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Abstract

This paper addresses the question of how to
obtain consistent semantic annotation on the ba-
sis of a set of noisy texts. Many potential real-
world applications of semantic computing are
faced with the need to handle texts which are not
well-edited, and for which a resource-intensive
treebanking effort is not feasible.

Student-produced short answers contain many
grammatical and lexical errors, making consis-
tent annotation a challenge. Nevertheless, this
paper demonstrates that semantic role annotation
can be done in a consistent and useful manner
even under these constraints.

1 Introduction

c-rater R© is an automated scoring program for
content-based short-answer questions. Given a
set of training responses to a short-answer ques-
tion and a “model” built by a content specialist on
the basis of those responses, c-rater can automat-
ically assign scores to new responses, based on its
estimate of which important points are addressed
in each. A fuller description of the method by
which c-rater models are built and applied can be
found in [12].

The important aspect of c-rater for this paper
is that it operates by identifying a set of propo-
sitions which ought to be represented in an ideal
response, and scoring responses according to the
strength of the evidence that these propositions

are indeed present. Identifying particular proposi-
tions in a response involves looking for sentences
which match a template consisting of a predicate
associated with one or more arguments.

c-rater uses heuristic rules to extract potential
predicate-argument pairs from student responses,
but another approach to this problem could also
be considered—namely semantic role labeling
(SRL). Semantic role labeling comprises the iden-
tification of the noun phrases associated with par-
ticular argument slots of a predicate, typically by
means of a machine learning model. If such a
model could be successfully applied to c-rater, it
could allow for both greater scoring accuracy and
easier system maintenance.

Evaluation of the performance of semantic role
labeling in c-rater scoring is not entirely straight-
forward. Because scoring models for a particular
test item are authored by human content experts,
who specify a set of paraphrase rules on top of
the argument identification component, it is hard
to evaluate the independent impact of the argu-
ment identification component on the accuracy of
the scores. Instead of evaluating scoring accuracy
directly, we have human annotators create a gold-
standard set of semantic predicate-argument rela-
tions in a set of student responses, so that we can
compare the performance of an SRL model with
c-rater’s current argument identification compo-
nent on this narrower task.

This sort of evaluation presupposes that annota-
tors can consistently identify predicate-argument
relations in noisy texts such as those scored



by c-rater. Electronically captured student re-
sponses are characterized by spelling errors, mis-
use of whitespace, capitalization, and punctua-
tion, grammatical mistakes, and extreme variation
in writing style. Whether annotators can in fact
identify semantic relationships in such texts is the
question addressed in this paper.

2 Semantic Role Labeling

Semantic role labeling, as conceived of in
current research, involves the automatic identi-
fication of the meaning structure of a sentence.
Specifically, this meaning structure is represented
by a set of participant roles such as AGENT, PA-
TIENT, and GOAL, which are assigned to the en-
tities involved in the action described by a sen-
tence. These roles are embedded in a frame struc-
ture, which expresses the propositional content of
the text. Previous research has produced promis-
ing results on this task using machine learning
tools to derive generalizations from the Berkeley
FrameNet database ([1]), and the PropBank anno-
tations of the Penn Treebank ([10]).

The first work to address the problem of seman-
tic parsing from a statistical point of view is that
of [9]. Gildea & Jurafsky showed that a statis-
tical system trained on FrameNet could achieve
fairly good results in assigning participant role la-
bels within a sentence, with much better robust-
ness than hand-built systems. Since 2002, many
other researchers have taken up the issue of auto-
matic labeling of participant roles, and this con-
tinues to be a topic of great interest to many com-
putational linguists. It was one of the shared tasks
of both CoNLL ([5]) and Senseval ([13]) in 2004.

The best performing semantic role labeling sys-
tems, exemplified by [16], use an architecture in
which a syntactic parser is applied to each sen-
tence in a first pass, and the task of the seman-
tic role labeling system is to identify certain con-
stituents identified by the parser as semantic argu-
ments of a predicate. This classification of con-
stituents is typically done with complex machine
learning systems such as support vector machines,
which are capable of handling the large feature

space necessary for this application.
Because the simpler set of roles in PropBank

allows machine learning models to generalize
more successfully, and because of the more con-
venient sampling method used for annotating
predicates in this corpus, we consider models
built on PropBank, rather than FrameNet, in the
following. (See [14] for more information about
the differences between these resources.)

