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Abstract The amount of controversial issues being discussed
on the Web has been growing dramatically. In articles, blogs,
and wikis, people express their points of view in the form
of arguments, i.e., claims that are supported by evidence.
Discovery of arguments has a large potential for informing
decision-making. However, argument discovery is hindered
by the sheer amount of available Web data and its unstruc-
tured, free-text representation. The former calls for automatic
text-mining approaches, whereas the latter implies a need for
manual processing to extract the structure of arguments.

In this paper, we propose a crowdsourcing-based ap-
proach to build a corpus of arguments, an argumentation base,
thereby mediating the trade-off of automatic text-mining
and manual processing in argument discovery. We develop
an end-to-end process that minimizes the crowd cost while
maximizing the quality of crowd answers by: (1) ranking
argumentative texts, (2) pro-actively eliciting user input to
extract arguments from these texts, and (3) aggregating het-
erogeneous crowd answers. Our experiments with real-world
datasets highlight that our method discovers virtually all ar-
guments in documents when processing only 25% of the text
with more than 80% precision, using only 50% of the budget
consumed by a baseline algorithm.

Keywords Crowdsourcing · Graphical models ·Web mining

1 Introduction

The Web has become the central medium for the public dis-
cussion of controversial issues, spanning manifold domains
and having an influence on the societal, political, and tech-
nical discourse. People constantly share knowledge, report
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scientific studies, upload comments, and write reviews via
various Web sources, such as blogs, social media websites,
commercial websites, and wikis. As a consequence, the Web
emerged as the primary source for a wide range of controver-
sial arguments. While the amount of Web data is expected
to grow dramatically [54], already nowadays, it provides a
unique opportunity to exploit the wisdom of the crowd.

Argument-Driven Decision-Making. One way of exploit-
ing Web data is to use it as a source of arguments that in-
form decision making. An argument commonly consists of a
claim that is supported by evidence, or, put differently, some
premises and a conclusion. As such, an argument provides
not only a viewpoint found on the Web, but includes also
the provenance behind it. A corpus of such arguments, an
argumentation base, may support people to engage in dis-
cussions, to understand new problems, to perform scientific
reasoning, to justify their opinions, and to foster agreement.
Turning to automated information processing, argumenta-
tion is the foundation of systems that formally capture the
meaning of data, enabling systematic and meaningful pro-
cessing. Applications that benefit from an argumentation base
include a wide range of systems for query answering [85],
human-computer debating [86], decision-support [28], and
recommendations [38]. A prominent example of the use of
an argumentation base is the IBM Debater component of
IBM Watson [4]. For instance, it relies on a collection of
arguments to generate speeches for controversial topics.

Argument Discovery. The construction of an argumentation
base from text documents has been introduced as argument
discovery or argument mining [59,67]. This construction in-
cludes the detection of all the arguments in the documents
along with their individual (local) structure, and their argu-
mentative relations. However, it does not refer to an evalua-
tion of their convincing power, i.e., an assessment of the truth
values of premises and conclusions. In other words, argument
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discovery calls for correctness in the detection and extrac-
tion of arguments, without concluding on the correctness or
appeal of the discovered arguments.

Against this background, argument discovery can be seen
as a data collection step, allowing subsequent analysis and
application of arguments. A formal data collection process is
necessary to ensure that the arguments gathered are both well-
defined and accurate, which is a prerequisite for their evalua-
tion and, eventually, their application in decision-making.

The broad availability of documents on the Web is an
unprecedented opportunity for argument discovery. Yet, the
construction of an argumentation base is hindered by the
sheer amount of raw data and its unstructured, free-text repre-
sentation prevalently encountered in the Web. A large number
of documents, which may be of considerable length (e.g., le-
gal documents) or are created in real-time (e.g., on social
platforms) need to be processed. Hence, a fully manual de-
tection and extraction of arguments is not feasible. On the
other hand, Web documents are unstructured, do not follow
formal guidelines, and may lack proper syntax or spelling.
Consequently, it is non-trivial to identify argumentative roles
of parts of a document and derive the structure of arguments.

Contributions. In this paper, we develop a semi-automatic
approach to discover arguments from a corpus of documents.
To cope with large-scale data and the inherent uncertainty
of automatic text processing, we integrate automatic tech-
niques and crowdsourcing, a paradigm that was shown to be
effective for handling free-text documents [74]. Specifically,
we proceed in three steps. First, we detect and rank docu-
ments that are likely to contain arguments. Second, candidate
claims and evidence are automatically extracted and used as
input for argument crowdsourcing. Third, crowd answers are
aggregated to obtain a single trusted set of arguments.

We integrate the three steps in an iterative learning pro-
cess. Answers obtained by crowdsourcing are used as training
data for subsequent iterations of the process: crowd answers
are used to (1) train a feature-based scoring model to rank
texts by their likelihood to contain arguments, and (2) esti-
mate the reliability of workers, which, in turn, guides the
aggregation of answers.
Our contributions can be summarized as follows:

– Iterative Learning Process for Argument Discovery. Sec-
tion 3 presents a model for argument discovery and, based
thereon, develops an iterative learning process to con-
struct an argumentation base. The process includes rank-
ing of document paragraphs, argument crowdsourcing,
and aggregation of arguments.

