
Effective Interfaces for Student-Driven Revision Sessions for
Argumentative Writing

Tazin Afrin
University of Pittsburgh

Pittsburgh, USA
tazinafrin@cs.pitt.edu

Omid Kashefi
University of Pittsburgh

Pittsburgh, USA
kashefi@cs.pitt.edu

Christopher Olshefski
University of Pittsburgh

Pittsburgh, USA
cao48@pitt.edu

Diane Litman
University of Pittsburgh

Pittsburgh, USA
litman@cs.pitt.edu

Rebecca Hwa
University of Pittsburgh

Pittsburgh, USA
hwa@cs.pitt.edu

Amanda Godley
University of Pittsburgh

Pittsburgh, USA
agodley@pitt.edu

ABSTRACT
We present the design and evaluation of a web-based intelligent
writing assistant that helps students recognize their revisions of
argumentative essays. To understand how our revision assistant
can best support students, we have implemented four versions of
our system with differences in the unit span (sentence versus sub-
sentence) of revision analysis and the level of feedback provided
(none, binary, or detailed revision purpose categorization). We first
discuss the design decisions behind relevant components of the
system, then analyze the efficacy of the different versions through a
Wizard of Oz study with university students. Our results show that
while a simple interface with no revision feedback is easier to use,
an interface that provides a detailed categorization of sentence-level
revisions is the most helpful based on user survey data, as well as
the most effective based on improvement in writing outcomes.

CCS CONCEPTS
•Human-centered computing→ Interactive systems and tools;
Graphical user interfaces; Web-based interaction; Natural language
interfaces; Empirical studies in interaction design; Empirical stud-
ies in HCI; • Applied computing → Education; • Computing
methodologies→ Artificial intelligence.
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1 INTRODUCTION
Argumentative writing has long been considered a key compo-
nent in academic and professional success. Educational research
has established that not only does argumentative writing produce
positive learning gains among students, but it also contributes to
more complex critical thinking skills [7, 15]. However, many stu-
dents lack the skill of developing an argumentative essay without
any writing instruction. Typically, instruction of argumentative
writing involves both the composition of multiple drafts of writ-
ing and revising those drafts based on formative feedback from
others (e.g. teachers, peers). Although most educators and writing
instructors agree on the importance of formative feedback, teachers
have observed that it can be especially time-consuming, and are
thus challenged to consider the balance between efficacy and effi-
ciency [16]. Research on peer feedback suggests that students often
do not benefit from peer responses unless peer reviewers have been
explicitly instructed how to do it [13].

As a solution, scholars of Natural Language Processing (NLP)
have worked toward developing automated writing assistant tools
in order to provide instant and constructive feedback to student
writers. Many of these tools, however, provide product-focused
feedback for one draft at a time (e.g. essay scoring [1], error cor-
rection [8], argument mining [4]), as opposed to process-focused
feedback, which could provide writers with information not only on
the quality of a single draft of writing, but also on the evaluation of
their revision patterns from previous to the current draft of an essay.
The idea behind ArgRewrite1, the tool described in this paper, is
that improving as a writer involves not only producing increasingly
higher quality writing, but it also involves improving on the way
one engages in the revision process. The ArgRewrite is designed
to help students iteratively revise and update their essays. While
previous work shows that feedback on textual revisions encourages
students to further revise their essays [30, 33], in this study we
want to understand the level of revision categorization (e.g., binary
versus detailed) and unit of analysis (sentence or sub-sentential)
that is most effective in helping students improve their essay. We
hypothesize that a more detailed categorization of a student’s re-
vision would be more useful. With that in mind, we design four

1http://argrewrite.cs.pitt.edu/
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web-based interface conditions of the ArgRewrite revision assis-
tant tool – ranging from control with no revision categorization to
sentence-level and sub-sentential revision categorization.

This article presents data from a lab-based experiment in which
users were provided with one of four different versions of the
web-based ArgRewrite tool, each of which differs in unit span of
revision analysis and levels of detail in the revision purpose cate-
gorization. Condition A is our control interface which provides no
feedback at all. Condition B provides binary revision categorization
for sentence-level revisions, condition C provides detailed revision
categorization for nine different types of sentence-level revisions,
and finally condition D used the same revision categorization as C,
but provided categorization for sub-sentential revisions. First, we
describe the interface components and design decisions for each
condition of the ArgRewrite. To understand the usefulness of each
condition, we then look at student perception of the system by
analyzing the user survey about the interface. Our analysis shows
that although our conditions with feedback are not always easy
to use compared to the simple control condition, students find the
revision categorization helpful to understand their revision effort
and weakness. Especially, condition C with detailed sentence-level
revision categorization showed to be most useful. Detailed revision
categorization also encouraged students to make more revision,
qualitatively and quantitatively. We also tested the effectiveness
of the system in helping students to further improve their essay
score. Again, detailed sentence-level categorization showed to be
more useful in helping students boost the essay score. Our research
contributions are four fold:

• We developed four conditions of an argumentative revision
assistant tool that supports different levels of revision feed-
back (e.g., binary versus detailed purpose categorization;
sentence versus sub-sentential revision unit) and conducted
a lab-based study, where students used the tool to revise
their essays.

• Using statistical analyses, we compare the usability of the
conditions of the tool to understand the revision feedback
most helpful from a user perspective.

• Using statistical analyses, we compare the essay score gain
to understand what is the best revision feedback to help
improve the essay.

• We categorize the revisions students made and perform a
comparative analysis to understand the revision behavior by
students using different conditions.