2.1 c-rater tuples

The alternate method used by c-rater to iden-
tify the predicate-argument structure in a response
is described in [12]. c-rater generates a syn-
tactic analysis of each sentence, and then uses
a set of heuristic rules to generate candidate ar-
guments for each predicate identified in the sen-
tence. These predicate-argument relations are
known as tuples in the c-rater system. The roles
assigned to each argument are very generic ones,
such as (deep) “subject” and “object”, which are
useful for distinguishing the different argument
slots for a single predicate, but are not differen-
tiated according to different predicate types (as
FrameNet roles are). Ultimately, c-rater tuples
target participant roles, just as SRL models do,
and while there may be some differences in the
way arguments are encoded, it is not unreasonable
to compare the two directly in terms of argument
identification accuracy.

3 Data

A set of student responses was assembled to
serve as a test set for the evaluation of the perfor-
mance of semantic role labeling and c-rater’s cur-
rent techniques in identifying predicate-argument
pairs. These are responses to content-based short-
answer questions, written by first- and second-
year college students as part of a pilot study.

These responses span two different prompts, or
topics, which are the questions to which the re-
sponses are directed. One of the prompts targets
reading comprehension; the student is asked to
read a passage, and then answer a question based



on information within the text itself. The other,
critical thinking, prompt targets analytical skills,
requiring students to synthesize multiple pieces of
information from the text in order to produce a
correct response.

From the available data, we selected a subset of
responses which used specific words we believed
to be important predicates for scoring the accu-
racy of the response. This is discussed in more
detail in Section 4.3 below, where we introduce
the PropBank-style annotation procedure we used
for these predicates. In addition to an electronic
version of the topics, and the responses on these
topics, we also had access to scoring rubrics for
each task. These rubrics specify exactly which
criteria a response must meet in order to receive
credit. This allowed us to make an informed de-
cision about which predicates are most critical for
each task, by looking at the sorts of statements re-
quired by the rubric for a response to count as a
correct answer. In some cases, there was only one
point to be addressed in the question, and credit
is given in an all-or-nothing fashion (i.e., a score
of 1 or 0). The rubrics for other topics allow for
partial credit if a student covers some important
points, but not the full set of points the question is
supposed to elicit. These topics have a score scale
consisting of 0, 1, or 2.

The average number of sentences per response
ranges between one and four across topics, and
the number of words per topic from around 20
to around 60. These are truly short responses in
which students provide an answer to a narrowly-
focused question, and not essays.

4 Annotation

This project involved three major stages of an-
notation, which were designed to mimic the pro-
cessing steps which c-rater would undertake if it
were to use semantic role labeling, but with hu-
man intervention to mitigate errors caused by de-
ficiencies in the automated processing systems.

The first step of annotation is light copy-
editing, in which annotators fix spelling errors and
other egregious problems which are likely to ad-

versely affect later processing steps, such as pars-
ing. This corresponds to the spelling-correction
and tokenization step in c-rater.

The edited student responses are then pro-
cessed with a statistical parser, to produce a syn-
tactic tree structure for each sentence. This struc-
ture is the basis for the second stage of annotation:
syntactic parse correction. This involves making
minimally sufficient changes to the parse trees to
eliminate structural problems and parse structures
which seriously violate the Penn Treebank anno-
tation guidelines.

Finally, our annotators performed PropBank
style annotation on selected predicates from each
response in order to construct a gold-standard test
set of important predicate-argument relations to
be identified for each response.

4.1 Editing

The annotators for this stage were instructed to
correct a limited set of error types (listed in Table
1), and were given examples of these errors from
student responses, as a model to guide their edit-
ing. Annotators were instructed to err on the side
of conservatism, correcting errors only when they
were clearly mistakes, and not just questionable
stylistic choices. A subset of 130 responses were
edited by two independent annotators so that we
could assess their agreement on this task.

Each annotator was asked to record the number
of corrections of each type which were made to
each response. A more exact measure of agree-
ment could be made on the basis of exactly which
corrections were made by each editor. However,
we have observed that annotation of grammati-
cal errors requires evaluation at a more abstract
level. There is some ambiguity inherent in the
correction process, because a given error can of-
ten be remedied in multiple ways. For example,
a subject-verb agreement error can be fixed by
changing the number of either the subject or the
verb, if both interpretations are plausible. Requir-
ing an exact match between corrections made by
each annotator might be too stringent a criterion
from this perspective.



Table 1 shows a summary of the corrections
made by Annotator A. Somewhat surprisingly, the
most common error type among all responses was
grammatical errors. (The spelling errors in these
responses tend to be very salient.) This may be
because the class of grammatical errors is rela-
tively broad, so that annotators were using this
code as a bit of a catch-all for errors not easily
classified into one of the other types.

