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Abstract

We investigated the relationship between the scores assigned by an Automated Essay Scoring
(AES) system, the Intelligent Essay Assessor (IEA), and grades allocated by trained, professional
human raters to English essay writing by instigating two procedures novel to written-language
assessment: the logistic transformation of AES raw scores into hierarchically ordered grades, and
the co-calibration of all essay scoring data in a single Rasch measurement framework. A total
of 3453 essays were written by 589 US students (in Grades 4, 6, 8, 10, and 12), in response to
18 National Assessment of Educational Progress (NAEP) writing prompts at three grade levels
(4, 8, & 12). We randomly assigned one of two versions of the assessment, A or B, to each
student. Each version comprised a narrative (N), an informative (I), and a persuasive (P) prompt.
Nineteen experienced assessors graded the essays holistically using NAEP scoring guidelines,
using a rotating plan in which each essay was rated by four raters. Each essay was additionally
scored using the |[EA. We estimated the effects of rater, prompt, student, and rubric by using
a Many-Facet Rasch Measurement (MFRM) model. Last, within a single Rasch measurement
scale, we co-calibrated the students’ grades from human raters and their grades from the IEA to
compare them. The AES machine maintained equivalence with human scored ratings and were
more consistent than those from human raters.
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Introduction

In both classroom and high-stakes testing, essay writing is considered to be a form of
performance assessment (Bachman, 1990). If reliable and accurate assessments can be
obtained that are consistent in scoring student performances, teachers’ and other stake-
holders’ confidence in those results will be enhanced and those assessment data can be
aggregated or combined effectively across classrooms, grade levels, departments,
schools, or districts (Gottlieb, 2006).

Judging a student’s writing can be a complicated task (Hamp-Lyons, 2019; Linacre,
1989). How is any essay given the mark that it is worth? How do all essays of an equiva-
lent worth get the same mark? These are the questions still routinely being asked, despite
the already substantial discussion around fairness and consistency of essay scoring in
educational assessment (Banerjee, 2017; Chowdhury, 2020; Wheadon et al., 2020).

In reality, marking discrepancies are almost inevitable. In the assessment of writing,
differences between scores assigned by different essay raters are still a serious concern,
even with experienced and proficient raters considering all criteria equally to justify their
ratings (Lim, 2011). Studies of rater scoring indicate that experienced raters not only
implement strategies based on the assessment criteria for an essay, but also on their own
behaviors during actual rating sessions (Cumming, 1990). Even when raters judge the
same essay against the same scoring rubrics, they do not usually have perfect agreement
on scores (Erguyan & Aksu Dunya, 2020; Trace et al., 2017). The backgrounds and
qualifications of the raters might affect their understanding of the marking rubrics (Eckes,
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2008), the different genres of the prompts (Weigle, 1999), and the suggested criteria for
a piece of good writing (Schaefer, 2008).

Fortunately, the implementation of Many-Facet Rasch Measurement (MFRM)
(McNamara, 1996, 2011) has revolutionized essay examination marking and research by
allowing examination authorities to adjust for variations in essay difficulty, and to iden-
tify and manage variations in rater characteristics, including relative severity or leniency,
lack of consistency in scoring, the influence of rater training and professional back-
ground, as well as consistency in the scoring of essay writing over time (Engelhard,
1994; Linacre, 1989; McNamara & Knoch, 2012). It does so by building a single and
complete frame of measurement reference in which all influential elements are estimated
simultaneously in order that each can be inspected individually (Linacre, 1989).

Automated Essay Scoring (AES) systems have been proposed as supplements to
human rating assessment (Rupp et al., 2019; Shermis & Burstein, 2013). In the 1960s,
the first automated writing evaluation system was developed by Ellis Page (1966). As
substitutes for human raters, AES systems utilize computer technology to evaluate and
score written prose. At the very minimum, AES systems provide consistency in scoring
essays, and are not time-consuming for scoring routine, written-language assignments
(Ifenthaler & Dikli, 2015; Rotou & Rupp, 2020).

Numerous studies across decades have investigated the effectiveness and appropriate-
ness of a multitude of AES systems for writing assessment (Xi, 2010). Moe (1980)
claimed that text analysis by computers had been feasibly and practically demonstrated.
Shermis and Burstein (2003) reported positive correlations between AES scores and
human raters, thereby claiming a high level of construct validity. Rudner and Gagne
(2021) asserted in 2001 that substantial success in using such software to score essays
had already been achieved. High reliability of three software systems, Project Essay
Grade (PEG) (Page, 2003), Intelligent Essay Assessor (IEA) (Pearson, 1998), and the
e-rater (Burstein & Kaplan, 1996), was demonstrated in that study. Consequentially, they
advised schools and state educational systems in the United States to consider using
automated scoring services in writing assessments. Barrett’s (2015) comparison of rat-
ings of Criterion and human raters on a writing assessment led to his conclusion that
computer ratings correlated well with human ratings (»=.64). Hoang (2011) correlated
the scores of Intellimetric and human raters (» =.69). In a set of 188 essays in the Graduate
Management Achievement Test (The Graduate Management Admission Council, n.d.),
or GMAT, IEA scores and scores assigned by human raters correlated well (»=.80)
(Foltz et al., 1999). It seems reasonable to conclude that computers could be useful for
furthering the versatility and efficiency of written essay assessments scoring.

Although the scores generated by AESs are routinely close to the scores of human
raters in writing assessments (Correnti et al., 2020; Rudner et al., 2006; Warschauer &
Grimes, 2008), AESs are often touted as instruments to supplement, rather than to replace
expert human raters. For instance, an AES engine is used by the GMAT Analytic Writing
Assessment in parallel with one human rater to generate two scores for each essay. Any
essay is then reviewed only if there is a disparity between the machine score and the
human rater score, in order to settle the difference and confirm the final score (GMAT).
Nevertheless, by offering a solution to help avoid possible biases in low-stakes or high-
stakes assessments, English language teachers might see AESs as a practical and
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trustworthy tool to lower the assessment workload, and to release some of the pressure
from grading student essay writing.