2 RELATEDWORK
Many of the NLP-based writing assistant tools that were developed
over the last few years provide feedback on one writing product
at a time, or focus on high-level semantic changes. For example,
Grammarly [8] provides feedback on grammarmistakes and fluency,
ETS-writing-mentor [28] provides feedback to reflect on higher-
level essay properties such as coherence, convincingness, etc. Other
writing assistant tools such as EliReview [6], Turnitin [22] are
designed for peer feedback, plagiarism detection, etc., rather than
focusing on writing analysis and feedback. In contrast to those
existing tools, we compare two drafts using the ArgRewrite revision
assistant tool. While a previous version of ArgRewrite [31] provided

feedback based on detailed revision categorization [30, 33] at the
sentence-level and was evaluated via a user survey, the current
study develops two additional ArgRewrite interfaces (based on
binary revision categorization and sub-sentential revision units)
and evaluates all interfaces using both user survey and writing
improvement analysis.

In terms of revision analysis, work on Wikipedia is the most
related to the study of academic writing. Prior works on Wikipedia
revision categorization focus on both coarse-level [2] and fine-
grained [5, 10, 29] revisions. However, because some fine-grained
Wikipedia categories (e.g., vandalism) are specific to wiki scenarios,
writing studies instead use fine-grained revision categories more
suitable for student argumentative writing [21, 33]. In both cases
(Wikipedia or educational), previous studies have focused on inves-
tigating the reliability of manually annotating and automatically
classifying coarse-level and detailed revision categories, as well as
on demonstrating correlations between category frequency and
outcome measures. In contrast, our study manipulates whether
ArgRewrite provides feedback using coarse-level (surface versus
content) or detailed (e.g., claim, evidence, etc.) revision categoriza-
tions of textual changes.

Previous studies on writing revision research vary as to whether
they use the word-level [2, 5] or the sentence-level as the revision
span [31]. Sentences represent a natural boundary of text and au-
tomatic revision extraction at the sentence-level has been shown
to be reasonably accurate [32]. However, sentence-level revision
categories may not always be appropriate. For example, a sentence
revision may contain a few fluency changes at the beginning, with
substantial information added at the end. In that case, that sen-
tence contains both surface and content revisions. With that in
mind, in addition to the sentence-level revisions that were the focus
of the original ArgRewrite [31], the current study also explores
sub-sentential revisions with detailed revision categorization.

The writer’s previous revision effort is often studied in collab-
orative writing to visualize revisions from multiple authors. For
example, DocuViz [25] tracks the number of revisions in google
docs and shows the pattern of revising and developing a collabora-
tive document by multiple authors. Unlike collaborative writing,
our work focus on multiple revisions by a single author. Another
research work that studies visualizing multiple revision patterns by
a single student also focuses on the amount of revision through an
automated revision graph [17, 18]. Although our ArgRewrite tool
does show the number of revisions for each revision category, we
do not categorize the revisions based on the frequency. Instead, the
revision categories reflect the purpose [33] of that revision. In our
tool, the revision are highlighted in both drafts of the essay.

In argument mining, the main goal is to find argument structures
and their relations from text. It also focuses on a single text. How-
ever, few tools are available for argument mining. One recent work
experiments with a text editor to support the student argumentation
skills [24]. The tool provides feedback on the argumentation quality
of a given text. Students using the tool wrote a more convincing
argument than students in the control/baseline condition. A tool
called ArguLens helps find issues in issue tracking systems using
automatic argument mining [26]. Another recent tool for argument
mining is called TARGER [4], which also visualizes argumentative
phrases in a text of a single draft. Unlike these argument mining
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Table 1: ArgRewrite interface conditions

ArgRewrite Conditions: A B C D

Sentence-level Revision ✗ ✓ ✓ ✗

Sub-sentence-level Revision ✗ ✗ ✗ ✓

Binary Revision Categorization ✗ ✓ ✗ ✗

Detailed Revision Categorization ✗ ✗ ✓ ✓

Number of participants 20 22 22 22

tools, our ArgRewrite focuses on argumentative revision [33] and
compares two drafts of student essays.

Works on formative feedback usually focus on embedded writing
instructions for students to further improve the article [11, 19, 27].
While we provide revision analysis and show it with corresponding
highlight colors on our web-based tool, this is not a study about
providing formative feedback on student essays, or the quality of
feedback. Rather, our study focuses on helping students to under-
stand their previous revision effort, or how they addressed the
feedback received on the previous draft of an essay. Monitoring
one’s own progress towards a goal is a cognitively complex task
called self-regulation [34, 35]. Previous studies have shown that
self-regulation has a positive impact on students’ writing develop-
ment [14, 35]. In our study, self-regulation occurs both during the
reflection of previous revision efforts and during the actual revision
process. Our ArgRewite tool does not suggest any future revision
automatically. Instead, it presents its analysis (but not quality eval-
uation) of previous revisions so that students can make informed
decisions when they further revise the essay.

3 ARGREWRITE SYSTEM OVERVIEW

Figure 1: ArgRewrite essay revision process

Figure 1 shows the essay revision process using the ArgRewrite
tool. Experimental participants were recruited through flyers tar-
geting undergraduate and graduate-level students who were either
native English speakers or non-native speakers with a certain level
of English proficiency (TOEFL score > 100). In our experiment, there
are two rounds of essay revision, Draft1 to Draft2, and Draft2 to
Draft3. Participants wrote their first draft (Draft1) of an essay at
home based on a given prompt2. After a few days of finishing Draft1,

2The prompt is provided in A.1

each participant received expert feedback3 on their essay argument
quality and overall writing structure. Based on the feedback, they
revised their Draft1 and produced Draft2. After finishing Draft2,
participants were randomly assigned to use different conditions
of the ArgRewrite in a lab environment. They did not receive any
feedback on their Draft2. Instead, they are shown the ArgRewrite
interface on a computer highlighting their previous revision from
Draft1 to Draft2. Participants were asked to use the tool to revise
their Draft2 and create a final and generally improved version of
the essay, Draft3.