Table 2 shows the Pearson product-moment
correlation between the number of corrections of
each type made by annotators A and B on each re-
sponse. We believe these correlations are reason-
able, given the size of the data samples on which
they are based. However, the correlation for the
number of spelling errors found was somewhat
disappointing. (Again, this may be due to uncer-
tainty about the classification of a given error.)

In the further annotation steps described below,
the texts edited by Annotator A were used, for the
sake of consistency, and because this annotator
had more experience with the task.

4.2 Treebanking

The second stage of annotation involved
the correction of parse trees produced by the
OpenNLP statistical parser.1

The optimal way of ensuring a clean syntac-
tic representation would be to have trained lin-
guists do full Treebanking of the responses, just
as if they were new additions to the Penn Tree-
bank. However, this would be a very time-
consuming and resource-intensive process. As
a compromise, we use the OpenNLP statistical
parser to provide an initial structure, so that the
burden of our annotators is reduced to the task of
correcting gross errors committed by the parser.
The OpenNLP parser is based on Adwait Ratna-
parkhi’s maximum-entropy parser ([17]), which
still ranks among the best-performing statistical
parsers. This parser is used in c-rater as well,
which makes it a reasonable starting point.

Previous work has demonstrated that correct-
ing the output of an automatic parser can reduce

1http://opennlp.sourceforge.net/

the amount of human effort needed to develop a
full syntactic tree for a sentence ([7, 15]). Chiou
et al. cite a 50% reduction in annotation time,
although this result is for Chinese. To our knowl-
edge, though, no previous work has evaluated the
quality of the resulting parses by assessing the
agreement of independent annotators in produc-
ing a corrected tree structure. Our evaluation be-
low fills this gap in the literature.

The task of correcting parses requires some
elaboration, because it is not immediately obvi-
ous which sorts of errors ought to be corrected,
and which should be left alone. Furthermore, the
output of a typical parser typically contains much
less information than a Treebank tree produced
from scratch. For example, most parsers do not
identify the location of traces and other empty
categories. They also do not indicate binding re-
lationships, or grammatical relations, which are
provided in parts of the Penn Treebank.

As in the previous annotation task, we in-
structed our annotators to operate conservatively,
refraining from changes which are not clear-
cut, or whose effects on further processing steps
would be negligible. Empty categories, binding
indices, and grammatical relations were not added
to the trees. Annotators were instructed to cor-
rect tagging errors when they crossed major cat-
egory boundaries, and thereby engendered parse
problems, but distinctions within a major category
(such as NN vs. NNP) were not corrected. Anno-
tators were instructed to focus on “global” errors,
in which incorrect delimitation of a given con-
stituent affects a large portion of the parse tree,
rather than localized errors involving a single con-
stituent label. These global errors comprise the
biggest potential problem for applying semantic
role labeling to the task of short answer scoring.

We used three annotators for this project, all
of whom were trained linguists (either holding a
PhD, or currently enrolled in a PhD program). All
three of the annotators had previous experience
with Penn Treebank trees, and consulted the Penn
Treebank bracketing guidelines in the course of
their work.

Table 3 provides some summary statistics



Topics Total Num. Capitalization Spelling S-Breaking Grammar All
Responses Errors Errors Errors Errors Errors

All topics 1260 159 (0.13) 554 (0.44) 265 (0.21) 966 (0.77) 1946 (1.54)

Table 1. Error types corrected by Annotator A. The number in parentheses is the average number of
errors per response.

Capitalization Spelling S-Breaking Grammar All
Errors Errors Errors Errors Errors
0.909 0.588 0.665 0.878 0.900

Table 2. Correlation between number of errors reported per response by each annotator.

about the 964 sentences for which we have cor-
rections by multiple annotators. The corrected
parses produced by the two annotators are of ap-
proximately the same size as those in the original
parses, with just over 36 nodes per sentence.

The most marked difference between the orig-
inal parses and the annotators’ corrected versions
is that the latter seem to contain many fewer NP
nodes. This difference in the number of NP nodes
suggests that our parser is predisposed to pro-
duce more recursive NP structures than is war-
ranted, and is likely a manifestation of the “label
bias” problem cited elsewhere in the NLP litera-
ture ([3, 11]). The count of other constituent types
is more constant across parses, which is to be ex-
pected, because the structure of NP constituents
is much more variable than that of VPs and PPs.

We performed an evaluation of the agreement
between annotators, using two different sets of
measures. This evaluation uses the same set of
data described in Table 3, for which we have cor-
rections by two annotators.

