinin birbirinden farklilastig:
belirlenmistir. Bunun yani sira beklentiye uygun olarak, 6grencilere iliskin ana etkinin 6grencilerin
birbirinden az miktarda da olsa farklilastigina, puanlayicilara iliskin ana etkinin ise puanlayicilar
arasinda degiskenligin bulunmadigna isaret ettigi sdylenebilir. Ogrenci-madde etkilesimine (dxr)
iliskin varyansin tiim puanlayici gruplarinda toplam varyansin biiylik bir kismin1 agikladig:
goriilmiistiir. Buna gore maddelerin giicliik diizeyi 6grencilere gore onemli bir degiskenlik
gostermektedir. Giiler ve Teker’e (2015) gore bu durum, matematik ve istatistik gibi 6grencilerin
gecmis Ogrenme yasantilarinin etkili oldugu alanlarda daha olasidir. Ancak arastirmanin dikkat
ceken bir diger bulgusu olarak, ogrencilerin okuma becerilerine yonelik olan sorularda da
maddelerin giigliik diizeyinin 6grencilere gore onemli bir degiskenlik gosterdigi belirlenmistir. Bu
durum, PISA Okuma Becerileri alanindaki sorularin akici okuma, okudugunu anlama,
degerlendirme ve derinlemesine diisiinme gibi farkli bilissel siireclere yonelik olmasindan
kaynaklanmis olabilir. Ogrenci-puanlayici etkilesimine (dxp) iliskin varyansm tiim puanlayici
gruplarinda oldukca diisiik olmas1 ve hatta, puanlayicillar P1 ve P2 oldugunda sifir olmasi
ogrencilerin sorulara verdikleri yanitlar i¢in yapilan puanlamalarin puanlayicidan puanlayiciya
degismedigine isaret etmektedir. Dolayisiyla ChatGPT'nin de gercek puanlayicilara benzer
ozelliklerde puanlamalar yaptig1 sonucuna varilabilir. Buna karsilik elde edilen madde-puanlayici
etkilesimi (mxp) degerleri, ChatGPT'nin puanlayici olarak gergek puanlayicilardan kiigiik farklarla
da olsa ayrishigmin bir gostergesi olarak degerlendirilebilir. Maddelere verilen puanlarin
puanlayicidan puanlayiciya degisimini gosteren bu etkilesimin en yiiksek degerini puanlayicilar
ChatGPT ve P1 oldugunda almis olmasi, maddeleri puanlama bakimindan en ¢ok ChatGPT ve P1’in
birbirinden farklilastigini gostermektedir. Bunun yani sira madde-puanlayici etkilesiminin (mxp) en
diisiik degerini puanlayicilar P1 ve P2 oldugunda almis olmasi ise maddeleri puanlama bakimindan
en ¢ok benzesen puanlayicilarin gergek puanlayicilar oldugu seklinde yorumlanabilir. Ogrenci-
madde-puanlayici ortak etkisine (6xmxp,e) iliskin varyansa (artik, hata varyansi) yonelik bulgular,
puanlayicilardan birinin ChatGPT olmasi durumunda hata varyansmin daha yiiksek oldugunu
gostermektedir. Bunun nedeni, 6grenci-madde-puanlayici arasinda sistematik olmayan bir degisim
ve/veya Ol¢gmeye bilinmeyen ve puanlamayi sistematik olarak etkilemeyen faktorlerin karismasi
olabilir (Giiler ve Teker, 2015). Elde edilen bu bulguya karsilik hata varyansmin en diisiik degeri
puanlayicilar P1 ve P2 oldugunda hesaplanmistir. Bu durum agik uglu sorularin puanlanmasinda,
puanlamay1 ChatGPT’ye kiyasla gercek puanlayicilarin yapmasinin daha uygun olduguna isaret
etmektedir. Hesaplanan G katsayilari incelendigine ise yapilan puanlamalar dogrultusunda
gerceklestirilecek bagil degerlendirmelerin (6rnegin basar1 siralamasi), orta diizeyde giivenirlik
veya genellenebilirlige sahip olacag1 sdylenebilir.

Arastirmadan elde edilen tiim bu bulgulardan yola ¢ikarak, puanlayicilar arasi giivenirlik
kestirilirken birden fazla yontemin kullanilmasimnin, ger¢cek durumla ilgili okuyucuya daha fazla
bilgi verebilecegi yorumu yapilabilir. Mevcut aragtirmanin sonugclari, gercek puanlayicilar arasinda
ve ChatGPT ile gercek puanlayicilar arasinda benzerlik ve genellikle yiiksek bir gilivenirlik
oldugunu ortaya koymaktadir. Buna gore yapay zeka tabanli araclarin egitsel degerlendirmelerde
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potansiyel bir rol oynayabilecegi sOylenebilir. Mizumoto ve Eguchi (2023) tarafindan yapilan
arastirmada otomatik metin degerlendirmesi i¢in ChatGPT kullanilmis ve arastirma sonucunda,
mevcut aragtirmanin sonuglarini destekler nitelikte, ChatGPT'nin belirli bir diizeyde dogruluk ve
guvenirlige sahip oldugu, gercek degerlendiriciler i¢in 6nemli bir destek saglayabilecegi ve
dilbilimsel 0Ozelliklerin puanlamanin dogrulugunu artirabilecegi ifade edilmistir. Gergek
puanlayicilar arasindaki giivenirligin biraz daha yiiksek olmasi, gercek puanlayicilarin 6grenci
yanitlarina iliskin bazi ince ayrintilar1 veya alt metinleri daha iyi tespit edebildiklerinin bir
gostergesi olabilir.

Uygulamaya doniik olarak egitimcilere, kalabalik smiflarda veya zamanin kisith oldugu
durumlarda 6zellikle puanlamasi uzun zaman alan acik u¢lu maddeler puanlanirken ChatGPT gibi
yapay zeka tabanl araglardan destek almalar1 onerilebilir. Bu sayede daha hizli geri bildirimler
saglanip Ogretim siireci daha etkili hale getirilebilir. Bunun yan1 sira ChatGPT'nin veya benzeri
yapay zeka tabanli araglarin daha karmasik veya soyut ifadeler igeren yanitlar1 nasil
degerlendirdigine yonelik yeni aragtirmalarin yapilmasi Onerilebilir. Ayrica, bu tiir araglarmn
O0grenme siirecine ve 6gretmen geri bildirimine nasil bir etkisi oldugunu belirlemeye yonelik daha
genis Olcekli calismalar gerceklestirilebilir.

Etik Kurul Onayi: Bu galisma Tokat Gaziosmanpasa Universitesi, Sosyal ve Begeri Arastirmalar Etik
Kurulu'ndan 13.06.2023 tarihinde 10.15 sayili etik kurul izni alinarak gerceklestirilmistir.

Arastirmacilarin Katki Orani: Arastirma siirecinin tiim asamalar1 yazar tarafindan gerceklestirilmistir.

Catisma Beyan1: Yazar herhangi bir ¢ikar catismasi olmadigini beyan eder.
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Appendix-1: OPEN-ENDED QUESTION FORM
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YUKSEK BINALAR

“Yiksek Binalar” 2006 yinda bir Narveg ergisinde yayimianm bir makaledr.
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