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This research is part of proof tests to a combination of statistical
processing methods, collecting assessment rubrics in vocational
education by comparing two systems, automated essay scoring and
human rater. It aims to analyze the final assessment score of essays
in Akademi Komunitas Negeri (AKN) Pacitan (Pacitan’s State
Community College) and Akademi Komunitas Negeri (AKN) Blitar

(Blitar’s State Community College) in East Java, Indonesia. The

Automated essay scoring; provisional assumption is that the results show an antithesis to the

Competency; assessment of human feedback with an automated system due to the
Human rater; o conversion of scores between the rubric and the algorithm design. As
Information and communication he h hesis, aleorithm-based . ¢ d
technology; the hypothesis, algorithm-based score conversion attects automate

essay scoring and human rater methods, which led to antithesis
feedback. The validity and reliability of the measurement maintain
the scoring consistency between the two methods and the accuracy
of the answers. The novelty of this article is comparing between AES
system and Human Rater using statistical methods. The research
shows that there is a similar result using the psychometrics approach,
which indicates different metaphor expressions and language
systems. Thus, the objective of this study is to provide assistance in
the advancement of an information technology system that utilizes a
scoring mechanism merging computer and human evaluations,
employing a psychological approach known as psychometric leads.

Vocational education;

M) Check for updates https://doi.org/10.46627/silet

INTRODUCTION

Interaction between human and computer carry one connecting relationship to develop two-way
communication; human as a system user and subject of computer management system, also
computer as the object. In general, the relationship between human and computer is relatively
used in daily life to solve tasks effectively and efficiently. Computer also brings positive impacts
to learning and assessment process in educational field. There is a common saying that human
has the same intelligence level as with computer system advances. This perspective leads us to
figure of metaphorical process in human cognition, as the findings about automatic metaphors
of thought, language, and communication (Tong et al., 2021).

The development of computer system activation can be co-opted into an education system
which frames learning and assessment problems, although one of the interpretations still comes
from human cognition as knowledge, and humans are still users of the computer object itself. The
application of computer systems assembly a resemblance to human knowledge, and is often used
in learning assessment. For instance, the system only provides one-sided feedback in competency
assessment, while humans allow more due to cognitive and psychological knowledge. However,
competency assessment using humans (human rater) has currently undergone a shift towards
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automation assessment which is believed to be more effective and efficient; technology as the
basis for the development of intelligent management information systems (Safiullin et al., 2019).

This study reviews the interesting things about the development of information technology
using Automated Essay Scoring (AES) in competency testing and assessment in vocational
education. By comparing the results of the assessment tests on essay questions between
automation and human raters, the problem frame can be seen whether there are significant
differences, as the human rater can be labor-intensive and time-consuming (Zhang, 2013),
whereas automation process brings otherwise results (Dong et al., 2017; Wong & Bong, 2019). By
using the AES, statistical proof of the automation assessment results at the validity and reliability
level becomes a benchmark, whether the consistency of the results supports the resulting
accuracy value, or it still requires other proof from the human rater; the prediction results show
the same/not much difference (Buditjahjanto et al., 2022). This phenomenon is still a topic of
conversation in vocational education regarding the quality of outcomes of students at Akademi
Komunitas Negeri (AKN) Pacitan and Blitar (research locus), because currently the competency
test assessment still uses a human rater, and has an impact on recognizing ownership of a
competency certificate as a competency in mastering knowledge, skills, and attitudes (Watkins,
2020).

The study between AES and human rater can be an appealing point to be discussed, in which
the predicted value evaluation considers the effect of the actual value. Where, evaluation of essay
answers is unique besides using multiple choice/short answers (Burrows et al.,, 2015).
Interpretation in the descriptive analysis requires the conversion of automation scores into
assessment rubrics. As an example, the automation assessment system examines pertinent
knowledge mixed with the designed method, while human judgment is separated; the rubric
answers a holistic critical interpretation of results and evaluation in decision-making (Facione,
2015; Nanni & Wilkinson, 2015). There are differences in conception conversion between AES
systems and humans. The following is a descriptive analysis that describes the differences
between the two (Table 1).

