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Anaphoric Shell Nouns (ASNs)

New York is one of only three states that do not allow 
some form of audio-visual coverage of court proceedings. 
Some lawmakers worry that cameras might compromise 
the rights of the litigants. But a 10-year experiment with 
courtroom cameras showed that televised access 
enhanced public understanding of the judicial system 
without harming the legal process. New York's 
backwardness on this issue hurts public confidence in the 
judiciary...
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Our paper: Annotating antecedents of ASNs 
such as this issue, this fact, this possibility

 (Schmid, 2000)
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Our paper: Annotating antecedents of ASNs 
such as this issue, this fact, this possibility

 (Schmid, 2000)

antecedent



Why ASN annotation?

4



• Occur frequently in all kinds of texts

• fact, idea, problem: among 100 most 
frequently occurring nouns (Schmid 2000)

• ∼25 million occurrences in the NYT corpus 
(∼1.3 billion tokens)
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Ubiquity of Shell Nouns



New York is one of only three states that do not allow 
some form of audio-visual coverage of court proceedings. 
Some lawmakers worry that cameras might compromise 
the rights of the litigants. But a 10-year experiment with 
courtroom cameras showed that televised access enhanced 
public understanding of the judicial system without harming 
the legal process. New York's backwardness on this issue 
hurts public confidence in the judiciary...
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• Characterize and label chunks of information

• Cohesive devices

• Topic boundary markers

Organizing Discourse
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Current Research: Gap
Corpus ASN instances
Poesio and Artstein, 2008
ARRAU

455 abstract anaphor instances,  
very few ASNs

Kolhatkar and Hirst, 2012 188 this issue instances from 
Medline abstracts

Botley, 2006 462 ASN instances (not available)
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Current Research: Gap
Corpus ASN instances
Poesio and Artstein, 2008
ARRAU

455 abstract anaphor instances,  
very few ASNs

Kolhatkar and Hirst, 2012 188 this issue instances from 
Medline abstracts

Botley, 2006 462 ASN instances (not available)

Need a large-scale ASN antecedent corpus

ASNs are largely ignored in CL



Annotation challenges

11



New York is one of only three states that do not allow some form 
of audio-visual coverage of court proceedings. Some lawmakers 
worry that cameras might compromise the rights of the litigants. 
But a 10-year experiment with courtroom cameras showed that 
televised access enhanced public understanding of the judicial 
system without harming the legal process. New York's backwardness 
on this issue hurts public confidence in the judiciary...
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What to Annotate?

• Antecedents: complex and abstract entities

• Heterogeneous set of markables
(e.g., NPs, VPs, sentences, clauses, ...)
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What to Annotate?

• Antecedents: complex and abstract entities

• Heterogeneous set of markables
(e.g., NPs, VPs, sentences, clauses, ...)

Leads to large search space 
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What’s the “right” answer?

New York is one of only three states that do 
not allow some form of audio-visual coverage 
of court proceedings. Some lawmakers worry 
that cameras might compromise the rights of 
the litigants. But a 10-year experiment with 
courtroom cameras showed that televised 
access enhanced public understanding of the 
judicial system without harming the legal 
process. New York's backwardness on this 
issue hurts public confidence in the judiciary...
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New York is one of only three states that do 
not allow some form of audio-visual coverage 
of court proceedings. Some lawmakers worry 
that cameras might compromise the rights of 
the litigants. But a 10-year experiment with 
courtroom cameras showed that televised 
access enhanced public understanding of the 
judicial system without harming the legal 
process. New York's backwardness on this 
issue hurts public confidence in the judiciary...

whether to

What’s the “right” answer?