Although our tool supports full automation of revision catego-
rization, we relied on Wizard-of-Oz prototyping [3] for this partic-
ular experiment. In Wizard-of-Oz prototyping, a human manually
handles the automation, but the student cannot tell the difference
from the web-interface they see. We did so to eliminate the con-
founding factors of NLP automation errors when we compare dif-
ferent conditions. The background server of ArgRewrite uses NLP
to automatically segment the essays into sentences and align the
two drafts at the sentence-level [31]. Modified, added, or deleted
sentences were then extracted as revisions. The ArgRewrite server
automatically extracts those revisions and classifies them into differ-
ent revision purpose categories. In our Wizard of Oz experimental
setting, a human then fixes the server errors for alignment and
classification before the participants start the second round of revi-
sion in the lab. In the lab-based experiment, participants first read a
short tutorial on using the ArgRewrite tool. Then they were asked
to go through their previous revision effort. In conditions B, C, and
D, they also submitted confirmation if they agree or disagree with
the revision categories for each of the revised sentences the tool is
showing them. They did so before and after completing the final
revision. Finally, after the participants finished revising the essay,
they were asked to answer survey questions about the interface.

Table 1 shows the main differences among the ArgRewrite con-
ditions and the number of participants for each condition. 86 par-
ticipants were assigned randomly for each condition. Out of 86
participants, 69 were native English speakers, and 17 non-native
speakers. The number of non-native speakers in conditions A,B,C,D
are 3,4,5,5 respectively. A separate study on participants’ native
speaking skills showed that non-native speakers made significantly
more revisions than native speakers in the first round of revision
but not in the second round. Although non-native speakers’ scores
were lower than native speakers on all drafts and in all conditions,
there were no significant differences in non-native vs native speak-
ers revisions or scores across conditions.

4 WEB-BASED INTERFACE
Drawing on research on learning analytics [12, 23], ArgRewrite
is designed to facilitate personal learning. According to Verbert
et al. [23], learning analytics systems provide visualizations and
overviews in order to make the users aware of relevant and im-
portant information. Each ArgRewrite condition has two parts -
the overview interface and the rewrite interface. The overview in-
terface gives a summary of students’ revisions between the two

3The experts were a professor and a graduate student in the School of Education, and
a trained undergraduate student. An example of expert feedback is provided in A.2.
The rubric that guided the feedback for Draft1 parallels exactly the scoring rubric (A.3)
other than the addition of the pronoun “you.”
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submitted drafts, while the rewrite interface is where students re-
vise their current draft. Following the previous study [33], in the
case of ArgRewrite, the overview interface was designed to bring
users’ awareness of the purpose of their latest revisions. Then on
the rewrite interface, they were asked to go through each revision
label to determine whether or not the system identified their re-
vision purposes correctly. Finally, users were allowed to further
revise their essay to improve the overall quality.

4.1 Overview Interface

Figure 2: Example of the overview interface from Ar-
gRewrite condition C

The first interface that writers see after logging into ArgRewrite
is the Overview interface. Here, writers are presented with overall
visualizations of their revision patterns. The three main compo-
nents of this overview interface are the revision purpose categories,
the revision map, and the revision distribution pie chart. Figure 2
shows an example of the overview interface from ArgRewrite con-
dition C. The revision purpose categories are highlighted with their
corresponding colors on the left, the revision map is shown in the
middle, and the revision distribution pie chart is shown on the right.
The components are described below. Once students are ready to
revise their essay, they can click on the ‘Let’s rewrite’ button which
leads them to the rewrite interface.

(a) Condition B

(b) Condition C,D

Figure 3: Revision purpose categories

4.1.1 Revision Purpose Categories. Based on the revision categories
presented in [33], our experiment addresses two principal categories
of argumentative revisions – surface and content. Surface revisions
are the changes that do not alter the meaning of the sentence, e.g.,
convention or grammar, fluency, and organization changes. Con-
tent revisions consist of meaningful textual changes. Following
previous works, we use six different categories of content changes
– claim, reasoning, evidence, rebuttal, precision, and other general
changes4. Figure 3 shows the revision purpose categories for dif-
ferent conditions of the ArgRewrite interface. Following previous
work [31], surface and content revisions are shown in cold (e.g.,
blue) and warm (e.g., orange) colors, respectively. Condition B only
shows binary revision categories, where the surface and content re-
visions are shown with blue and orange colors, respectively (shown
in Figure 3a). Figure 3b shows the detailed categories and the colors
used for conditions C and D. Surface changes in conditions C and
D are shown with different levels of blue colors from the cold color
scale. Content changes are again shown with warm colors, but take
up different colors from the warm color scale. If a revision does not
fall into either of those categories, it is labeled as ‘unknown’ and
shown with gray color. The numbers in Figure 3 represent the total
added, deleted, and modified revisions for each revision category
from Draft1 to Draft2.

(a) Condition B (b) Condition C,D

Figure 4: Revision map shows the drafts as two columns of
color-coded tiles, each representing a sentence

4.1.2 Revision Map. Inspired by previous works [20, 31], we design
the revision map as two columns of aligned square tiles – the left
column represents the previous draft and the right column repre-
sents the current draft. Each tile represents a sentence in the draft;
the white space between groups of tiles represents the paragraph
breaks. Tiles are highlighted with colors of their corresponding
revision categories. The shading of the tiles in each row represents
whether the student added to, deleted, or modified the original
sentence (or made no change). This revision map allows a student
to look at all the revisions they made at different locations in the
essay at a glance. Students can also easily understand what types
of revisions they are making from the highlights. Figure 4 shows
the revision map for conditions B, C, and D. In Figure 4a, the first
4Precision category is added in addition to the content revisions reported in [33].
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tile is a deleted sentence because there is no aligned tile/sentence
from the current draft. The orange color means it is a content revi-
sion. The light gray shade in the next two rows indicates that those
sentences are not revised. Tiles in row 4 and 5 indicate modified
content and surface revisions respectively. In contrast to the binary
categories, Figure 4b shows the same revisions with fine-grained
revision categories. It shows that the first sentence is a deleted
general content revision, the fourth sentence is modified evidence,
and the fifth sentence is a modified fluency revision.

