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For the past decade, a majority of students in the United States have failed to meet
grade level standards for reading and writing. Reports from the National Center for
Education Statistics in 2004 through 2013 document that only a small percentage
of middle school and high school students meet national standards of proficiency in
reading and writing (Persky et al. 2003; Salahu-Din et al. 2008; National Center for
Education Statistics (NCES) 2012; Glymph 2010; 2013; Glymph and Burg 2013).
To achieve proficiency, students must master multiple kinds of verbal and reasoning
skills, and this mastery takes years to develop. Much of this development happens
in the years from middle school through college, where reading and writing instruc-
tion are secondary to disciplinary instruction. This includes reading and writing in
STEM subjects, which receives less attention that more formal STEM skills, but is
an important aspect of science education (Norris and Phillips 2003; Yore et al. 2004).
Intelligent tutoring systems (ITS) for STEM subjects are being supplemented with
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similar systems for reading or writing instruction in STEM subjects, whether through
ITS or other technologies.

Corrective measures for students’ poor reading and writing skills should at least
include increased time for students to practice, attempts to diagnose and provide
guidance regarding the skills where they are weak, and targeted feedback while they
practice (Kintsch 1990; Kellogg 2008; Johnstone et al. 2002; Kellogg and Rauler-
son III 2007). However, teachers and schools typically lack the resources to provide
such supports. Furthermore, recent surveys indicate that teachers in the disciplines
feel ill-prepared to provide instruction in reading and writing skills (Kiuhara et al.
2009; Graham et al. 2014; Gillespie et al. 2014). An increasingly practical option
is to develop automated methods for evaluation, guidance, feedback, and instruc-
tion in reading and writing, to be deployed in a range of educational technologies.
Two lines of research that exemplify this vision are automated methods to apply
educational rubrics for reading and writing skills, and digital environments that
support source-based writing, meaning writing based on comprehension of source
texts.

The editors of two thematically-linked issues of IJAIED bring together five papers
on AI applied to stem writing skills, and five papers on automated rubrics, source-
based writing, or their combination. The five papers in the first of the two themati-
cally related issues address learning to write in STEM subjects, and focus on STEM-
specific tasks pertaining to writers’ use of evidence, ability to construct arguments or
explanations, or students’ level of engagement with science subject matter (Barstow
et al.; Klebanov et al.; Rahimi et al.; Tansomboon et al.; Wiley et al.). Three papers
address the analysis of explanation and argumentation in science writing (Rahimi
et al., Tansomboon et al., Wiley et al.). The paper by Klebanov et al. on engagement
with the subject matter has some methodological similiarities to the papers in the fol-
lowing issue that address application of NLP techniques to automating educational
rubrics. The five papers in the second of the two thematically related issues, how-
ever, more directly address how best to exploit NLP techniques to develop automated
rubrics that address multiple aspects of student essays (Knight et al.; Passonneau et
al.; Perin & Lauterbach; Rahimi et al.; Vajjala). A common thread linking many of
these papers is the desirability of methods that could ultimately provide automated
diagnostic feedback for students or teachers. Three of these papers (Passonneau et
al.; Perin & Lauterbach; Rahimi et al.) as well as the one by Weston-Sementelli et
al. focus on source-based or text-based writing tasks where the students read one or
more texts in preparation for the writing task, and where their performance reflects
their competence in both reading comprehension and writing. Very specific issues
are also addressed such as formative guidance in legal writing (Knight et al.), writ-
ing skills of low-skilled adults in community colleges (Perin & Lauterbach, and
indirectly Passonneau et al.), and second language learning (Vajjala).

Reading and Writing for STEM Subjects

The paper by Barstow et al. presents a study of college-level writing instruction
designed to fill gaps in research regarding the use of argument diagraming tools, and
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is foundational for subsequent design of intelligent tutoring systems. They contrast
the writing performance of a control group with a group who used a domain-general
diagramming tool and a group who used argument diagramming specific to the
domain of psychology. Both groups with argument diagramming had a significantly
greater number of relevant citations, and examples of opposing evidence. The latter
had a greater degree of validity of supporting and opposing citations.

To address the low retention rate of students in STEM subjects, the paper by
Klebanov et al. investigates the use of NLP in a writing intervention that relies
on utility value. College students have been found to have higher motivation for
subject matter that has utility value, meaning direct relevance to them. In the
utility value intervention, students articulate in writing how their courses relate
to their lives. Administration of the intervention has depended on costly training
of research assistants to assign utility value scores to student essays. This paper
asks whether NLP can be used to automatically identify students with low util-
ity value scores, who would then get additional instruction in articulating utility
value.

Evaluation of young students’ integration of reading comprehension and writing
is investigated by Rahimi et al., who apply NLP to a rubric for text-based writing.
The experiments address two dimensions of the rubric: students’ use of evidence,
and organization of ideas in support of a claim. As they note, AES methods often
rely on easily observed features that act as proxies for higher-level writing skills,
such as word counts and word length, and assign holistic scores that do not lend
themselves well to diagnostic analysis. In contrast, this study develops features that
directly represent components of the evidence and organization rubrics. In compar-
ison to baseline models that rely on proxy features, or that adopt existing methods
for analysis of text coherence, e.g., Barzilay and Lapata (2005) and Morris and
Hirst (1991), the methods developed here perform better and generalize well across
datasets.

