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Abstract

Stance on topics such as the death penalty
is often expressed by discussing subordi-
nated or related targets (e.g. costs of execu-
tion). This implicit way of communication
is typically modelled by defining a set of
explicit targets, which are related to the
topic (e.g. death is irreversible). As these
sets can be created in different ways, it re-
mains an open question whether all meth-
ods result in equally good target sets. Thus,
we collect a new dataset of YouTube com-
ments on the death penalty and annotate
it with stance based on two target sets: (i)
one expert set extracted from idebate.com
and (ii) one representing the wisdom of
the crowd from reddit.com. We systemati-
cally compare these two sets for reliability,
coverage and topicality. We find that both
sets have have strengths and weaknesses,
but that they complement each other well
in how they describe stance in our dataset.
Our analysis shows that the composition of
target sets is an important and non-trivial
subtask of stance and sentiment analysis,
which is worth investing efforts in.

1 Introduction

Being able to automatically understand the atti-
tudes which are expressed in social media has sev-
eral applications ranging from market research to
feedback mechanisms for governments. Thus, sev-
eral ways to quantify attitudes have been proposed:
aspect-based sentiment (Pontiki et al., 2014), target-
dependent sentiment (Nakov et al., 2016), and
stance (Mohammad et al., 2016). All these tasks
have in common that they model a tuple consisting
of a given topic (e.g. death penalty or a camera)
and a polarity. Most commonly, for the polarity, we
find the distinction between ⊕ polarity (e.g. posi-

tive, being in favor of the topic) and	 polarity (e.g.
negative, being against the topic).

However, people often do not express their
stance on topics directly, but rather by discussing
subordinated or otherwise related targets. For in-
stance, one can express a stance on death penalty by
uttering a false conviction is irreversible. Strictly
speaking, the utterance only expresses a stance
about the irreversibility of convictions, but most
people would agree that in the context of the death
penalty debate the person is rather against death
penalty. This characteristic of how people express
stance can, for instance, be modelled not only by
quantifying stance towards the overall topic, but
also by quantifying stance towards a set of related
targets (e.g. irreversibility of convictions, humane-
ness of execution).

While for concrete objects these sets can often
be derived from product components directly, for
abstract topics, such as the death penalty, defin-
ing suitable targets is more challenging. NLP re-
searchers have used different strategies to come up
with suitable target sets: they heuristically define
them (Sobhani et al., 2015), they rely on expert
knowledge (Boltužić and Šnajder, 2014), or they
use data-driven procedures (Hasan and Ng, 2013).
However, it remains an open research question how
well different sets are able to describe stance ex-
pressed in social media debates, or which charac-
teristics these sets should ideally have. Sets may
differ regarding quality criteria such as (i) how eas-
ily people can apply these sets in the form of a
concrete annotation scheme (reliability), (ii) how
many instances of a data set are covered by the set
(coverage), and (iii) whether the targets meaning-
fully describe stance on the topic (topicality).

To shed light on these questions, we create a
new data set of YouTube comments on the death
penalty that we annotate with stance towards the
death penalty and stance towards two sets of re-
lated targets – (i) one expert set extracted from
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idebate.com and (ii) one representing the wisdom
of the crowd from reddit.com. To compare the
two sets, we quantitatively analyze their reliability,
their coverage, and their topicality. To quantify
the topicality, we examine how well stance can be
predicted using the targets, and the relationship be-
tween targets and models that are trained to predict
stance from text.

We find that no set is clearly superior over the
other and that both sets have strengths and weak-
nesses regarding our quality criteria. However, in
terms of coverage and topicality, the two sets com-
plement each other well and a combination of the
sets seems particularly advantageous. This shows
that the composition of such a target sets a signif-
icant and non-trivial task in stance and sentiment
analysis, which it is worth investing efforts.

We publicly release our dataset to provide a new
resource for the sentiment and stance detection
community and social media researchers.1

2 Related Work

Our work is related to approaches that model a
polarity (⊕ or 	) expressed towards a topic (e.g.
death penalty) and related targets (e.g. humaneness
or financial aspects). As there is a large a vari-
ety of different approaches on formalizing polarity
expressed towards topics, we now take a closer
look on these formalizations and describe how our
approach relates to them. Subsequently, we will
describe the relation of our work with approaches
that aim at modelling the relationship of a topic
and related targets.