(a) Condition B (b) Condition C,D

Figure 5: Revision distribution shown as a pie-chart

4.1.3 Revision Pie Chart. The overview interface also contains a pie
chart showing the distribution of the frequency of different revision
purpose categories. While the revision purpose categories and the
revision map show the number of revisions and the places where
revisions aremade, the pie chart adds the benefit of easy comparison
of the distribution of different types of revisions. Looking at the pie
chart, a student can easily understand the influence of the types of
revisions they have made between Draft1 to Draft2. Figure 5 shows
the revision chart from ArgRewrite conditions B, C, and D. Since
we have only two revision types in condition B, Figure 5a shows the
distribution of the number of content and surface revisions. This
chart (Figure 5a) shows that this student made more surface than
content revisions. Figure 5b shows similar information but provides
additional details, such as the surface changes were predominately
fluency changes, few grammar changes, while the main content
changes involved reasoning and other (non-argumentative) content
revisions.

4.2 Rewrite Interface

(a) Condition B,C

(b) Condition D

Figure 6: Revision details window for different conditions.

The rewrite interface contains the revision purpose categories,
revision details window, four tabs containing the prompt and three
essay drafts, and the revision map similar to the overview interface
(except for condition D). Figures 8, 9, and 10 show screenshots of
the rewrite interface for different conditions of the ArgRewrite. To
encourage students the texts on the drafts tabs are highlighted with

the corresponding revision color. In conditions B and C, the full
sentence is highlighted. In condition D, only the revised text within
a sentence is highlighted. Students can directly modify the essay on
the Draft3 tab, which initially contains Draft2 to start with. When a
student clicks on the text to see the details, a small window pops up
to show the character-level differences5 of a selected original and
revised sentence. The character differences are highlighted with
red in condition B and C. Condition D shows similar differences,
but in corresponding revision purpose colors as shown in Figure 6.

The rewrite interface also provides the revision map of sentences
to facilitate the navigation through the essay. Students can click on
a tile on the revision map on the rewrite interface to look at that
particular sentence. However, this is provided for conditions B andC
only. Condition D shows a revision map for sub-sentential revisions;
it shows two rows of tiles (shown at the top of the Figure 10b) and
each tile represents a revised sub-sentential unit within the revised
sentences. On the rewrite interface, the small round button beside
each tile of the revision map is used to highlight the confirmed
revision categories when the students go through their previous
revisions and submit their agreement about the revision categories.

5 ARGREWRITE CONDITIONS
5.1 Condition A: No Revision Categorization

Figure 7: A screenshot of the ArgRewrite tool - Condition A

The ArgRewrite condition A is designed as a baseline contain-
ing no revision feedback, to compare with all other ArgRewrite
conditions where writers receive different levels of feedback or
analysis of their previous revision effort. Since there is no feedback,
it does not contain any revision purpose categorization, revision
map, or revision pie chart. Therefore, condition A does not have an
overview interface. It contains a simplified version of the rewrite
interface shown in Figure 7. The rewrite interface contains the plain
text of the student essays for each Draft.

5.2 Condition B: Binary Revision
Categorization

ArgRewrite condition B is designed to provide simple revision feed-
back to the students. It includes all the components of the overview
and the rewrite interface. Revision categorization is shown at the
sentence-level. Condition B shows the revisions highlighted using
only the top-level (binary) revision purpose categories - surface
and content. The surface revisions are highlighted with blue and
the content revisions are highlighted with orange to reflect cold
versus warm color revisions as described in Section 4.1.1. On the
rewrite interface shown in Figure 8b, if a sentence contains any
5google diff match-patch: https://github.com/google/diff-match-patch
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(a) Overview interface for condition B

(b) Rewrite interface for condition B

Figure 8: A screenshot of the ArgRewrite tool - Condition B

surface revisions, the whole sentence is highlighted with blue. Simi-
larly, sentences with content revisions are highlighted with orange.
Similar to condition A, condition B also has four tabs to show the
essay prompt and the drafts. Unlike conditions C and D, condition
B is simple in terms of categorization of revisions.

5.3 Condition C: Detailed Revision
Categorization

Condition C shows the detailed revision categorization, highlighted
with their corresponding colors shown in Figure 9. It contains
all the components of the overview (Figure 9a) and the rewrite
interface (Figure 9b). Students get the detailed revision feedback
of their essay at sentence-level, according to the revision purpose
categories described in Section 4.1.1. In contrast to condition B,
students who use condition C to revise their essay can, for example,
spot the difference between word-usage versus grammar changes,
claim versus evidence changes, etc. It is more informative compared
to the control condition and to condition B with its binary revision
categorization. Similarly to condition B, the rewrite interface in
condition C also shows four tabs and highlights the whole sentence
with the identified revision color.

5.4 Condition D: Detailed Sub-Sentential
Revision Categorization

Condition D is designed to provide more detailed feedback for the
revisions students make. Unlike conditions B and C, condition D
can focus on multiple different revisions within a single sentence.
Each sub-sentential revision is identified and highlighted with the

(a) Overview interface for condition C

(b) Rewrite interface for condition C

Figure 9: A screenshot of the ArgRewrite tool - Condition C

(a) Overview interface for condition D

(b) Rewrite interface for condition D

Figure 10: A screenshot of the ArgRewrite tool- Condition D

corresponding revision category (shown in Figure 10b). This condi-
tion contains an overview interface with a sentence-level revision
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map, similar to condition C, but the statistics of revision purpose
categories are collected and shown from the sub-sentential revision
units (Figure 3b and Figure 5b). In the rewrite interface, each sub-
sentential revision is highlighted with its corresponding revision
purpose color code. By clicking on each revised sentence, a horizon-
tal revision map provides the abstract visualization of how it differs
from the original sentence: which sub-sentential units are added,
modified, or deleted, and what is the purpose of that revision.