– Paragraph Ranking. Section 4 introduces a method to
rank the paragraphs of text documents by their likeli-
hood of containing arguments. The ranking helps us to
focus on the most promising parts of a text, increasing
the likelihood to detect arguments. The ranking is ob-

tained by training a scoring model that exploits lexical
and syntactical features.

– Argument Crowdsourcing. In Section 5, we show how to
use crowdsourcing to extract arguments from the ranked
document paragraphs. We elaborate on the design of
questions to be posted to crowdsourcing platforms and
present a technique to automatically identify candidate
claims and evidence to instantiate these questions for a
particular paragraph.

– Argument Aggregation. Section 6 presents a method to ag-
gregate candidate arguments obtained from crowd work-
ers to form a single trusted set of arguments. We model
the relations between workers, answers, and arguments
as a factor graph and leverage probabilistic techniques to
obtain an aggregated result.

The remaining sections are structured as follows. Section 7
presents an evaluation of our method showing that it is ef-
fective, achieving high precision and recall, and efficient,
consuming only 50% of the budget needed by a baseline
algorithm for the same result. Section 8 reviews related work,
before Section 9 reflects on limitations and future direction,
and Section 10 concludes the paper.

2 Background

Argumentation is an important element of human communi-
cation. It structures a discourse by enabling humans to convey
their opinions in a justifiable way. Moreover, argumentation
is a central phenomenon in the Web, where users can express
their opinions without much restrictions in terms of trace-
ability, plausibility, or appropriateness of their arguments. As
such, the Web provides us with an unprecedented opportunity
to discover arguments, i.e., to identify arguments in terms of
their local structure as well as the relations between them.

Arguments. At the heart of argumentation is the notion of
an argument, for which different philosophical interpreta-
tions have been proposed, see, for instance, the Toulmin
Model [33]. In this work, we adopt an argument model that
is widely established in Computational Linguistics. That is,
an argument refers to a controversial statement (aka topic)
and consists of two components: a claim and evidence. A
claim is defined as ‘a general concise statement that di-
rectly supports or contests the topic’ [6], while evidence is

‘a text segment that directly supports a claim in the context
of a given topic’ [6]. In other words, evidence provides the
reason or justification supporting the claim, while the claim
concludes the argument based on the assumptions provided
by the evidence [13].

The identification of the abstract structure of an argument
is a prerequisite for the evaluation of its convincing power,
i.e., the strength of its justification [75]. Such an evaluation
refers to the verification of the truth value of the evidence
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and the assessment of the traceability of the claim given
the evidence. Evidence is assumed to be factual, so that it
can be verified in an objective manner. A claim, in turn,
cannot be verified—only the relation between the claim and
the evidence of an argument can be assessed. The literature
knows various dimensions for the evaluation of this relation,
starting from the quantity of provided evidence, over the
argumentation depths, to different types of appeal, see [75,
80]. However, this evaluation is inherently subjective and
depends on prior beliefs, points of view, and background
knowledge of an individual. As a result, in various debate
systems [64,58], arguments are discovered automatically, but
their persuasiveness is assessed by users.

For instance, the following paragraph stems from a Web
document that discusses globalization.

Example 1 (S1) Globalization reduces poverty and brings
up life expectancy. (S2) According to the World Bank, in
1994 Indias poverty headcount ratio was 45.3% and recently
in 2012 it has gotten more than 2 times better. (S3) In 2012
the poverty ratio was 21.9%. (S4) Also the life expectancy
has increased from 60 in 1994 to 66 in 2012. (S5) Another
example of this improvement after the current globalization
is Ethiopia. (S6) According to the World Bank, Ethiopia’s
headcount poverty ratio was 45.5% in 1995 and recently a
study in 2011 shows that it has gone down to 29.6%. (S7)

Also Ethiopia’s life expectancy in 1995 was 50 and in 2011
it has gone up to 63.

Here, segment S1 formulates a claim regarding the posi-
tive impact of globalization on poverty and life expectancy.
Segments S2,S6 are empirical statements that quote a study of
a supposedly reliable source (World Bank), which is known
as appeal to authority [75]. Segments S3,S4,S7 present fur-
ther empirical statements as justification, while segment S5
is an abstract factual statement. Given the above information,
we can derive an argument {S2,S3,S4,S5,S6,S7}; S1, built
from the claim S1 and the evidence given in S2 to S7. Whether
the above arguments are considered to be convincing depends
on the beliefs of the reader. Some will immediately trust the
link established by the empirical statements, whereas others
may require details on the respective study to be convinced
or question the authority of the cited source.

Argument Discovery. The detection of the abstract structure
of argumentation, its elementary units and the relations be-
tween them, is known as argument discovery or argument
mining [67,59]. Argument discovery establishes a relation
between a text and concepts of discourse theory [82], such as
claims and conclusions, regardless of their convincing power.
As such, it provides a broad overview of what are the argu-
ments brought forward in a discourse and thereby enables
discussion, supports reasoning, justifies opinions, and fosters
agreement. By focusing on the argumentative structure, argu-
ment discovery is independent of subjective factors, such as

beliefs or background knowledge of particular people, which
are relevant only when evaluating arguments in terms of their
convincing power.