Our work is related to aspect-based sentiment
analysis that models an authors positive, negative or
neutral sentiment towards an entity (e.g. a camera)
and its aspects (e.g. lens, prize) (Pontiki et al., 2014;
Pontiki et al., 2015; Pontiki et al., 2016; Wojatzki et
al., 2017). In addition, our work is related to target-
dependent sentiment analysis, which describes the
task of determining whether a tweet about a tar-
get is positive or negative (Rosenthal et al., 2017;
Nakov et al., 2016). Furthermore, our work is re-
lated to the task of stance detection (Mohammad
et al., 2016), which refers to the automated deter-
mination of whether an author expresses to be in
favor or against a certain target. There are formal-
izations of stance that model stance to be binary
(i.e. favor/against) (Walker et al., 2012; Anand et
al., 2011; Hasan and Ng, 2013) and formalizations

1github.com/muchafel/deathPenalty substance

that also define a NONE class expressing if none of
these conclusions is reasonable (Mohammad et al.,
2016; Xu et al., 2016; Taulé et al., 2017).

One possible decision criterion between stance
and sentiment is the amount of implicitness that the
annotations allow. Many attempts on annotating
sentiment strictly exclude inferences and implicit-
ness (Pontiki et al., 2014), while stance explicitly
includes them (Mohammad et al., 2016). How-
ever, there is also research on implicitly expressed
sentiment (Greene and Resnik, 2009; Russo et al.,
2015). The term sentiment is more commonly used
for concrete objects, and the term stance is more
commonly used for abstract topics. However, this
distinction not consistently followed. For example,
Xu et al. (2016) include the topic IPHONE SE in
their shared task on stance detection.

Since the goal of this work is to compare the util-
ity of different target sets that are used to further de-
scribe an expressed stance, our work is also related
to attempts on examining the relationship between
an overall topic and sets of related targets. Thereby,
we limit ourselves to rather abstract targets. For
related work on concrete targets (e.g. cameras) we
refer to overview works on aspect-based sentiment,
such as by Liu (2012). We distinguish these works
based on how they derive the sets.

First, there are approaches that analytically de-
rive targets from knowledge about the domain
(Conrad et al., 2012; Sobhani et al., 2015; Sob-
hani et al., 2017). In addition, there are approaches
which extract targets using text summarization tech-
niques (Swanson et al., 2015; Misra et al., 2015).
A third group of approaches relies on reoccurring
phrases which are additionally manually verified
or grouped (Hasan and Ng, 2013; Wojatzki and
Zesch, 2016). Finally, there are approaches that
extract expert targets from debate websites such as
idebate.org (Boltužić and Šnajder, 2014). While
the described works form important foundations
of our work, in this work we compare two sets of
different origin.

3 Data

We select the death penalty as the topic for con-
structing our data set, as there is a recurring debate
on the pros and cons of the topic in many societies
worldwide. We use YouTube as a data source, since
it is publicly available and rich in opinionated and
emotional comments on a huge variety of domains
(Severyn et al., 2014). Furthermore, to the best of
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our knowledge, there is no other stance-annotated
data set of YouTube comments so far.

3.1 Comment Retrieval

Before retrieving comments, we search videos that
are as representative as possible for the debate
by polling the Youtube API2 with the term death
penalty. Afterwards, we sort the videos by view
count and exclude videos with less than 50,000
views. Next, we manually remove videos that are
not exclusively concerned with the death penalty
or are embedded in other content such as a late
night show. To ensure a high diversity, we balance
the number of videos having a pro, contra, and a
neutral stance by selecting the two most watched
videos each.