AES methods for English language written essay assessments have become com-
monly recognized in both low-stakes classroom assessments and large-scale high-stakes
standardized tests in the United States (Dikli, 2006; Williamson et al., 2012). Yet, little
empirical evidence beyond correlation analyses is in place to corroborate the perfor-
mance of the AES models, and only some work has been completed using Rasch meas-
urement to calibrate human rater scores against AES scoring. We aimed to examine the
relationship between one AES system, the IEA, and human scoring of English essay
writing. Rather than adopting the comparison methods previously used in this type of
research (Williamson et al., 2012), we implemented two innovative practices: First, we
transformed the IEA raw scores into nine hierarchically ordered grades, and second, we
developed a single, comparative measurement scale, using the Rasch model, to co-cali-
brate the IEA transformed grades with the students” human-rated MFRM measures. The
use of MFRM in this research is unique because we include computer-generated raw
scores in the analytical model.

AES system in this research
IEA

Pearson Education purchased the IEA, which was initially developed by the University of
Colorado, in the late 1990s (Warschauer & Ware, 2006). Based on the Pearson’s Knowledge
Analysis Technologies (KAT) engine, the internet-based AES system, IEA, scores the con-
tent of essays. The Latent Semantic Analysis (LSA) incorporated into the [EA is a statisti-
cal language learning concept that obtains information about a specific topic with 50,000
to 10 million words from sources on the internet, and estimates the semantic similarity of
words and essays by evaluating a large corpus of relevant text (Pearson, 2019a).
Landauer et al. (2003) claimed that the LSA scores student essays so as to identify the
meaning of the contained words and then compares that with essays of known quality on
relevant ideas and concepts. By comparing an essay with a set of essays previously
scored by human raters, the IEA engine then evaluates the content of any similar essay.
The IEA engine needs between 100 and 300 previously rated sample essays for training
and calibration purposes, for any particular topic or prompt. Those essays must have
been rated by two independent human raters, and then by a third human rater if the first
two did not reach consensus. The scores from these human raters are then used to train
the IEA. The IEA score assigned to each essay is based on the essay’s similarity in the
content to those from the training sets (Pearson, 2019a). Wohlpart et al. (2008) found that
the software operates most effectively with very narrowly prescribed prompts on essays
between 100 and 500 words in length. A mathematical representation of the relations
among words and passages is created by the system of statistical computations, which
can then be employed to assess a large number of similar essays based on the particular
prompt. Furthermore, Foltz et al. (2014) reported that the IEA scored essays more con-
sistently than did human raters, while having 81% of scores matching those of human
raters. The IEA can provide assessments of the words in any subject area and can
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incorporate built-in detectors to alert human raters in case there are off-topic responses,
or other circumstances requiring human raters’ intervention (Pearson, 2019b).

For academic papers in the field of education, if essays are very similar in their use of
words and the writing styles, plagiarism can also be inferred by the IEA, especially when
grading large numbers of essays in an assessment (Landauer et al., 2003). But the inter-
pretation of syntax, grammar, style, or mechanics cannot be analyzed by the LSA system;
nor can some specific genres, such as rhymes and poems.

MFRM. The Many-facet Rasch model (Linacre, 1989), an extended version of the origi-
nal dichotomous Rasch model for measurement, is routinely used to analyze the judg-
ments of human raters in writing assessments to provide fairer performance scores.
McNamara (1996) claimed that MFRM provides a well-founded technique to help ensure
the validity of the assessment by measuring various related influential facets including
the interactions among students, raters, and prompts. Furthermore, the MFRM can reveal
the extent of disagreement among raters, and can provide empirical information to assist
raters to achieve self-consistency.

The following Many-facets Rasch model is typical for a writing assessment analysis
with three facets, namely, the student’s writing ability (B), the prompt difficulty (D), the
rater’s severity (C), and the rating scale step difficulty (F)

log (P /P (H)) - B,-D,-C,-F,

nijk nij|

where P, isthe probability of student n being awarded on prompt i by rater j a rating of
k; P, 4.y18 the probability of student n being awarded on prompt / by rater j a rating of &
— 1; Bnisthe ability of student 7; D, is the difficulty of prompt i; C;is the severity of rater
J; and F,isthe difficulty of the step from category k — 1 to category k and k=1 (Bond
etal., 2020, p. 314).

MFRM can clearly quantify the differences in rater severity of essay scoring: the
consistency of raters can be estimated in an MFRM analysis, and the results can be used
to adjust students’ essay scores for the differences in prompt difficulty and rater severity
in the scoring process.

In this research, we applied a double-marking rotation plan to have four out of the 19
trained and paid raters grade each essay in the data set in order to monitor the rater sever-
ity effect. The rater pairings were systematically changed, and the repeated design was
used to generate the rating plans. This MFRM design is tailored to monitor the rater
effect in the assignment of double-marking, which is consonant with the calculation of
rater effect estimations (Bond et al., 2020).

Research question

The primary research question guiding the current study is:
What is the relationship between computer scoring and human scoring of English
essay writing?
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To answer this question, we applied the Rasch model to develop a comparative meas-
urement scale for calibrating the IEA scores against the students” MFRM grades as
judged by the human raters.

Method

Participants

The data for this study came from the dissertation of the first author (Chan, 2012); in
that dissertation, two different sets of data were used, from Hong Kong and the United
States, respectively. The research involving the data set of Hong Kong students was
reported in a book chapter (Chan & Bond, 2016). This current research is based on the
data set from students in the United States. The first author collected 3453 essays
from 589 students (Grades 4, 6, 8, 10, and 12) who were L1 speakers of English in one
school district in north-central Mississippi of the United States. The gender informa-
tion of students, provided by the school district, comprised 307 females (52.1%) and
282 males (47.9%). All of the students were administered four to six writing prompts.
Then, every essay was rated by four of the 19 independent trained raters, and scored
with the IEA.

