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1. INTRODUCTION

Since the earliest use of computer systems to grade high-school students’ essays in the
1960s (Page, 1966), language assessment agencies, with help from a variety of experts in
linguistics, education, and computer programming, have developed systems that can score
writings. Scoring systems used in language assessment use computer technologies to
evaluate and score constructed-response tasks such as essay writings in which examinees
express their ideas or responses (Ramineni & Williamson, 2013; Shermis & Burstein, 2003;
Williamson, Xi, & Breyer, 2012; Yang, Buckendahl, Juszkiewicz, & Bhola, 2002). This
process is called automated essay scoring (AES) or computer-automated scoring (CAS).
From the beginning phase of the development of AES systems, developers have
implemented two stages — a calibration or training stage, and a validation or scoring stage.
In the training stage, developers used training sets of essays scored by human raters to build
their own scoring models (Attali & Burstein, 2006; Breyer et al., 2014; Burstein, Kukich,
Wolff, Lu, & Chodorow, 1998; Shermis, Koch, Page, Keith, & Harrington, 2002). After the
training stage, they have measured agreement and discrepancy between machine scores and
1) scores assigned by humans of the same construct, 2) other machine scores of the similar
constructs, and 3) other scores produced by humans or other machine of the similar construct.

Initial studies on automated essay scoring (Burstein et al., 1998; Foltz, Laham, &
Landauer, 1999; Landauer, Laham, Rehder, & Schreiner, 1997; Page & Petersen, 1995)
focused on comparing correlations between human and machine scores with correlations
between two human raters’ scores, because agreement between human and machine scores
has been a means to detect the quality of automated essay scoring (Williamson et al., 2012).
Specifically, some initial studies on AES systems have focused on either reliability or
validity issues. Foltz et al. (1999) performed research to evaluate the reliability of AES, by
scoring essays from GMAT (Graduate Management Administration Test) analytical writing
assessments, and reported high correlations between scores produced by humans and
machines. Meanwhile, validity of AES has been evidence of comparing of scores produced
by AES systems with those of humans from the initial implementation. Attali and Burstein
(2006) compared scores assigned by AES, individual humans, and average scores from two
human raters. They investigated multiple essay scores by received the same examinees in K-
12 writing assessments to show validating AES. As research progressed, researchers moved
their concentration to comparing machine scores with other criteria that measure similar
constructs, which could be seen as efforts to infer validity. Validation of AES might include
several different aspects such as assessment attributes, language features, algorithms, and so
on (Ifenthaler, 2022).

Therefore, a focus of the study is to evaluate inter-rater agreement and discrepancy,

especially reliability of writing assessments in which two or more raters have participated.
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With regard to reliability coefficients, inter-rater agreement includes measures of absolute
accuracy such as consensus or agreement in scores, and measures of directional similarity in
two sets of scores produced two raters (Brown, Glasswell, & Harland, 2004; Cohen, Ben-
Simon, & Hovav, 2003; LeBreton & Senter, 2008; Ramineni, 2013; Weigle, 2011). Research
has shown various results regarding agreements including similarity and discrepancies
between human and machine scores. With respect to agreements, researchers have used
percentages, correlations, and kappa to report the agreement between human and machine
scores (Attali, 2007; Breyer et al., 2014; Deane, Williams, Weng, & Trapani, 2013). On the
other hand, the standardized mean difference has been used to display discrepancies between
human and machine scores (Jin & Park, 2012; Ramineni, 2013).

Scoring systems using computers may not totally replace human raters, but at least have
played a role of a second rater — checking writing quality, or helping to reduce time and
grading resources. Individual studies have reported a diverse set of results to show evidence
that automatic scoring systems are reliable and valid. They have provided agreement
coefficients including correlation, as well as standardized mean differences as indices of
discrepancies in order to support effectiveness of machine scoring (Streeter, Psotka, Laham,
& MacCuish, 2002). However, a variety of results regarding the relationships among indices
cause obscure relationships to understand. Meta-analyses enable the results including wide
ranges and unclear relationships across studies to be comparable and then them to be
summarized. In addition, meta-analyses might make it possible to focus to the magnitude of
effects across studies. This raises the question of what relationships exist between measures
of agreement and discrepancy.