From the resulting six videos, we download as
many comments as allowed by the API restrictions
(100 comments plus all their replies per video).
With a range between one word and 1,118 words
the retrieved comments strongly differ in their
length. For the long outliers, we observed that they
often weigh several pro and cons, and are quite
different from the other comments. Consequently,
we removed all comments with a length that is
more than one standard deviation (71.9) above the
mean (49.3 words), i.e. we excluded comments
with more than 120 words from our corpus. Finally,
we transform all graphical emojis into written ex-
pressions such as :smile: to simplify downstream
processing.3 We anonymize the users, but give
them unique aliases, so that references and replies
between users can be analyzed. The final data set
contains 821 comments (313 of them replies) from
614 different users with a total of 30,828 tokens.
Table 1 gives an overview of the resulting data.

3.2 Annotation

Now, we describe how the retrieved comments
were annotated with overall stance and stances
towards the two sets of targets. For annotating
stance, we rely on the annotation scheme from the
SemEval task on stance detection (Mohammad et
al., 2016). The SemEval annotation scheme defines
stance as a tuple consisting of a text (e.g. a tweet),
a target (e.g. death penalty) and polarity (e.g. ⊕, 	,
and NONE), which is expressed by the text towards
the topic.

2http://developers.google.com/youtube/; v3-rev177-1.22.0
3https://github.com/vdurmont/emoji-java; v3.1.3

Stance on Death Penalty For annotating the
overall stance, we let three graduate students an-
notate each comment for whether the comment ex-
presses a stance towards the death penalty (labels
⊕, 	, and NONE). The class NONE is crucial for
our study to enable downstream applications to fil-
ter out off-topic comments, which are widespread
in social media. There are also utterances explicitly
expressing a stance towards death penalty. To cap-
ture these utterances and to examine their interac-
tion with the other targets, we define the additional
target death penaltyexplicit . Examples for explicitly
expressed stance on the death penalty are the utter-
ances Stop the death penalty now or nobody should
ever be executed.

Stance on Targets In addition to the overall
stance, we let the same annotators annotate whether
the comment expresses an explicit stance towards
the targets of the two sets. Hence, the annotation
of explicit stances can be done using the same
SemEval questionnaire (with other targets being
asked for, of course). For instance, the utterance
I oppose death penalty as it is irreversible is an-
notated with a stance for Irreversible (⊕). How-
ever, as a consequence of the rejection of the death
penalty, one could theoretically also infer a stance
towards gunshot (	) or other logically linked tar-
gets. Thus, we define that an aspect should be anno-
tated only if the comment contains markers, which
explicitly express an stance towards the target. Our
stance annotation aligns with the classical language
philosophy concepts Cooperative Principle (Grice,
1970) and Relevance Theory (Sperber and Wilson,
1986), as we assume that authors intentionally pro-
vide relevant hints in a way that the audience can
decode the intended meaning. Figure 1 exemplifies
the full annotation scheme.

3.3 Target Sets

In order to answer our research question, we anno-
tate stance towards two sets of explicit targets. As
approaches of creating target sets usually involve
a high degree of manual effort (e.g. analytically
deriving targets or grouping reoccurring phrases),
their reproducibility and reliability may be limited –
especially when transferring them to new domains.
We try to minimize this problem by extracting our
set from external, collaboratively created resources,
which cover several different domains. We also
decided against manual summarization techniques
as they require texts that are longer than the ones
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Video Title Views Comments % Replies Video Stance

Death Penalty: Justice, or Just Too Far? | Learn Liberty 286,706 137 40% 	
5 Arguments Against The Death Penalty 55.789 148 46% 	
Troy Davis Death Penalty Debate Question Time 108,301 181 45% NONE
Should There Be A Death Penalty? - The People Speak 92,927 122 18% NONE
Pro-Death Penalty 88,713 118 16% ⊕
Ron White Texas Death Penalty 519,832 115 13% ⊕

Table 1: Overview on the collected dataset.

Figure 1: Example of the applied annotation scheme. Each utterance is annotated with exactly one stance
on the death penalty (⊕,	, or NONE) and any number of stances towards the targets of both sets (including
death penaltyexplicit). To avoid over-interpretation, stance towards a target needs to be annotated to textual
markers (indicated by colored spans).

in our data.
Following Boltužić and Šnajder (2014), we

utilize expert arguments as candidates for tar-
gets, which should have a high quality through
the collaborative creation by domain experts.
We download targets from the debating website
idebate.org.4 This IDebate Set contains nine tar-
gets. However, it is unclear whether they fully
cover what users are discussing in social media.
Thus, we compare the set with targets which rep-
resent the wisdom of the crowd, as represented by
social media debates on reddit.com.