Annotation data
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Shell Nouns: Categorization
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(Schmid, 2000)

Category Examples

Factual fact, problem, reason

Linguistic news, proposal, question

Mental idea, belief, decision, issue

Modal possibility, need, trend

Eventive act, reaction, attempt

Circumstantial situation, approach



Shell Nouns: Selection
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✔
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Shell Nouns: Selection 

High-frequency nouns from each category

Category Examples

Factual fact, problem, reason
Linguistic news, proposal, question
Mental idea, belief, decision, issue
Modal possibility, need, trend

Eventive act, reaction, attempt

Circumstantial situation, approach

✔

✔

✔

✔



• Base corpus: The New York Times corpus
(Sandhaus, 2008)

• ~475 instances per 6 selected shell nouns
fact, reason, issue, decision, question, possibility

• Total: 2,822 ASN instances
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The ASN Corpus



Annotation 
methodology
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• Crowdsourcing: CrowdFlower

• Quality control 

• Gold questions

• Training phase

• Detailed results

• Aggregated and full results with 
annotators’ demographic information

21

Annotation Platform
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Annotator Trust Answer
A 0.75 “no”
B 0.75 “yes”
C 1.0 “yes”

CrowdFlower Confidence

Annotator Trust Answer
A 0.75 “a1”
B 0.75 “a2”
C 1.0 “a2”



23

Annotator Trust Answer
A 0.75 “no”
B 0.75 “yes”
C 1.0 “yes”

CrowdFlower Confidence

Annotator Trust Answer
A 0.75 “a1”
B 0.75 “a2”
C 1.0 “a2”

score for “a2” =1.75
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Annotator Trust Answer
A 0.75 “a1”
B 0.75 “a2”
C 1.0 “a2”

CrowdFlower Confidence

Crowd’s answer: 
“a2” with confidence 0.7=1.75/(1.75+0.75)

score for “a2” =1.75

score for “a1” = 0.75
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ASN instances 
from the NYT

Identify the sentence containing antecedent

Annotated ASN Corpus

Annotation Tasks

Identify the precise antecedent

CrowdFlower Expt. 1

CrowdFlower Expt. 2

Simple tasks do best with crowdsourcing
(Madnani et al. 2010, Wang et al. 2012)
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CrowdFlower Expt. 1

(a3) New York is one of only three states that do not 
allow some form of audio-visual coverage of court 
proceedings. (a2) Some lawmakers worry that cameras 
might compromise the rights of the litigants. (a1) But a 
10-year experiment with courtroom cameras showed 
that televised access enhanced public understanding of 
the judicial system without harming the legal process. (b) 
New York's backwardness on this issue hurts public 
confidence in the judiciary...

Identifying the sentence containing 
the antecedent
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CrowdFlower Expt. 1

(a3) New York is one of only three states that do not 
allow some form of audio-visual coverage of court 
proceedings. (a2) Some lawmakers worry that cameras 
might compromise the rights of the litigants. (a1) But a 
10-year experiment with courtroom cameras showed 
that televised access enhanced public understanding of 
the judicial system without harming the legal process. (b) 
New York's backwardness on this issue hurts public 
confidence in the judiciary...

Identifying the sentence containing 
the antecedent



• 2,822 instances

• 8 judgements per instance

• 8 cents per annotation

• Completion time: 3 days
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Settings



Inter-annotator 
agreement for expt. 1
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CrowdFlower Expt. 2

New York is one of only three states that do not allow 
some form of audio-visual coverage of court proceedings. 
Some lawmakers worry that cameras might compromise 
the rights of the litigants. But a 10-year experiment with 
courtroom cameras showed that televised access 
enhanced public understanding of the judicial system 
without harming the legal process. New York's 
backwardness on this issue hurts public confidence in the 
judiciary...

Identifying the precise antecedent
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CrowdFlower Expt. 2

New York is one of only three states that do not allow 
some form of audio-visual coverage of court proceedings. 
Some lawmakers worry that cameras might compromise 
the rights of the litigants. But a 10-year experiment with 
courtroom cameras showed that televised access 
enhanced public understanding of the judicial system 
without harming the legal process. New York's 
backwardness on this issue hurts public confidence in the 
judiciary...

Identifying the precise antecedent



• 2,323 high-confidence instances from 
CrowdFlower expt. 1

• 8 judgements per instance

• 6 cents per annotation

• Completion time: 7 days

33

Settings



Inter-annotator 
agreement for expt. 2

34
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Challenge
It is believed that between 20 percent and 30 percent of 
Italy's economic output is submerged. The decision to 
finally take this fact into account...

