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Evaluation of e-rater® for the Praxis I® Writing Test

Chaitanya Ramineni, Catherine S. Trapani, & David M. Williamson
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Automated scoring models were trained and evaluated for the essay task in the Praxis I® writing test. Prompt-specific and generic
e-rater® scoring models were built, and evaluation statistics, such as quadratic weighted kappa, Pearson correlation, and standard-
ized differences in mean scores, were examined to evaluate the e-rater model performance against human scores. Performance of the
scoring model was also evaluated across different demographic subgroups using the same statistics. Additionally, correlations for auto-
mated scores with external measures were observed for validity evidence. Analyses were performed to establish appropriate agreement
thresholds between human and e-rater scores for unusual essays and to examine the impact of using e-rater on operational scores and
classification rates. The generic e-rater scoring model was recommended for operational use to produce contributory scores within a
discrepancy threshold of 1.5 with a human score.
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The Praxis I® PPST® (Educational Testing Service [ETS], 2014) assessment is a teacher licensure test that measures basic
reading, writing, and mathematics skills of candidates preparing for a career in teaching. Multiple states across the United
States require Praxis I test scores as part of their teacher-licensing process; some colleges and universities use the Praxis
I test scores for admissions decisions for their teacher education programs. The Praxis I tests are delivered mostly online
year-round by appointment, while paper-delivered tests are also available on prescheduled dates. States and agencies that
use the Praxis test scores for licensing decisions set their own requirements and passing scores.

The Praxis I PPST consists of three separate tests:

e areading test to measure the ability to understand, analyze, and evaluate written messages;

e amathematics test to measure mathematical skills and concepts that an educated adult might need; and

e a writing test to assess the ability to use grammar and language appropriately and to communicate effectively in
writing.

Praxis I tests are generally multiple-choice (MC) tests, but the writing test also includes an essay section. The MC section
of the writing test has multiple items assessing grammatical relationships, structural relationships, and word choice and
mechanics, and the essay section has one essay task evaluating general writing ability through organization, development,
language control, and effective sentence construction. The essay task is timed for 30 minutes and scored using a 6-point
holistic rubric. The prompts for the essay task are created by test developers at ETS using rigorous standardized procedures
(see Baldwin, Fowles, & Livingston, 2005), which include both content review and fairness review of prompts by ETS
experts, as well as content advisory groups.

Background

With the rise in use of constructed response (CR) items within the last decade, many other high-stakes assessments, such
as the GRE®, the SAT®, and the Graduate Management Admission Test (GMAT), have included CR items in speaking
and/or writing sections. Some of these tests include more than one CR item in the same test; in fact, the new Praxis Core
Academic Skills for Educators (Core) tests will contain two CR tasks as part of the writing test. CR items are believed to
measure aspects of a construct that are not adequately addressed through MC items. However, compared to their MC
counterparts, such items take longer to administer with smaller contributions to reliability per unit time, and they delay
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score reporting due to the additional effort and expense typically required to recruit, train, and monitor human raters.
With the challenges for efficient scoring and continuously rising interest in use of CR items, there is potential value for
using automated means to score CR tasks to either augment or replace human scorers.

Automated scoring systems, in particular systems designed to score a particular type of response that is in relatively
widespread use across various assessments, purposes, and populations, can provide a greater degree of scoring efficiency
and complementary construct coverage alongside human raters. Examples of automated scoring systems include essay
scoring systems (Shermis & Burstein, 2003), automated scoring of mathematical equations (Risse, 2007; Singley & Ben-
nett, 1998), scoring short written responses for correct answers to prompts (Callear, Jerrams-Smith, & Soh, 2001; Leacock
& Chodorow, 2003; Mitchell, Russell, Broomhead, & Aldridge, 2002; Sargeant, Wood, & Anderson, 2004; Sukkarieh &
Pulman, 2005), and the automated scoring of spoken responses (Bernstein, De Jong, Pisoni, & Townshend, 2000; Cheva-
lier, 2007; Franco et al., 2000; Xi, Higgins, Zechner, & Williamson, 2008; Zechner & Bejar, 2006). Of these, automated
scoring technologies for the traditional essay responses are most popular, with more than 12 different automated essay
evaluation systems available for scoring and/or for performance feedback and improvement of writing quality. The most
widely known of these systems include the Knowledge Analysis Technologies (KAT) engine 5 (Landauer, Laham, & Foltz,
2003), e-rater® (Attali & Burstein, 2006; Burstein, 2003), Project Essay Grade (Page, 1966, 1968, 2003), and IntelliMetric
(Rudner, Garcia, & Welch, 2006). Each of these engines targets a generalizable approach of modeling or predicting human
scores, yet each takes a somewhat different approach to achieving the desired scoring, both through different statistical
methods and through different formulations of what features of writing are measured and used in determining the score.
An explanation of how these systems work is beyond the scope of this paper, except for the e-rater system used for the
analyses in this report, for which such an explanation is provided below.

Automated scoring, in general, can provide some advantages similar to that of MC scoring, including fast scoring,
constant availability of scoring, lower per-unit costs, reduced coordination efforts for human raters, greater score consis-
tency, and a higher degree of tractability of score logic for a given response. Additionally, automated scoring also offers the
potential for providing a degree of performance-specific feedback that is not feasible under operational human scoring for
CR tasks. These advantages facilitate increased use of CR items for large-scale assessments. However, accompanying such
potential advantages is a need to evaluate the cost and effort of developing such systems and the potential for vulnerability
in scoring unusual or bad-faith responses inappropriately, to validate the use of such systems, and to critically review the
construct that is represented in resultant scores.

The automated scoring models based on e-rater have been successfully evaluated in recent years for the writing prompts
included in the old GRE General Test (Ramineni, Trapani, Williamson, Davey, & Bridgeman, 2012a), the TOEFL iBT®
test (Attali, Bridgeman, & Trapani, 2010; Ramineni, Trapani, Williamson, Davey, & Bridgeman, 2012b), and the GRE
revised General Test (Breyer et al., 2014). The current TOEFL iBT test uses e-rater for operational scoring of the essay
tasks, and the GRE uses e-rater as a quality control on the reported human scores, thus allowing the programs to report
scores efficiently and to use their human rater pool more effectively.

Motivation

The TOEFL® independent writing task and GRE issue writing task require the examinees to support an opinion similar
to the Praxis I essay topics that require examinees to draw from personal experience, observation, or reading to support
a position using reasons and examples without specialized knowledge of a topic. Also, similar to the scoring rubrics for
the TOEFL and the GRE tasks, the responses to the Praxis essay topics are scored holistically on aspects related to clarity,
organization, and development, and use of language conventions.