For the second set, we rely on the social media
platform reddit.com on which users can exchange
content in the form of links or textual posts. red-
dit.com is organized in so-called subreddits which
allow a thematic classification of posts. Thus, for
the Reddit Set, we extracted targets from a subred-
dit about debating5 where users post controversial
standpoints and invite others to challenge it. As
the forum is intensively moderated, the quality can
be considered somewhat higher than in an aver-
age online forum (Wei et al., 2016). We assume
that heavily debated posts represent the major is-
sues and are thus well-fitting candidates for targets.
Therefore, we queried the changemyview subreddit
for the terms capital punishment, death penalty and
death sentence using a wrapper for the reddit REST-

4http://idebate.org/debatabase/debates/capital-punishment/

house-supports-death-penalty
5http://www.reddit.com/r/changemyview

API.6 We then removed submissions which are not
debating about the death penalty (e.g. removing
the headphone plug will be a death penalty for the
iPhone) or with less than 50 comments. Finally,
we manually grouped posts if they were lexical
variations or paraphrases from each other (e.g. ex-
ecution should be done by a bullet in the head vs.
execution should be done by a headshot). Table 2
gives an overview of both sets. In the following,
we use the short name of the targets.

4 Reliability

In order to measure annotation reliability, we com-
pute Fleiss’ κ (Fleiss, 1971) between the three
annotators. This allows us to determine how con-
sistent people can apply the targets to data in the
form of a concrete annotation scheme. For the
overall stance, we obtain a value of .66 which is
in a similar range as in the comparable studies by
Sobhani et al. (2015), who report a weighted κ of
.62, and Wojatzki and Zesch (2016), who report a
Fleiss’ κ of .72.

Overall, we obtain a mixed picture for the an-
notation of the explicit stance for both target sets,
as we get κ values in a range from .13 up to .87.
While the majority of explicit stances is annotated
with a κ of above .6, there are significant devia-
tions downwards, such as Financial Burden with a
κ of .26. With respect to the two sets, there are few

6http://github.com/jReddit/; Version 1.0.3
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Set Target Description
ID

eb
at

e
Closure The death penalty helps the victims’ families achieve closure.
Deterring The death penalty deters crime.
Eye for an Eye The death penalty should apply as punishment for first-degree murder.

We should rely on the biblical principle ’an eye for an eye’.
Financial Burden The death penalty is a financial burden on the state.
Irreversible Wrongful convictions are irreversible.
Miscarriages The death penalty can result in irreversible miscarriages of justice.
Overcrowding Executions help alleviate the overcrowding of prisons.
Preventive Execution prevents the accused from committing further crimes.
State Killing All state-sanctioned killing is wrong.

R
ed

di
t

Electric Chair Executions should be done by electric chair.
Gunshot Executions should be done by gunshot.
Strangulation Executions should be done by strangulation.
Certainty Unachievable The certainty necessary for the death penalty is unachievable.
Heinous Crimes People who commit heinous crimes (e.g. murder, rape) should be sentenced to death.
Immoral To Oppose It is immoral to oppose death penalty for convicted murders.
More Harsh The death Penalty should be more harsh.
More Quickly The death Penalty should be enforced more quickly.
Psychological Impact The death Penalty has a negative impact on human psyche

(e.g. for the executioners, witnesses).
No Humane Form There is currently no human form of the death penalty.
Replace Life-Long Life-long prison should be replaced by the death penalty.
Lethal Force If one is against the death penalty, one has to be against all state use of lethal

force (e.g. military).
Abortion If the death penalty is allowed, abortion should be legal, too.
Euthanasia If death penalty is allowed, euthanasia should be legal, too.
Use Bodies Bodies of the executed should be used to repay the society

(e.g. organ donation, experiments).

Table 2: The Idebate set of expert targets and the Reddit target set representing the wisdom of the crowd.
In addition, we use the set-independent target death penaltyexplicit .

differences, as both contain targets with low and
high reliability. Figure 2 shows the kappa values
for the annotations from the IDebate and Reddit
target sets.