Answer 1: that between 20 percent and 30 percent of 
Italy's economic output is submerged

Answer 2: between 20 percent and 30 percent of Italy's 
economic output is submerged

Answer 3: between 20 percent and 30 percent

Need coefficients that incorporate the 
notion of the distance between strings
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Challenge
It is believed that between 20 percent and 30 percent of 
Italy's economic output is submerged. The decision to 
finally take this fact into account...

Answer 1: that between 20 percent and 30 percent of 
Italy's economic output is submerged

Answer 2: between 20 percent and 30 percent of Italy's 
economic output is submerged

Answer 3: between 20 percent and 30 percent

Need coefficients that incorporate the 
notion of the distance between strings

less distant

more distant
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Krippendorff ’s α

α = 1,  perfect reliability

α = 0,  absence of reliability

α < 0,  systematic disagreement or small 
sample size

Jaccard Dice
Do De α Do De α

A&P .53 .95 .45 .43 .94 .55
Our results .47 .96 .51 .36 .92 .61

Table 3: Agreement using Krippendorff’s α for
CrowdFlower experiment 2. A&P = Artstein and
Poesio (2006).

agreement is. Agreement coefficients such as Co-
hen’s κ underestimate the degree of agreement for
such annotation, suggesting disagreement even be-
tween two very similar annotated units (e.g., two
text segments that differ in just a word or two).
We present the agreement results in three different
ways: Krippendorff’s α with distance metrics Jac-
card and Dice (Artstein and Poesio, 2006), Krip-
pendorff’s unitizing alpha (Krippendorff, 2013),
and CrowdFlower confidence values.

Krippendorff’s α using Jaccard and Dice To
compare our agreement results with previous ef-
forts to annotate such antecedents, following Art-
stein and Poesio (2006), we computed Krippen-
dorff’s α using distance metrics Jaccard and Dice.
The general form of coefficient α is:

α = 1− Do

De
(1)

where Do and De are observed and expected dis-
agreements respectively. α = 1 indicates perfect
reliability and uα = 0 indicates the absence of re-
liability. When uα < 0, either the sample size
is very small or the disagreement is systematic.
Table 3 shows the agreement results. Our agree-
ment results are comparable to Artstein and Poe-
sio’s agreement results. They had 20 annotators
annotating 16 anaphor instances with segment an-
tecedents, whereas we had 8 annotators annotat-
ing 2,323 ASN instances. As Artstein and Poesio
point out, expected disagreement in case of such
antecedent annotation is close to maximal, as there
is little overlap between segment antecedents of
different anaphors and therefore α pretty much re-
flects the observed agreement.

Krippendorff’s unitizing α (uα) Following
Kolhatkar and Hirst (2012), we use uα for measur-
ing reliability of the ASN antecedent annotation
task. This coefficient is appropriate when the an-
notators work on the same text, identify the units
in the text that are relevant to the given research

F R I D Q P all

c < .5 11 17 32 31 14 28 21
.5 ≤ c < .6 12 12 19 23 9 19 15
.6 ≤ c < .8 36 33 34 32 30 36 33
.8 ≤ c < 1. 24 22 10 10 21 13 18

c = 1. 17 16 5 3 26 4 13

Average c .74 .71 .60 .59 .77 .62 .68

Table 4: CrowdFlower confidence distribution for
CrowdFlower experiment 2. Each column shows
the distribution in percentages for confidence of
annotating antecedents of that shell noun. The fi-
nal row shows the average confidence of the dis-
tribution. Number of ASN instances = 2,323. F
= fact, R = reason, I = issue, D = decision, Q =
question, P = possibility.

question, and then label the identified units (Krip-
pendorff, p.c.). The general form of coefficient
uα is the same as in equation 1. In our context,
the annotators work on the same text, the ASN in-
stances. We define an elementary annotation unit
(the smallest separately judged unit) to be a word
token. The annotators identify and locate ASN
antecedents for the given anaphor in terms of se-
quences of elementary annotation units.

uα incorporates the notion of distance between
strings by using a distance function which is de-
fined as the square of the distance between the
non-overlapping tokens in our case. The distance
is 0 when the annotated units are exactly the same,
and is the summation of the squares of the un-
matched parts if they are different. We compute
observed and expected disagreement as explained
by Krippendorff (2013, Section 12.4). For our
data, uα was 0.54.10

uα was lower for the men-
tal nouns issue and decision and the modal noun
possibility compared to other shell nouns.