Table 1. Differences of conceptions of AES vs human rater

AES System Human Rater
Using data Using knowledge and psychology
Algorithmic Heuristic in nature

Effectively manipulate the database Effectively manipulate the knowledge base
Source: Analysis of empirical and theoretical approaches

According to (Wang, 2012), human rater obtains a bias effect on differences in the quality and
consistency of essay scoring substantially. Therefore, a new paradigm of assessment raises
another alternative using the AES system; automation using an algorithmic design (Pufal et al.,
2014), aligns with the aim of examining the development of AES from the information perspective
of user-centered computer science which has been introduced since 1999 (Navarro et al., 1999).
The first hypothesis has occurred to test and analyze:

H1: Do the validity and reliability level have significant differences for using two assessment
tools, AES and human rater?

Linguistics approach in assessing essay questions on competency tests focuses on
information features or specific vocabulary to evaluate the performance of generic scores on
differences in the results of automation scores with human raters. The correlation between the
two systems requires an accuracy test in each of the available and different essay questions. To
combine and consider features into essay scores requires a scoring consensus framework
(Williamson et al., 2012); graphical and statistical evaluation of verbally constructed responses
between the AES system and the human rater (Wang et al., 2018). Thus, the second hypothesis
occurs:

H2: Do the score results in AES need to be compared with human rate assessment?
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The relationship between automatic scores and human scores provides important
information about validity as a default standard. However, considering the construction of
assessments using the AES system found one condition for shifting human raters, a computer-
based formative assessment (Mao et al., 2018); analysis and prediction standard for
evaluation(Atteveldt et al., 2021); and using statistical methods to analyze data reliability and
planning reliability tests (Meeker et al., 2022). This change will later be proven by the relationship
between the two where the antithesis results of the score produced as a consistency of responses
in competency testing with essay answers; technology with ideas (Almeida & Buzady, 2023).
Theoretically, a human rater with the assessment rubric from the conversion results of the AES
system explains the correlation of knowledge and psychology using a statistics approach;
psychometric answers the level of validity, reliability, and accuracy of the score results; as a
standard point of competency assessment (Collier-Sewell et al., 2023). On the other hand, the
results of the calculations have a tendency and proving that the AES system is categorized as
effective and efficient for competency assessments.

Based on the explanations in Hi and H», the analysis of the disparity in the assessment of
competency tests using the IT multimedia graphic design system with a Human Rater yielded
similar results. This is despite the hypothesis in H; suggesting that AES is more likely to be valid,
albeit not significantly. Consequently, the results obtained from both the Human Rater and AES
indicate a psychological relationship between the IT system and humans. Furthermore, the
assessment of competency tests using the IT multimedia graphic design system with a Human
Rater shows comparable outcomes, despite the H1 hypothesis favoring the greater validity of
AES, albeit insignificantly. Thus, this suggests a psychological connection with humans. The
Human Rater assessment always involves an evaluation rubric with the aim of measuring
competency test results based on the assessment interval range presented in Table 2. As a result,
the Ho is rejected because it can be inferred that the Human Rater assessment is influenced by the
knowledge and development of the assessor. Therefore, this analysis of disparities provides
psychometric leads that address the balance between the analysis performed by the Human Rater
and AES.

THEORETICAL FRAMEWORK
Validity Test
Moses & Yamat (2021) argue that the validity test indicates how the tool is able to measure in
certain extend. There are four types of validity test, which are face validity, content validity,
criterion validity, and construct validity. Face validity illustrates how the face structure of a
research instrument can be measured (Purnama, 2015). It refers to the shape and appearance of
the instrument. Content validity is an ability to measure a particular concept or variable of the
instrument. Criterion validity is to measure and correlate the instrument validity with other
reliable and valid instruments. Construct validity refers to the ability of an instrument to measure.
According to (Surucu & Maslakci, 2020), a research instrument can be considered valid if sig < a.
Hypotheses:

Ho: invalid items

H; : valid items
This is the formula that can be used to test construct validity by using Pearson’s correlation
method (Zhou et al., 2016):

1)

Notes:
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r  :item correlation coefficient
n  :total number of observations
X; :item score
Y; :total score of each variable
If sig. < a, the value is null and invalid.