An error analysis showed that there were differ-
ences in the interpretation of certain targets among
the annotators. For instance, for Strangulation, it
was unclear whether hanging is always associated
with strangulation, since the death is often caused
by neck breaking during hanging. Similarly, for
Miscarriages and Financial Burden, there were
varying interpretations of specific terms, namely
burden and miscarriage. For example, annotators
disagreed on whether high costs are already a bur-
den or if a burden requires that the costs must cause
substantial hardship.

4.1 Target Set Analysis

We now analyze both target sets in more detail.

IDebate Set The IDebate set includes targets that
are similarly reliable or more reliable than the over-
all stance, and those whose reliability is signifi-
cantly lower. With κ scores of above .7, the tar-

gets Overcrowding of Prisons, Prevents Further
Crimes, Deters Crime and Irreversible reach even
a higher agreement than the overall stance on the
death penalty. In addition, the targets Overcrowd-
ing of Prisons, Prevents Further have κ scores of
above .6.

Eye for an Eye is significantly less reliable com-
pared to the overall stance. We find that there
were differences in the interpretation of this tar-
get among the annotators. While some annotators
thought that the idea of equalization is central for
the target, others annotated the target, once the
death penalty is demanded for murder. Miscar-
riages of Justice and Financial Burden have even
lower agreement. Again, we observe a problem
with the interpretation of specific terms, namely
burden and miscarriage. In detail, the annotators
disagreed on whether high costs are already a bur-
den, and if systematic misjudgment is principally a
miscarriage of justice.

Reddit Set With respect to reliability, the Reddit
Set shows a mixed picture, too. The targets By
Electric Chair and By Gunshot are highly reliable,
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Figure 2: Inter-annotator agreement and number of stance annotations for death penalty, death
penaltyexplicit , Idebate Set and Reddit Set. We exclude targets that occurred three times or less.

which we attribute to a strongly associated vocab-
ulary, such as by electric chair and firing squad.
In contrast, the targets More Quickly and More
Harsh are not clearly associated with keywords, but
nevertheless with κ values of above .7 highly reli-
able. Use Bodies to Repay, Heinous Crimes, and By
Strangulation reach a rather mediocre agreement.
We observe a disagreement among the annotators
on how narrow or wide these targets have to be
interpreted, as it was unclear whether murder is a
heinous crime by definition or the if heinousness
must be stressed in the comment. In addition, as
stated above, there was confusion on whether hang-
ing is always associated with strangulation. Rela-
tively low agreement can be observed for Abor-
tion, too, Replace Life-Long and Certainty Un-
achievable. As a reason for the disagreement, we
identify that the reversal of these targets is often
missed by annotators. Examples of this reversal are
There are cases in which you are sure he is guilty!
(CERTAINTY UNACHIEVABLE|	) or Let them rot
forever (REPLACE LIFE-LONG|	).

Data Curation Due to the mixed reliability of
the annotation, the data quality was further im-
proved by a subsequent curation step performed by
the first author of this publication. During the cu-
ration, a uniform interpretation of the problematic
terms, such as burden, was applied. Five targets

occurred only 3 times or less and were excluded.7

5 Coverage

In this section, we take a closer look at the coverage
of the target sets and the distribution of annotated
stances. The coverage of annotations tells us how
well an annotation scheme fits a dataset.

In our data, ⊕ has 272 instances (33%), 	 has
224 instances (27%) and NONE has 325 instances
(40%). We visualize the distribution of stance anno-
tations in Figure 3. We find that both distributions
can be approximated with power functions, and
thus are in accordance with Zipf’s law. We attribute
this to the annotation procedure which is based on
identifying textual clues which are probably also
Zipf distributed in the dataset.

The power distribution is more evident for the
Reddit-Set than for the Idebate-Set. However, this
is mainly due to the fact that the Reddit-Set con-
tains more targets that occur rarely or never.

We find that there are substantially more ⊕ than
	. However, the imbalance is less pronounced for
the Idebate-Set. There are even two targets (Finan-
cial Burden and Deterring) for which we observe
more 	 than ⊕ stances. This could also be the

7No Humane Form, Euthanasia, Lethal Force, Immoral to
Oppose, and Psychological Impact
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Figure 3: Distribution of stance towards the targets of both sets.

result of a more objective and balanced selection
of targets by the experts of Idebate.