CrowdFlower confidence results We also ex-
amined different confidence levels for ASN an-
tecedent annotation. Table 4 gives confidence re-
sults for all instances and for each noun. In con-
trast with Table 2, the instances are more evenly
distributed here. As in experiment 1, the men-
tal nouns issue and decision had many low con-
fidence instances. For the modal noun possibility,
it was easy to identify the sentence containing the
antecedent, but pinpointing the precise antecedent

10Note that uα reported here is just an approximation of
the actual agreement as in our case the annotators chose an
option from a set of predefined options instead of marking
free spans of text.

observed disagreement

expected disagreement
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α with Distance Metrics 

Artstein and Poesio, 2006: 20 annotators,16 instances
Our work: 8 annotators, 2,323 instances

Jaccard Dice
Do De α Do De α

A&P .53 .95 .45 .43 .94 .55
Our results .47 .96 .51 .36 .92 .61

Table 3: Agreement using Krippendorff’s α for
CrowdFlower experiment 2. A&P = Artstein and
Poesio (2006).

agreement is. Agreement coefficients such as Co-
hen’s κ underestimate the degree of agreement for
such annotation, suggesting disagreement even be-
tween two very similar annotated units (e.g., two
text segments that differ in just a word or two).
We present the agreement results in three different
ways: Krippendorff’s α with distance metrics Jac-
card and Dice (Artstein and Poesio, 2006), Krip-
pendorff’s unitizing alpha (Krippendorff, 2013),
and CrowdFlower confidence values.

Krippendorff’s α using Jaccard and Dice To
compare our agreement results with previous ef-
forts to annotate such antecedents, following Art-
stein and Poesio (2006), we computed Krippen-
dorff’s α using distance metrics Jaccard and Dice.
The general form of coefficient α is:

α = 1− Do

De
(1)

where Do and De are observed and expected dis-
agreements respectively. α = 1 indicates perfect
reliability and uα = 0 indicates the absence of re-
liability. When uα < 0, either the sample size
is very small or the disagreement is systematic.
Table 3 shows the agreement results. Our agree-
ment results are comparable to Artstein and Poe-
sio’s agreement results. They had 20 annotators
annotating 16 anaphor instances with segment an-
tecedents, whereas we had 8 annotators annotat-
ing 2,323 ASN instances. As Artstein and Poesio
point out, expected disagreement in case of such
antecedent annotation is close to maximal, as there
is little overlap between segment antecedents of
different anaphors and therefore α pretty much re-
flects the observed agreement.

Krippendorff’s unitizing α (uα) Following
Kolhatkar and Hirst (2012), we use uα for measur-
ing reliability of the ASN antecedent annotation
task. This coefficient is appropriate when the an-
notators work on the same text, identify the units
in the text that are relevant to the given research
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Table 4: CrowdFlower confidence distribution for
CrowdFlower experiment 2. Each column shows
the distribution in percentages for confidence of
annotating antecedents of that shell noun. The fi-
nal row shows the average confidence of the dis-
tribution. Number of ASN instances = 2,323. F
= fact, R = reason, I = issue, D = decision, Q =
question, P = possibility.

question, and then label the identified units (Krip-
pendorff, p.c.). The general form of coefficient
uα is the same as in equation 1. In our context,
the annotators work on the same text, the ASN in-
stances. We define an elementary annotation unit
(the smallest separately judged unit) to be a word
token. The annotators identify and locate ASN
antecedents for the given anaphor in terms of se-
quences of elementary annotation units.

uα incorporates the notion of distance between
strings by using a distance function which is de-
fined as the square of the distance between the
non-overlapping tokens in our case. The distance
is 0 when the annotated units are exactly the same,
and is the summation of the squares of the un-
matched parts if they are different. We compute
observed and expected disagreement as explained
by Krippendorff (2013, Section 12.4). For our
data, uα was 0.54.10

uα was lower for the men-
tal nouns issue and decision and the modal noun
possibility compared to other shell nouns.