Reliability Test

A reliability test is conducted to test the consistency of measurement. Empirically, the consistency
of reliability is indicated by the reliability coefficient (Heale & Twycross, 2015). The reliability
coefficient technique used is the Cronbach alpha (a) reliability coefficient. The Cronbach alpha
coefficient is greater than 0.7, so the questionnaire is considered reliable (Kennedy, 2022).
However, if the value of the alpha variable is less than 0.7, then the questionnaire is considered
less reliable.

k
>o
i

1 i=1

Cronbach Alpha= _k |,_ ()
k-1 Gtzatal
Notes:
k : Numbers of questionnaire item in one dimension
O'f : Score variant of a question item
o’  :Total variance

total

Normal Multivariate Distribution

A population distribution can be considered normal if the data distribution is concentrated
around the mean value symmetrically (Liang et al., 2022). A normal distribution that has a
symmetrical shape, has the same mean, median, and mode so that the median value in the
symmetric normal distribution is the average (Grover et al., 2014). Random variable X = (X1, X,
..., Xp) with vector mean p = [p1, p2, ..., pip]' and covariance matrix £ > 0 with a multivariate
normal distribution of order p with parameters p and Z, if it has a density function multivariate
normal as follows (Cassidy, 2016):

S(x)= —%(x—p)T Zl(x—p)j 3)

1
In which -c0 <xi<o0,i=1, 2, ..., p, annotated by X ~Normal (p, X).
MAPE
According to (Abidin & Jaffar, 2014), MAPE (Mean Absolute Percentage Error) is a method

commonly used to evaluate score forecasting by considering the magnitude of the actual score.
The calculation of the MAPE value is as follows (Shekar & Dagnew, 2019):

MAPE = lxz
/A~

Y;J_Fp
Y,

]xlOO% )

Notes:
Y, :actual value on p time.
F, :estimated value on p time
n  :number of observations

Assessment Rubric
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An assessment rubric is used as a tool/instrument for lecturers to set criteria for assignments. the
score rubric approach can reduce the mean absolute error (Hasanah et al., 2019). Assessment
rubric is a guide used to determine the human rater essay score. By using an assessment rubric,
it is easier to determine the assessor's score and to overview the assessment of cognitive aspects
and performance aspects as well; in addition to the need for consistency over the consequences
of errors when assessing, for example fatigue (Haley et al., 2017). The following Table 2
assessment rubric scale is presented below.

Table 2. Scoring scale of assessment rubric

Score Criterion

5 (excellent) The percentage of correct answers is > 80%

4 (very good) The percentage of correct answers is 60% - 79%

3 (good) The percentage of correct answers is 40% - 59%

2 (average) The percentage of correct answers is 20% - 39%

1 (poor) The percentage of correct answers is <19%

Source: processed data
RESEARCH METHOD

Research and Development is part of this research methodology. By using the Automated Essay
Scoring (AES) approach, this can be divided into five (5) stages, namely, (1) preliminary
investigation, (2) design, (3) realization/construction, (4) test, evaluation, and revision, and (5)
implementation. Statistical analysis methods are used to test validity and reliability, and MAPE
is used to test the accuracy of sample data (testing).

The sample data used were 38 respondents participating in the IT Multimedia Graphic
Design competency test, and carried out in the data science laboratory for 2 days. Variable
indicator measurements of competency unit titles and question materials included (1) K3- work
safety, (2) software and hardware, and (3) creating, manipulating, and combining 2D and digital
images (according to Competency Test Materials of vocational education at diploma degree). The
technique of the data analysis of AES system uses the cosine similarity approach (training data),
and text regression (data testing), while the human rater uses a scoring rubric scale, which is then
converted to intervals/range of answer scores. The following are the conversion categories for
the answer score ranges in Table 3 below.