Overall, the Idebate-Set has both a more favor-
able distribution of targets and a more favorable
distribution of 	 and ⊕ stances. However, as both
sets contain both frequent and infrequent targets
none of the two inventories can be clearly preferred
over the other.

We only compute coverage on instances which
carry a ⊕ or a 	 stance on death penalty, since the
NONE instances can be regarded as bycatch. Thus,
we calculate the proportion of instances which are
annotated with one ore more targets. We show this
proportion in Table 3.

We observe that both target sets cover more
⊕ instances than 	 instances. This imbalance is
stronger for the Reddit Set, which might be due to
the community of Idebate that pays more attention
to balanced discussions.

When combining both sets, the coverage almost
doubles, from what we conclude that the two sets
are complementary. Even for the combined set,
over 20% of the instances are not covered by the
targets. As these instances are also not annotated
with an explicit stance towards death penalty, both
sets seem to be not fully suited to describe how
people discuss death penalty-related aspects in our
data.

Stance Reddit Idebate combined

⊕ + 	 44% 48% 78%
⊕ 31% 26% 56%
	 14% 22% 43%

Table 3: Coverage of the two sets and their combi-
nation according to the debate stance.

6 Topicality

Even if a set has perfect reliability and coverage,
it may still not useless for describing stance as it
could model things that are contained in the data,
but that have no connection to the topic. For exam-
ple, if one would annotate POS tags in our dataset,
it is easily conceivable that the different POS tags
will occur frequent across all stance classes, and –
at least for linguistically trained annotators – the
agreement will be high. Unarguably, POS tags are
hardly suitable for explaining the overall stance.
Hence, we also need to evaluate the topicality –
how well they relate to the overall topic – of target
sets.

As a proxy for this topicality, we compare how
well stance can be predicted based on the targets
of the two sets. If one is able to perfectly predict
the stance on the death penalty from the targets of
a set, one can hypothesize that the set fully models
the topic as expressed in the data.

In addition, we examine the relationship of mod-
els that are trained to classify the overall stance
and the target sets. Therefore, we compare how

75

Proceedings of the 14th Conference on Natural Language Processing (KONVENS 2018)
Vienna, Austria – September 19-21, 2018



Set F1

Reddit .58
+ death penaltyexplicit .69

Idebate .59
+ death penaltyexplicit .71

combined .73
+ death penaltyexplicit .82

Table 4: Predictability of the debate stance through
target sets indicated by F1 performance of a logistic
regression equipped with stances of the two sets.

well a stance classifier performs on subsets of the
data, which are annotated with the targets of one
set. The intuition of this experiment is that the
better the classifier performs on these subsets, the
more it internally relies on features that match the
targets of a set. From this one could conclude that
these targets play a large role in how people express
stance and thus have a high topicality.

6.1 Predicting Stance from Targets

To measure how well stance can be predicted from
given explicit stances, we carry out a logistic re-
gression that we equip with the the explicit stances
as features. We implement the logistic regression
using DKProTC (Daxenberger et al., 2014). We cal-
culate the classification performance using leave-
one-out cross-validation on the video level and re-
port micro averaged F1. This means, we succes-
sively train a model on the data of five videos and
test the model on the data of the remaining video.
The results of this experiment are shown in Table 4.

We find that the Reddit Set and the Idebate Set
are equally useful for predicting the overall stance.
Both sets can be similarly improved by about .1 if
one adds the explicitly expressed stance towards
the death penalty. The performance improves sub-
stantially when combining both sets, from which
we again conclude that the sets are partially com-
plementary. When also adding the explicitly ex-
pressed stance towards death penalty we obtain a
fairly good performance.