Tansomboon et al. investigate adaptive guidance for students’ short answers to
science questions within a web-based science inquiry curriculum. The first of two
studies found that students demonstrated better learning if automated guidance was
personalized (e.g., with use of students’ names) and transparent (i.e., students were
provided age-appropriate explanations of how the computer selected feedback state-
ments). The effect was significant, but only for a school that comprised more students
with low prior knowledge. The second study compared two kinds of specific guid-
ance, asking students to revisit the ideas and prompting them on ways to plan a
revision, and found similar learning gains.

The paper by Wiley et al. considers the requirements for reliable scoring of text-
based explanation in science. Information on global warming was distributed across
ten texts that middle and high school students read before writing their essays to
explain the causes of global warming. The paper applies and compares two types of
manual assessment: scores based on a concept map of the ideas, and scores based on
causal chains of ideas. The scores had high interrater reliability, and were predictive
of performance on a comprehension test. The paper also discusses automating the
assessment using Coh-Metrix and LSA, combined with machine learned classifiers
for concept detection and causal connections.
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Automated Rubrics and Support for Source-Based Writing

Writing skills are argued to be particularly important for the legal profession in the
paper by Knight et al., which presents work on participatory design of a web appli-
cation, AWA (Academic Writing Analytics) that aims to provide automatic guidance
to law school students, to compensate for the lack of sufficient instructor time to pro-
vide detailed feedback on drafts from the large numbers of students in law programs.
On the question of whether an existing rhetorical parser from NLP can be tuned to
automtically select important sentences, a small sample of sentences (N=90) judged
by a human expert had very positive results. On the question of whether students
would find a tool that highlights key sentences in their own writing helpful, the results
were mixed, indicating a need to provide explanations to the students along with the
highlighting.

Summarization of source texts is often used as an instructional strategy for read-
ing comprehension and writing (Graham and Perin 2007). A defining characteristic
of a summary is selection of important content from source texts. To create a
reliable rubric to evaluate students’ summaries is costly. Automated methods to eval-
uate machine-generated summaries are designed to rank summarization systems on
multiple summarization tasks, and are not accurate enough to assess an individual
summary. The paper by Passonneau et al. presents a manual method to analyze the
content quality and coverage of summaries written by students or machines that
depends on construction of a content model derived from summaries written by pro-
ficient individuals (a wise crowd). The wise-crowed method correlates well with a
rubric designed to rate summaries written by community college students. Two auto-
mated NLP methods to apply wise-crowd content assessment also correlate well with
the educational rubric.

Perin and Lauterbach address automated essay scoring of text-based summaries
and text-based persuasive esssays for a specific population, low-skilled adults. They
test three Coh-Metrix indices that had been found sufficient to predict human-scored
writing quality of average-performing college students (McNamara et al. 2010).
While these indices are not good predictors for the low-performing adults, ten other
Coh-Metrix indices were identified that were predictive for this population. The
resulting measures had very high variance, which the authors interpret to reflect that
this population had diverse kinds of poor writing.

Automated Essay Scoring (AES) systems constitute a relatively well-developed
commercial technology for evaluation of students’ written essays (Burstein et al.
1998; Burstein 2003; Edelblut and Change 2004; Foltz et al. 2013; Landauer et al.
2003; Plakans and Gebril 2013; Rock 2007; Rudner et al. 2006). They typically
assign scores to essays on a 3-point or 4-point scale, and agree with human scorers as
well as human scorers agree with each other. The paper by Vajjala asks two questions
about the design of such systems, including application to second language learners:
what linguistic features are most general across different data sets? Does the first
language predict writing proficiency in the second language?

Weston-Sementelli et al. compare the effectiveness of ITS strategy instruction
for source-based writing, which includes reading comprehension, when students
are given only reading comprehension strategies, only writing strategy instruction,



Int J Artif Intell Educ (2017) 27:665–670 669

or a combination. Both content quality and writing quality are evaluated, and the
combination is found to be significantly more effective than either strategy alone.

As a whole, the ten papers in these two issues point to the near-term feasibility of
automated systems that can provide guidance and feedback to students and teachers
on students’ reading and writing skills, and promote engagement of students with
the subject matter they write about. As these technologies mature, they could help
create educational systems that promote the development of reading and writing skills
throughout the course of our students’ educations, and raise the proficiency of all
students.

We give special thanks to the Editors-in-Chief for their careful review of the whole
process, with guidance and feedback to ensure that the normal IJAIED review pro-
cesses were followed. We were grateful for the detailed instructions, monitoring and
support in this important aspect. It has meant that all papers received three high
quality reviews from experts in the field, with a comprehensive metareview from an
assigned editor who had no conflict of interest. We thank the IJAIED Associate Edi-
tors who handled the papers where the editors had conflicts, namely the papers by
Passonneau et al., Perin & Lauterbach and Weston-Sementelli et al.
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