The main purpose of the study is to investigate the magnitudes of indices for inter-rater
agreement and discrepancy specifically in regard to human and machine scoring in writing
assessment. The task of the study is to figure out the following three research questions using
existing studies.

1) To what extent is agreement and discrepancy between human and machine scoring
in writing assessments?

2) Are the degrees of agreement and the discrepancies consistent across studies?

3) Do numbers of point on the scales influence the rates of agreement and
discrepancy?

2. REVIEW OF LITERATURE

This chapter begins with the features of automated scoring systems, and includes features
of inter-rater agreement and discrepancy indices. Finally, it briefly describes meta-analysis
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models used to integrate the results from studies of inter-rater agreement and discrepancy
and to estimate the magnitudes of effect sizes from empirical studies.

2.1. Automated Scoring Systems

Ramineni and Williamson (2013), as well as Shermis (2014) stated that four major AES
systems have been widely used and commercialized: e-rater (by Educational Testing
Services), Intelligent Essay Assessor (IEA, by Pearson Knowledge Technologies),
IntelliMetric (by Vantage Learning), and Project Essay Grade (PEG, by Measurement
Incorporated). Current AES systems are trying to detect and examine essay features related
to essay content (e.g., vocabulary, sentence structure, organization, and style), rather than
scoring correctness of the essay including grammatical errors, spelling, punctuation, and so
on (Valenti, Neri, & Cucchiarelli, 2003). However, each AES system focuses on either
surface features related to English usage, lists of words, essay lengths, and so on, or deep
features involving content, structure, and organization, etc. (Dikli, 2006; Hearst, 2000; Yang
etal., 2002). For instance, IEA evaluates mainly meaning and content using Latent Semantic
Analysis (LSA), whereas e-rater and IntelliMetric analyze semantic, syntactic, and discourse
levels of essays employing Natural-Language Processing (NLP) techniques (Koul, Clariana,
& Salehi, 2005; Warschauer & Ware, 2006). In other words, each scoring system uses
different methods that are based on LSA, NLP, or statistical methods. Specifically, IEA
scores essays using LSA that uses matrix-algebra techniques, whereas e-rater and
IntelliMetric have employed an NLP technique that is an Artificial Intelligence (AI)
application to extract measurable features (i.e., frequencies of words, weights of words, etc.)
corresponding to attentive constructs such as syntactic and discourse structures, lexical
complexity and so on.

Developers have devised and updated the systems’ general models, and variant models
such as prompt-specific models and weighting-feature models (Attali, Bridgeman, &
Trapani, 2010; Ben-Simon & Bennett, 2007; Ramineni, 2013). Simply the basic concept of
building models involves extracting measurable writing features or semantic similarities
from numerous essays pre-scored by humans. At the same time, as Attali and Burstein (2006)
stated, machine scores are produced by using an appropriate scaling such as setting the same
mean and standard deviation for machine scores as those of scores assigned by human raters
from large samples of essays. Due to the process of building models in which AES systems
have been trained by numerous pre-scored sample essays through scaling and predicting
process, AES systems might emulate human scoring. Like human raters, automated scoring
models might learn and show these kinds of rater variability, because the models are based

on human scoring patterns.
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2.2. Inter-Rater Agreement and discrepancy