The first measure of agreement between anno-
tators uses the PARSEVAL metrics ([2]), which
are typically used to evaluate the accuracy of
parsers (e.g., [6, 8, 17]), but may also be used to
evaluate the agreement between annotators in pro-
ducing a syntactic tree structure ([7, 4]). These
metrics include labeled and unlabeled precision,
recall, and f-measure, in addition to the num-
ber of cross-brackets per sentence. In Table 4,
the first tree structure is arbitrarily treated as the
“guessed” structure, while the second structure is
taken as the “gold” structure, for the purposes of

computing the PARSEVAL metrics.
Table 4 shows that the agreement between an-

notators is much higher than that between the
original parse and either annotator individually,
indicating that the annotators are indeed converg-
ing on a common gross syntactic structure. The
unlabeled f-measure between the two annotators,
which is a measure of how well the overall struc-
tures of two parse trees correspond, is 0.968, rep-
resenting a significant (p < .001) reduction in the
disagreement rate of more than 65% over the un-
labeled f-measure between either annotator and
the original parse. The number of crossing brack-
ets per sentence also sees a dramatic reduction,
from 2.63 to 0.50.

The other metric by means of which we can
measure the agreement between annotators in cor-
recting the output of our parser is the leaf-ancestor
metric ([18, 19]). This metric was developed in
order to address some perceived shortcomings of
the PARSEVAL metric in capturing human in-
tuitions about the relative seriousness of differ-
ences between parse trees. In a nutshell, the leaf-
ancestor metric evaluates the agreement between
parse trees on a word-by-word basis, instead of a
node-by-node basis. This causes the agreement
calculation to be more sensitive to the relative
length of constituents.

Table 5 shows the leaf-ancestor agreement fig-
ures for the same pairings of parses considered
in Table 4, computed as an average value over
sentences, tokens, and words (excluding punctua-
tion). The agreement between our annotators is in
all cases significantly (p < .001) higher than the



Source of NP VP S SBAR PP
Parses Responses Sentences Words Nodes Nodes Nodes Nodes Nodes Nodes

parser output 334 964 18646 35386 6155 5755 3218 1517 1470
Annotator B 334 964 18646 35364 5890 5800 3215 1522 1448
Annotator A 334 964 18646 35146 5616 5881 3155 1480 1443

Table 3. Summary statistics for responses in data used to establish human agreement in parse cor-
rection

agreement between either annotator individually
and the original parse, which is consistent with
the results derived using the PARSEVAL metrics.

4.3 Semantic Role Labeling

The final stage of annotation was the assign-
ment of PropBank semantic role labels to the ar-
guments of selected predicates in each response.

As mentioned above, the responses used for
these experiments had been selected to contain
specific words we believed to be important pred-
icates for scoring the accuracy of the response,
in order to ensure that the evaluation in terms of
argument identification is actually relevant to the
larger question of scoring accuracy. These impor-
tant predicates were the ones selected for Prop-
Bank annotation.

Constraints on annotator availability limited
the total number of responses which could be an-
notated for syntactic roles, but we were able to
collect PropBank annotations for two complete
prompts (CP-2 and CP-4). For prompt CP-2,
we identified three important verbs: reduce, de-
crease, and lose.2 For prompt CP-4, we iden-
tified only one verb: introduce.3 All of the
responses from prompts CP-2 and CP-4 were
double-annotated for PropBank arguments.

For the semantic role annotation undertaken
here, there is little difference between requiring
matching arguments to have the same constituent

2Prompt CP-2 concerns a bookseller who is faced with competition
from a chain store. She has decided to remove some bookshelves and
install a café. However, this alienated some of her loyal customers. The
three verbs are relevant to this prompt because they are used frequently
both in descriptions of the store’s inventory (reduced selection), and in
discussing the results of the remodeling (losing customers).

3Prompt CP-4 asks about the discourse function of a particular (intro-
ductory) passage in the readings.

span, and requiring them to have the same head
only. Therefore, we report only the head-based
measure. However, we do calculate both labeled
and unlabeled agreement statistics. Unlabeled
agreement may be more meaningful in consider-
ing the usefulness of semantic parsing for c-rater,
since mislabeled arguments might still be usable
in scoring, given appropriately defined scoring
rules.

Tables 6–7 show the agreement between anno-
tators in labeling PropBank arguments, according
to these measures. The rows NA and NB indicate
the number of arguments identified by each anno-
tator.