6 EVALUATION AND RESULTS
To evaluate our research hypothesis that more detailed feedback
is more helpful (i.e., Condition D > C > B > A), we conducted an
experiment to answer the following research questions.

RQ1: Do students perceive the ArgRewrite to be clear and easy
to use?

RQ2: Do students find the ArgRewrite helpful for their writing?
RQ3: Is ArgRewrite beneficial for student essay improvement?
RQ4: Is there any difference in students’ revision behavior based

on ArgRewrite condition?
Our analyses for RQ1 and RQ2 were based on data from a 16

question survey that participants completed after using ArgRewrite
to revise their essays. The survey items addressed [9]’s distinction
between "perceived ease of use" and "perceived usefulness" of tech-
nology. We included some questions verbatim from [9]’s survey,
such as questions 1 and 2, while other items were customized to
address unique features of ArgRewrite (shown in Table 2). Eight
questions about the perceived ease of use and helpfulness and of
the system for supporting essay revision were asked of all partici-
pants (questions 1-8). Another set of 8 questions (9-16) focused on
usefulness of specific interface components and were asked only
of participants in conditions B, C, and D. Each question was an-
swered using a Likert scale ranging from 1 to 5 indicating strongly
disagree to strongly agree. To answer RQ3 we examined students’
writing improvement, based on expert essay scores that we de-
scribe below. Finally, we analyze the revision categories in student
essays to answer RQ4. In our analyses, univariate analysis of vari-
ance (ANOVA) multiple comparison using Fisher’s Least Significant
Difference (LSD) test was used to compare differences in survey
answers, essay scores, and number of revisions across different
conditions. We calculate Cronbach’s Alpha coefficient to report
internal consistency of the combined survey questions (shown in
Table 2). In RQ4, we also use t-test to compare revisions within
conditions.

To answer RQ1, we combine two survey questions (1-2) that ask
about the perceived ease of use of the tool. The questions asked
students if they find the system easy to use, and if their interaction
with the system is clear and understandable. Mean survey ratings
and ANOVA result for those questions are shown in Table 2. For
perceived ease of use, the overall difference between conditions is
not significant. Looking at pairwise comparison, condition A has
a higher mean compared to all other conditions, and Condition D
has the lowest mean. Condition A, which is the control condition
without any revision feedback, was thus the easiest condition to
use. This is not surprising because of the simplicity of the rewrite
interface for condition A. However, this mean-value is only sig-
nificantly higher than condition D, where we provided the most

specific revision feedback. We think this lower mean value reflects
the complex information display of the revision categories at the
sub-sentence level.

To answer RQ2, we first combine the survey questions (3–8)
that focus on the perceived usefulness [9] and usage behavior. We
then separately examine questions (9–16) regarding usefulness and
actual usage of the interface components. Taking the means over
questions 3–8 shows that overall, there is a significant difference
between conditions although the ANOVA effect size is low. Stu-
dents perceived condition C with detailed sentence-level revision
feedback to be more useful compared to conditions A and B. Par-
ticularly, ANOVA results from Table 2 shows that students using
condition C thought that the system helps them to better under-
stand their previous revision effort and recognize their weakness,
encourages to make more revisions, and more helpful compared
to students using conditions A and B. In other words, from this
ANOVA result we can say that condition A proved to be less helpful
(despite being the easiest to use). Students also perceived detailed
sub-sentential revision feedback to be more useful compared to
no feedback. For example, when we asked about the quality of
revision6, condition D showed a significantly higher mean-value
than condition A. Overall, we can say that detailed feedback is
more useful than no feedback or binary feedback which supports
our hypothesis. However, we did not see any significant difference
between sentence versus sub-sentential revision feedback (C versus
D). Therefore we speculate that reducing the granularity of revision
feedback might not be very beneficial after all.

We get a mixed signal looking at the questions (9–16) that only
target the conditions with feedback (B, C, and D). Overall, ANOVA
shows no significant difference between conditions for this group of
questions that focus on the actual usage of the interface. However,
pairwise comparisons do show some significant differences. For
example, students find the revision windows more helpful when
they were shown sentence-level revision feedback compared to
sub-sentential feedback. However, most of the specific components
of the overview and rewrite interface did not show any difference
between the conditions (e.g., revision map). On the other hand, a
detailed description of revision purpose seemed more inspiring
than the binary description (question 10). Detailed sub-sentential
feedback was also trustworthy compared to sentence-level binary
feedback. Given the Wizard of Oz scenario, the accuracy of the
system feedback is objectively similar across conditions.