The successful evaluation and deployment of automated scoring models for scoring the TOEFL and the GRE prompts,
along with the projected cost and time benefits for operational use, supported evaluation of e-rater for scoring the Praxis I
essay task. Hence, the purpose of this study was to develop and evaluate e-rater automated scoring models for the CR items
in the Praxis I writing test. In particular, in this study, we investigated if an e-rater score could successfully replace the score
of one of the two human raters in operational scoring of CR items in the Praxis I writing test, thereby effectively reducing
the program costs and ensuring fast and consistent score turnaround for the large number of test takers and prospective
teaching licensure applicants who take the test year-round at several computer-based test centers. The responses from
the paper-based tests are not readily conducive to automated scoring model building and evaluation work and require

2 ETS Research Report No. RR-15-03. © 2015 Educational Testing Service



C. Ramineni et al. Evaluation of e-rater® for the Praxis I® Writing Test

additional transcription effort. Computer-based tests that produce electronic essay responses as part of the test are readily
usable for automated scoring work and were, therefore, used as the source of data for this study.

Scoring Rules for the Praxis | Writing Test

The Praxis I writing test contains 38 operational MC items in three categories assessing grammatical relationships, struc-
tural relationships, and word choice and mechanics. The possible raw score range for the MC items is 0 - 38. The assessment
also includes one essay item scored by two raters on a scale of 1 -6 evaluating general writing ability. The ratings are added
on the individual item, without any weighting, to yield a possible raw score range of 2 - 12 for the CR item. If the two human
ratings differ by more than 1 point, the essay response is sent for adjudication. The adjudicator’s rating is combined with
the initial human rating that is closest to it to determine the final combined score. If both the initial ratings are equidis-
tant from the adjudicators’” score, then the final combined CR score is given as 2 times the adjudicator score. The MC
categories have a weight of 1, whereas the final combined score for the CR category is weighted by 3.1667 to increase its
maximum contribution to the total score to 38 points, which is 50% of the total writing test score. The raw scores for MC
and weighted CR (converted to an integer) are added to produce the final raw score, which is then converted to a scaled
score of 150-190 and reported in 1-point increments on the scale.

Automated Scoring With e-rater

The e-rater is a computer program that scores essays primarily on the basis of features that are related to writing quality. The
initial version of e-rater (Burstein, Kukich, Wolff, Lu, & Chodorow, 1998) used more than 60 microfeatures to assess quality
of writing in written assessments. In e-rater v2 (Attali & Burstein, 2006), the features were combined into a smaller set of
macrofeatures related to general dimensions of writing quality. This set of features is constantly refined and enhanced in
newer versions of e-rater, with e-rater v13.1 in operation at the time of writing this report. The e-rater program essentially
uses natural language processing technology to evaluate a number of characteristics of the essay, including grammar,
usage, mechanics, and development. These characteristics of essay quality are used to derive a prediction of the human
score for the same response by using a statistical modeling procedure.

Features

The version 13.1 of e-rater (v13.1) uses 12 features, with 10 representing aspects of writing quality and two represent-
ing content. Most of these primary scoring features are formed by aggregating several microfeatures. For example, the
mechanics feature is formed by aggregating microfeatures such as spelling errors, hyphen error, and compound word.
An illustration of the construct decomposition of e-rater resulting from this structure is provided in Figure Al, where
the features encapsulated in bold are entered as the predictor variables in the scoring model, and the other features are
an incomplete illustrative listing of subfeatures measuring aspects of writing quality. The scoring features of e-rater are
mapped to the six-trait model (Culham, 2003) commonly used to evaluate writing by teachers as described by Quinlan,
Higgins, and Wolff (2009). More information on the microfeatures is available in Ramineni et al. (2012a).

Grammar, usage, mechanics, and style together identify more than 30 error types, including errors in subject-verb
agreement, homophone errors, misspelling, and overuse of vocabulary. These are summarized for each feature as pro-
portions of error rates relative to the essay length. Organization and development features are based on automatically
identifying sentences in an essay as they correspond to essay-discourse categories: introductory material (background),
thesis, main ideas, supporting ideas, and conclusion. For the organization feature, e-rater identifies the number of ele-
ments present for each category of discourse in an essay. For the development feature, e-rater computes the average length
for all the discourse elements (in words) in an essay. Lexical complexity of the essay is represented by two features. The
first is computed through a word frequency index used to obtain a measure of vocabulary level. The second feature com-
putes average word length across all words in the essay and uses this as an index of sophistication of vocabulary usage. A
combined feature indicative of correct use of collocations and prepositions in the essay is included as a measure of positive
attributes of writing. An additional stylistic feature positively correlated with the human score, and evaluating the use of
sentence variety by the writer, was also added to e-rater more recently.
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Two prompt-specific vocabulary usage features relate to content of vocabulary used in the essay. Both features are based
on the tendency to use words typical of those used in prior essays. The first feature indicates the score-point level to which
the essay text is most similar with regard to vocabulary usage. The second analyzes the similarity of essay vocabulary
to prior essays with the highest score point on the scale. These features are only used when building scoring models
customized to individual prompts.

The e-rater Scoring Models

Developing e-rater scoring models is typically a fully automated and standardized two-stage process consisting of (a)
model training/building and (b) model evaluation for which available data are randomly split into two subsets, referred
to as model build (training) and cross-validation (evaluation) sets. Because the feature weights are estimated empirically
so as to maximize agreement with human scores, any evaluation based on the training sample will tend to overstate a
scoring model’s performance. Thus, a more appropriate measure of performance can be obtained by applying the model
to the independent evaluation sample. Subsequently, the feature scores and weights are applied to samples of essays in the
evaluation set to produce an overall e-rater score and validate the model performance. In general, model performance will
appear slightly degraded in this sample in comparison to the training sample. Models are evaluated and recommended
for operational use if the results of automated scoring are comparable with agreement between two human raters on the
evaluation sample. The quality of the estimated e-rater scoring models, and the effective functioning of the models in
operational settings, depends critically on the nature and quality of the training and evaluation data. Therefore, certain
standards that are used to guide the collection and analyses of the data for building and evaluation of automated scoring
models have been developed by the automated scoring group at ETS (Ramineni & Williamson, 2013; Williamson, Xi, &
Breyer, 2012). These include choosing a representative sample of double-scored essays in electronic format and a sufficient
number of prompts and minimum test-taker sample sizes for model building. For the standards that are only partially or
not met, there are subsequent implications when interpreting the results.

Prior to model build, the selected essay set is subjected to advisory flag analyses. Advisory flags act as filters and
mark unusual characteristics because of which an essay would be identified as inappropriate for automated scoring.
Each advisory flag marks a different problem. The use of these flags for an assessment is evaluated by comparing when
e-rater considers an essay inappropriate versus when a human rater considers an essay inappropriate or off-topic. All
advisories are evaluated individually, as well as combined. That is, individual advisories for which e-rater is found to
effectively (on par with humans) identify essays that are inappropriate for automated scoring are combined sequentially
and subjected to a similar evaluation against human markings. This process of advisory flag analyses helps determine
which group of advisories aid e-rater in effectively screening for inappropriate essays and should be included as part
of the operational e-rater framework for an assessment. Subjecting the sample of essays to advisory flagging prior to
model build improves quality of model build by filtering the inappropriate essays from going into the model build phase
for e-rater.