Test-score reliability refers to the ratio of the true-score variance to the observed-score
variance in classical test theory (CTT), but it is possible to estimate reliability in various
ways. In addition to three popular ways (i.e., test-retest reliability, alternative-form reliability,
and internal consistency reliability), inter-rater reliability is commonly used to estimate the
reliability of essay scoring (Burry-Stock, Shaw, Laurie, & Chissom, 1996). For estimating
reliability in automatic essay assessments, some researchers have investigated internal
consistency reliability, providing alpha coefficients and Spearman-Brown estimates of each
set of scores — human and machine (Chodorow & Burstein, 2004; Sireci & Rizavi, 2000).
Others have evaluated inter-rater reliability of human and machine scores (Burstein et al.,
1998; Shermis, 2014). Most investigators of studies on automatic scoring systems have
reported percentages of agreement, kappa, correlation, and standardized mean differences
(using means and standard deviations) to show both agreement and discrepancy as
evaluation criteria for the association of machine scores with scores assigned by human
raters (Breyer et al., 2014; Deane et al., 2013; Shermis, 2014).

2.2.1. Correlation

As mentioned earlier, initial studies on AES systems investigated human-machine score
correlations and human-human score correlations, so correlation coefficients have been a
common outcome measure for the research on AES. When reporting correlations, most
researchers used Pearson’s correlation, but a few investigators reported Spearman’s
correlation (Landauer et al., 1997; Li, Link, Ma, Yang, & Hegelheimer, 2014; Sireci &
Rizavi, 2000; Wang & Brown, 2007). The main reason for using Spearman’s rho correlation
in AES research might be due to the fact that rating rubrics have rank-order features.
Therefore, one uses Pearson’s correlation (») to analyze the degree of linear association
between two variables of interval or ratio data, while one uses Spearman’s rho correlation
(rg) to examine the magnitude of association between two variables of ordinal data.
Regardless of levels of measurement (e.g., ordinal and interval), data with large samples
produce similar results in terms of Pearson and Spearman correlations (Bishara & Hittner,
2012). Pearson’s sample correlation coefficient between human and machine scores can be
calculated as the covariance of human and machine scores is divided by the product of the
standard deviations of human and machine scores.

2.2.2. Standardized mean difference
Studies reporting d as an effect size have addressed the extent to which machine scores
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differ from human scores on average. Researchers have argued for a standardized mean
difference of 0.15 or less as a cut-point value or threshold, because researchers consider d
effect sizes of 0.15 or smaller to be trivial (Ben-Simon & Bennett, 2007; Breyer et al., 2014;
Ramineni, 2013; Rudner, Garcia, & Welch, 2006). In addition, Williamson et al. (2012)
suggested the standardized mean difference between two human raters of 0.15 or less as a
standard. Therefore, a larger d effect size in AES research indicates that human scoring
differs from machine scoring on average. Smaller ds or ds close to zero suggest no
differences between two scorings on the average.

Most researchers have presented descriptive statistics on human and machine scoring
using means and standard deviations as an initial analysis. Based on the statistics, one can
calculate standardized mean differences to evaluate the degree of discrepancies and tendency
for the scores generated by machine scoring to be higher (or lower) than the scores assigned
by human raters. In addition to the size of the d effect-size index, the direction of the effect
size helps to identify whether one scoring system is stricter than another is. Suppose one
computes d by subtracting the machine-score mean from the human-score mean. If the
direction is positive, human scoring is more lenient than machine scoring. Meanwhile, a
negative sign indicates that machines give higher scores to essays than human raters do.

2.3. Meta-Analysis Models

Effect size refers to magnitude of some effect; effect sizes may measure mean differences,
relationships between variables, and proportion differences (Borenstein, Hedges, Higgins,
& Rothstein, 2009). Meta-analyses examine whether studies within a collection share a
common true effect size or display an average effect size from a distribution of effect sizes
(Borenstein, Hedges, Higgins, & Rothstein, 2010). Generally, meta-analyses use techniques
that assign different types of weights such as fixed-effect weights or random-effect weights
to the selected studies, which enables estimating the weighted mean. Based on the evaluation
criteria of Williamson et al. for automated scoring systems (2012), the effect-size indices
indicating the relationship between human and machine scores (i.e., agreement or
discrepancy) can be classified into two indices (i.e., correlation and standardized mean
differences) estimating inter-rater agreement.