To answer RQ3, we looked at students’ essay score. All three
drafts written by each participant were scored separately by two
researchers, both of whom were experienced high school English
and college instructors. The quadratic weighted kappa (QWK) is
0.537. Scoring was guided by a 10-criteria rubric that mirrored the
rubric7 used to give feedback on Draft1 focusing on the argument
elements in the essay. Each item was scored on a scale of 1-4: “1-
poor,” “2-developing,” “3-proficient,” or “4-excellent.” The essay score
ranges from 10 to 40. The average of the two researchers’ scores was
used for data analysis. To determine the improvement of student
essay we calculated the normalized essay score gain (NEG) from

6Students received instruction in the tutorial that content revisions were more related
to essay improvement in previous studies [33]. They were encouraged to do more
content revisions.
7The rubric is provided in A.3
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Table 2: Interface survey questions, mean student response for each condition, and univariate ANOVA result with Fisher’s
least significant difference (LSD) procedure (* p< .05, ** p< .01, *** p< .001, ∼ p< .1, 𝛼=Cronbach’s Alpha)

ANOVA Result
A B C D Pairwise Comparison F-score Effect Size

Perceived ease of use (𝛼=0.87) 4.40 4.16 4.09 3.75 D<A* 2.31∼ 0.08

1 I find the system easy to use. 4.40 4.18 4.09 3.77 D<A* 1.69 0.06
2 My interaction with the system is clear and un-

derstandable.
4.40 4.14 4.09 3.73 D<A** 2.48∼ 0.08

Perceived usefulness and usage behavior (𝛼=0.89) 3.53 3.77 4.33 4.11 A<C***, A<D**, B<C** 6.06** 0.18

3 The system allowsme to have a better understand-
ing of my previous revision efforts.

3.70 3.95 4.45 4.27 A<C**, A<D*, B<C* 3.40* 0.11

4 The system helps me to recognize the weakness
of my essay.

3.10 3.32 4.09 3.73 A<C**, A<D*, B<C* 4.28** 0.14

5 Overall the system is helpful to my writing. 3.25 3.73 4.27 4.18 A<C***, A<D***, B<C* 7.61*** 0.22
6 The system encourages me to make more revi-

sions (quantity) than I usually do.
3.65 3.86 4.50 4.09 A<C**, B<C* 3.28* 0.11

7 The system encourages me to make more mean-
ingful revisions (quality) than I usually do.

3.45 3.86 4.23 4.23 A<C*, A<D* 2.95* 0.10

8 I put a lot of effort into writing and revising this
essay.

4.00 3.91 4.41 4.14 A<C*, B<C** 3.91* 0.13

Perceived usefulness and actual usage of the in-
terface (𝛼=0.68)

– 4.05 4.15 4.04 No difference 0.41 0.01

9 I found the overview page to be useful. – 4.14 4.18 4.14 No difference 0.03 0.00
10 The description of the purpose of my revisions

inspired me to make more revisions.
– 3.59 4.14 4.09 B<C∼ , B<D∼ 2.36 0.07

11 I found it useful to see my revision purposes high-
lighted in different colors (i.e. Warm and cold
colors)

– 4.27 4.64 4.41 No difference 1.75 0.05

12 I found the revision map visualization useful. – 4.09 3.86 3.73 No difference 0.72 0.02
13 I found the small window of revision details to be

useful.
– 4.64 4.55 3.59 D<B***, D<C*** 13.73*** 0.30

14 In general, I found it helpful to know whether my
revision was a surface or content level change.

– 4.05 4.09 4.23 No difference 0.25 0.01

15 My revision purposes were most often indicated
correctly by the system.

– 4.00 3.91 3.95 No difference 0.08 0.00

16 I trust the feedback that the system gave me. – 3.59 3.86 4.18 B < D* 2.94∼ 0.09

Table 3: Average score and normalized essay score gain (NEG) per condition (* p< .05, ∼ p< .1).

ANOVA Result
A B C D Pairwise comparison F-score Effect Size

Score in
Draft1 23.38 24.15 22.80 24.23

- - -Draft2 23.90 25.64 24.55 25.25
Draft3 24.90 26.50 25.84 26.11

NEG 1 to 3 0.06 0.14 0.18 0.13 A<C* , A<B∼ 2.38∼ 0.08
2 to 3 0.05 0.07 0.08 0.06 No significant difference 0.55 0.02
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Draft1 to Draft3 (𝑁𝐸𝐺13) and Draft2 to Draft3 (𝑁𝐸𝐺23). We did
not consider the essay score gain from Draft1 to Draft2 because that
step does not involve using our system. Normalized essay score
gain is calculated as follows:

𝑁𝐸𝐺 =
𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐷𝑟𝑎𝑓 𝑡𝑆𝑐𝑜𝑟𝑒 − 𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠𝐷𝑟𝑎𝑓 𝑡𝑆𝑐𝑜𝑟𝑒

𝑀𝑎𝑥𝑆𝑐𝑜𝑟𝑒 − 𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠𝐷𝑟𝑎𝑓 𝑡𝑆𝑐𝑜𝑟𝑒

For both 𝑁𝐸𝐺13 and 𝑁𝐸𝐺23, we have the highest mean-value
for condition C, where we showed the detailed sentence-level re-
vision feedback (Table 3). We again performed univariate ANOVA
with Fisher LSD test to compare the mean of the essay score gains
in different interface conditions. The overall ANOVA result did
not show any significant difference. ANOVA pairwise comparison
result for 𝑁𝐸𝐺13 showed that students in Condition C performed
significantly better than condition A. Condition B was trending
better than Condition A (𝑝 = 0.06). But there was no significant
difference between B, C, and D. We also did not see any significant
difference for 𝑁𝐸𝐺23 between any conditions. This result is in line
with our previous research question results, in which we observed
that students found detailed sentence-level revision feedback to be
more helpful compared to no revision feedback at all.

To answer RQ4, we looked at the types of revisions (surface vs.
content) students made when revising Draft1 to Draft2 (without
ArgRewrite) and when revising Draft2 to Draft3 (with ArgRewrite).
We expected to see fewer revisions with ArgRewrite since it is the
second stage of revising the same essay. Table 4 shows the percent-
age of surface and content revisions for each condition. Within each
condition, we compare the number of surface and content revisions
across revision stage using paired t-test. In conditions A and B, we
observed significantly more surface revisions and fewer content
revisions when revising using ArgRewrite compared to revising
without ArgRewrite, but the distribution of types of revisions is not
significantly different in condition C and D, when with or without
ArgRewrite.