Advisory flags for e-rater are coded depending on the type(s) of issue(s) identified. Table 1 lists the names, a brief
description, and numerical codes for all the advisory flags. An essay can be flagged for single or multiple issues. For
instance, if an essay contains repetition of words, the flag will be set to 2 (reuse of language). However, if an essay contains
repetition of words and is not relevant to the assigned topic, the flag will be set to 10, that is, 2 (reuse of language) +8 (not
relevant). Flags 64 (too brief) and higher are referred to as fatal flags, where e-rater does not produce a score for the essay
response, while the other flags trigger warnings along with the e-rater score.

Upon excluding the responses with fatal advisory flags, the e-rater engine evaluates the writing characteristics of the
essays in the model build set to produce feature scores. Subsequently, weights for features are derived by entering them as
predictor variables in a multiple linear regression modeling procedure (e.g., Cohen, Cohen, West, & Aiken, 2003) where
holistic human ratings are the predicted criterion variable. These feature weights can then be applied to additional essays
in the cross-validation set to produce a predicted score.

Two different types of e-rater scoring models are common and were built for this study: prompt-specific models and
generic models. Following is a brief description of each type of model:

e Prompt-specific models. These models are custom-built for each prompt in the item pool. They are designed to
provide the best-fit models for the particular prompt in question, with regression parameters scaled to match the
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Table 1 Advisory Flag Code, Name, and Description

Advisory

flag code Flag name Flag description

2 Reuse of language Compared to other essays written on this topic, the essay contains more reuse of
language, a possible indication that it contains sentences or paragraphs that are
repeated.

4 Key concepts Compared to other essays written on this topic, the essay shows less development of
the key concepts on this topic.

8 Not relevant The essay might not be relevant to the assigned topic.

16 Restatement The essay appears to be a restatement of the topic with few additional concepts.

32 No resemblance The essay does not resemble others that have been written on this topic, a possible
indication that it is about something else or is not relevant to the issues the topic
raises.

64 Too brief The essay is too brief to evaluate.

128 Excessive length The essay is longer than essays that can be accurately scored and must be within the
word limit to receive a score.

256 Unidentifiable organizational The essay could not be scored because some of its organizational elements could not

elements be identified.

512 Excessive number of The essay could not be scored because too many problems in grammar, usage,

problems mechanics, and style were identified.

1024* Unexpected topic The essay appears to be on a subject that is different from the assigned topic.

2048* Nonessay The text submitted does not appear to be an essay.

*Not applicable for the Praxis I program.

characteristics of the human score distribution for the prompt. Prompt-specific models also include the two features
for measuring use of prompt-specific vocabulary.

e Generic models. The smaller set of features derived in e-rater v2 enabled use of a single scoring model, referred to
as a generic model, and the same feature weights across all prompts of an assessment. Generic models are based on
taking a group of related prompts, typically 10 or more, and calibrating a regression model across all prompts so
that the resultant model is the best fit for predicting human scores across all the prompts. As such, a common set of
feature weights and a single intercept are used for all prompts, regardless of the particular prompt in the set. Generic
models do not include features related to prompt-specific vocabulary and, thus, address only general writing quality
independent of the topic. The generic modeling approach has the advantage of requiring smaller test-taker sample
sizes per prompt (with enough prompts) and providing a uniform set of scoring criteria, regardless of the prompt
delivered operationally. While prompt-specific models are the best-fit models for a given prompt, a generic model
is preferred for the ease of implementation and maintenance.

The generic with prompt-specific intercept is a variant of the generic model that offers a common set of feature weights
for all features with a customized regression intercept for each prompt but is less preferred due to substantial computational
load and potentially marginal gains.

Evaluation Criteria

After the automated (e-rater) scores for all essays have been calculated, ETS uses professional evaluation standards and
quality-control criteria to assess the performance of the models (see, e.g., Ramineni & Williamson, 2013; Williamson
et al., 2012). Flagging conditions or thresholds are attached to the evaluation statistics to serve as warnings of potential
performance problems. However, the flags are used as guidelines rather than absolute rules when determining if a scoring
model is acceptable for operational use. All the performance standards are applied to the independent evaluation sample
used to validate the scoring models. Following is a list of the evaluation criteria, along with a description for each crite-
rion and associated statistics. If there are multiple statistics and/or evaluations under a single criterion, they are listed as
subheadings.

o Construct evaluation. Automated scoring capabilities, in general, are designed with certain assumptions and lim-
itations regarding the tasks they will score. It is critical to review the goals of the assessment as supported by the
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automated scoring capability. Therefore, the initial step in any prospective use of automated scoring is the evalua-
tion of fit between the goals and design of the assessment (or other use of automated scoring) and the design of the
capability itself. The process includes a comparison of the construct of interest with that represented by the capabil-
ity via a systematic review of the task design specifications, scoring rubrics with selected exemplars, human scoring
rules, score reporting goals, and claims and disclosures about assessment scores. This evaluation is qualitative and,
hence, no empirical performance standards and/or statistics are associated with this evaluation criterion.

e Association with human scores. Automated scoring capability has to meet the performance standards for opera-
tional use. The performance is evaluated against the human scores using various statistics. Absolute agreement of
automated scores with human scores has been a typical measure of the quality of automated scoring. Although
it is common to report absolute agreements as percentages of cases with exact agreements and exact-plus-adjacent
agreements, in evaluation of e-rater for an assessment, these criteria are scale dependent (i.e., values will be expected
to be higher by chance on a 4-point scale than on a 6-point scale) and sensitive to base distributions (i.e., tenden-
cies of human scores to use some score points much more frequently than others). Therefore, they are reported in
combination with other more robust statistics, such as quadratic weighted kappa (QWXK) and Pearson correlations.

Specifically, the preferred QWK value for acceptable consistency of automated and human scores currently is 0.70
(rounded normally). This value was derived on the conceptual basis that it represents the tipping point at which sig-
nal outweighs noise in the prediction. The identical standard of 0.70 has been adopted for Pearson correlations. It
should be noted that the results from QWK and Pearson correlations are not identical, as kappa is computed on the
basis of values of e-rater that normally are rounded to the nearest scale score point, while the correlation is com-
puted on the basis of unrounded values (e-rater scores are provided unrounded so that when multiple prompts are
combined for a reported score, the precise values can be combined and rounded at the point of scaling rather than
rounding prior to summation). It is worthwhile to note that since e-rater is calibrated to empirically optimize the
prediction of human scores, the expected performance of e-rater against this criterion is bounded by the perfor-
mance of human scoring. That is, if the interrater agreement of independent human raters is low, especially below
the 0.70 threshold, then automated scoring is disadvantaged in demonstrating this level of performance, not because
of any particular failing of automated scoring, but because of the inherent unreliability of the human scoring upon
which it is both modeled and evaluated. Therefore, the interrater agreement among human raters is commonly
evaluated as a precursor to automated scoring modeling and evaluation. Consequently, additional measures for the
quality of automated scores relative to the quality of the human scores are included in the evaluation framework as
well. Two such measures are described next.

Degradation. Another measure of performance in relationship with human scores is degradation, which recog-
nizes the inherent relationship between the reliability of human scoring and the performance of automated scoring.
The agreement between human and automated scores is compared to the agreement between two human scores,
and it is a concern when the automated-human scoring agreement is more than 0.10 lower, in either QWK or cor-
relation, than the human -human agreement.