Instruments—prompts for essay writing

The 18 selected prompts used in this research were posted for public use on the website
of the National Assessment of Educational Progress (NAEP) (US Department of
Education, Institute of Education Sciences [USDOE], 1998, 2002). Over a 3-week
period, students in each grade (Grades 4, 6, 8, 10, and 12) wrote two essay responses per
week, covering a total of six prompts across narrative, informative, and persuasive gen-
res (USDOE, 1998).

Table 1 presents the prompt design by grade. In order to provide linkage across the
grades, two extra grades of students, 6 and 10, were included in the prompt design. Three
prompts from the grade above and another three prompts from the grade below were
taken by each Grade 6 and Grade 10 student. A linked series for the essay writing scoring
system was provided by the linkage prompts.

As explained previously, the two versions, A and B, were randomly assigned to students.
Each comprised a narrative (N), an informative (I), and a persuasive (P) prompt. A total of
30minutes (5minutes for planning and 25 minutes for writing) were allowed for students to
write to each prompt. Different prompts were distributed to students and each class would
answer to non-identical prompts on any given day, in order to nullify ordering and learning
effects.

Model

In the current research, five defined facets for the analysis are notated in the formula below as
follows: the writing ability of the student, the difficulty of the prompt, the severity of the rater,
the severity of the AES system, and the difficulty of the rating scale step. Because a holistic
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Table I. Prompt design by grade.

Grade Prompts

4 4AN 4Al 4AP 4BN 4Bl 4BP
6 4BN 4Bl 4BP 8AN 8Al 8AP
8 8AN 8AI 8AP 8BN 8BI 8BP
10 8BN 8BI 8BP 12AN 12Al 12AP
12 12AN 12Al 12AP 12BN 12BI 12BP

Note: A and B are two different prompt indicators. N, |, and P stand for narrative, informative, and persua-
sive, respectively.

(rather than analytic) rubric was used to score the essays, the domain facet is not included in
this model (Linacre, 1989). Thus, the formula for the partial credit MFRM model is

10g (P / Puie1y) = By=Dy=Cjm Ay-F,

where P18 the probability of student n being rated, on prompt i by rater j and AES
k,arating of x; P, is the probability of student n being rated, on prompt i by rater
Jj and AES £, a rating of x-1; Bnis the writing ability of student n; D, is the difficulty of
prompt i; C;is the severity of rater j from the United States; A, isthe severity of IEA;
and F isthe difficulty of the rating step up from category x-/ to category x.

In this Many-facets Rasch model, facets of the student essays can be modeled and
their effects on the scoring of the raters and the AES system are estimated. There is no
pre-set limit to the number of facets that can interact to produce a rating, with the caveat
that each facet should provide a particular meaning in the research (Linacre, 1989). The
elements of each facet are summarized by the measure mean, the standard deviation, the
reliability of element separation, and the corresponding chi-square for homogeneity
(Lunz et al., 1990).

Scoring procedures

An established testing company employed raters with extensive essay scoring experience.
Raters assigned essay scores by using published holistic scoring guidelines, which were
set in line with the National Assessment of Educational Progress (NAEP) testing design.
NAEP is the assessment implemented to assess US students’ knowledge in various school
subjects including mathematics, reading, science, and writing. Consequently, schools
might design school-based curricula for their students based on NAEP results. In this
research, unique scoring guidelines for each prompt in a particular genre were adopted for
scoring the prompts at each grade level. The same 6-point rating scale was used to report
the grading of all essays in the genres of narrative, informative or persuasive, but each
prompt had an unique scoring system, in that the level descriptors for each level were dif-
ferent for each different prompt. Overall, a scale with six ratings was used to grade the
essays: l—unsatisfactory, 2—insufficient, 3—uneven, 4—sufficient, 5—skillful, and
6—excellent.
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Results

Human raters

The data matrix for the essays scored by the human raters contained 24 ratings of 1-6 for
each student (four ratings from four raters for each of six essays) with grade level,
prompt, and genre recorded for each.

Transformation of raw scores from the IEA

The raw scores generated by the IEA engine ranged from 1 to 100. Although a large
number of response categories (up to 255 categories) can be accepted for Rasch analy-
ses using WINSTEPS, a much more reasonable number of categories would assist with
the meaningful interpretation of the results, and allow departures from fit to the model
to be detected more clearly (Linacre, 1989). Thus, a Poisson logarithmic transforma-
tion (Bond et al., 2020; Yan & Bond, 2011) was applied to the raw score data from the
AES system with the aim of creating a reasonable range of meaningful ordered
response categories.
The transformation can be expressed as

log (observation+1) - log(L+1)
log(H+l) - log (L+1)

(1

Scored category = 1 +n*

where L is the lowest, and H is the highest observed raw score. For example, when the
intended transformation target was a nine-category scoring structure, 8 was chosen as the
n value, with nine eventually being regarded as a reasonable number of hierarchically
ordered scoring categories.

This Poisson logarithmic transformation broke the original raw score observations
into a certain number of intervals, with all observations within any one interval classified
into the same category level. Hence, at the first stage of the analyses in this research, the
IEA raw scores of the student essays were iteratively reduced from 20 to 9 ordered cat-
egories (Figures 1 and 2) in order to produce more even distributions of grades and more
understandable category structures.

The first iteration showed the IEA results for the 20 categories transformation had
93% of all data in Categories 16—19 (i.c., only four categories). Figure 1 shows that
Categories 1-15 and Category 20 to be entirely collapsed and without specific peaks,
meaning that those categories were actually redundant. Categories with low frequencies
are problematic for analysis because there are not enough observations to allow for an
estimation of stable category threshold values (Bond et al., 2020; Linacre, 2002). The
results for the initial nine category transformation (Figure 2) are similarly inadequate.