ANOVA result showed no significant difference between condi-
tions for the average number of content or surface revisions. As
we have mentioned before, according to previous work, content
revisions (e.g. reasoning, evidence) are correlated with essay im-
provement. Hence, according to Table 4, students in condition A
should have higher essay score gains with more content revisions
than others. But in Table 3 we have seen that condition A has the
lowest essay score gain. With the lowest percentage of content re-
visions in condition C, students in that condition had higher essay
score gains. This result indicates that students who received revi-
sion feedback generated revisions that help them improve the essay
compared to students who did not receive any feedback. Although
students with no feedback generated more content revisions, we
speculate those revisions may be irrelevant or unnecessary for
supporting the argument.

7 DISCUSSION
The findings of this study highlight a tension point that is worth
further examination. On the one hand, the analysis of the improve-
ment and revision patterns suggested that Condition C’s detailed
categorization of revision functions was more effective and helpful
than the other conditions. On the other hand, there was an inverse

relationship between the granularity of feedback and the usability
of the system. In other words, the more detailed the feedback was
on students’ revision habits, the less students were likely to find it
“easy to use” or “clear and understandable” (see questions 1 and 2
on Table 2).

Our findings consistently showed that feedback on detailed revi-
sion categorization is better than no feedback. For some evaluation
measures, detailed feedback is also better than binary feedback.
However, we did not find much difference between sentence versus
sub-sentence level revision feedback. So our hypothesis that the
more detailed the revision feedback the better is not entirely sup-
ported. One potential confound in our study design may have been
the different units of analysis employed in Condition D versus the
other conditions. By being provided with sub-sentential as opposed
to sentential feedback, writers in Condition D spent more time con-
firming the accuracy of their previous revisions than others. This
resulted in them spending more time to look at previous revisions
and less time to engage in the actual act of revising when it came to
developing their last drafts. This likely contributed to their lower
ratings of perceived ease of use, but it also may have influenced
the quality of their final drafts. With this in mind, our analyses
found little difference between conditions C and D. In the future,
we plan to look at the sub-sentence level revisions more closely
to understand how to make it more effective for the students. For
example, we did not test binary revision categorization at the sub-
sentence-level. This is a future condition we would like to explore.
Another significant difference we find between sentence-level and
sub-sentential interface components is the small window of revi-
sion details. Students using sentence-level revision conditions find
it more useful than students using sub-sentential revision feedback.
We have seen before that the revision details window is different
for condition D. It shows the sub-sentence revisions highlighted.
So in condition D, students look at the sub-sentential highlights on
the essay text and the revision details window, which is redundant.
This might be the reason why the revision window was not good
enough for condition D but showed to be very useful for conditions
B and C.

On one final note regarding our third question related to student
improvement, our analyses of improvement from first to third drafts
seems to favor detailed sentence-level revision categorization. In
our study students revised their Draft1 at home. Hence, the revision
from the first to second draft did not involve ArgRewrite. When
students used our tool from the second to third draft, they still
saw higher essay score gain using sentence-level revision feedback
(binary and detailed) than sub-sentential, but those differences were
not statistically significant. This might suggest that sub-sentential
revision feedback is not helping students improve the essay, even
compared to no revision feedback. However, due to the necessary
methodological differences mentioned above,we believe we still
need to conduct more experiments with sub-sentential revision
before reaching any conclusion.

8 CONCLUSION
In this paper, we presented a tool that helps students to make fur-
ther revisions on their argumentative writings. We developed four
versions of the interface for the tool and presented a comparative
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Table 4: Number of sentence-level surface and content revisions between first (Draft1 to Draft2) and second (Draft2 to Draft3)
revision stage for each condition. (↑: increase in number of revisions compared to the previous revision stage, ↓: decrease in
number of revisions compared to the previous revision stage, * p< .05, ∼ p< .1)

Revision Stage Revision A B C D

1 to 2 Surface 131 (30%) 136 (37%) 202 (47%) 164 (41%)
Content 322 (70%) 235 (62%) 239 (53%) 230 (59%)

2 to 3 Surface 185 (40%) ↑* 160 (47%) ↑* 198 (48%) ∼ 183 (45%) ∼
Content 280 (60%) ↓* 189 (53%) ↓* 213 (52%) ∼ 225 (55%) ∼

study to determine to what extent might the explicit representa-
tions of revision purpose categories help students to improve their
essay. Our analysis shows that detailed revision categorization at
the sentence-level is the most helpful compared to conditions that
do not provide detailed feedback. Detailed sub-sentential revision
categorization also seemed promising, but more research and de-
velopment is warranted. In particular, determining the most useful
and intuitive level of granularity and detail in writing feedback is
an open research question. In the future, we plan to further explore
the sub-sentential revision purpose taxonomy to support effective
automated writing assistant systems.
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A DATA COLLECTION MATERIALS
A.1 Prompt
In this argumentative writing task, imagine that you are writing an
op-ed piece for the Pittsburgh City Paper about self-driving cars.
The editor of the paper has asked potential writers, like you, to
gather information about the use of self-driving cars, and argue
whether they are beneficial or not beneficial to society. In your
writing, first, briefly explain both the advantages and disadvantages
of self-driving cars. Then, you will choose a side, and construct an
argument in support of self-driving cars as beneficial to society, or
against self-driving cars as not beneficial to society.

A high quality op-ed piece maintains a clear position on the
issue and uses supporting ideas, strong evidence from the reading,
explanations of your ideas and evidence, and a counter-argument.
Furthermore, a high quality op-ed piece is clearly organized, uses
precise word choices, and is grammatically correct.

A.2 Example of Expert Feedback on Draft1
Thank you for your participation in the study. Your draft has been
read, and feedback from an expert writing instructor is written
below. We advise that you use this feedback when you revise.

