User Input and Interactions on Microsoft Research ESL Assistant

Claudia Leacock Michael Gamon Chris Brockett
Butler Hill Group Microsoft Research Microsoft Research
P.O. Box 935 One Microsoft Way One Microsoft Way

Ridgefield, CT, 06877, USA
claudia.leacock@gmail.com

Abstract

ESL Assistant is a prototype web-based writ-
ing-assistance tool that is being developed for
English Language Learners. The system fo-
cuses on types of errors that are typically
made by non-native writers of American Eng-
lish. A freely-available prototype was dep-
loyed in June 2008. User data from this
system are manually evaluated to identify
writing domain and measure system accuracy.
Combining the user log data with the eva-
luated rewrite suggestions enables us to de-
termine how effectively English language
learners are using the system, across rule
types and across writing domains. We find
that repeat users typically make informed
choices and can distinguish correct sugges-
tions from incorrect.

1 Introduction

Much current research in grammatical error detec-
tion and correction is focused on writing by Eng-
lish Language Learners (ELL). The Microsoft
Research ESL Assistant is a web-based proofread-
ing tool designed primarily for ELLs who are na-
tive speakers of East-Asian languages. Initial
system development was informed by pre-existing
ELL error corpora, which were used both to identi-
fy common ELL mistakes and to evaluate system
performance. These corpora, however, were
created from data collected under arguably artifi-
cial classroom or examination conditions, leaving
unresolved the more practical question as to
whether the ESL Assistant can actually help a per-
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son who produced the text to improve their English
language writing skills in course of more realistic
everyday writing tasks.

In June of 2008, a prototype version of this sys-
tem was made freely available as a web service'.
Both the writing suggestions that visitors see and
the actions that they then take are recorded. As
these more realistic data begin to accumulate, we
can now begin to answer the above question.

2 Related Work

Language learner error correction techniques typi-
cally fall into either of two categories: rule-based
or data-driven. Eeg-Olofsson and Knutsson (2003)
report on a rule-based system that detects and cor-
rects preposition errors in non-native Swedish text.
Rule-based approaches have also been used to pre-
dict definiteness and indefiniteness of Japanese
noun phrases as a preprocessing step for Japanese
to English machine translation (Murata and Nagao
1993; Bond et al, 1994; Heine, 1998), a task that is
similar to the prediction of English articles. More
recently, data-driven approaches have gained
popularity and been applied to article prediction in
English (Knight and Chander 1994; Minnen et al,
2000; Turner and Charniak 2007), to an array of
Japanese learners’ errors in English (Izumi et al,
2003), to verb errors (Lee and Seneff, 2008), and
to article and preposition correction in texts written
by non-native ELLs (Han et al, 2004, 2006; Nagata
et al, 2005; Nagata et al, 2006; De Felice and Pul-
man, 2007; Chodorow et al, 2007; Gamon et al,
2008, 2009; Tetreault and Chodorow, 2008a).

' http://www.eslassistant.com



Data from these users were manually annotated
to identify writing domains as shown in Table 2.
Fifty-three percent of the data consists of people
proofreading email.” The dominance of email data
is presumably due to an Outlook plug-in that is
available on the web site, and automates copying
email content into the tool. The non-technical do-
main consists of student essays, material posted on
a personal web site, or employees writing about
their company — for example, its history or
processes. The technical writing is largely confe-
rence papers or dissertations in the fields of, for
example, medicine and computer science. The
“other” category includes lists and resumes (a writ-
ing style that deliberately omits articles and gram-
matical subjects), as well as text copied from
online newspapers or other media and pasted in.

Writing Domain Percent
Email 53%
Non-technical / essays 24%
Technical / scientific 14%
Other (lists, resumes, etc) 4%
Unrelated sentences 5%

Table 2: Writing domains of frequent users

Sessions categorized as “unrelated sentences” typi-
cally consist of a series of short, unrelated sen-
tences that each contain one or more errors. These
users are testing the system to see what it does.
While this is a legitimate use of any grammar
checker, the user is unlikely to be proofreading his
or her writing, so these data are excluded from
evaluation.

4 System Evaluation & User Interactions

We are manually evaluating the rewrite sugges-
tions that ESL Assistant generated in order to de-
termine both system accuracy and whether user
acceptances led to an improvement in their writing.
These categories are shown in Table 3. Note that
results reported for non-native text look very dif-
ferent from those reported for native text (dis-
cussed in Section 3) because of the neutral
categories which do not appear in the evaluation of
native text. Systems reporting 87% accuracy on
native text cannot achieve anything near that on

? These are anonymized to protect user privacy.

Evaluation Subcategory: Description

Correct flag: The correction fixes a

Good problem in the user input.

Both Good: The suggestion is a legiti-
mate alternative to well-formed original
input: / like working/to work.

Misdiagnosis: the original input con-
tained an error but the suggested rewrite
neither improves nor further degrades
the input: If you kave fail machine on

Neutral hand.

Both Wrong: An error type is correctly
diagnosed but the suggested rewrite
does not correct the problem: can you
give me suggestion. (suggests the in-
stead of @)

Non-ascii: A non-ascii or text markup
character is in the immediate context.

False Flag: The suggestion resulted in
an error or would otherwise lead to a
degradation over the original user input.

Bad

Table 3: Evaluation categories

non-native ELL text because almost one third of
the flags fall into a neutral category.