This performance standard prevents circumstances in which automated scoring may reach the 0.70 threshold but
still be notably deficient in comparison with human scoring. It should be noted that, in practice, occasionally cases
are observed in which the automated-human agreement for a particular prompt has been slightly less than the 0.70
performance threshold but very close to a borderline performance for human scoring (e.g., an automated-human
weighted kappa of 0.68 and a human -human kappa of 0.71), and such models have been approved for operational
use on the basis of being highly similar to human scoring and consistent with the purpose of the assessment for
which they are used. Similarly, it is common to observe automated-human absolute agreements that are higher than
the human - human agreements for prompts that primarily target general writing quality.

Standardized mean score difference. A third criterion for association of automated scores with human scores is
that the standardized mean score difference (standardized using the standard deviation of the distribution of human
scores) between the human scores and the automated scores cannot exceed 0.15. This standard ensures that the
means of the automated and human score distributions are comparable.

e Association with external variables. There are problems and concerns with human scoring that represent a range
of potential pitfalls, including halo effects, fatigue, tendency to overlook details, and problems with consistency
of scoring across time (Braun, 1988; Daly & Dickson-Markman, 1982; Hales & Tokar, 1975; Hughes & Keeling,
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1984; Hughes, Keeling, & Tuck, 1980a, 1980b, 1983; Lunz, Wright, & Linacre, 1990; Spear, 1997; Stalnaker, 1936).
Therefore, it is of relevance to investigate more than just the consistency with human scores and also to evaluate
the patterns of relationship of automated scores, compared to their human counterparts, with scores from external
measures. Scores on other test sections to examine within-test relationships, and external scores, such as scores
from self-reported measures of interest (e.g., grades in English class, academic majors), are some examples that are
used for this purpose. It should be noted that the external scores that are available are typically not a direct external
measure of exactly the same construct, which often poses some challenges for interpretation.

o Subgroup differences. In evaluating fairness of automated scoring, the goal is to investigate any unwarranted impact
of substituting a human rater with an automated score on subgroups of examinees. Due to lack of a suitable differen-
tial item functioning measure for this purpose, two approaches have been proposed and implemented as measures
of fairness for e-rater, specifically, to identify patterns of systematic differences in the distribution of scores between
human and automated scoring for subgroups at the reported score level. The first is extending the flagging crite-
rion of standardized mean score differences from the prompt-level analysis discussed above to the evaluation of
subgroup differences. A more stringent standard of 0.10 has been adopted at ETS and is applied to all subgroups of
interest.

The second approach is examination of differences in the predictive ability of automated scoring by subgroup.
This consists of two classes of prediction that are likewise related to the standards and processes discussed above.
First is to compare an initial human score and the automated score in their ability to predict the score of a second
human rater by subgroup. The second type of prediction is comparing the automated and human score ability to
predict an external variable of interest by subgroup. The approaches and the methods can be selected and applied
as appropriate for programs and assessments.

o Operational impact analysis. The final step is to determine the impact of introducing automated scoring on the
aggregate reported score level for the writing section. This is evaluated by simulating the score for the evaluation
sample that would result from substituting an automated score for a human score and by determining the distribu-
tion of changes in reported scores that would result from such a substitution. This lends an additional opportunity
to predict the performance of scoring under the proposed model (automated and human) by comparing it to that
of the traditional model (two human raters). The types of empirical analyses conducted for this purpose include an
examination of the rate and degree of raw and scaled score differences (as well as classification rates if applicable)
resulting from the change, and the degree of differences in association of reported scores to other test scores and
external criteria, both at the overall and at the subgroups level. Additionally, the number of second and third human
readings is compared under the human-automated and human - human models as a measure of efficiency. All the
analyses in this stage allow for the consideration of issues in scale continuity and other factors that may bear on the
decision to implement automated scoring.

Regarding adjudication thresholds, alternative thresholds are considered for the definition of discrepancy when eval-
uating the operational agreement between automated and human scores. In human scoring, it is common practice for
most scoring scales in high-stakes programs that use double-human scoring to consider scores that are one point apart
(e.g., one rater issuing a 3 and the other a 4) to be in agreement under the interpretation that reasonable judges following
the rubric may differ, especially when evaluating a borderline submission. Typically, when two human scores are consid-
ered discrepant, an adjudication process occurs in which additional human raters are used, and a resolution process is
followed to determine the final reported score. These adjudication and resolution processes vary substantially by program
and are sometimes conditional on the particular distribution of initial human scores produced. In the implementation of
automated scoring with precise values recorded (decimal values), a wider range of options is available for defining agree-
ment, each of which has implications for the extent to which the results of automated scoring influence the final reported
scores and, therefore, the ultimate evaluation of impact under the procedures defined above. For example, a 0.5 agreement
threshold between human and automated score is more conservative than a 1.5 threshold and will likely result in fewer
cases receiving automated scores. The final decision on the acceptable threshold is made by the test program.

Data

More than 68,000 operational responses across 35 items were drawn from the available test records from July 2009 to June
2010, which resulted in roughly 2,000 responses per essay item. Along with the two human rater scores for each essay,
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several additional variables were included for analysis, such as test-taker background variables (gender, ethnicity, English
as their first language) and other Praxis I test scores on the math and reading sections. The data provided by the Praxis
program met all the standards for automated scoring model building and evaluation as described previously.

Methods

The e-rater v10.1 was used for the study. This version of e-rater had 11 features, nine for measuring aspects of general
writing quality, including the positive feature on correct use of collocations and prepositions newly introduced in this
version, and the two content prompt-specific vocabulary use features. The sentence variety feature was introduced as a
new macrofeature in e-rater v13.1 and was, therefore, not included in version 10.1. However, it should be noted that during
the annual engine upgrade process each year, new models are built and evaluated using the latest e-rater version for all
high- and low-stakes assessments using e-rater for operational scoring. The initial evaluations under v10.1 were, therefore,
followed by an upgrade of the scoring model under e-rater v13.1, the current version at the time of writing this report, as
well as refresh of the data (used for model building) by addition of more recent data for a small subset of the items. No
new prompts were added to the pool of 33 prompts from 2010; however, based on availability, data were refreshed for 9
of the 33 prompts by adding 400 cases for each of these prompts (200 each to model build and cross-validation sets). The
results for the updated model are discussed in the report after presenting all the results from initial evaluations.

The review of task design, scoring rubric, human scoring rules, reporting goals, and claims and disclosures for the
assessment were made in conjunction with the Praxis program as the study progressed. The expert test developers for the
Praxis program evaluated the construct measured by the scoring rubric for the Praxis I essay tasks against the construct
represented by e-rater features to determine overlap and/or consistency. The scoring rubric is included in Table Al.

Prompt-specific and generic scoring models were built and evaluated for the Praxis I essay response data from 2009 to
2010 using e-rater v 10.1. The sample size was 200 test takers per prompt for the model-build set for all model types, and
the remaining number of responses for each prompt determined the sample size for the evaluation set. The sample size for
the evaluation set for each prompt can be found in the appendix tables reporting results for each model at the prompt level.