The strengths of your essay include:

• All claims have relevant supporting evidence, though that
evidence may be brief or general.

• You respond to one, but not all parts of the prompt. However,
your entire essay is focused on the prompt.

Areas to improve in your essay include:

• You provided a statement that somewhat show your stance
for or against self-driving cars, but it is unclear, or is just a
restatement of the prompt.

• Your essay’s sequence of ideas is inconsistent, with some
clear and some unclear progression.

• Your essay does not include a rebuttal.

A.3 Scoring Rubric
Table 5 shows the scoring rubric used to provide feedback.



CHI ’21, May 8–13, 2021, Yokohama, Japan Afrin et al.

Table 5: Argumentative Essay Rubric

1-Poor 2-Developing 3-Proficient 4-Excellent
Response to
prompt

The essay is off topic,
and does not con-
sider or respond to
the prompt in any
way.

The essay addresses
the topic, but the en-
tire essay is not fo-
cused on the prompt.
The author may get
off topic at points.

The author responds to
one, but not all parts of
the prompt, but the en-
tire essay is focused on
the prompt.

The author responds to
all parts of the prompt
and the entire essay is fo-
cused on the prompt.

Thesis The author did not
include a statement
that clearly showed
the author’s stance
for or against self-
driving cars.

The author provided
a statement that
somewhat showed
the author’s stance
for or against self-
driving cars, though
it may be unclear or
only a restatement
of the essay prompt.

The author provided a
brief statement that re-
flects a thesis, and is in-
dicative of the stance the
author is taking toward
self-driving cars.

The author provided a
clear, nuanced and orig-
inal statement that acted
as a specific stance for or
against self-driving cars.

Claims The author’s claims
are difficult to under-
stand or locate.

The author’s claims
are present, but are
unclear, not fully con-
nected to the thesis
or the reading, or the
author makes only
one claim multiple
times.

The author makes mul-
tiple, distinct, and clear
claims that align with ei-
ther their thesis or the
given reading, but not
both.

The author makes multi-
ple, distinct claims that
are clear, and align with
both their thesis state-
ment and the given read-
ing. They fully support
the author’s argument.

Evidence for
Claims

The author does
not provide any
evidence to support
thesis/claims.

Less than half of
claims are supported
with relevant or cred-
ible evidence or the
connections between
the evidence and the
thesis/claims is not
clear.

All claims have relevant
supporting evidence,
though that evidence
may be brief or general.
The source of the ev-
idence is credible and
acknowledged/cited
where appropriate.

The author provides spe-
cific and convincing ev-
idence for each claim,
and most evidence is
given through detailed
personal examples, rele-
vant direct quotations, or
detailed examples from
the provided reading. The
source of the evidence
is credible and acknowl-
edged/cited where appro-
priate.

Reasoning The author provides
no reasoning for any
of their claims.

Less than half of
claims are supported
with reasoning or the
reasoning is so brief,
it essentially repeats
the claim. Some rea-
soning may not ap-
pear logical or clear.

All claims are supported
with reasoning that con-
nect the evidence to the
claim, though some may
not be fully explained or
difficult to follow.

All claims are supported
with clear reasoning that
shows thoughtful, elabo-
rated analysis.
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1-Poor 2-Developing 3-Proficient 4-Excellent
Reordering/
Organiza-
tion

The sequence of
ideas/claims is dif-
ficult to follow and
the essay does not
have an introduction,
conclusion, and body
paragraphs that are
organized clearly
around distinct
claims.

The essay’s sequence
of ideas is incon-
sistent, with some
clear and some un-
clear progression of
ideas OR the essay
is missing a distinct
introduction OR con-
clusion.

The essay has a clear
introduction, body, and
conclusion and a logical
sequence of ideas, but
each claim is not located
in its own separate para-
graph.

The essay has an intro-
duction, body and con-
clusion and a logical se-
quence of ideas. Each
paragraph makes a dis-
tinct claim.

Rebuttal The essay does not
include a rebuttal.

The essay includes a
rebuttal in the sense
that it acknowledges
another point of
view, but does not
explore possible
reasons why this
other viewpoint
exists.

The essay includes a re-
buttal in the form of an
acknowledgement of a
different point of view
and reasons for that view,
but does not explain why
those reasons are incor-
rect or unconvincing.

The essay explains a dif-
ferent point of view and
elaborates why it is not
convincing or correct.

Precision Throughout the es-
say, word choices are
overly informal and
general (e.g., “I don’t
like self-driving cars
because they have
problems.”).

Word choices are
mostly overly gen-
eral and informal,
though at times they
are specific.

Word choices are mostly
specific though there
may be a few word
choices that make the
meaning of the sentence
vague.

Throughout the essay,
word choices are specific
and convey precise mean-
ings (e.g., “Self-driving
cars are dangerous be-
cause the technology is
still not advanced enough
to address the ethical
decisions drivers must
make.”)

Fluency A majority of sen-
tences are difficult to
understand because
of incorrect/ inappro-
priate word choices
and sentence struc-
ture.

A noticeable number
of sentences are dif-
ficult to understand
because of incorrect/
inappropriate word
choices and sentence
structure, although
the author’s overall
point is understand-
able.

Most sentences are clear
because of correct and
appropriate word choices
and sentence structure.

All sentences are clear be-
cause of correct and ap-
propriate word choices
and sentence structure.

Conventions/
Grammar/
Spelling

The author makes
many grammatical
or spelling errors
throughout their
piece that interfere
with the meaning.

The author makes
many grammatical
or spelling errors
throughout their
piece, though the er-
rors rarely interfere
with meaning.

The author makes few
grammatical or spelling
errors throughout their
piece, and the errors do
not interfere with mean-
ing.

The author makes few
or no grammatical or
spelling errors through-
out their piece, and the
meaning is clear.
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