Linacre (1999, 2002) stated that a regular uniform distribution across categories
should provide more satisfactory Rasch estimates. The trial transformations of the IEA
raw scores were used for the student essays. Therefore, the category structure of the AES
system needed further investigation and reconstruction.
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Figure |. Category probability curves for the IEA scores on the 4Al prompt (20 categories).

Collapsing of categories

As an ideal categorization of the raw data could not be found by using the Poisson loga-
rithmic transformation alone, the next step followed the Bond et al. (2020) suggestion
that collapsing categories is a productive way to investigate the best match between
Rasch analysis diagnostics and respondent use. This was done to help develop the final
phase of scoring with the most appropriate categorization.

The Linacre guidelines for combining categories were applied to produce a measure-
ment process under the condition of an equal contribution for each category in the Rasch
analysis (Linacre, 1995, 1999, 2002).

Figure 3 shows the results of the re-categorization of the nine new category-IEA data.
The category probability curves for the IEA scores of the student essays reflect that the
categories are evenly distributed with specific peaks for each of the nine new categories.

The MFRM analyses results

In order to answer the primary research question, it is necessary to undertake a successful
MFRM analysis of the human scoring of those student essays; then to construct a com-
parative measurement scale for calibrating the nine-category IEA grades against the stu-
dents’ MFRM judged ratings.
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Figure 2. Category probability curves for the IEA scores of the 4Al prompt (9 categories).

Investigating the impact of various facets in the MFRM analysis of these data should
lead to a deeper understanding of each of the aspects involved in the English essay
assessment setting (McNamara, 2011). Generally, the results of the MFRM analysis of
the human scoring of the student essays in this research should be informative to those
ends. The performances of the eighteen writing prompts and the nineteen human raters
fit the Rasch model’s measurement requirements very well, notwithstanding that the
overall performances of 33 out of 589 students showed underfit to the Rasch model with
infit Zstd > +2 (Linacre, 1989).

Figure 4 maps the Rasch measurement of the difficulty of 18 prompts, the severity of
19 raters, and the ability of 589 students along with the IEA response category thresh-
olds. In this MFRM variable map, column 1 shows the logit interval measurement scale,
which extends from —7 to +5 logits, and column 6 presents the NAEP holistic rating
criteria, which range from 1 to 6. In columns 2 through 5, 0.00 logits was adopted, by
default, as the mean estimate of prompt difficulty, rater severity, and student ability.

The most difficult prompt, 12AP (Grade 12 NAEP Persuasive prompt, Version A),
was located on the top of the scale (+2.25 logits). Grades 10 and 12 students were
assigned to write 12AP in this research. The easiest prompt was persuasive 4AP (—2.90
logits) and was used for Grade 4 students only. In column 3 (Raters) of the scale, higher
measures indicate raters who were more severe than other raters in essay scoring: R200
was the most severe rater (+1.28 logits), and R108 the most lenient (—1.75 logits). In
column 4 (IEA), the thresholds for the machine essay scoring categories were ordered
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Figure 3. Category probability curves for the IEA scores on the 4Al prompt after collapsing
(new nine categories).

appropriately, 1 through 9, with the range for the IEA from —4 to +4 logits. The overall
essay writing ability measures of 589 students (column 5) ranged from a low near —6 to
the most capable students located at nearly +4 logits, with most of the students’ writing
abilities (well over 90%) estimated between —2 and +2 logits.

Cadlibration of students. Table 2 shows the Rasch person statistics for the 33 under-fitting
students (5.6% of total number of 589 students). The under-fitting students might have
performed erratically or produced off-topic essays when they responded to particular
questions. The essays of nine under-fitting students were scored by the most severe or
lenient rater(s) in this research.

The lowest writing ability (Grade 4 student) is located at —6.33 logits and the highest
writing ability (Grade 12 student) is at +4.17 logits, revealing a wide range of essay writ-
ing ability with more than 10 logits between Grades 4 and 12 students.

Moreover, a number of under-fitting students were identified. As under-fitting per-
sons (Zstd > +2.0) indicate more problems with the quality of the measurement scale
than over-fitting persons do, all under-fitting students were identified as having Zstd
greater than +2. These included 15 Grade 4 students, 9 Grade 6 students, 4 Grade 8 stu-
dents, 3 Grade 10 students, and 2 Grade 12 students.

The results for two under-fitting exemplar students (579 and 366) show (qualitatively)
how they performed unexpectedly when responding to prompts, thereby producing
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Figure 4. Rasch variable map for essays scored by human raters and IEA.
*In the column “Students,” Grades 4—12 annotations indicate the grade means of Rasch measures.

quantitative indicators (Rasch fit statistics), which flagged their essays and grades as
anomalous, or requiring closer inspection by human raters.

Student 579 (infit mean square 8.44, Zstd 9.0; outfit mean square 7.62, Zstd 9.0)
whose performances exhibited a noisy (erratic) scoring pattern had written six essays in
total. Table 3 shows that the rating pattern of six different combinations of four raters for
this student’s essays.

This student, Student 579, seems to have misinterpreted the instructions in prompt
4AP; this student described “a happy life with families” rather than writing “a letter to
convince a friend to be visible,” which was the requirement of the 4AP prompt.
Consequently, Student 579 obtained erratic scores on that prompt: the ratings for that
prompt were much worse than his average performance across the other essay prompts.

One more student, Student 366 (infit mean square 2.83; Zstd 4.1; outfit mean square
2.79; Zstd 4.0), wrote six essays in total and produced an off-topic essay when he
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Table 2. Rasch measures and Zstd of 33 under-fitting students.