Argument discovery has to cope with the unstructured,
free-text representation of arguments encountered in docu-
ments. Detection and extraction of arguments is hindered by
a lack of a formal syntax of the argumentative structure as
well as various linguistic phenomena. As a consequence, ar-
gument discovery has long been done by manual processing.
For instance, IBM Watson’s Debater [6] exploits an argumen-
tation base that has been created by expert users.

A manual approach, however, does not scale to the num-
ber of documents found on the Web. Since most Web retrieval
techniques are keyword-based, the input for argument dis-
covery becomes a very large number of text documents of
considerable length that may even be created in real-time.

Recently, techniques for fully-automatic argument dis-
covery have been presented in order to cope with large-scale
input data. They usually follow a two-step approach. First,
given a set of documents, parts of the document that may con-
tain an argument are detected. To this end, common machine
learning approaches, such as SVM [58] or LDA [64], are
used to classify texts based on three classes of features: in-
dicative linking words for argumentation (‘consequently’, ‘in
conclusion’), claim-related features (prototypical words such
‘argue’, ‘believe’) and evidence-related features (numbers,
citations, cue phrases) [64,58].

In a second step, the segments in the parts identified
in the first step are classified based on their argumentative
roles: claim or evidence. This is typically achieved by iden-
tifying the discourse relations between segments. Recently,
two directions have been followed in this regard. Feng and
Hirst [32] proposed a discourse parser that relies on condi-
tional random fields to label sets of neighbouring segments
and derive a tree of their relations. A different angle is taken
by Cabrio and Villata [16], who adopt textual entailment [19]
to identify and extract arguments.

Since automatic discovery of arguments is concerned
with the intrinsic nature of the processed text and largely
independent of extrinsic factors, such as readers’ beliefs or
background knowledge, it can be evaluated in a rather ob-
jective manner. To this end, a set of arguments is obtained
from a group of 3-5 expert users and serves as ground truth,
see [64,58]. Then, the precision (ratio of correctly identified
arguments and all identified arguments) and recall (ratio of
correctly identified arguments and all correct arguments) of a
discovery technique is assessed. Despite the above mentioned
research efforts, however, fully automatic argument discovery
is error-prone. State-of-the-art systems reach precision and
recall of around 60% [16] and are considered to be incapable
of extracting arguments with complicated structures.

The Quest for Semi-Automated Argument Discovery. As
fully manual processing does not scale in a Web setting and
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fully automated processing fails to comprehensively address
the challenges stemming from unstructured textual argument
representations, we advocate a semi-automated approach. It
promises to combine the best of both worlds—high quality in
the discovery of arguments as achieved by manual processing
and the low costs and the scalability of automatic processing.

In order to mediate the inherent trade-off between man-
ual argument extraction and automatic text processing, any
approach to semi-automated argument discovery has to meet
two core requirements:
(R1) Efficient manual processing. Since human resources are

scarce and induce relatively high costs, semi-automated
argument discovery shall strive for maximizing the bene-
fit of user input.

(R2) Robustness against heterogeneous input. Results of
manual processing may be inconsistent or contradictory.
Therefore, sensible argument discovery shall be robust in
the presence of heterogeneous user input.

3 Problem and Approach

This section first presents a model and defines the problem
of argument discovery involving user input. Then, we outline
our semi-automated approach to solve the problem.

3.1 Model and Problem Formulation

The setting for argument discovery is defined by a set of
documents. A document contains paragraphs, which are built
of segments, i.e., sentences or clauses. The set of paragraphs
in all documents is denoted by P and the set of all segments
of all paragraphs is S. The set of segments of a paragraph p
is denoted by seg(p)⊆ S. An overview of the used notation
is given in Table 1.

We ground our work in a model, in which a paragraph p
may contain a single argument a = 〈c,V 〉, also denoted by
V ; c, built of a claim c ∈ seg(p) and evidence segments
V ⊂ seg(p), which are also denoted by claim(a) = c and
evid(a) = V , respectively. In general, one may consider a
model, in which a paragraph can contain multiple arguments.
In this case, one may leverage a paragraph segmentation
technique to obtain sub-paragraphs that are semantically-
cohesive. Argument discovery can then be applied to these
sub-paragraphs. We note that the problem of paragraph seg-
mentation is orthogonal to argument discovery, though. Hence,
we stick to a model in which the notion of a paragraph defines
the granularity of the argumentative structure of a document.

To deal with relations between arguments, we proceed as
follows. We split an argument V ; c into atomic arguments
{vi}; c with V = {v1, . . . ,vk} and 1 ≤ i ≤ k. Two argu-
ments a1 and a2 are equal, a1 = a2, iff claim(a1)= claim(a2)

and evid(a1) = evid(a2). They are conflicting, a1 ⊥ a2, iff

Table 1: Overview of notations

Notation Description

P The set of all paragraphs of all documents
S The set of all segments of paragraphs in P
seg : P→℘(S) The assignment of segments to a paragraph
ΩP The set of all arguments of paragraphs in P
ω : P→ΩP The assignment of arguments to paragraphs
claim : ΩP→ S The assignment of a claim to an argument
evid : ΩP→℘(S) The assignment of evidence to an argument
ΣP The set of all discovered arguments of paragraphs in P
σ : P→ ΣP The assignment of discovered arguments to paragraphs

claim(a1) 6= claim(a2). These relations are defined on the
level of segments, i.e., they are purely syntactic and do not
relate to the segment semantics, which may be partially over-
lapping. Further, ΩP is the set of all arguments of all para-
graphs P and the assignment of an argument to a paragraph
is given as ω : P→ΩP.