Agreement statistics for automated scores with human scores were computed for all e-rater models built and evaluated
for the Praxis essay response data. For computing exact and adjacent agreement percentages and QWK statistics, the
raw e-rater scores are first brought into range to align with the score scale (1-6 for Praxis I essay tasks) and rounded to
integers for comparison against the integer human scores. For other agreement statistics, such as Pearson correlation and
standardized mean score differences, unrounded e-rater scores aligned with the score scale are used for comparison with
human scores. A summary of the flagging criteria and conditions for evaluating model performance, explained previously
under the evaluation criteria, is included in Table A2. The proposed model for implementation was then subjected to
the remaining evaluation criteria of association with external variables, subgroup differences, agreement thresholds for
adjudication, and operational impact analysis.

Various thresholds for allowable discrepancy levels between e-rater and human scores are examined to maximize cost
savings related to the use of a second human grader while ensuring valid e-rater scores with acceptable agreement levels
with human scores, comparable correlations with external measures, and minimal subgroup differences. The allowable
discrepancy threshold between the two human scores on the Praxis I essay task is 1 point. Scores discrepant by more than
1 point (that is, apart by 2 or more points as outlined previously under Praxis I scoring rules) are routed to a third human
rater. Since e-rater produces real values unlike human scores, which are restricted to integer values, scores greater than
1 but less than or equal to 1.4999 are rounded down to 1 under normal rounding rules. Hence, replicating the Praxis
I scoring rules, a contributory model at threshold of 1.5 was chosen for evaluating the impact of including e-rater in
operational scoring for the Praxis I essay task.

The impact of implementation on operational or reported scores was determined by examining the change in scale
score distribution and pass-fail rates at the overall and subgroup level, upon substituting one human score with an e-rater
score and computing the writing score (referred to as the simulated score) under the preferred implementation model
(contributory score with 1.5 agreement threshold). A 95% confidence interval was constructed around the mean reported
scale score for each subgroup. Further, as noted in the introduction, every state or agency that uses Praxis I test scores
for licensing decisions sets its own requirements and passing score. Therefore, pass-fail indicators were created for all test
takers based on the designated institute state recipient (state/institute) and the state’s certification procedure, and change
in pass-fail rates as a result of substituting one human score with an e-rater score was examined at the state level.
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The anticipated number of second human ratings for scores based on all-human scoring and scores based on human
and e-rater combined were compared. For two human scores, the third rating was provided by a third human rater when
the human scores differ by 2 or more points. For one human and one e-rater score, the third rating was provided by a
second human rater when the human and e-rater scores differ by 1.5 points or more, or if e-rater issued an advisory flag.

Results
Construct Relevance

The test developers for the Praxis program and the writing experts at ETS evaluated the construct measured by the scoring
rubric for the Praxis I essay tasks against the construct represented by e-rater features and determined a sufficient overlap
and/or consistency. The Praxis I essay tasks require test takers to clearly and effectively state a thesis, develop and organize
ideas with reasons and examples, use effective sentence construction and variety, and display facility with good language
use by producing writing that is free of grammatical and mechanical errors. The organization and development features
in e-rater effectively evaluate the structural and transition elements, such as thesis, as emphasized by the rubric. The use of
language facility (grammar, usage, and mechanics) and sentence variety are evaluated by e-rater by means of a variety of
microfeatures that measure sentence-level errors (e.g., run-on sentences and fragments), grammatical errors (e.g., subject-
verb agreement), and types of clauses and phrases. Based on this mapping, it was concluded that all the key elements of
the scoring guide are sufficiently measured by e-rater features. The similarity between essay tasks and the scoring guides
across Praxis I, GRE, and TOEFL further lent supporting evidence for sufficient construct coverage under e-rater for
scoring Praxis I writing tasks.

Advisory Analyses

All advisories were evaluated against human 1 (H1) ratings, individually and sequentially, and, as a result, four flags were
identified for use in operational scoring—reuse of language (flag 2), less development of the key concepts than other
essays written on the topic (flag 4), unidentifiable organizational elements (flag 256), and excessive number of problems
(large number of grammar, usage, and mechanics errors; flag 512) —along with filters to remove responses that were too
short (less than 25 words or two sentences; flag 64) and/or too long (greater than 1,000 words; flag 128). The use of the
recommended advisory rules resulted in a very small number of additional cases, 3%, requiring double-human scoring.
Table 2 reports the flagging rates conditional on the first human score.

Agreement With Human Scores

Evaluation of the differences in raw scores under human-e-rater (H1-e-rater) scoring compared to human-human
(H1-H2) scoring was conducted. Recall that the raw e-rater scores are produced on a continuous scale under the lin-
ear regression model. Table 3 shows results for QWK, Pearson correlations, standardized mean score differences, and
degradation of e-rater-human agreement from human -human agreement.

For the operational Praxis I essay tasks, there was a 68% exact agreement and 99% exact plus adjacent agreement
between scores given by two human raters. The QWK and correlation for scores by human raters was 0.74.

Table 2 Flagging Rates for the Praxis I Essay Items

Human score No flag Flag % Flagged® Row sum
1 13 7 35 20
2 389 32 8 421
3 2,445 95 4 2,540
4 3,062 75 2 3,137
5 794 4 1 798
6 84 0 0 84
Total 6,787 213 3 7,000

*Decimal values rounded up.
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Table 4 Human and e-rater Score Correlations With Other Measures

Praxis I reading Praxis I mathematics Praxis I Praxis I
scaled score scaled score MC score writing scaled score
Human score 0.32 0.31 0.36 0.73
e-rater score 0.30 0.32 0.35 0.69
Unsigned difference 0.02 0.01 0.01 0.04

The agreement between human and automated scoring was evaluated under both generic and prompt-specific models.
The human -e-rater agreement was comparable to the agreement between human raters under the preferred generic e-
rater model. All the standard e-rater evaluation criteria were sufficiently met at the aggregated level with improved QWK
and correlations for e-rater with human score (QWK =0.78, r = 0.82). The agreement between e-rater and human scor-
ing met the expectation of minimal degradation (decrease in associate measures of less than .10) from human-human
agreement. In fact, the degradation was actually an increase, in that the difference between the interrater agreement of
humans (correlation of .74) was lower than the automated-human agreement (correlation of 0.82). It reflected an average
improvement in agreement of 0.08, while QWK improved by 0.04 when using an automated rating. The mean score dif-
ferences between human and e-rater across prompts was —0.01 at the overall level, well within the accepted limit of 0.15
of a standard deviation (using the standard deviation of the human-score distribution).

The tables reporting results for each model at the prompt level are included in Appendix B (Tables B1 and B2). The
bold numbers in these tables fail to meet the threshold values for the respective statistic. It should be noted that all the
threshold values are evaluated to four decimal places for flagging purposes. For the results at the prompt level, the QWK
and correlation values for the two human scores, which serve as the baseline for human with e-rater agreement statistics,
failed to meet the acceptable threshold for one of the 35 prompts. For the automated scores, all the performance standards
were met under the generic model, except for two of the 35 prompts for which human and e-rater mean score difference
exceeded the threshold of 0.15. These two prompts (VB315230 and VB398189) were removed, and the generic model was
rebuilt and evaluated on the remaining 33 prompts. The prompt-level results reported in Tables B1 and B2 are for the pool
of 33 prompts.