Student Observed Measure SE Infit Outfit

score (Logit)
Number Group MnSq ZStd MnSq ZStd
135 108 5.29 3.44 0.34 1.64 2.1 1.71 2.3
109 106 4.54 1.59 0.33 1.67 2.1 |.64 2.0
292 106 5.21 2.46 0.36 1.68 2.1 1.39 1.0
513 112 3.71 0.6l 0.34 1.71 2.1 1.71 2.1
288 104 4.50 0.84 0.33 1.76 22 1.79 2.3
539 112 4.88 2.34 0.33 1.74 2.3 1.71 2.3
357 110 4.08 I.18 0.34 1.83 2.4 1.87 25
237 106 3.00 —1.51 0.35 1.85 2.4 1.86 2.4
269 104 4.96 |.44 0.32 1.80 2.5 1.80 2.6
031 106 3.50 -0.88 0.34 1.90 2.6 1.88 2.5
195 108 3.60 -0.41 0.38 2.01 2.6 2.01 2.6
224 104 2.44 —1.64 0.42 2.11 2.6 2.11 2.6
188 108 3.29 0.98 0.35 1.94 2.7 1.94 2.7
052 104 3.17 -0.99 0.35 1.99 2.8 2.00 2.8
248 106 3.79 0.76 0.34 2.00 2.8 1.96 2.7
058 104 2.46 -2.16 0.34 2.00 2.8 1.99 2.8
451 106 4.00 0.37 0.34 2.04 2.8 2.07 2.8
306 106 3.00 —-1.81 0.42 2.31 2.8 2.38 2.8
101 108 2.92 -0.66 0.34 2.04 2.9 2.04 2.9
021 104 3.33 —1.65 0.35 2.23 3.2 2.24 32
362 110 3.29 -0.76 0.35 2.25 33 2.25 32
581 104 3.13 —-1.63 0.35 2.35 34 2.36 34
017 104 1.55 -3.84 0.41 2.31 3.6 2.29 3.6
281 104 4.17 -0.71 0.34 2.52 37 2.62 3.8
299 106 3.80 0.46 0.37 2.78 3.9 2.95 4.1
214 104 2.88 -2.36 0.34 261 4.1 2.6l 4.1
366 110 3.88 1.24 0.35 2.83 4.1 2.79 4.0
465 106 2.33 -3.22 0.36 2.8l 4.3 2.70 39
572 104 3.17 -1.20 0.35 2.85 4.4 2.84 4.4
049 104 2.63 -2.08 0.34 3.17 4.9 3.19 49
577 104 3.00 -2.09 0.35 423 6.5 422 6.5
271 104 3.15 —1.46 0.38 4.88 6.6 4.90 6.6
579 104 3.83 —-1.28 0.34 8.44 9.0 7.62 9.0
Separation: 3.43 Reliability: 0.92

Fixed (all same) chi-square: 7214.5 significance p: .00

Note: SE: standard error; 104: Grade 4 student; 106: Grade 6 student; 108: Grade 8 student; | 10: Grade 10
student; | 12: Grade 12 student.

responded to the 12AN prompt on Day 6. Table 3 shows that the rating pattern of six
different combinations of 4 raters on Student 366°s essays. Students were asked to write
a story about a special object in the 12AN prompt. They were required to describe the
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Table 3. The rating pattern of six different combinations of four raters, the measures of the
IEA for two under-fitting students’ essays.

Student 579 Student 366

Day Day | Day2 Day 3 Day4 Day5 Day 6 Day | Day2 Day 3 Day 4 Day 5 Day 6
Prompt 4AP 4Al 4AN 4BN 4Bl 4BP 8Bl 8BP 8BN [2Al [12AP [2AN
Human 1,1,1,1 4,4,3,4 54,4,4 5,54,5 44,44 6,5,5,5 5,6,6,5 5,54,3 554,5 44,44 4442 2,1,1,1
ratings

IEA 62 43 50 57 48 52 64 59 66 68 67 33
measure

Note: IEA: Intelligent Essay Assessor.

first encounter of the main character with the object, and to explain how important of the
object to the character. An excerpt from Student 366 on the 12AN prompt follows:

Once upon a time I felt very sad during the particular day on which we do these papers. Then [
thought to myself, “Wow, I've done pretty well so far, but today’s paper is just not gonna happen.
I only need enough writing here to fill up this and part of the second to seem like I'm
accomplished for the day.” So in conclusion, if you've read this far, I'm just gonna do it right
now.

For the performance of Student 366 on the 12AN prompt, no matter the human ratings
and machine measures, both were much worse than his above-average performances on
the other five prompts. This student seems to have produced an off-topic essay on pur-
pose in this piece of writing.

Cdlibration of prompts. The human ratings (only) of the essays with the MFRM analyses
revealed that all human-rated prompts fit the Rasch model very well, but prompts 4AP and
4BP, both persuasive prompts, showed misfit in the results of the IEA scoring. This is unu-
sual and remains to be investigated. We provide more information in the next paragraph.

In Table 4, the calibrations for the 18 prompts in three genres are presented. The
range of prompt difficulties is 5.15 logits, from the easiest prompt, 4AP (—2.90 logits),
to the most difficult prompt, 12AP (+2.25 logits). Only two moderately misfitting
prompts were found in this analysis; both were Grade 4 Persuasive prompts: 4AP (infit
mean square 1.79; outfit mean square 1.75), and 4BP (infit and outfit mean square
1.54). In this research, 4AP was used for Grade 4 students and 4BP for Grades 4 and 6
students; for 4AP, students were requested to write a persuasive letter (4AP) to convince
a friend to become visible, and to write another persuasive letter with details, examples,
or reasons (4BP) to the school librarian to make the librarian buy a missing favorite
book. Perhaps the human raters made generous professional adjustments in their scor-
ing of these two prompts, given that they might think that these persuasive prompts
were a challenge for Grade 4 students, especially given that these young students were
required to build some strong possible arguments to persuade the target reader with the
identification of the most convincing evidence to accept a particular point of view or
take a specific action.
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Table 4. Calibration of the prompts for student essays using human raters and |IEA.