The summary statistics in the lower right-hand
corner of Table 6 show that overall, agreement be-
tween annotators is quite high, with an f-measure
of 0.95 on prompt CP-4, and 0.93 on prompt CP-
2. However, their agreement is much lower on the
infrequent argument classes ARG2 and ARG3,
and in labeling ARG0s for the verbs reduce and
decrease. It is somewhat understandable that the
less frequent argument classes would display less
consistency, since the annotators have less experi-
ence in dealing with them, and also because they
are found only in unusual uses of these verbs. The
lower agreement in labeling ARG0s for reduce
and decrease may reflect the fact that decrease
displays an ergative alternation in which surface
syntactic relationships do no not map simply to
semantic roles (She decreased her selection←→
Her selection decreased). Students have a ten-
dency to use reduce in the same way, although
this violates the prescriptive rules of its use.

We consider an overall f-measure in the mid-
nineties to be satisfactory for this annotation task,
given the level of performance by automatic sys-



tems reported in the literature, and the error anal-
ysis we have performed thus far.

5 Future work

The current paper has demonstrated that reli-
able annotation of semantic argument structure is
feasible even for noisy texts. Human agreement
on editing for grammatical mistakes, correcting
automatic syntactic parses, and assigning Prop-
Bank role labels is high enough to allow the con-
struction of a useful testbed for further analysis.

Now that such a testbed has been developed
the obvious next step in our work is to evalu-
ate machine learning models for semantic role la-
beling against c-rater’s current method of argu-
ment identification. The same agreement mea-
sures used to compare human annotators in this
paper can be used to evaluate the success of each
model in identifying the semantic arguments rel-
evant to a student response.

Another important task is the establishment of
a set of best practices for the correction of au-
tomatic parses. Previous work has established
the efficiency gains which this methodology can
achieve, and this paper has demonstrated that it
can result in high agreement between human an-
notators. In future, it would be very valuable
to investigate factors contributing to annotator
agreement in parse correction.
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Comparison Labeled Unlabeled X-Brackets
P R F P R F Per Sentence

Annotator A vs. parser 0.842 0.835 0.838 0.905 0.896 0.900 2.62
Annotator B vs. parser 0.857 0.855 0.856 0.908 0.906 0.907 2.63

Annotator A vs. Annotator B 0.916 0.911 0.913 0.972 0.965 0.968 0.50
Annotator B vs. Annotator A 0.911 0.916 0.913 0.965 0.972 0.968 0.50

Table 4. Agreement between annotators in correcting parses, measured according to PARSEVAL
metrics

Comparison Average Average Average
Sentence Score Token Score Word Score

parser vs. Annotator A 0.914 0.898 0.896
parser vs. Annotator B 0.920 0.903 0.901

Annotator A vs. Annotator B 0.959 0.957 0.955

Table 5. Agreement between annotators in correcting parses, measured according to leaf-ancestor
metric

CP-2 CP-2 CP-2 CP-2 CP-4
reduce decrease lose ALL introduce

ARG0

NA 28 26 178 233 121
NB 25 24 178 228 101

Precision 0.86 0.73 0.94 0.91 0.83
Recall 0.96 0.79 0.97 0.95 1.00

F-measure 0.91 0.76 0.95 0.93 0.91

ARG1

NA 45 37 195 278 130
NB 46 39 194 280 130

Precision 0.98 1.00 0.96 0.97 0.97
Recall 0.96 0.95 0.97 0.96 0.97

F-measure 0.97 0.97 0.97 0.97 0.97

ARG2

NA 13 10 0 23 15
NB 5 1 1 7 15

Precision 0.38 0.00 0.00 0.22 1.00
Recall 1.00 0.00 0.00 0.71 1.00

F-measure 0.56 0.00 0.00 0.33 1.00

ARG3

NA – 1 – 1 –
NB – 0 – 0 –

Precision – 0.00 – 0.00 –
Recall – 0.00 – 0.00 –

F-measure – 0.00 – 0.00 –

All ARGs

NA 86 74 373 535 266
NB 76 64 373 515 246

Precision 0.85 0.76 0.96 0.91 0.91
Recall 0.96 0.88 0.96 0.95 0.98

F-measure 0.90 0.81 0.96 0.93 0.95

Table 6. Agreement between annotators in identifying labeled PropBank arguments (common head)

CP-2 CP-2 CP-2 CP-2 CP-4
reduce decrease lose ALL introduce

All ARGs

NA 86 74 373 535 266
NB 76 64 373 515 246

Precision 0.85 0.77 0.95 0.91 0.91
Recall 0.96 0.89 0.96 0.96 0.98

F-measure 0.90 0.83 0.96 0.93 0.95

Table 7. Agreement between annotators in identifying unlabeled PropBank arguments (common
head)