Based on the results for the evaluation criteria at the aggregate and the prompt level, the preferred generic model fared
well for Praxis I essay tasks. Because of the unusual performance of prompts VB315230 and VB398189, these two prompts
were recommended to be removed from the operational prompt pool with e-rater in use for scoring. The subsequent
analyses use e-rater scores produced from the generic scoring model built on the pool of 33 prompts for validity evidence
supporting use of automated scoring for Praxis I essay task.

Association With External Measures

We computed correlations for e-rater and human scores with external measures such as scores on other test sections
(Praxis I reading and mathematics), the total right score for the MC section of the writing test, and the total scaled score
for the writing section. Table 4 reports the association of the rounded e-rater scores from the generic model and human
scores with the scores on external measures, that is, scores on other test sections (Praxis I reading and mathematics), the
total right score for the MC section of the writing test, and the total scaled score for the writing section.

The correlations with the external variables for e-rater and human scores were comparable, with correlations for e-rater
scores lower for reading and MC test scores by 0.01 and for the scaled score for the writing test by 0.04, and correlations
for human scores lower for the mathematics test score by 0.01.

Subgroup Differences

Performance of the preferred scoring model was evaluated for systematic differences in e-rater scores across subgroups
based on gender, first language, and ethnicity. Table 5 shows the results for QWK, Pearson correlation, standardized mean
score difference, and degradation of e-rater-human agreement from human-human agreement for the one subgroup of
the Asian Pacific Islander ethnic group, the only subgroup with absolute value of mean score difference greater than the
threshold of 0.10 (SMD = 0.11, with higher e-rater scores). The standardized mean score differences at the subgroup level
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Table 6 Total Writing Score Correlations With Other Measures Under Contributory Score Model for e-rater

Praxis I Praxis I Praxis I
reading scaled mathematics scaled Praxis I writing scaled
score score MC score score
Essay score (all human) 0.34 0.33 0.39 0.78
Essay score (with e-rater) 0.33 0.33 0.38 0.76
Unsigned difference 0.01 0 0.01 0.02
Raw weighted composite writing score (all human) 0.63 0.56 0.87 1.00
Raw weighted composite writing score (with e-rater) 0.63 0.56 0.87 0.98
Unsigned difference 0 0 0 0.02

were evaluated again by simulating the writing score (using e-rater under the preferred model for implementation) to
assess the impact on reported scores.

It should be noted that for subgroups with small sample sizes (less than 1,000 test takers), any differences around the
value of 0.10 are not considered for further formal review. Results for other subgroups that were evaluated (gender, English
as first language, and other ethnic groups) are included in Appendix B (Table B3). Human - e-rater agreement was slightly
better than human -human agreement for the African American and American Indian group of test takers.

Models for Implementation

Table 6 reports the correlations of final scores for the Praxis I writing test simulated under the contributory score model
at 1.5 threshold with other measures. The simulation entails substituting one human score with the e-rater score, and
computing the essay score and the total writing score under the contributory model with 1.5 agreement threshold between
human and e-rater score. Compared to the operational writing score produced using two or more human ratings, the new
simulated writing scores produced using combined e-rater and human scores show fairly similar association with scores
on other Praxis I test sections, the total right score for MC section, and the total scaled score for writing. As mentioned
previously, the standardized mean differences at the subgroup level were examined again, and there were no subgroup
differences of concern under this model (Table B4).

Impact of Implementation

To examine the impact of implementing e-rater, the score distribution for operational reported scale scores based
on human scores and the simulated scores using e-rater were compared. The rate of perfect agreement at the overall
level was approximately 50%, with 1 point discrepancies occurring approximately 43% of the time. These discrepan-
cies are evenly divided between increases and decreases in scale scores, with 25% increasing by 1-2 points and 24%
decreasing by 1-2 points (see Table B5). Also, at the reported score level, there was no demographic subgroup for
which mean simulated score differed from the operational mean by more than chance variation. All simulated mean
scores fell within the 95% confidence interval constructed around the mean reported scale score for each subgroup
(see Table B6).

Overall, there was no change in the passing status for almost 96% of test takers. At the subgroup level (gender, ethnicity,
and English as first language), there was no change in the passing status of 94-96% of test takers. Based on the student’s
designated institute recipient (state level), there was no change in the passing status for 92-100% of students. When
status did change, candidates were approximately split between changing from pass to fail status or vice versa (see Tables
B7 and BS).

On comparing the anticipated number of second human ratings for scores based on all-human scoring and scores
based on human and e-rater combined, only 4% of cases were identified as the ones that will need more than one human
score when using e-rater, suggesting more efficient use of human raters and reduced score turnaround time.

The results for the upgraded model under the e-rater engine v13.1 are highly similar to the results observed for the
original model, while eliminating a previous violation of standardized mean score difference threshold at the subgroup
level (SMD =0.11 for Asian Pacific Islander group). And with no new additions to the prompt pool and relatively minor
differences in the computation of the total writing score, it was agreed upon by all stakeholders that the original results
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generalize to the new test sufficiently therefore not warranting a full reevaluation. The performance results for the updated
model under engine v13.1 are included in Appendix B (Tables B9 and B10).

Conclusion

Prompt-specific and generic scoring models were built and evaluated on Praxis I essay response data from July 2009 to
June 2010 using e-rater v10.1. These data comprised about 68,000 essay responses written to 35 prompts; eventually, data
for two prompts were excluded from the study on account of poor fit for automated scoring. Criteria for evaluation of
e-rater scoring models included level of agreement with human scores, degradation in agreement from human scoring,
standardized mean score differences between human and automated scoring, and correlations with external variables
(such as scores on other Praxis I test sections, total right score for MC writing, and total scaled score for writing). Based
on the evaluation criteria, a generic model was recommended for implementation for operational use. Performance of
the generic model was further evaluated across different demographic subgroups. Results revealed adequate performance
at the subgroup level, with an exception of discrepancy between e-rater and human scores for Asian Pacific Islander test
takers (about one 10th of a SD higher than the human score).

The use of e-rater score was investigated as a contributory score. Under the contributory score model, e-rater score was
checked for agreement with the first human score within an empirically established range, beyond which a second human
score was required. The sum of the human and e-rater scores became the final score for the essay, unless a second human
rating was required. Various agreement thresholds were considered under the contributory score model to minimize
differences across the subgroups. Discrepancy threshold of 1.5 points between the automated and the human score was
selected to yield performance as similar as possible to double-human scoring, and with significant savings in second
human ratings. The observed mean score difference for the one subgroup was mitigated at the overall reported score level
under the chosen implementation model.