Example 2 We illustrate our model based on Example 1.
Here, the argument is a = 〈S1,{S2,S3,S4,S5,S6,S7}〉 where
c = S1 is the claim and V = {S2,S3,S4,S5,S6,S7} evidence
segments. This argument can be split into a set of atomic ar-
guments {S2}; S1, {S3}; S1,...,{S7}; S1. Given another
argument b = 〈S2,{S5,S6}〉, a and b would be conflicting,
a⊥ b, as the claim of a is different from the claim of b.

In argument discovery, ω and ΩP are not known and shall
be approximated by means of a discovery technique. Given
such a technique, we denote the set of atomic arguments
that are actually identified for all paragraphs P by ΣP and
the respective assignment of a discovered argument to a
paragraph by σ : P→ ΣP.

The performance of argument discovery is assessed based
on the relation of ω and σ using an evaluation function f that
maps the assignments of actual and discovered arguments
into the unit interval [0,1]. Common evaluation functions are
precision and recall.

In semi-automated argument discovery, the amount of
user input needs to be constrained by an effort budget b. It
defines the number of paragraphs for which a single user is
asked to provide feedback on the contained arguments.

Based on the above model, we define the problem of
argument discovery under a given effort budget as follows.

Problem 1 (Budget-Limited Argument Discovery) Given
a set of paragraphs P, an effort budget b, and an evaluation
function f , budget-limited argument discovery refers to the
identification of an assignment of arguments σ , such that
f (ω,σ) is maximal while seeking a single user’s input for at
most b paragraphs.

As mentioned above, ω is unknown. For evaluation purposes,
thus, the set of actual arguments needs to be obtained from
expert users. For practical reasons, this is done for a subset
P′ ⊂ P and the evaluation is based on a partial assignment
ω ′ with ω ′(p) = ω(p), p ∈ P′.



Argument Discovery via Crowdsourcing 5

3.2 Approach

The Argument Discovery Process. Given a set of docu-
ments, our approach to argument discovery, illustrated in
Figure 1, enables efficient and robust integration of manual
and automatic processing.

To realise efficient manual processing (R1), we employ
guided crowdsourcing, which involves (I) ranking of para-
graphs and (II) argument crowdsourcing for selected para-
graphs. Documents are split into paragraphs and a scoring
model is used to rank them based on their likelihood to con-
tain an argument. Crowdsourcing can generally be seen as
a means to scale manual processing to large-scale data. We
further improve processing efficiency by exploiting crowd-
sourcing only for selected paragraphs and by implementing
an adaptive strategy to post crowd tasks, which dynamically
determines the amount of required user input per paragraph.

Crowd 

Paragraphs 

Relevant 
Documents 

Arguments 

Crowd answers 

Paragraph Ranking 

Argument 
Crowdsourcing 

Argument 
Aggregation 

Fig. 1: Overview of the approach

To obtain a single trusted set of arguments in the pres-
ence of uncertain, potentially inconsistent user input, our
approach features a third step, (III) argument aggregation.
Using a probabilistic model, we resolve conflicts in the an-
swers and identify the arguments that best represent a para-
graph, thereby addressing the need for robustness against
heterogeneous user input (R2).

Our approach integrates steps (I)-(III) in an iterative
learning process. It iteratively ranks paragraphs, crowdsources
arguments, and aggregates the answers, until the effort budget
has been spent or all paragraphs have been processed.

Crowdsourcing of arguments should involve several work-
ers per paragraph to leverage the wisdom of the crowd. How-
ever, for some paragraphs, argument discovery is arguably
harder than for others, so that more input shall be sought for
them. To dynamically adapt the amount of user input per para-
graph, one may argue that a single paragraph should be han-
dled in each iteration of the process. This approach, however,
would have limited potential for assessing the worker relia-
bility and, thus, answer quality. Such an assessment becomes
effective only when a worker handles multiple paragraphs.

To mediate this trade-off, our argument discovery pro-
cess proceeds in rounds of batches. In each iteration, a set
of selected paragraphs is handled by a single worker. The
selection of paragraphs for a process iteration is governed
by two aspects: a paragraph from the previous iteration is
kept, if the respective arguments aggregation is considered
to be uncertain; otherwise it is replaced by the top-ranked
paragraph that has not yet been processed.

Algorithm 1: The iterative learning process for the discov-
ery of arguments

input :P, a set of paragraphs; b, an effort budget.
output : σ , the assignment of discovered arguments to paragraphs.