In order to analyze the effect sizes, one uses two types of models, fixed-effect models and
random-effect models. They are distinguished depending on what weights are allotted.
Under the fixed-effect models, one estimates the common true effect size assuming only
sampling error within studies exists. Meanwhile, under random-effect models, one can
estimate the average effect size assuming each study has its own true effect size, and
sampling errors within studies as well as between studies variation exist. To be specific,

simple sampling error, reflected in the within-study variances (i.e., 6?) depends on the
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primary sample sizes of the study, while another kind of sampling error, between-studies
variances (i.e., T?or 05 ), arises from variations across studies (Schmidt, Oh, & Hayes,
2009). Therefore, sample sizes are less likely to affect the estimates in random-effect models.

Before selecting fixed- or random-effect models, researchers may examine whether all
effect sizes within a meta-analysis come from a common population through the
heterogeneity test (Schmidt et al., 2009). The null hypothesis for the QO test of heterogeneity
is that the between-studies variance equals to zero, which is denoted as

Ho: 0; =6, =....0;,

where 0;is the population effect size in the study i for i = 1 to k studies. For this study, 0
represents Z(p) and 8, which indicate the true effect size of correlation, and standardized
mean difference, respectively. The Q statistic is sensitive to the number of studies, so
Higgins, Thompson, Deeks, and Altman (2003) suggested an index indicating the amount
of heterogeneity (i.e., I?). Moreover, Higgins et al. (2003) pointed out that /2 is comparable
across meta-analysis studies that use different study sizes and different outcomes.

3. METHODOLOGY

The procedure of meta-analyses consists of data gathering with search procedures and
criteria for inclusion and exclusion, data cleansing, and data analysis.

3.1. Data Gathering

To search for studies on the inter-rater agreement of human and machine scoring in
writing assessments, terms including ‘automated scoring’, ‘automatic scorer’, ‘automatic
scoring’, ‘computer rater’, ‘human rater’, ‘human scoring’, and ‘language assessment’ were
used. Lists showing titles from digital libraries and online databases such as JSTOR, ERIC,
PsycINFO, ProQuest, and Google Scholar were scanned. Moreover, relevant journals
including Applied Measurement in Education, Journal of Educational Measurement,
Journal of Information Technology Education, Language Testing, and Assessing Writing,
and the archives of Educational Testing Services and Vantage Learning reports were scanned.
After titles, abstracts, and references of each study were reviewed, 257 papers in the initial
check were obtained.

Several inclusion and exclusion criteria were used to select studies that report appropriate
outcomes for inter-rater agreement between automated and human scoring. Figure 1 shows
the search procedures. First, studies must have tested language as the subject field, and those
from other areas (e.g., math, science, medical, etc.) were excluded; eighty studies out of 257

initial findings did not meet the criterion thus were excluded. Second, three studies that
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assessed French or Spanish languages were excluded. Third, sixty-seven more studies were
excluded because the studies assessed writing skills rather than listening, speaking, and
reading skills. Next, sixty-five out of 107 writing-assessment studies that were commentaries
and instructional-practice articles or qualitative studies were excluded, because they did not
appropriate to conduct the meta-analysis. Specifically, studies offering information on
correlations and standardized mean differences were selected. Therefore, twenty-one studies
that did not have sufficient outcome measures were excluded. Furthermore, six studies using
continuous score scales rather than categorical scales were excluded. In sum, fifteen study
sources with seventy-one samples of outcomes had information on both correlations and
standardized mean differences (i.e., two sets of seventy-one effects).