As a result of this study, a generic e-rater scoring model producing an automated score as a replacement for a second
human score when the agreement threshold was within 1.5 units of the first human score was recommended for opera-
tional use in the Praxis I program. Based on the results under the more recent version that meet all performance criteria,
the updated model was determined suitable for operational use. As part of future efforts, it will be critical to monitor and
evaluate the operational performance of the scoring model from time to time to account for any changes in the examinee
characteristics, human scoring trends over time, and new feature developments and enhancements in the e-rater engine.
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Appendix A. Organization and Flagging Criteria of e-rater, Scoring guide
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Figure A1 Organization and construct coverage of e-rater v13.1 Adapted from “Evaluating the Construct Coverage of the e-rater
Scoring Engine” (Research Report No. RR-09-01), by T. Quinlan, D. Higgins, and S. Wolff, 2009, p. 9. Copyright 2009 by Educational
Testing Service, Princeton, NJ.

Table A1 Praxis I Essay Scoring Guide

Score

Description

6

A 6 essay demonstrates a high degree of competence in response to the assignment but may have a few minor errors.
An essay in this category:

o states or clearly implies the writer’s position or thesis

e organizes and develops ideas logically, making insightful connections between them

o clearly explains key ideas, supporting them with well chosen reasons, examples, or details

o displays effective sentence variety

o clearly displays facility in the use of language

e is generally free from errors in grammar, usage, and mechanics
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Table A1 (continued)

Score Description

5 A 5 essay demonstrates clear competence in response to the assignment but may have minor errors.
An essay in this category:

e states or clearly implies the writer’s position or thesis
e organizes and develops ideas clearly, making connections between them
e explains key ideas, supporting them with relevant reasons, examples, or details
o displays some sentence variety
o displays facility in the use of language
e is generally free from errors in grammar, usage, and mechanics
4 A 4 essay demonstrates competence in response to the assignment.
An essay in this category:

o states or implies the writer’s position or thesis

e shows control in the organization and development of ideas

e explains some key ideas, supporting them with adequate reasons, examples, or details
o displays adequate use of language

e shows control of grammar, usage, and mechanics, but may display errors
3 A 3 essay demonstrates some competence in response to the assignment but is obviously flawed.
An essay in this category reveals one or more of the following weaknesses:

e limited in stating or implying a position or thesis
e limited control in the organization and development of ideas
e inadequate reasons, examples, or details to explain key ideas
e an accumulation of errors in the use of language
e an accumulation of errors in grammar, usage, and mechanics
2 A 2 essay is seriously flawed.
An essay in this category reveals one or more of the following weaknesses:

 no clear position or thesis

e weak organization or very little development

e few or no relevant reasons, examples, or details
e frequent serious errors in the use of language

e frequent serious errors in grammar, usage, and mechanics
1 A 1 essay demonstrates fundamental deficiencies in writing skills.
An essay in this category:

e contains serious and persistent writing errors or
e is incoherent or
e is undeveloped

Table A2 Flagging Criterion and Conditions

Flagging criterion Flagging condition

Quadratic-weighted kappa between e-rater score and human score Quadratic-weighted kappa less than 0.70

Pearson correlation between e-rater score and human score Correlation less than 0.70

Standardized difference between e-rater score and human score Standardized difference greater than 0.15 in absolute value

Notable reduction in quadratic-weighted kappa or correlation Decline in quadratic-weighted kappa or correlation of
from human -human to automated-human greater than 0.10

Standardized difference between e-rater score and human score Standardized difference greater than 0.10 in absolute value

within a subgroup of concern

Note. All the threshold values are evaluated to 4 decimal values for flagging.
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Evaluation of e-rater® for the Praxis I® Writing Test

Table B4 Subgroup Differences Under Contributory Score Model at 1.5 Threshold

Human score by e-rater contributory score

Human score

E-rater
contributory score

Stats

N M SD M SD SMD QWK % agree % adjagree r
Gender Female 22,926 7.39 1.53 7.39 1.53 0.00 0.95 1 96 0.95
Male 8,068  7.17 1.63 7.17 1.63 -0.02 0.95 0 96 0.95
Ethnicity African American 3,527  6.65 1.51 6.65 1.51 -0.01 0.93 1 94 0.94
American Indian 183 7.06 1.54 7.06 1.54 —0.03 0.95 2 98 0.95
Asian Pacific Islander 832 713 164 713 1.64 0.05 0.95 2 95 0.95
Hispanic 1,056  6.94 1.66  6.94 1.66 0.02 0.95 1 93 0.95
Other 745  7.16 1.56 7.16 1.56 0.01 0.95 0 95 0.95
Unknown 62 7.29 1.53 7.29 1.53 0.03 0.94 0 94 0.94
White 24,604  7.46 1.53 7.46 1.53 —-0.01 0.95 0 97 0.95
First language English 28,764  7.37 1.55 7.37 1.55 —-0.01 0.95 0 96 0.95
Other 2,245 6.90 1.67  6.90 1.67 0.03 0.95 2 93 0.95

Note. Adj=adjacent; M = mean; QWK = quadratic-weighted kappa; = correlation; SD = standard deviation; SMD = standardized

mean difference.

Table B5 Change in Scale Score Distribution Overall and by Gender and Ethnicity

Difference scaled

-6 -5 -4 -3 =2 -1 0 1 2 3 4 5 6 7 8 9 10 11 Total
Overall 0 0.01 0.01 0.07 2.83 21.29 50.48 22.02 2.86 0.27 0.03 0.06 0.05 0.02 0 0 O O 100
Male 0 0 0 0.03 0.88 592 1346 5.36 0.72 0.07 0 0.02 0.02 0 00 0 0 2647
Female 0 0.01 0.01 0.04 195 15.37 37.02 16.66 2.15 0.21 0.02 0.04 0.03 002 0 0 O O 73.53
African American 0 0 0 0.02 041 246 5.8 243 04 0.04 0 0.01 0.01 O 00 0 O 11.58
American Indian 0 0 0 0 0.02 0.14 024 0.12 001 0 0 0 0 0 00 0 O 0.53
Asian Pacific Islander 0 0 0 0 0.06 0.46 133 0.74 0.11 0.02 0 0 0 0 00 0 O 2.72
Hispanic 0 0 0 0 0.11 0.65 1.7 0.78 0.16 0.02 0 0.01 0 0 00 0 O 3.43
Other 0 0 0 0 0.08 0.52 1.21 0.52 0.07 0.02 0 0 0 0 00 0 O 2.42
Unknown 0 0 0 0 0 0.04 0.09 0.03 001 O 0 0 0 0 00 0 O 0.18
White 0 0.01 0.01 0.05 2.15 17.04 40.11 174 2.09 0.18 0.02 0.04 0.03 001 0 O O O 79.13
Table B6 95% ClIs for Simulated Scores by Gender and Ethnicity
95% CI

N M diff SEM Lower Upper
Overall 65,883 0.02 0.02 174.69 174.76
Female 48,423 0.04 0.02 174.72 174.80
Male 17,428 —0.02 0.04 174.57 174.72
African American 7,631 0.01 0.05 171.78 171.97
American Indian 351 —0.07 0.25 172.63 173.60
Asian Pacific Islander 1,791 0.18 0.12 173.44 173.92
Hispanic 2,261 0.10 0.10 172.79 173.20
White 52,135 0.01 0.02 175.24 175.32

Note. CI = confidence interval; M diff = mean difference (simulated-operational); SEM = standard error of measurement.
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Table B7 Pass Rate Overall and by Gender and Ethnicity