6.2 Influence of Targets on Text Classification

Finally, we look at the influence of stance expressed
towards targets in models which are trained to pre-
dict stance on the death penalty directly from text.
Therefore, we first train text-based classifiers and
then examine how well classifiers perform on com-
ments that are annotated with a certain target. If
a classifier works well on these comments, then

we can hypothesize that this target – respectively
the associated wording – is also considered in the
learned model. Note that our goal is not to find
the classifier that achieves the best performance
on our data, but rather to examine methods that
have produced robust results in several similar task.
Therefore, we first compared the approaches that
performed well on stance datasets that also model a
NONE class. In this comparison, we identified two
main strands of approaches: (i) knowledge-light,
neural (LSTM) architectures (Zarrella and Marsh,
2016; Augenstein et al., 2016) and (ii) more tra-
ditional classifiers such as SVMs equipped with
ngram, word-embedding, and sentiment features in
their core (Mohammad et al., 2016; Xu et al., 2016;
Taulé et al., 2017).

Consequently, for our experiments on topical-
ity, we compare an SVM classifier that uses ngram
and sentiment features and a neural architecture
with a (Bi)LSTM layer in its core. We again cal-
culate the performance using leave-one-out cross-
validation on the video level. We initially set the
hyperparamters of the approaches (slack variables,
number of ngrams, number of LSTM units and lay-
ers, etc.), according to the literature and iteratively
adjusted them until we converged to an optimum.

Before executing the classification, we tokenize
the data using the ArktweetTokenizer (Gimpel et
al., 2011). Since the targets almost only occur
in the polar instances (⊕ and 	) and we are less
interested in whether the classifiers can separate
the NONE class, we evaluate the performance using
the micro F1-score of ⊕ and 	.

We implement the LSTM architecture within the
keras8 framework. To vectorize the input, we use
pre-trained word vectors from the GloVe project
(Pennington et al., 2014). The input is followed by
the bidirectional layer with 100 LSTM units. In
order to enable regularization, we use a dropout of
.2 between the layers. Subsequently, we add an-
other dense and a softmax classification layer. The
network is trained with categorical cross-entropy
as a loss-function for five training epochs and using
the adam optimizer (Kingma and Ba, 2014).

We implement the SVM classifier with a linear
kernel and equip it with word 1–3 grams. We fur-
ther add sentiment features derived from the output
of the tool by Socher et al. (2013) and embedding
features representing the average of the GloVe em-
beddings of a comment. An ablation test on the

8https://keras.io/
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Figure 4: Classification performance on subsets of the data

feature level revealed that sentiment features are
slightly beneficial but embedding features are not.

Figure 4 visualizes our results for stance clas-
sification of comments. Overall, we achieve an
F1-score of .45 for both classifiers. If we consider
only the comments that contain a target, classifi-
cation works considerably better (.53 for LSTM
and SVM). However, if we exclude comments with
targets, we observe a large drop in classification per-
formance (LSTM: .24, SVM: .23). From that, we
conclude that classifiers are largely learning to clas-
sify explicit stances. Interestingly, on comments
that express an explicit stance on death penalty, we
find that the F1-score is in the same range (LSTM:
.52, SVM: .55) as for the classification of targets.
This further supports our decision to treat this ex-
plicit stance as a special case of a target. Over-
all, we do not observe major differences between
the two target sets regarding classification perfor-
mance.

7 Conclusion

In this paper, we have compared two sets of tar-
gets which are intended to describe the stance of
utterances towards an abstract topic. We collected
a new dataset of YouTube comments on the death
penalty which we annotated with stance and the
two sets – one extracted from idebate.com and the

other from reddit.com. We make the collected data
publicly available.

In a sequence of quantitative analysis steps, we
could not find that one set is superior regarding
reliability during annotation, coverage, and topical-
ity. We even find the collections rather complement
each other. Furthermore, we show that stance clas-
sifiers already model stance on explicit targets to a
high extent and that stance can be quite reliably pre-
dicted if the targets are given. Thus, future attempts
on stance detection could facilitate this by using
external knowledge specific to the targets or by
reusing models, which have been built to classify
them. For future attempts on creating aspect-based
sentiment or stance datasets, the results highlight
that the composition of target sets is a crucial sub-
task of stance detection and aspect based sentiment
analysis that is worth investing efforts. Further-
more, the findings suggest a kitchen sink approach
in which one starts with multiple sets and then se-
lects single targets that have a grounding in the
data.
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