CrowdFlower confidence results We also ex-
amined different confidence levels for ASN an-
tecedent annotation. Table 4 gives confidence re-
sults for all instances and for each noun. In con-
trast with Table 2, the instances are more evenly
distributed here. As in experiment 1, the men-
tal nouns issue and decision had many low con-
fidence instances. For the modal noun possibility,
it was easy to identify the sentence containing the
antecedent, but pinpointing the precise antecedent

10Note that uα reported here is just an approximation of
the actual agreement as in our case the annotators chose an
option from a set of predefined options instead of marking
free spans of text.

Do =
1

ic(c−1)!i∈I !k∈K
!
k�∈K

niknik�dkk�

De =
1

ic(ic−1) !k∈K
!
k�∈K

nknk�dkk�

c number of coders
i number of items
nik number of times item i is classified in category k
nk number of times any item is classified in category k
dkk� distance between categories k and k�

Table 2: Observed and expected disagreement for "

4.2 Distance measures for anaphora

The distance metric d is not part of the general definition of ", because different
metrics are appropriate for different types of categories. For anaphora annotation,
the most plausible categories are the ANAPHORIC CHAINS: the sets of markables
which are mentions of the same discourse entity. Passonneau (2004) proposes a
distance metric between anaphoric chains based on the following rationale: two
sets are minimally distant when they are identical and maximally distant when
they are disjoint; between these extremes, sets that stand in a subset relation are
closer (less distant) than ones that merely intersect. This leads to the following
distance metric between two sets A and B.

dPassonneauAB =






0 if A= B
1/3 if A⊂ B or B⊂ A
2/3 if A∩B �= /0, but A �⊂ B and B �⊂ A
1 if A∩B= /0

Passonneau’s metric is not easy to generalize when ambiguity is allowed. Our
generalized measures were based instead on distance metrics commonly used in
Information Retrieval that take the size of the anaphoric chain into account, such
as Jaccard and Dice (Manning and Schuetze, 1999), the rationale being that the
larger the overlap between two anaphoric chains, the better the agreement should
be.

Jaccard(A,B) =
|A∩B|
|A∪B|

Dice(A,B) =
2 |A∩B|
|A|+ |B|
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α with Distance Metrics 

Artstein and Poesio, 2006: 20 annotators,16 instances
Our work: 8 annotators, 2,323 instances

Jaccard Dice
Do De α Do De α

A&P .53 .95 .45 .43 .94 .55
Our results .47 .96 .51 .36 .92 .61

Table 3: Agreement using Krippendorff’s α for
CrowdFlower experiment 2. A&P = Artstein and
Poesio (2006).

agreement is. Agreement coefficients such as Co-
hen’s κ underestimate the degree of agreement for
such annotation, suggesting disagreement even be-
tween two very similar annotated units (e.g., two
text segments that differ in just a word or two).
We present the agreement results in three different
ways: Krippendorff’s α with distance metrics Jac-
card and Dice (Artstein and Poesio, 2006), Krip-
pendorff’s unitizing alpha (Krippendorff, 2013),
and CrowdFlower confidence values.

Krippendorff’s α using Jaccard and Dice To
compare our agreement results with previous ef-
forts to annotate such antecedents, following Art-
stein and Poesio (2006), we computed Krippen-
dorff’s α using distance metrics Jaccard and Dice.
The general form of coefficient α is:

α = 1− Do

De
(1)

where Do and De are observed and expected dis-
agreements respectively. α = 1 indicates perfect
reliability and uα = 0 indicates the absence of re-
liability. When uα < 0, either the sample size
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sio’s agreement results. They had 20 annotators
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F R I D Q P all
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nal row shows the average confidence of the dis-
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= fact, R = reason, I = issue, D = decision, Q =
question, P = possibility.
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pendorff, p.c.). The general form of coefficient
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10Note that uα reported here is just an approximation of
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option from a set of predefined options instead of marking
free spans of text.
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Table 2: Observed and expected disagreement for "