1 σ ← /0; // The assignment of discovered arguments to
paragraphs

2 score← /0; // The scoring model for paragraphs
3 cert← /0; // The model for argument certainty
4 q← set batch size(); // Determine batch size
5 open← /0; // The set of paragraphs handled in each

iteration
6 old← /0; // The set of paragraphs processed already
7 repeat

// (I) Paragraph ranking
8 score← construct score(score,σ); // Construct scoring

model
9 while |open|< q do

10 open← open∪ select next best(score,old); // Add
paragraphs

// (II) Argument crowdsourcing
11 ans← crowdsourcing(open); // Actual crowdsourcing

// (III) Argument aggregation
12 cert← update cert(cert,ans); // Update argument certainty
13 next← /0;
14 for p ∈ open do

// If needed, re-post paragraph in next
iteration

15 if repost paragraph(p,cert) then next← next ∪{p} ;
// Else, record processing, extract aggregated

argument
16 else
17 old← old∪{p} ;

// If answers are certain, instantiate
argument

18 if certain answers(p,cert) then σ ← σ ∪ ins arg(cert, p)
;

19 open← next;
20 b← b−|ans|; // Reduce budget by effort spent

21 until |open|= 0 ∨ b = 0;
22 return σ ;

Algorithm. Our iterative learning process is defined in
Algorithm 1. Given a set of paragraphs P and an effort bud-
get b, it returns the assignment of discovered arguments to
paragraphs. The algorithm first initialises the result function,
the scoring model, and the certainty model (lines 1 to 3). It
also determines the batch size—the number of paragraphs
per crowd worker (line 4). Following studies on the effec-
tiveness of crowdsourcing [39], the default batch size is set
to 10 and we explore different values in our evaluation. The
algorithm iteratively builds up the result, terminating when
the effort budget has been spent or all paragraphs have been
processed. In each iteration (lines 7 to 21), open holds the
set of paragraphs that are processed in three steps:

(I) Paragraph ranking, detailed in Section 4, constructs a
scoring model (score) to assess the likelihood of a paragraph
to contain an argument (line 8). The model is trained with
arguments discovered in previous iterations of the algorithm.
Next, the set of current paragraphs (open) is extended with
(not yet processed) top-ranked paragraphs to fill up the batch
of size q (line 10). Initially, paragraphs are selected based on
their usefulness to train the scoring model, whereas later, the
actual scores determine the ranking.

(II) Argument crowdsourcing, discussed in Section 5,
mines candidate claims and evidence from the selected para-



6 Nguyen Quoc Viet Hung 1 et al.

graphs (set open), creates crowd tasks, posts them to a crowd-
sourcing platform, and collects the crowd answers (line 11).

(III) Argument aggregation, described in Section 6, first
updates a probabilistic model (a factor graph, cert) that cap-
tures the relations between workers, arguments, and answers
(line 12). For each of the currently processed paragraphs (set
open), we evaluate whether the paragraph is re-posted in
the next iteration of the algorithm (line 15), using the factor
graph (cert). If the paragraph is not re-posted, we record it
as processed (line 17) and, if the answers are certain, include
the assignment in the result (line 18).

4 Paragraph Ranking

To rank paragraphs for argument crowdsourcing, Section 4.1
first presents a feature-based model for paragraphs. Sec-
tion 4.2 focuses on the question of how to determine whether
a paragraph contains arguments and introduces the construc-
tion of a scoring model (function construct score in Algo-
rithm 1). Finally, Section 4.3 turns to the selection of para-
graphs, i.e., function select next best in Algorithm 1.

4.1 Paragraph Modelling

Feature selection. To assess the likelihood that a paragraph
contains an argument, we need to capture characteristics of
paragraphs that hint at arguments. Since there is a very large
set of feature candidates, see work on text classification [67],
we conducted a preliminary study to identify features that
hint at arguments. The details about this study along with an
overview of the derived features can be found in Appendix A.
Below, we summarize the main results of this study.

Our study revealed lexical features related to the lan-
guage vocabulary and syntactical features that refer to the
text structure. Lexical features include the frequency of the-
matic words, the number of evidence-related words (e.g.,
numbers or citations), and the relative frequency of proto-
typical words (expressions that formulate arguments). As
syntactical features, occurrence counts for thematic words
appearing as (1) a subject or object (determined by part-of-
speech tagging) or (2) a head word (root of the parse tree of
a sentence) turned out to have large discriminative power.

Paragraph model. Each individual feature provides an esti-
mation of the likelihood that the paragraph contains an argu-
ment. Hence, we model a paragraph p ∈ P as a normalized,
s-dimensional feature vector vp = 〈 f1, ..., fs〉 with fi ∈ [0,1]
as the score for the i-th feature. All scores are normalized
into the unit interval by dividing them by the maximum value
observed among all paragraphs.

For each paragraph p ∈ P, our model further includes
a labelling function α : P→ {1,−1}, where α(p) = 1 if p
contains an argument and α(p) = −1, otherwise. Initially,

this labelling function is not defined for any paragraph. When
executing the iterative learning process for argument discov-
ery, however, it is updated based on the argument assignment
(σ in Algorithm 1). It holds α(p) = 1 if p ∈ dom(σ), and
α(p) =−1, otherwise.