FIGURE 1

Search Procedure

ERIC, JSTOR, PsycInfo, UMI,
Reports (257)

1st: Excluding other irrelevant content
(80)

Language Assessment (177)

2nd: Excluding tests in languages other
than English (3)

3rd: Excluding listening, speaking, and
reading tests (67)

Writing Assessment (107)

4th: Excluding qualitative studies or
those with no data (65)

Sth: Excluding studies with irrelevant
measures (21)

6th: Excluding studies with continuous
scales (6)

15 sources
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3.2. Data Cleansing

In order to do data cleaning and proper coding for the meta-analysis, two coders
individually coded the studies for two aspects: test and effect-size characteristics. Regarding
test features, the coders coded application context, AES system used, and name of test used
in the primary research. For the effect-size characteristics, two coders coded the number of
points on the scales, sample sizes, the number of studies, and the types of effect sizes.
Percentages of agreement among coders to determine inclusion or exclusion judgments for
fifteen papers were calculated. Coders agreed on from 79.8% to 100% of judgments, and
then discussed all disagreements until they were fully resolved. A dataset with two indices
(i.e., correlations and d-effect sizes) were made. These effect sizes and their variances were

calculated or transformed; the correlations were transformed to Fisher-z statistics.
3.3. Data Analysis

For the overall meta-analysis models, appropriate analyses were conducted using rma,
robust, and robu functions in the metafor (Viechtbauer, 2010) and robumeta packages
(Fisher & Tipton, 2015) in R software Version 3.3.2 (R Core Team, 2016). Before selecting
the most appropriate models (i.e., fixed- or random-effect models), tests of heterogeneity
were conducted. Moreover, the existing studies for this meta-analysis include multiple
outcomes, which seems to be dependent. Assuming no correlation or perfect correlation
between effect sizes within a study can lead to either under- or over-estimates of the variance
of the effect sizes (Scammacca, Roberts, & Stuebing, 2014). Therefore, in order to adjust the
standard errors of all measures, robust variance estimation (RVE) techniques were used.
Besides, for further investigations of whether between-studies differences in each effect size
is associated with differences in numbers of point on the scales, moderator analyses using
numbers of point on the scales were conducted.

4. RESULTS

Magnitudes of overall effects were evaluated for the two indices (i.e., correlation and
standardized mean difference) in the dataset. In addition, the group mean effect sizes for
scales with different numbers of scale points were compared.

4.1. Description of Research Sources

Table 1 summarizes fifteen research sources selected to build the dataset. It contains

© 2023 The Korea Association of Teachers of English (KATE)



114 Jiyeo Yun

information about application contexts, the types of AESs and the tests that were scored,
numbers of scale points, sample sizes, the number of effect sizes per source, types of effect
sizes reported, and year published.

TABLE 1
Description of the Fifteen Studies
#of b
ID Author Year Con- AES? Test Scale Sa.m ple #O.f ES
text Name . sizes studies  Types
points
1 Attali 2007 H e- TOEFL 5 5,006 4 r,d
2 Attali et 2010 H e- TOEFL, 5,6 26 to 139 3 rd
al. GRE
3 Breyer et 2014 H e- GRE 6 748,773 2 r, d,
al. 2
4 Bridgema 2012 H e- TOEFL, 5,6 2,925 to 14 r,d
netal. GRE 103,465
5 Burstein & 1999 H e- TOEFL 6 562, 576 2 7, d,
Chodorow p
6 Deane et 2013 H e- CBAL® 5 448 to 5 r, d,
al. 1,539 K p
7 Dogan 2014 L e- Essay 6 49 1 r,d
8 Jin & Park 2012 L In- Essay 4,5 218 4 r, d,
p
9 Koul et al. 2005 L In- Essay 5 66 1 r,d
10  Powers et 2002 H e- GRE 6 63 1 7, d,
al. Kp
11  Ramineni 2013 L e- Essay 6 411 to 4 rd
450
12 Rudner et 2006 H In- GMAT 6 500 6 r, d,
al. p
13 Shermis 2014 L e-, In-, Essay 3,4,6 568 to 20 r, d,
I,P 601 Kp
14 Sireci & 2000 H e- WritePla 4 464, 467 2 r, d,
Rizavi cer Plus K p
15  Weigle 2011 H e- TOEFL 6 376 2 r, d,
p

Note. Context: H = High-stakes test, and L = Low-stakes test

AAES = Automated Essay Scoring system. The e-, In-, I, and P dente e-rater, IntelliMetric, IEA, and
PEG, respectively.