Evaluation of e-rater® for the Praxis I® Writing Test

N Variable N Proportion passing SD M
Overall current 65,883 P_F op 61,423 0.68 0.47 174.7
Overall simulation P F 0.68 0.47 174.7
Female 48,423 Current rate 45,102 0.68 0.47 174.8
Simulated rate 0.69 0.46 174.8
Male 17,428 Current rate 16,290 0.66 0.47 174.6
Simulated rate 0.67 0.47 174.6
African American 7,631 Current rate 6,884 0.42 0.49 171.9
Simulated rate 0.43 0.50 171.9
American Indian 351 Current rate 302 0.5 0.50 173.1
Simulated rate 0.51 0.50 173.1
Asian Pacific Islander 1,791 Current rate 1,584 0.64 0.48 173.7
Simulated rate 0.66 0.47 173.9
Hispanic 2,261 Current rate 1,977 0.55 0.50 173
Simulated rate 0.56 0.50 173.1
White 52,135 Current rate 49,139 0.72 0.45 175.3
Simulated rate 0.73 0.45 175.3
Table B8 Pass Rate by State
Passing score DI_STATE N Variable N Proportion passing SD M
174 AK 414 Current rate 414 0.68 0.47 176
Simulated rate 414 0.7 0.46
173 AL 76 Current rate 76 0.62 0.49 174
Simulated rate 76 0.59 0.5
173 AR 3,232 Current rate 3,232 0.65 0.48 175
Simulated rate 3,232 0.65 0.48
173 AZ 424 Current rate 424 0.55 0.5 173
Simulated rate 424 0.55 0.5
173 CA 97 Current rate 97 0.87 0.34 177
Simulated rate 97 0.86 0.35
173 CcO 363 Current rate 363 0.78 0.42 176
Simulated rate 363 0.79 0.41
171 CT 1,376 Current rate 1,376 0.85 0.36 175
Simulated rate 1,376 0.86 0.35
171 DC 908 Current rate 908 0.9 0.31 178
Simulated rate 908 0.9 0.3
173 DE 850 Current rate 850 0.69 0.46 175
Simulated rate 850 0.69 0.46
173 FL 28 Current rate 28 0.57 0.5 175
Simulated rate 28 0.57 0.5
173 GA 45 Current rate 45 0.44 0.5 173
Simulated rate 45 0.44 0.5
170 GU 145 Current rate 145 0.77 0.42 173
Simulated rate 145 0.79 0.41
171 HI 645 Current rate 645 0.83 0.38 176
Simulated rate 645 0.84 0.37
173 IA 1,629 Current rate 1,629 0.75 0.44 175
Simulated rate 1,629 0.75 0.44
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Table B8 (continued)

Evaluation of e-rater® for the Praxis I® Writing Test

Passing score DI_STATE N Variable N Proportion passing SD M

173 1D 447 Current rate 447 0.73 0.44 175
Simulated rate 447 0.73 0.44

173 IL 55 Current rate 55 0.64 0.49 175
Simulated rate 55 0.66 0.48

172 IN 4,621 Current rate 4,621 0.83 0.37 176
Simulated rate 4,621 0.83 0.37

173 KS 918 Current rate 918 0.67 0.47 175
Simulated rate 918 0.67 0.47

173 KY 415 Current rate 415 0.49 0.5 173
Simulated rate 415 0.5 0.5

175 LA 2,419 Current rate 2,419 0.28 0.45 172
Simulated rate 2,419 0.28 0.45

173 MA 49 Current rate 49 0.67 0.47 176
Simulated rate 49 0.67 0.47

173 MD 2,775 Current rate 2,775 0.69 0.46 175
Simulated rate 2,775 0.7 0.46

172 ME 761 Current rate 761 0.86 0.35 176
Simulated rate 761 0.85 0.36

173 MI 146 Current rate 146 0.59 0.49 173
Simulated rate 146 0.56 0.5

173 MN 2,753 Current rate 2,753 0.73 0.44 176
Simulated rate 2,753 0.74 0.44

173 MO 40 Current rate 40 0.73 0.45 175
Simulated rate 40 0.75 0.44

172 MS 3,030 Current rate 3,030 0.53 0.5 172
Simulated rate 3,030 0.53 0.5

173 MT 53 Current rate 53 0.81 0.4 177
Simulated rate 53 0.87 0.34

173 NC 2,827 Current rate 2,827 0.6 0.49 174
Simulated rate 2,827 0.61 0.49

173 ND 523 Current rate 523 0.65 0.48 174
Simulated rate 523 0.65 0.48

172 NE 1,816 Current rate 1,816 0.74 0.44 175
Simulated rate 1,816 0.74 0.44

172 NH 543 Current rate 543 0.81 0.39 176
Simulated rate 543 0.8 0.4

173 NJ 1,506 Current rate 1,506 0.7 0.46 175
Simulated rate 1,506 0.71 0.45

173 NM 4 Current rate 4 1 0 181
Simulated rate 4 1 0

172 NV 1,189 Current rate 1,189 0.68 0.47 174
Simulated rate 1,189 0.69 0.46

173 NY 118 Current rate 118 0.81 0.39 178
Simulated rate 118 0.82 0.38

173 OH 1,815 Current rate 1,815 0.59 0.49 174
Simulated rate 1,815 0.6 0.49

172 OK 17 Current rate 17 0.77 0.44 176
Simulated rate 17 0.77 0.44

171 OR 490 Current rate 490 0.94 0.24 178
Simulated rate 490 0.94 0.24

173 PA 7,961 Current rate 7,961 0.78 0.42 176
Simulated rate 7,961 0.78 0.42

173 RI 502 Current rate 502 0.73 0.44 175
Simulated rate 502 0.74 0.44
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Table B8 (continued)

Passing score DI_STATE N Variable N Proportion passing SD M

173 SC 2,026 Current rate 2,026 0.53 0.5 173
Simulated rate 2,026 0.54 0.5

173 SD 270 Current rate 270 0.68 0.47 175
Simulated rate 270 0.68 0.47

173 N 2,470 Current rate 2,470 0.57 0.5 174
Simulated rate 2,470 0.58 0.49

173 X 34 Current rate 34 0.56 0.5 174
Simulated rate 34 0.53 0.51

173 UT 955 Current rate 955 0.76 0.43 175
Simulated rate 955 0.76 0.43

176 VA 2,410 Current rate 2,410 0.45 0.5 175
Simulated rate 2,410 0.46 0.5

172 VI 18 Current rate 18 0.44 0.51 171
Simulated rate 18 0.5 0.51

174 VT 290 Current rate 290 0.68 0.47 175
Simulated rate 290 0.7 0.46

173 WA 73 Current rate 73 0.82 0.39 176
Simulated rate 73 0.8 0.41

174 WI 3,928 Current rate 3,928 0.7 0.46 176
Simulated rate 3,928 0.71 0.46

172 WV 912 Current rate 912 0.68 0.47 174
Simulated rate 912 0.68 0.47

173 WY 12 Current rate 12 0.75 0.45 176
Simulated rate 12 0.75 0.45

Note. DI = designated institute.
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