4.2 Paragraph Scoring

Scoring model. Based on the above features, we employ a
scoring model to assess the likelihood that a paragraph con-
tains an argument. This model is a function score, which
takes the feature vector vp of a paragraph p ∈ P as input
and returns a value score(vp) ∈ [0,1], or short score(p). To
summarize the individual features, we use weighted aggre-
gation. Given a feature vector vp = 〈 f1, . . . , fs〉, the scoring
model is defined as score(p) = wvp, with w = 〈w1, . . . ,ws〉
as a weight vector (∑1≤i≤s wi = 1) indicating the significance
of the individual features. Further, β (p) = score(p)− 0.5
denotes the prediction made by the scoring model for p, so
that β (p)> 0 means that p contains an argument.

Feature weights. The weight parameters of the scoring model
are set by an active learning strategy. In each iteration of the
argument discovery process, function construct score adjusts
the scores based on the arguments crowdsourced in the previ-
ous iteration. To this end, we use the Margin Infused Ranking
Algorithm (MIRA) [18].

MIRA is based on the notion of a margin for paragraph p,
defined as m(p) = α(p)β (p) based on the labeling function
α and the prediction β made by the scoring model. The
margin measures how good or bad the prediction has been for
paragraph p. A positive margin indicates a correct prediction
by the scoring model. In case of a negative margin, the model
suffers a loss, defined as:

loss(m(p)) =
{

0 m(p)≥ 0
1−m(p) otherwise

(1)

The intuition behind the above equation is summarized as
follows. When the model makes a correct prediction (m(p)≥
0), the model is not changed (loss(m(p)) = 0). In case of an
incorrect prediction, the update to the model is the smallest
change needed to incorporate the new label (loss(m(p)) =
1−m(p)).

The weights of the scoring model are updated iteratively
as follows. Let wt be the weight vector in the t-iteration of the
process and let p be the paragraph, for which the argument
assignment has changed. The new weights are defined as

wt+1 = wt +
loss(m(p))
||vp||2

α(p)vp. (2)

This update of weights is grounded in the definition of the
loss function. A correct prediction by the scoring model
(loss = 0) does not change any weight. Incorrect predictions,
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in turn, lead to greedy modifications that are just large enough
to cover the misclassified paragraph. Factor α(p) controls
the direction of the model change (by taking the value -1 or
1), while ||vp||2 normalizes the loss value.

4.3 Selection of Paragraphs

Our approach includes two strategies for the selection of
paragraphs, i.e., function select next best in Algorithm 1 has
two implementations. An uncertainy-based strategy selects
paragraphs based on their usefulness to train the scoring
model. A score-based strategy exploits the scoring model to
assess the likelihood that a paragraph contains an argument.
Below, we first define the strategies before discussing when
to use which strategy.

Uncertainty-based selection strategy. This strategy selects
paragraphs, for which argument crowdsourcing is considered
to be useful for improving the scoring model. We capture
this usefulness of a paragraph with an information-theoretic
model and apply uncertainty sampling [73] to chose the para-
graph, for which it is least certain whether it contains an
argument. Technically, the uncertainty related to a paragraph
p, with vp = 〈 f1, . . . , fs〉 being its feature vector, is measured
by the Shannon entropy:

H(p) =− ∑
1≤i≤s

( fi log( fi)+(1− fi) log(1− fi)) (3)

The entropy of a paragraph can only be 0, if the values of its
features are equal to 1 or 0. If so, there is a clear separation
between paragraphs with and without an argument, respec-
tively. As such, the entropy can guide which paragraphs shall
be selected for crowdsourcing.

The uncertainty-based strategy, select next bestU , selects
the paragraph with the highest entropy that has not yet been
processed (set old in Algorithm 1):

select next bestU (score,old) = argmax
p∈(P\old)

H(p) (4)

Scoring-based selection strategy. This strategy uses the
scoring model to identify paragraphs that are likely to contain
an argument. The respective selection function, denoted by
select next bestS, is defined as:

select next bestS(score,old) = argmax
p∈(P\old)

score(p) (5)

Choosing a selection strategy. There is a trade-off between
the application of the uncertainty-based strategy and the
scoring-based strategy. Focusing solely on the former may
lead to overconsumption of the budget for training the scoring
model, without making effective use of the model. Excessive
usage of the scoring-based approach, however, is undesirable

without a proper training phase. Hence, we propose a mecha-
nism to transition from the uncertainty-based strategy, used
initially, to the scoring-based strategy.

Intuitively, we switch to the scoring-based strategy when
the scoring model is stable. Model stability is defined as
the difference between the weights of the model in consec-
utive iterations. Formally, if the difference is less than ε ,
we consider the model to be stable, which means that the
scoring-based strategy is applied. In general, a small value
of ε might lead to non-optimality; a large value might lead
to slow convergence. Finding an appropriate value for ε is
specific to a dataset. As suggested in [72], we later vary ε

from 0.1 to 0.9 in the experiments.
From the above, it follows that not all paragraphs in a

document are selected. Selection is done for a set of para-
graphs stemming from numerous documents on the same
topic. As such, selecting solely the paragraphs with maximal
uncertainty or the highest scores, may consider paragraphs
originating from different documents.