In 51% of the 39,944 frequent user sentences,
the system generated at least one grammatical error
flag, for a total of 17,832 flags. Thirteen percent of
the time, the user ignored the flags. The remaining
87% of the flags were inspected by the user, and of
those, the user looked at the suggested rewrites
without taking further action 31% of the time. For
28% of the flags, the user hovered over a sugges-
tion to trigger a parallel web search but did not
accept the proposed rewrite. Nevertheless, 41% of
inspected rewrites were accepted, causing the orig-
inal string in the text to be revised. Overall, the
users inspected about 15.5K suggested rewrites to
accept about 6.4K. A significant number of users
appear to be inspecting the suggested revisions and
making deliberate choices to accept or not accept.

The next question is: Are users making the right
choices? To help answer this question, 34% of the
user sessions have been manually evaluated for
system accuracy — a total of approximately 5.1K
grammatical error flags. For each error category
and for the three major writing domains, we:




Email

Domain bad

15%

2,614 suggestions
772 acceptances

Non-Technical
Writing
Domain

bad
12%

1,437 suggestions

684 acceptances neutral

32%

Technical
Writing
Domain

1,069 suggestions
205 acceptances

neutral ——_
28%

Rewrite Suggestion Evaluation

56%

Accepted Suggestion

bad
9% P

neutral
28%

good
63%

bad
10%

neutral
34%

56%

good
52%

neutral
29%

Figure 3: User interactions by writing domain

tive modules, the overall good flag rate increased
by 7% while the false positive rate dropped 5%.
All differences in false positive rates are statistical-
ly significant in Wilcoxon’s signed-ranks test.
When all of the modules are evaluated across
the three major writing domains, shown in figure 3,
the same pattern of user discrimination between
good and bad flags holds. This is most evident in
the technical writing domain, where the overall
rate of good suggestions improved 13.2% after
accepting the suggestion and the false positive rate
dropped 15.1% after the decision. It is least marked
for the essay/nontechnical writing domain. Here
the overall good flag rate increased by only .3%
while the false positive rate dropped 1.6%. Again,
all of the differences in false positive rates are sta-
tistically significant in Wilcoxon’s signed-ranks
test. These findings are consistent with those for

the machine learned articles and prepositions mod-
ules in the email domain (Chodorow et al, under
review).

A probable explanation for the differences seen
across the domains is that those users who are
proofreading non-technical writing are, as a whole,
less proficient in English than the users who are
writing in the other domains. Users who are proof-
reading technical writing are typically writing a
dissertation or paper in English and therefore tend
to relatively fluent in the language. The email do-
main comprises people who are confident enough
in their English language skills to communicate
with colleagues and friends by email in English.
With the essay/non-technical writers, it often is not
clear who the intended audience is. If there is any
indication of audience, it is often an instructor. Us-
ers in this domain appear to be the least English-



language proficient of the ESL Assistant users, so it
is unsurprising that they are less effective in dis-
criminating between good and bad flags than their
more proficient counterparts. Thus it appears that
those users who are most in need of the system are
being helped by it least — an important direction for
future work.

Finally, we look at whether the neutral flags,
which account for 29% of the total flags, have any
effect. The two neutral categories highlighted in
Table 3, flags that either misdiagnose the error or
that diagnose it but do not correct it, account for
74% of ESL Assistant’s neutral flags. Although
these suggested rewrites do not improve the sen-
tence, they do highlight an environment that con-
tains an error. The question is: What is the effect of
identifying an error when the rewrite doesn’t im-
prove the sentence?

To estimate this, we searched for cases where
ESL Assistant produced a neutral flag and, though
the user did not accept the suggestion, a revised
sentence that generated no flag was subsequently
submitted for analysis. For example, one user en-
tered: “This early morning i got a from head office
.70 ESL Assistant suggested deleting from, which
does not improve the sentence. Subsequently, in
the same session, the user submitted, “This early
morning | heard from the head office ...” In this
instance, the system correctly identified the loca-
tion of an error. Moreover, even though the sug-
gested rewrite was not a good solution, the
information was sufficient to enable the user to fix
the error on his or her own.

Out of 1,349 sentences with neutral suggestions
that were not accepted, we identified (using a
fuzzy match) 215 cases where the user voluntarily
modified the sentence so that it contained no flag,
without accepting the suggestion. In 44% of these
cases, the user had simply typed in the suggested
correction instead of accepting it — indicating that
true acceptance rates might be higher than we orig-
inally estimated. Sixteen percent of the time, the
sentence was revised but there remained an error
that the system failed to detect. In the other 40% of
cases, the voluntary revision improved the sen-
tence. It appears that merely pointing out the poss-
ible location of an error to the user is often
sufficient to be helpful.

5 Conclusion

In conclusion, judging from the number of people
who have visited the ESL Assistant web site, there
is considerable interest in ESL proofreading tools
and services.

When using the tool to proofread text, users do
not accept the proposed corrections blindly — they
are selective in their behavior. More importantly,
they are making informed choices — they can dis-
tinguish correct suggestions from incorrect ones.
Sometimes identifying the location of an error,
even when the solution offered is wrong, itself ap-
pears sufficient to cause the user to repair a prob-
lem on his or her own. Finally, the user
interactions that we have recorded indicate that
current state-of-the-art grammatical error correc-
tion technology has reached a point where it can be
helpful to English language learners in real-world
contexts.
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