4.2 Distance measures for anaphora

The distance metric d is not part of the general definition of ", because different
metrics are appropriate for different types of categories. For anaphora annotation,
the most plausible categories are the ANAPHORIC CHAINS: the sets of markables
which are mentions of the same discourse entity. Passonneau (2004) proposes a
distance metric between anaphoric chains based on the following rationale: two
sets are minimally distant when they are identical and maximally distant when
they are disjoint; between these extremes, sets that stand in a subset relation are
closer (less distant) than ones that merely intersect. This leads to the following
distance metric between two sets A and B.

dPassonneauAB =






0 if A= B
1/3 if A⊂ B or B⊂ A
2/3 if A∩B �= /0, but A �⊂ B and B �⊂ A
1 if A∩B= /0

Passonneau’s metric is not easy to generalize when ambiguity is allowed. Our
generalized measures were based instead on distance metrics commonly used in
Information Retrieval that take the size of the anaphoric chain into account, such
as Jaccard and Dice (Manning and Schuetze, 1999), the rationale being that the
larger the overlap between two anaphoric chains, the better the agreement should
be.

Jaccard(A,B) =
|A∩B|
|A∪B|

Dice(A,B) =
2 |A∩B|
|A|+ |B|
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Unitizing α

Distance function:
square-distance between non-overlapping tokens

(Krippendorff, 2013)

focus on events and actions and use verbs as a proxy
for the non-nominal antecedents. But this-issue an-
tecedents cannot usually be represented by a verb.
Our work is not restricted to a particular syntactic
type of the antecedent; rather we provide the flexibil-
ity of marking arbitrary spans of text as antecedents.

There are also some prominent approaches to ab-
stract anaphora resolution in the spoken dialogue
domain (Eckert and Strube, 2000; Byron, 2004;
Müller, 2008). These approaches go beyond nom-
inal antecedents; however, they are restricted to spo-
ken dialogues in specific domains and need serious
adaptation if one wants to apply them to arbitrary
text.

In addition to research on resolution, there is
also some work on effective annotation of abstract
anaphora (Strube and Müller, 2003; Botley, 2006;
Poesio and Artstein, 2008; Dipper and Zinsmeister,
2011). However, to the best of our knowledge, there
is currently no English corpus annotated for issue
anaphora antecedents.

3 Data and Annotation

To create an initial annotated dataset, we collected
188 this {modifier}* issue instances along with the
surrounding context from Medline abstracts.3 Five
instances were discarded as they had an unrelated
(publication related) sense. Among the remaining
183 instances, 132 instances were independently an-
notated by two annotators, a domain expert and a
non-expert, and the remaining 51 instances were an-
notated only by the domain expert. We use the for-
mer instances for training and the latter instances
(unseen by the developer) for testing. The anno-
tator’s task was to mark arbitrary text segments
as antecedents (without concern for their linguistic
types). To make the task tractable, we assumed that
an antecedent does not span multiple sentences but
lies in a single sentence (since we are dealing with
singular this-issue anaphors) and that it is a continu-
ous span of text.

3Although our dataset is rather small, its size is similar to
other available abstract anaphora corpora in English: 154 in-
stances in Eckert and Strube (2000), 69 instances in Byron
(2003), 462 instances annotated by only one annotator in Botley
(2006), and 455 instances restricted to those which have only
nominal or clausal antecedents in Poesio and Artstein (2008).
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Figure 1: Example of annotated data. Bold segments
denote the marked antecedents for the corresponding
anaphor ids. rh j is the jth section identified by the an-
notator h.