ES = Effect Size. The 7, d, K, and p are abbreviations of correlations, standardized mean differences,
kappa, and percentage agreements, respectively.

“The Cognitively Based Assessment of, for, and as Learning (CBAL) English Language Arts
assessment.

To be specific, these sources were reports, articles published in journals, or papers

presented at conferences between 1999 and 2014. AES systems have usually applied in one
of two contexts; high-stakes and low-stakes test contexts. Some researchers examined essays
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from GMAT analytical writing assessment, GRE analytical writing assessment, TOEFL
writing, the WritePlacer Plus test, and the Cognitively Based Assessment of, for, and as
Learning (CBAL) English Language Arts assessment, which were considered to be high-
stakes tests. The results of such high-stakes tests often play a role in important decisions such
as whether to admit candidates to academic programs.

On the other hand, some investigators examined essay prompts used to give feedback to
students in the classroom, or used as a means of measuring students’ achievement and
identifying their learning processes. These were deemed to be low-stakes tests. Furthermore,
in all sources the scores assigned by human raters and one or more types of AES system (i.e.,
e-rater, IntelliMetric, IEA, and PEG) were used to investigate automated-scoring-system
effectiveness. The categorical score scales had used three-, four-, five-, and six-point scales.
Among fifteen research reports, three sources reported only one study and the others reported
more than one study. Moreover, fifteen sources reported both » and d ES indices.

Among the seventy-one effect sizes in the dataset, two sources reported both Pearson and
Spearman correlations, but the other sixty-nine sources reported only Pearson correlations.
Moreover, thirty-four sources reported d effect sizes directly. The others reported means and
standard deviations for human and machine scores, which allowed researchers to compute d
effect sizes. Except for four sources, the other sources used sample sizes of over one hundred.
Furthermore, the sample sizes in the dataset ranged from 26 to 103,465. Correlations ranged
from .42 to .95 with an unweighted mean of .766, and standardized mean differences had an
unweighted mean of 0.021 and ranged from -0.19 to 0.28.

4.2. Heterogeneity Tests

First of all, heterogeneity tests were conducted. Table 2 displays the results of
heterogeneity tests for each effect. The Q values and P statistic for the Fisher-z
transformation were highly significant (Q (70) = 9590, I* = 99.5%, p < .001), whereas the QO
value for d effect sizes was not significant (Q (70) = 1.9, > = 0%, p = 1.0). A significant O
test of heterogeneity suggests that the effect sizes within a meta-analysis are not from one
population, which means that a random-effect model is appropriate.

TABLE 2
Heterogeneity Tests of Correlation and d
.. Sample  # of effect Indices of heterogeneity
Effect-size index size (n) sizes 0 2 @) 12 (%)
Fisher-z of correlation 473278 71 9590%*** 0.035 (0.187) 99.5
d 473278 71 1.9 0 0

Note. ***p < .001
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To be specific, both the /7 and Q values suggested that the variance of the population p
values did not equal zero, which meant that the population studied seemed to be
heterogeneous. On the other hand, the variance of the population 8s equaled zero, which
indicated homogeneous d effect sizes. Consequently, it was appropriate to conduct random-
effects analyses for 7, in contrast to the fixed-effect model that was applicable to the d effect
sizes.