Selection roboustness. Independent of the applied strategy,
paragraph selection may be subject to a bias often encoun-
tered in the Web—replicated data [50]. Thus, we take the
following measures:

– Duplicate detection. To avoid redundancies in the set of
paragraphs used for argument discovery, pre-processing
removes duplicate documents. To this end, we quantify
document similarity using standard measures, e.g., the
Jaccard coefficient over 3-grams [76], and filter docu-
ments by a similarity threshold.

– Data source diversification. The above selection strate-
gies may consider only paragraphs from a small number
of data sources. To not miss out argumentative informa-
tion, we employ result diversification [25] to re-rank a
selection of paragraphs.

5 Argument Crowdsourcing

Having discussed the ranking of paragraphs, we turn to the ac-
tual argument crowdsourcing (function crowdsourcing in Al-
gorithm 1). We first discuss how to design the questions that
form the tasks to be posted to crowd workers (Section 5.1).
Then, we show how to instantiate these questions with can-
didate claims and evidence that are mined from a paragraph
(Section 5.2).

5.1 The Design of Questions

Good task design is crucial to obtain crowdsourcing results
of high quality. In addition to infrastructure aspects such as
a user-friendly interface [88], several requirements for the
design of crowdsourcing tasks have been identified. Tasks
shall have (I) a low complexity [29], (II) be self-reporting,
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and verifiable [45], and (III) include abundant context infor-
mation [48]. Below, we show how to design questions in our
context to satisfy these requirements.

Many factors may affect the complexity of a crowdsourc-
ing task, such as the number of subtasks or the context of
each subtask. Since we post paragraphs in batches, we design
a task to contain a batch of paragraphs and thus a batch of
subtasks, each related to one paragraph. We will show in
our evaluation that, despite such batching, crowd workers
still perceive these tasks to be easy. Against this background,
the content of each subtask becomes the decisive factor in
terms of task complexity. To reduce complexity of each sub-
task, we separate questions for claim and evidence, while
both questions still have the common context of the same
paragraph. Consequently, task complexity is governed by the
representation of the questions for claim and evidence.

Two types of questions can be used to identify arguments
in terms of their claim and evidence: open and closed ques-
tions. In our setting, workers may directly be asked to identify
arguments in a paragraph (open question). However, since
crowd workers are assumed to strive for maximal profit and
thus avoid relatively complex tasks, we opt for closed ques-
tions that limit complexity by pre-defined answer options.
Also, the answers to closed questions are easy to process and
rather robust to invalid answers. Posting closed questions,
however, requires mining of candidate arguments and evi-
dence from the paragraphs. Below, we discuss the general
structure of questions, before turning to the mining step.
Question for claims. A paragraph can contain many candi-
date arguments and, thus, many candidate claims. A question
posted to crowd workers shall cover all of these candidate
claims and workers shall be able to indicate that a paragraph
does not contain any claim.
Question for evidence. We could follow a similar approach
for questions for evidence and construct a multiple choice
question with each answer being possible evidence. However,
this approach is not feasible in practice, since workers tend
to select only one answer, even if multiple answers are cor-
rect [7]. The reason is, again, the tendency to maximize profit
by spending as little time as possible per question. There-
fore, we employ several Boolean questions, verifying each
candidate evidence separately. Our evaluation later shows
that, indeed, this approach is significantly more effective than
using a single multiple choice question.

Example 3 We take up Example 1. While we later show how
to mine candidate claims and evidence, here, we assume that
segments {S1,S5} have already been tagged as candidate
claims, while segments {S1,S2,S3,S4,S5,S6,S7} are poten-
tial evidence. Figure 2 and Figure 3 illustrate the respective
questions for the claim and evidence.

Following this approach, for each paragraph, a set of ques-
tions is generated: one for the claim and one for each possi-

ble evidence. These questions yield a task to be posted on a
crowdsourcing platform. Then, the feedback obtained from
the crowd workers is a set of candidate atomic arguments.

Example 4 Continuing with the above example, suppose a
worker selects S1 as the claim and confirms S2 to S7 as
evidence. In that case, a candidate argument of the form
{S2,S3,S4,S5,S6,S7}; S1 is derived. This can be split up
into the following atomic arguments, S2 ; S1, S3 ; S1,
S4 ; S1, S5 ; S1, S6 ; S1 and S7 ; S1.

Effectiveness of question design. Related to the above re-
quirements for the design of crowdsourcing tasks, our ap-
proach yields tasks that provide abundant context informa-
tion [48], since they include paragraphs instead of single
sentences. They are of low complexity [29], as they rely on
closed questions, separately for claims and evidence. Finally,
our questions support self-report and verification [45]. That
is, segments of a paragraph are potentially included in the
question for a claim and in the questions regarding the evi-
dence. If so, the reliability of a worker can be assessed based
on the absence of conflicting answers that would identify a
segment as both, a claim and its supporting evidence.

5.2 Mining Candidate Claims & Evidence

Constructing questions for crowdsourcing requires identify-
ing candidate claims and evidence in a paragraph. To this end,
we first split paragraphs into smaller meaningful parts, i.e.,
segments, by means of sentence boundary disambiguation
and discourse segmentation [56,32].