Prompt Observed Measure SE Infit Outfit
score (Logit)

MnSq ZStd MnSq ZS5td
12BI 3.45 2.15 0.09 0.92 -1.0 0.92 —1.1
12BN 4.04 1.39 0.08 0.85 2.1 0.84 -2.3
12BP 4.02 0.99 0.09 1.12 1.5 I.11 1.4
12Al 3.77 2.20 0.06 0.86 -2.8 0.85 -2.9
12AN 3.94 0.96 0.06 0.77 —4.7 0.78 —4.6
12AP 3.37 2.25 0.06 091 -1.8 091 -1.8
8Bl 3.77 0.18 0.06 0.98 —04 0.97 0.6
8BN 3.70 1.02 0.06 0.71 —6.7 0.71 —6.6
8BP 3.64 0.84 0.06 1.23 44 1.22 43
8Al 3.48 0.00 0.05 1.15 3.1 1.15 3.1
8AN 3.71 0.20 0.05 0.71 -7.2 0.70 -74
8AP 2.90 1.75 0.05 0.95 -1.2 0.95 -1.2
4Bl 3.74 —2.34 0.05 1.10 22 1.10 2.1
4BN 3.76 —-1.58 0.05 0.74 —6.5 0.75 —6.1
4BP 3.60 —2.02 0.05 1.54 9.0 1.54 9.0
4Al 3.59 —2.85 0.07 0.87 2.1 0.87 -2.2
4AN 3.69 —2.24 0.07 0.84 —2.6 0.90 -1.6
4AP 3.61 -2.90 0.07 1.79 9.0 1.75 9.0
Separation: 27.40 Reliability: 1.00

Fixed (all same) chi-square: 14034.1 significance p: .00

Human raters and AES essay ratings. The MFRM analyses show that all 19 human raters
have acceptable fit to the model (infit and outfit mean square between .61 and 1.38)
indicating that each of the professional essay raters scored the essays consistently and
predictably. All the fit statistics for the IEA scaled essay scoring categories 1-9 are very
close to the modeled value of 1.0, providing strong evidence that the IEA engine scored
student essays very consistently.

In Table 5, the severity span across the raters (R200 to R108) is 3.03 logits. The rela-
tively large standard errors calculated for raters R108 (0.39) and R211 (0.40) may be due
to the fact that they scored only 19 and 18 essays respectively, out of the 3453 essays in
the data set.

Calibration of IEA measures against human ratings. Table 6 presents the calibrations for
IEA scoring. Category 1 is estimated at —3.82 logits, and Category 9 is at 3.87, showing
a wide range of 7.69 logits between the lowest and highest categories. For IEA, the sepa-
ration index is 49.88, which corresponds to a high separation reliability of R=1.00. The
fixed chi-square is 17878.6 (p<.001), showing categories have different measures. A
high reliability of separation index of 1.00 indicates that some categories are statistically
significantly higher, and others are statistically significantly lower, in the analysis. The
standard errors are between .03 and .07 and show a high precision of measurement.
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Table 5. Calibration of the raters for student essays using human raters and |IEA.

Rater 2Essays Observed Measure SE Infit Outfit
scored score (Logit)

MnSq  ZStd MnSq  ZStd
RI10I 894 3.86 -0.28 0.06 077 =5.1 0.80 —4.4
R102 1002 3.79 -0.05 0.05 074 6.3 0.74 —6.2
R103 297 3.60 0.49 0.10 0.71 -3.8 0.70 -3.8
R104 976 3.58 0.55 0.05 070 7.2 0.71 —6.8
R105 922 3.79 -0.05 0.06 091 -1.8 091 -1.9
R106 621 4.04 -0.76 0.07  0.63 -7.5 0.63 —74
R108 19 3.32 -1.75 039 062 -1.2 0.6l -1.2
R200 607 3.18 1.28 0.07 1.28 4.5 1.28 44
R201 998 3.60 -0.07 0.05 1.23 4.7 1.22 44
R202 626 3.60 —0.41 0.07 1.20 33 .19 3.1
R203 1133 3.56 0.07 0.05 1.20 44 1.20 44
R204 1013 3.65 0.08 0.05 095 =11 0.95 =11
R205 768 3.49 0.04 0.06 1.08 1.4 1.08 1.4
R206 988 342 0.41 0.05 087 -2.9 0.87 -2.9
R207 777 3.66 -0.42 0.06 1.06 .1 1.05 1.0
R208 765 3.73 -0.34 0.06 1.05 1.0 1.05 0.9
R209 772 3.38 0.75 0.06 .13 23 1.12 22
R210 938 3.69 -0.05 0.06 1.38 72 1.37 7.0
R211 20 333 0.52 040 077 0.6 0.74 0.7
Separation: 4.29 Reliability: 0.95

Fixed (all same) chi-square: 946.7 significance p: .00

2589 students X 6 essays X 4 raters= |4,136 essays.

The infit and outfit mean squares in all categories are between .92 and 1.09, very close
to the expected mean square value of 1.0 (Bond et al., 2020). Moreover, FACETS was
used to analyze the 19 human raters to obtain the “fair average” ability measure for each
essay. 3453 essays from 589 students were collected in the research. The correlation
between fair average scores by human raters and IEA scores is »=.68.

From the calibration of the IEA categories against human ratings, approximate cut
scores might be established for classroom teachers’ reference. It suggests possible cutoff
points for the nine categories developed for the IEA, and the relationship between the
raw scores for the IEA against those human ratings. For example, a student essay with an
IEA score between 37 and 62 would probably score a human rating of 3. Student essays
would need to exceed an IEA measure of 83 to likely qualify for a human rating of 5, and
SO on.

Discussion

One persistent key problem in human essay scoring has been to do with the variability in
rater leniency and severity. In the first mathematical study of rating, Edgeworth (1890)
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Table 6. Calibration of IEA for student essays using human raters and IEA.