4 .3. Overall Means of the Correlation and d

The first research question is to investigate the extent of agreement and discrepancy
between human and machine scoring in writing assessments. The mean of the hierarchical-
effects model for the overall » between automated and human scoring in essay writing
was .78 with a 95% confidence interval ranging from .74 to .81, seen in Table 3. On the other
hand, according to the results of the fixed-effect model for the d effect sizes, the overall
common effect was 0.001 with a 95% confidence interval between -0.0152 and 0.0173.
Therefore, the results show .78 of agreement rates and 0.001 of discrepancy rates as answers
of the first research question. According to Cohen’s conventions (Cohen, 1992), the
correlations were all quite large, which means that machine scoring is strongly related with
human scoring.

TABLE 3
Effect Sizes Indices from Hierarchical Weighted Model
Effect-size index Estimate? Robust SE £2 »* 95% CIP k
i 0.95,1.13
- k% )
Fisher-z () 1.04** (\78) 0.037 0.014 0.02 (74, 81 15(71)
-0.0152
d )
d 0.001 0.0083 0 2.103 0.0173 15 (71)

Note. *Back transformed estimates are in parentheses.

Back transformed 95% CI is in parentheses.

°k indicates numbers of studies, and numbers of effect are sizes in parentheses.

dThe estimate of the mean d effect size, its standard error, and its confidence interval came from the
Fixed-effects model.

**p <.01

4.4, Consistency Across Studies

The second research question is to examine whether the degree of agreement and
discrepancy is consistent across studies. Both the larger O statistics (Q (70) = 9590) and the
larger I? (99.5%) indicate more heterogeneity seen in Table 2. Additionally, the tau-squared
estimate for the Fisher-z transformation values is 0.035, which means that the » correlations
had some between-studies variations. On the other hand, given that the structure of effect
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sizes collected was hierarchical, the d effects had some variation between effects within
studies; the estimate of their within-study variation is @2 = 2.1, seen in Table 3. This
suggested that the d effects had relatively large between-effects variation within studies
compared to the between-studies variation. In other words, the results show the degree of
discrepancies is consistent across studies, but the degree of agreement is not.

4.5. Influence of the Numbers of Point on the Scale

The third research question is about the numbers of point on the scales. Table 4 displays
the results of moderator analyses using the numbers of points on the scales (i.e., 3-, 4-, 5-,
and 6-point scales) for correlations and standardized mean differences. However, no
significant differences were found by number of scale points for correlations and
standardized mean differences seen in Table 4. Therefore, numbers of point on the scales do
not influence the rates of agreement and discrepancy specifically correlations and d effects.

TABLE 4
Moderator Analyses for Correlation and d
Index Qpetween (df=3)  Scale points (k) ES? SE
Correlation 1.381 3-point (8) JISTERE .069
4-point (12) TT4%*F .056
S-point (23) TT2E*R .041
6-point (28) 790*** .037
D 0.12 3-point (8) .0058 .167
4-point (12) -.0008 .023
S-point (23) .0002 .010
6-point (28) .0098 .366

Note. k is the number of effect sizes.
SE = standard error

4ES denotes effect-size estimate.
***p <.001

5. DISSCUSSION AND CONCLUSION

Automated essay scoring systems have a large advantage in reducing time and cost,
especially when the number of examinees is excessive scale, to score construct response
items. The purpose of the study was to investigate the magnitudes of inter-rater agreement
and discrepancy between human and automated essay scoring in writing assessments. This
chapter begins with a summary of the results for the study in terms of answering the research
questions including practical implications for ways of reporting results of automatic-scoring
systems research. Additionally, further works and limitations of the study are also discussed.
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First of all, the first research question in the study was to evaluate the extent of agreement
and discrepancy between human and machine scoring. Based on the results from existing
studies, the overall mean effects were .78 for correlations, and 0.001 for d effect sizes.
Compared to the evaluation criteria suggested by Williamson et al. (2012), Ramineni and
Williamson (2013), Deane (2013), as well as Rotou and Rupp (2020), the degrees of inter-
rater agreement seen in this study are above current thresholds for correlations. To be specific,
the mean correlation of .78 is larger than the suggested correlation of .70 for minimum
adequate agreement. Moreover, the standardized mean difference of 0.001 from the study
are much smaller than the 0.10 or 0.15 cutoff suggested for standardized mean differences
between human and machine scores. The results of agreement and discrepancy between
human and machine scoring show levels of agreement and discrepancy that met the criteria.
Furthermore, since Yun (2017) suggested correlations of .75 as the standard cutoff, this study
proposes that the correlation coefficient should be above .75 to confirm inter-rater reliability
in the AES research area.