3.1 Inter-annotator Agreement
This kind of annotation — identifying and marking
arbitrary units of text that are not necessarily con-
stituents — requires a non-trivial variant of the usual
inter-annotator agreement measures. We use Krip-
pendorff’s reliability coefficient for unitizing (αu)
(Krippendorff, 1995) which has not often been used
or described in CL. In our context, unitizing means
marking the spans of the text that serve as the an-
tecedent for the given anaphors within the given text.
The coefficient αu assumes that the annotated sec-
tions do not overlap in a single annotator’s output
and our data satisfies this criterion.4 The general
form of coefficient αu is:

αu = 1− uDo

uDe
(1)

where uDo and uDe are observed and expected dis-
agreements respectively. Both disagreement quanti-
ties express the average squared differences between
the mismatching pairs of values assigned by anno-
tators to given units of analysis. αu = 1 indicates
perfect reliability and αu = 0 indicates the absence
of reliability. When αu < 0, the disagreement is sys-
tematic. Annotated data with reliability of αu ≥ 0.80
is considered reliable (Krippendorff, 2004).

Krippendorff’s αu is non-trivial, and explaining it
in detail would take too much space, but the general
idea, in our context, is as follows. The annotators
mark the antecedents corresponding to each anaphor
in their respective copies of the text, as shown in Fig-
ure 1. The marked antecedents are mutually exclu-
sive sections r; we denote the jth section identified

4If antecedents overlap with each other in a single annota-
tor’s output (which is a rare event) we construct data that satis-
fies the non-overlap criterion by creating different copies of the
same text corresponding to each anaphor instance.
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3.1 Inter-annotator Agreement
This kind of annotation — identifying and marking
arbitrary units of text that are not necessarily con-
stituents — requires a non-trivial variant of the usual
inter-annotator agreement measures. We use Krip-
pendorff’s reliability coefficient for unitizing (αu)
(Krippendorff, 1995) which has not often been used
or described in CL. In our context, unitizing means
marking the spans of the text that serve as the an-
tecedent for the given anaphors within the given text.
The coefficient αu assumes that the annotated sec-
tions do not overlap in a single annotator’s output
and our data satisfies this criterion.4 The general
form of coefficient αu is:

αu = 1− uDo

uDe
(1)

where uDo and uDe are observed and expected dis-
agreements respectively. Both disagreement quanti-
ties express the average squared differences between
the mismatching pairs of values assigned by anno-
tators to given units of analysis. αu = 1 indicates
perfect reliability and αu = 0 indicates the absence
of reliability. When αu < 0, the disagreement is sys-
tematic. Annotated data with reliability of αu ≥ 0.80
is considered reliable (Krippendorff, 2004).

Krippendorff’s αu is non-trivial, and explaining it
in detail would take too much space, but the general
idea, in our context, is as follows. The annotators
mark the antecedents corresponding to each anaphor
in their respective copies of the text, as shown in Fig-
ure 1. The marked antecedents are mutually exclu-
sive sections r; we denote the jth section identified

4If antecedents overlap with each other in a single annota-
tor’s output (which is a rare event) we construct data that satis-
fies the non-overlap criterion by creating different copies of the
same text corresponding to each anaphor instance.
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• 1,810 high confidence (confidence ≥ 0.5) 
instances from the CrowdFlower expt. 2 
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ASN Antecedent Corpus



• Goal 
Examine acceptability of crowd’s answers

• Judges

• Two highly-qualified academic editors

• Evaluation options

• Perfectly, Reasonably, Implicitly, Not at all

45

Evaluation by Experts
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Evaluation by Experts

Judge B
P R I N Total

Judge A
P 171 44 11 7 233
R 12 27 7 4 50
I 2 4 6 1 13

N 1 2 0 1 4

Total 186 77 24 13 300

Table 5: Evaluation of ASN antecedent annota-
tion. P = perfectly, R = reasonably, I = implicitly,
N = not at all

implicitly (the crowd’s answer only implicitly
contains the actual antecedent), and not at all (the
crowd’s answer is not in any way related to the
actual antecedent).11 Moreover, if they did not
mark perfectly, we asked them to provide their an-
tecedent string. The two judges worked on the task
independently and they were completely unaware
of how the annotation data was collected.