IEA No. of Observed Measure SE Infit Outfit
essays score (Logit)

MnSq  ZStd MnSq  ZStd
Category | 162 222 -3.82 0.07 1.04 0.7 1.08 1.4
Category 2 257 2.75 -2.70 0.05 0.93 -1.6 0.93 -1.6
Category 3 441 3.02 —-1.81 0.04 1.00 0.0 1.00 0.0
Category 4 499 3.27 —-1.06 0.04 1.04 1.2 1.04 1.2
Category 5 670 3.63 0.05 0.03 0.93 2.7 0.92 -2.8
Category 6 539 393 0.99 0.04 0.97 -0.8 0.97 -0.8
Category 7 416 4.16 1.74 0.04 1.09 23 1.07 2.0
Category 8 309 4,56 2.74 0.05 1.06 1.4 1.05 1.2
Category 9 160 4.99 3.87 0.07 0.99 -0.1 1.00 0.0
Separation: 49.88 Reliability: 1.00.

Fixed (all same) chi-square: 17878.6 significance p: .00.

discovered that the spread of rater leniencies was about half the spread of person abili-
ties. While a whole gamut of descriptive statistical models have been developed to
address the obvious symptoms of the problem, it was not until Linacre (1989) that a
distinctly measurement foundation, based on prescriptive Rasch theory, was constructed
to solve the problem. MFRM is designed to produce linear measures that adjust for rater
leniency and missing data with the minimum load on the raters, while also producing
useful diagnostic information about each rater’s behavior. The most comprehensive cur-
rent account of the benefits of Rasch measures over traditional statistical approaches was
written by Eckes (2011). The unique innovation of our current research is to extend the
use of MFRM to include computer-generated raw scores for essays. Not only does this
provide diagnostic information that is now the default requirement in rating evaluations,
the co-calibration allows us to go further than merely showing the usual human/machine
agreements or correlations, and underpins the construction of AES/human score equiva-
lences shown in Figure 5.

Although neither this, nor any AES system, can be sensitive to connotation and con-
text, the empirical results suggest that the IEA could be used quite successfully in differ-
ent assessment settings. Teachers might use AES systems to meet their students’ and their
own needs in an effective way (Warschauer & Grimes, 2008). In spite of the obvious
limitations, the IEA could have a role in providing a positive reference index for main-
taining consistency (i.e., the moderation) of grade allocations for marking English essays
written in response to these NAEP prompts. Most of the prompts in both A and B ver-
sions show difficulty estimates within one logit difference which means that they are
more or less equivalent in terms of the student proficiency required to obtain any particu-
lar score. Only two persuasive prompts in the 12 grade (12AP and 12BP) varied more
(i.e., a difference of 1.26 logits; 2.25 and 0.99). This quite substantial difference should
be investigated in future research, especially because the prompts are supposedly equiva-
lent in terms of difficulty in writing assessment projects.
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Figure 5. Conversion co-calibrations for grading student essays.

We note that the same 6-point rating scale was used in scoring all essays with the
genres of narrative, informative, or persuasive texts, but each prompt has a unique scor-
ing guide so that the level descriptors for each year level are different for each of the
different prompts. Overall, a set of scales with six ratings was used to grade the essays:
l—unsatisfactory, 2—insufficient, 3—uneven, 4—sufficient, 5—skillful, and 6—excel-
lent. From this, we conclude that the definitions of 1-6 (i.e., the rubrics) are grade-spe-
cific, even if the numerals 1-6 are not. This is similar to raw scores on a computer-adaptive
test. We must know the context in which the score is made. So, any data row might be
read as this: The raw score 3 (uneven) is given by Rater R206 to the essay written by
Student 056 in response to Persuasive prompt A, scored against the year 4 criteria (coded
as 4AP).

One might quite reasonably ask how MFRM was able to disambiguate the grade lev-
els in these data: Does the analysis spread the student measures from the lowest
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performance at the lowest grade to the highest performance at the highest grade using
some sort of conventional vertical equating commonly used in multiple year-level assess-
ments; or does the analysis spread the student measures from low performers to high
performers, regardless of grade level, by relying on the highly trained raters to use the
changing year-level scoring guides to make those grade-level adjustments? The quantita-
tive empirical evidence supports the latter position.

MFRM has no statistical sleight of hand trick to disambiguate the ratings given from
the essay (prompt) being rated. On each occasion, these professional raters read the
essay, considered the rating criteria (rubric) for that year level, and assigned a particular
rating in that specific context. (We awarded the score of 3—uneven to this rather simple
essay from a year four student judged against the year 4 standard; then we awarded the
same score 3—uneven, for an obviously better essay, from a Year 12 student, judged
against the Year 12 rubric.) Uniquely, MFRM analyses all assessment facets—student,
prompt, rating, and rater—simultaneously, in one measurement framework, so each of
those facets might be considered individually. One key outcome of that analysis is evi-
dent in the spread of the difficulty estimates of the prompts in Figure 4 and the detail
provided in Table 4: although the raters awarded a mean raw score rating of 3.x on 15 of
the essay prompts (except for 8AP, 2.90; 12BP, 4.02; 12BN, 4.04), the MFRM Rasch
measures of prompt difficulty ranged over 5 logits, from a low of —2.90 logits for 4AP to
a high of +2.25 logits for prompt 12AP. This is an empirical corroboration of our expec-
tations. While raters gave, on average, much the same raw score to all essays, the diffi-
culties of prompts are hierarchically arranged empirically so that, in general, Level 4
prompts are easiest, then Level 8, leaving Level 12 as the most difficult prompts in this
MFRM context. Similarly, the average raw rating awarded by 18 raters, aggregated
across all year prompts was in the 3.x range (rater R106 was marginally more generous
than the others, with the mean of ratings awarded at 4.04; see Table 5). Similar banding
is revealed for student writing ability as well. Table 7 shows the average raw ratings
assigned by raters at each year level, from a low of 3.51 for Year 4 to 3.85 for Year 12.
However, when those raw ratings are analyzed simultaneously with the MFRM, in the
context of prompt difficulty (and rater severity), those almost identical raw score ratings
are spread across 2 logits—in the Rasch measure column—from —0.70 (Year 4) to +1.20
(Year 12). Those mean Rasch measures are also displayed by year level in the student
distribution in Figure 4. That is, any raw score of 3—uneven is more, or less difficult to
achieve, according to the context in which it was awarded, and the raters’ professional
use of the appropriate scoring guide for the year level of the prompt.