Some researchers have written systematic literature reviews on AES systems introducing
features of each AES such as techniques used in AES, models built, and so on. They have
also described the strengths and weaknesses of each AES, as well as the methods and results
of empirical studies they collected (Blood, 2011; Hussein, Hassan, & Nassef, 2019;
Ifenthaler, 2022; Klebanov & Madnani, 2020; Ramesh & Sanampudi, 2022). However, a
major strength of this study is that it provides acceptable minimum correlations and d effect
sizes between human and automated scoring, resulting in a unique meta-analysis.

The second research question in the study was to investigate whether the degree of
agreement and discrepancy is consistent across studies. Based on the results, the d effects’

~2

within-study variation (i.e., @“ = 2.1) indicates that the d effects had relatively large within-
study differences (i.e., study-specific variations) compared to the between-studies
differences. On the other hand, the tau-squared estimate for the Fisher-z transformation value
is 0.035, suggesting the r correlations had some between-studies variations. In short, the
degree of discrepancy is consistent across studies while the degree of agreement is not.
Researchers need to further investigate sources of the between-studies differences for »
correlations.

Moderator analyses using point values on the scales (i.e., 3-, 4-, 5-, and 6-point scales)
were conducted to explain the between-studies variances for each index to answer the third
research question. However, correlation and standardized mean differences did not have any
significant differences across points on the scales. According to a study by Jeong and Lee
(2016), correlations among the results using different points were extremely high, which
indicates negligible differences among the results employing different scales. Rotou and
Rupp (2020) also show the correlations do not depend on the scales. The results of moderator
analyses of the present study are consistent with Jeong and Lee (2016), and Rotou and Rupp
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However, since the priority of the present study is to investigate the magnitudes of
agreement and discrepancies between human and automated scoring in writing assessments
as inter-rater reliability, this study did not strongly consider linguistic features, including
different dimensions of writing quality, as well as issues generated in writing assessments
such as validity, rater variability, group fairness, etc. Therefore, this paper suggests further
works related to these limitations. First, Ifenthaler (2022) stated that correlations between
human and automated scoring is sufficiently high, but agreement rates including exact and
adjacent agreement do not come close to proper rates. Thus, other agreement indices in
examining inter-rater reliability might show different levels of agreement. Further research
regarding AES systems should use additional measures of agreement; such as percentages
of exact and adjacent agreement, and kappa statistics including quadratic-weighted kappa
(QWK) in order to investigate inter-rater reliability (Ke & Ng, 2019; Rotou & Rupp, 2020).

Second, as Ifenthaler (2022) pointed out, studies reporting correlations between human
and automated essay scoring in AES systems have mainly applied high-stakes test contexts
instead of in low-stakes test contexts. Moreover, Uzun (2018) also reported a lower
correlation (rs = .246) between human and automated essay scoring in classroom
assessments due to small sample sizes. Further investigations with moderator analyses, such
as assessment contexts, might trace sources of between-studies variations for correlations.

Lastly, since primary studies in this work were published from 1999 to 2014, it seems
somewhat outdated given rapid technological change. As Ramesh and Sanampudi (2022)
pointed out, as AES systems began employing new technologies and approaches, such as
natural language processing, future works should include studies on recent AES systems,
and focus on different writing features that were not included and analyzed in this study.

Applicable levels: Secondary, tertiary
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