Table 5 shows the confusion matrix of the rat-
ings of the two judges. Judge B was stricter than
Judge A. Given the nature of the task, it was
encouraging that most of the crowd-antecedents
were rated as perfectly by both judges (72% by
A and 62% by B). Note that perfectly is rather a
strong evaluation for ASN antecedent annotation,
considering the nature of ASN antecedents them-
selves. If we weaken the acceptability criteria and
consider the antecedents rated as reasonably to be
also acceptable antecedents, 84.6% of the total in-
stances were acceptable according to both judges.

Regarding the instances marked implicitly, most
of the times the crowd’s answer was the closest
textual string of the judges’ answer. So we again
might consider instances marked implicitly as ac-
ceptable answers.

For a very few instances (only about 5%) either
of the judges marked not at all. This was a posi-
tive result and suggests success of different steps
of our annotation procedure: identifying broad re-
gion, identifying the set of most likely candidates,
and identifying precise antecedent. As we can see
in Table 5, there were 7 instances where the judge
A rated perfectly while the judge B rated not at all,
i.e., completely contradictory judgements. When
we looked at these examples, they were rather hard
and ambiguous cases. An example is shown in (3).
The whether clause marked in the preceding sen-

11Before starting the actual annotation, we carried out a
training phase with 30 instances, which gave an opportunity
to the judges to ask questions about the task.

tence is the crowd’s answer. One of our judges
rated this answer as perfectly, while the other rated
it as not at all. According to her the correct an-
tecedent is whether Catholics who vote for Mr.
Kerry would have to go to confession.

(3) Several Vatican officials said, however, that any such
talk has little meaning because the church does not
take sides in elections. But the statements by several
American bishops that Catholics who vote for Mr.
Kerry would have to go to confession have raised
the question in many corners about whether this is
an official church position.

The church has not addressed this question publicly
and, in fact, seems reluctant to be dragged into the
fight...”

There was no notable relation between the an-
notator’s rating and the confidence level: many in-
stances with borderline confidence were marked
perfectly or reasonably, suggesting that instances
with c ≥ 0.5 were reasonably annotated instances,
to be used as training data for ASN resolution.

8 Conclusion
In this paper, we addressed the fundamental ques-
tion about feasibility of ASN antecedent annota-
tion, which is a necessary step before developing
computational approaches to resolve ASNs. We
carried out crowdsourcing experiments to get na-
tive speaker judgements on ASN antecedents. Our
results show that among 8 diverse annotators who
worked independently with a minimal set of an-
notation instructions, usually at least 4 annotators
converged on a single ASN antecedent. The re-
sult is quite encouraging considering the nature of
such antecedents.

We asked two highly-qualified judges to in-
dependently examine the quality of a sample of
crowd-annotated ASN antecedents. According to
both judges, about 95% of the crowd-annotations
were acceptable. We plan to use this crowd-
annotated data (1,810 instances) as training data
for an ASN resolver. We also plan to distribute the
annotations at a later date.

Acknowledgements
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Conclusion

• Examined feasibility of annotating 
antecedents of ASNs (e.g., this issue, this fact) 
using crowdsourcing 

• Most of the time, at least half of the 
annotators converged on one answer 

• Evaluated crowd-annotations using experts 

• Resulted in an ASN antecedent corpus 
containing 1,810 instances with high-
confidence annotation
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Error Analysis

• Problem with agreeing on None

• Multiple possible answers

• Hard instances

• Different strings representing similar 
concepts
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Hard Examples
Several Vatican officials said, however, that any 
such talk has little meaning because the church 
does not take sides in elections. But the statements 
by several American bishops that Catholics who 
vote for Mr. Kerry would have to go to confession 
have raised the question in many corners about 
whether this is an official church position.

The church has not addressed this question 
publicly and, in fact, seems reluctant to be dragged 
into the fight...”



Hard Examples
Any biography of Thomas More has to answer 
one fundamental question. Why? Why, out of all 
the many ambitious politicians of early Tudor 
England, did only one refuse to acquiesce to a 
simple piece of religious and politica 
opportunism? What was it about More that set him 
apart and doomed him to a spectacularly 
avoidable execution? 

The innovation of Peter Ackroydʼs new biography 
of More is that he places the answer to this 
question outside of More himself.