Table 3. Range conversion of grading system
Similarity score  Human rater score Grade

0.01-0.10 10

0.11-0.20 20 Poor
0.21-0.30 30

0.31-0.40 40 verane
0.41-0.50 50 g
0.51-0.60 60

0.61-0.70 70 Good
0.71-0.80 80 Very Good
0.81-0.90 90

0.91-1.00 100 Excellent

RESULTS AND DISCUSSION

This study will demonstrate the proof of the human rater method as the antithesis of the AES
system through validity and reliability tests. The data used for this research were the of 38
participants” competency test scores at the Pacitan and Blitar Akademi Komunitas Negeri (AKN)
who were assessed using the AES system while still considering the human rater method of
assessment. As for the antithesis, the human rater has an accuracy value which is slightly different
from the AES system. The testing procedure will begin by analyzing the descriptive scores to
obtain information about the characteristics of the test takers' scores. The results of the descriptive
analysis are presented in Table 4 below.
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Table 4. Descriptive analysis of score assessment
Min Max Mean St.dev Skew Kurt
AES 6820 8590 7822 285 -015 0.86
HR 6959 8626 7821 272 -0.07 021

Source: processed data

Based on the value of the descriptive analysis (Table 4), it is known that the AES system and
the HR method have similar characteristics. Referring to the average value, AES and HR only
have a difference in the value of 0.01. By statistics, there is no significant number difference. It
can be concluded that the test score data has a relatively small standard deviation value (data
range 0-100). Hence, it will occur, and no outlier values. The distribution of test score data is
normally distributed on the average score (the AES and HR skewness values are not too far from
0). The distribution of data is presented through a histogram in Figure 1 and Figure 2 below.

10.09

B
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7000 7200 7400 7600 7800 8000 6200 ©4.00 7250 7500 7750 000 8250
AES HR

Figure 1. Histogram chart of AES score Figure 2. Histogram chart of Human Rater score

The figure above illustrates the scores of the AES system and the HR method have a normal
distribution, with the average value being the center of the data distribution. Furthermore, the
validity and reliability tests require that the sample data has a normal multivariate distribution
(Yoo et al., 2019). It is considered normal if the Mahalanobis distance and the chi-square quintile
distribute evenly around a straight line (Ghorbani, 2019). The following chart is the data plots as
shown in Figure 3 below.

25
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Figure 3. Scatterplot of Mahalanobis distance and Chi-square quantile
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As referred to in the Figure 3 above, the data are spread around a straight line. This indicates
that the assumption of multivariate normality has been met. The conclusion of the statistical test
is considered weaker than the usual formal test. The formal test will be presented using the
Kolmogorov-Smirnov test. The test results are presented in Table 5 below.

Table 5. K-S test for Normal Multivariate distribution test

Variable D p-value
AES and HR score 0.098 0.82

The hypothesis tested on the K-S test to check the normality of the data is:
Ho: Distributed normal multivariate data
H;i : Undistributed normal multivariate data

Significance level:

a=5%

Statistic test:
D =0.098
p-value =0.82

Critical value:
Ho is accepted if p-value < a

Decision:
Accept Hy because p-value (0.82) > a (0.05) so it is concluded that the data is normally
distributed multivariate.

The reason for proving the human rater method as the antithesis of the AES system is based
on the results of validity and reliability tests. According to the Karl Pearson correlation value, the
validity value of the AES system:

Table 6. Validity test result of AES system

Variable Question Corr (r;)) p-value
P1 0.90 0.00
P2 0.91 0.00
K3 P3 0.91 0.00
P4 0.93 0.00
P5 0.93 0.00
P6 0.88 0.00
Software and Hardware P7 0.91 0.00
P8 0.86 0.00
P9 0.91 0.00
. . . P10 0.93 0.00
Create, manipulate, and combine 2D & digital images P11 0.89 0.00
P12 0.89 0.00

Source: processed data

As the Table 6 indicates, each question's correlation score is between 0.86 - 0.93. This score is
included in the very strong correlation category. The validity of each answer score that is assessed
using the AES system will be tested using the following hypotheses:

Ho :invalid question instrument

H; :valid question instrument
Significant level:

a=>5%

Test statistics:

Test statistics using r;and p-value obtained from Table 6
Critical value:

Ho is rejected if p-value < a
Decision:
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Based on Table 6, for each question indicator, the decision is rejecting Ho and accepting Hi
because the p-value < g, so all question instruments assessed by the AES system are valid.

By using the same correlation measurement method as the AES system, the validity test

results for competency test answer scores assessed using the human rater method are given in
Table 7.