In this research, the best nine-level categorization for the measures of the AES sys-
tem, IEA, was obtained from the collapsing of categories, following the guidelines of
Linacre (1999, 2002). In other words, the optimal categorization was used in the MFRM
analyses in this research, a technique that could be applied profitably in future studies
comparing machine and human ratings.

The purpose of analyzing this large sub-set of the original research data (i.e., the US
student essays scored by IEA and US raters who are also L1 speakers of English) is to
generate MFRM analysis results of all student essays within a single language context.
The analysis of the student essays in this research reveals that the IEA scoring fits the
measurement requirements of the Rasch model and that no misfitting human raters are
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Table 7. Average raw human ratings and mean Rasch measures by year level.

Grade Average raw human ratings Mean Rasch measures
4 3.51 -0.70
6 3.60 0.22
8 3.6l 0.53
10 3.90 1.04
12 3.85 1.20

found. If the IEA were to be adopted as a tool for reducing the essay grading load on
English language teachers in their routine school-based assessment, or low-stakes
assessment, teachers could save time and effort in the actual scoring of essays, and
could then spend correspondingly more time working with students individually and
providing in-depth feedback on students’ essays written under the usual requirements
of the teacher—school essay assessment. For example, a set of, say, released NAEP
prompts could be assigned to be the core essay topics for any particular level, of stu-
dents in a school. The IEA might be used on a trial basis for one semester/year in a
specific year level, and the proportion of essays in classroom assessment could be
gradually increased. Other year levels could be involved in the trial in the next aca-
demic year.

For school-based examinations, each essay could be scored by the machine and one
teacher (Rupp et al., 2019; Shermis & Burstein, 2013). The IEA-generated scores could then
be used as a reference point for moderation of teacher-assigned grades across classes, so that
students’ essays might be re-scored by a second teacher if essays have more than some
acceptable discrepancy between the [EA and teacher scores. Then a more objective and effec-
tive moderation strategy could provide more reliable comparative standard to help establish
more equitable essay scoring system between teachers and across grades in a school.

Moreover, the IEA could be also used in large high-stakes assessments, although the
training cost for the IEA rating engine is very high. For any new prompt, it is a pre-requisite
to have at least 100-300 representative essays scored by two human raters to train the IEA
system for scoring, as the IEA gives its score to an essay by comparing its content with that
of the set of previously scored essays. But, this would be beyond the resources of groups of
teachers, or even schools to use IEA for routine English essay marking. However, if teach-
ers could use publicly available prompts (e.g., from NAEP, as outlined in the school-based
moderation scenario, above) that have been previously submitted to the IEA for training,
then obtaining IEA scores for the resultant essays could be very straight forward. It could
be possible for students to have self-learning opportunities to assess their own writing of
those available prompts by using the IEA. Given that the fit statistics of the MFRM for the
IEA are very close to the modeled value of 1.0, the results of this research underline the
recommendation that teachers, schools, and systems could rely on the IEA to score student
essays at least as consistently as do specialist trained human raters. Each of these possibili-
ties might provide insights into scoring strategies, and the challenges in achieving scoring
consistency for stakeholders including students, English language teachers, raters, state
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and national education authorities, as well as national testing groups in educational systems
involved in English essay assessments.

Limitations and directions for future research

Further research is needed to examine the extent to which the relationships uncovered in
this research are replicable. It would be useful to know whether the findings are transfer-
able to other English language essay writing contexts, for example, where English is not
the students’ first language. If this research were replicated with L2 learners of English,
we might expect the extent of misfit to be different. There is some existing literature on
this topic (e.g., Chan & Bond, 2016), but research in this area is still very limited. It
remains important to explore and evaluate the directions and theories of writing assess-
ments that include the electronic scoring of essays, and innovations in classroom assess-
ment of writing (Behizadeh & Engelhard, 2011).

In this research, scores of only one AES system, the IEA, were included in the data
analysis. The ideal data set for large-scale research would have a number of AES meas-
ures for the essays. It seems that large-scale research including a variety of AES scores
of students’ essays could be conducted as a way to reveal how the various qualities of
existing automated writing assessment systems impact on essay grades. For example,
one AES system might be recommended as appropriate for scoring essays of a particular
grade of students. The findings of such a large-scale research project must help schools
or teachers choose the most suitable AES system(s) for implementing high quality, equi-
table scoring of essays in both low-stake and high-stake tests.

The calibration of essays and raters is improved when the network has every rater to
grade every essay in the design (Lunz et al., 1990). Future research could involve raters
who are L1 speakers of English scoring essays of students who are L2 speakers of
English. For example, if our HK student essays were also scored by the US raters, the
comparison of human raters across contexts would be well-rounded and serve as a refer-
ence guide for policy makers, educators, teachers, students, or anyone involved in the
writing assessment systems in both learning English as a first or second language.

Conclusion

The connection between the educational philosophy and practices in the use of technol-
ogy are of vital importance (Andrei, 2017). Although the AES systems are able to score
essays similarly to human raters (Correnti et al., 2020; Wilson, 2018), they are often
accepted as scoring tools that merely complement, but cannot replace expert human
raters, either in high-stakes or low-stakes assessments.

In spite of significant blind spots, such as lack of responsiveness to connotation and con-
text, the [EA could still be applied in a variety of ways in learning and testing situations. It can
be utilized by teachers to accommodate students’ needs and their own. If double-marking
were adopted, that is, with the combination of one AES system and one human per assess-
ment, that could be an ideal strategy for providing a more consistent essay scoring environ-
ment for students. Alongside providing consistency, the AES systems could also reduce the
assessment burdens on teachers and give detailed insights to the relevant stakeholders.
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