Table 7. Validity test result using Human Rater method
Variable Question Corr p-value
P1 0.89  0.00
P2 0.89  0.00
P3 0.91 0.00
P4 0.88  0.00
P5 0.85  0.00
P6 0.85  0.00
pP7 0.84  0.00
P8 0.84  0.00
P9 0.92  0.00
P10 0.91 0.00
P11 0.89  0.00
P12 0.86  0.00

K3

Software and Hardware

Create, manipulate, and combine 2D & digital images

Based on Table 7, the correlation score for each question indicator is in the range of 0.84 -
0.91. This value is included in the very strong correlation category. The procedure for examining
the hypothesis to measure the validity of the competency test score assessed using the human
rater method is:

Ho :invalid question instrument

H; :valid question instrument
Significance level:

a=>5%

Test statistics:
Test statistics using r; and p-value obtained from Table 4
Critical value:

Ho is rejected if p-value < a
Decision:

For each question indicator, the conclusions obtained are rejecting Ho and accepting Hi

because the p-value < a, so all question instruments assessed by the human rater method are

valid.

The hypothesis test concludes that the answer score of each question indicator assessed using
the AES system and the human rater method is valid and has a very strong correlation value.
Comparison of the average correlation value as a parameter of model validity is shown in Table
8.

Table 8. Comparison average of correlation value for AES and Human Rater method

Method Average of correlation value
AES 0.90
Human Rater 0.88

Source: processed data

As we can see in Table 8, the average correlation value between the AES system and the
Human Rater method has a 0.02 value difference. Statistically, considering the sample size and
normality of the data, this difference is not significant (can be considered the same). This
condition proves that the human rater is the right antithesis for the AES system.
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Besides, the AES system and human rater method must also have good assessment
consistency when used repeatedly. The reliability test to test the reliability of the two methods
gives results as shown in Table 9.

Table 9. The result of the reliability test for AES and Human Rater
Method Cronbach Alpha  Critical Value

AES 0.97 0.70
Human 0.70
Rater 0.98

Source: processed data

Based on the Table 9 above, the reliability coefficient for the AES system and the human rater
method is greater than the critical value (0.7) so it can be concluded that the two methods can be
declared reliable (Surucu & Maslakci, 2020). This means that AES and human rater results are
consistent when used to assess exam answers at different times.

Besides, prediction accuracy is an important indicator that must be met by an automated
scoring system. The system is said to be accurate if the resulting score has an error close to 0. In
this study, the human rater score acts as the actual value, and the AES system score acts as the
predictive value. By using the MAPE method, the predicted accuracy value is included in the
very accurate category (MAPE = 3.5%) (Nabillah & Ranggadara, 2020).

CONCLUSION

The shift in competency test assessment from the human rater to the AES system provides its
own characteristics in the validity and reliability calculations which refer to the consideration of
converting essay answer scores at Akademi Komunitas Negeri (AKN) Pacitan and Blitar. The
consistency of the results of the human rater assessment score was able to show that the difference
in results was not significant with the AES system. By using the assessment rubric, reviewing
feedback on questions and answers as a basis of competence in general. This is caused by the
correlation of knowledge with computer automation is biased to be used as a general competency
assessment, yet can be used as a reference for mastery of cognitive knowledge. In spite of that,
the AES system is more capable of giving a faster response (effective and efficient) compared to
human raters. This category is not enough to prove that the results of the human rater's
assessment are not representative in the field of cognitive knowledge alone, but psychology plays
an important role in management decision-making in assessing competency tests for essay
answers. To conclude this, the antithesis of the human rater was found when the role of
psychology was combined with statistical test methods, namely psychometrics responding to
shifts in the assessment of competence test for essay answers by using the AES system
automation. Due to the relatively insignificant differences between the evaluations made by
Human Raters and AES (Automated Essay Scoring), it is possible to conduct a rigorous analysis
to provide empirical evidence for supporting or refuting existing theories. To ensure more precise
outcomes, it is recommended to include supplementary trial data, competency assessment
materials covering both skills and attitudes, as well as a wider range of educational levels beyond
the scope of Diploma 1 and Diploma 2. This is highly intriguing, as the current outcomes in the
form of psychometric leads can be stored as futuristic data. Therefore, for future research, the
development of data psychology will be pursued, analyzing it through a mathematical approach
that focuses on confusion matrix analysis.
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