Evidence that is supposedly objective and verifiable can
be considered as a fact, which is why we exploit techniques
for fact extraction [11,30]. In particular, features that proved
useful for the extraction of facts can also be expected to help
in the extraction of evidence of an argument. Details on the
applied fact-extraction features are given in Appendix A.

Discourse relation extraction. Adjacent segments in a para-
graph are not independent, but stand in a semantic relation to
one another. By discovering these relations, we can identify
which segment is the claim or evidence.

Specifically, we exploit the Rhetorical Structure Theory
(RST) [32] that defines 23 rhetorical relations for pairs of
segments. Many of these relations signify the presence of an
argument, i.e., explanation, background, contrast, condition,
evaluation and evidence. The RST defines different roles for
the segments in most of the relations. One segment (called
nucleus) is the central one, whereas the other (satellite) has
a supportive role. Depending on the relation, the nucleus is
usually the claim, whereas the satellite is the evidence.

Example 5 Applying sentence boundary disambiguation and
discourse segmentation to the paragraph listed in Example 1,
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Fig. 2: An example for a closed question to extract a claim from a paragraph.
Fig. 3: An example for several closed questions that
relate to the extraction of evidence of an argument.

we obtain seven segments S1, . . . ,S7. An example of a dis-
course relation is disjunction of segment S2 and S5. It is
identified based on the phrase ‘another example’, which is
known to indicate a disjunction of segments.

Augmenting the relations. We further enrich the relations
identified by the RST with the following features:
– Position: We include the position of a segment in the

paragraph. Segments at the beginning could be part of a
topic sentence, which is likely to be a claim.

– Presence of keyword: A claim often mentions thematic
words. As a result, the presence of these thematic words
in a segment may hint at a claim.

– Presence of numbers: The presence of numbers may hint
at evidence that is used to support a claim.

– Cue phrases: Cue phrases, such as ‘finding’ and ‘study’,
indicate that a segment is evidence. We extracted such
cue phrases in a preliminary study (Appendix A).

We capture discourse relations and the above features by a set
of predicates over single segments, summarized in Table 2.

Table 2: Predicates used to mine arguments

Predicate Description

Relation(S) S is in a relation such as contrast, explanation etc.
Nucleus(S) S is a nucleus
Satellite(S) S is a satellite
Top(S) S is in the beginning of the paragraph
Middle(S) S is in the middle of the paragraph
Number(S) S contains numbers
Phrase(S) S contains cue phrases
Evidence(S) S is an evidence
Claim(S) S is a claim
Keyword(S) S contains keyword or part of it

Rule-based mining. The predicates are employed to extract
candidate claims and evidence using the following rules:

Relation(S) ∧ Satellite(S) ∧ Number(S) → Evidence(S)
Relation(S) ∧ Satellite(S) ∧ Phrase(S) → Evidence(S)
Relation(S) ∧ Satellite(S) ∧Middle(S) → Evidence(S)
Relation(S) ∧ Nucleus(S) ∧ Top(S) → Claim(S)
Keyword(S) → Claim(S)

Using these rules, a set of candidate claims and evidence is
acquired to instantiate questions for the crowdsourcing tasks.

Example 6 Using the above rules, segment S1 of our running
example is likely to be a claim as it contains the thematic

word ‘globalization’, and segment S2,S3,S4,S6,S7 may be
evidence because of the presence of numbers. Segment S6
also contains an evidence-related keyword: “study”.

6 Argument Aggregation

Aggregation of crowdsourced arguments as part of our itera-
tive learning process for argument discovery (Algorithm 1)
includes several steps: the creation of a certainty model (func-
tion update cert); a mechanism to decide whether a para-
graph shall be re-posted (predicate repost paragraph); a
check whether the obtained answers are certain (predicate
certain answers); and a way to instantiate an argument for a
paragraph from the certainty model (function ins arg).

Below, we show how to create a factor graph as a model
of argument certainty (Section 6.1) and how it is used to
compute the certainty of an argument (Section 6.2). Then,
we introduce methods to take a decision about re-posting a
paragraph (Section 6.3) and to instantiate an argument from
the certainty model (Section 6.4).

6.1 A Model for Argument Certainty

Crowd answer matrix. In each iteration of the argument
discovery process, the answers obtained by crowdsourcing
are modeled as a matrix over P = {p1, . . . , pn} ⊆ P, the set of
all paragraphs crowdsourced so far, and W = {w1, . . . ,wm},
the set of all workers that provided input. For this repre-
sentation of the answers, we split up each argument V ; c
provided by a worker into its atomic arguments {vi}; c
with V = {v1, . . . ,vk} and 1≤ i≤ k. Let Lp = {{v}; c | v ∈
seg(p)∧ c ∈ seg(p)} be the set of all atomic arguments that
can be constructed from the segments of p ∈ P. Then, crowd
answers are modeled as an n×m answer matrix:

M =

lp1w1 . . . lp1wm

. . . . . . . . .

lpnw1 . . . lpnwm

 (6)

where either lpw ⊆ Lp are the atomic arguments provided by
worker w ∈W for paragraph p ∈ P or lpw = � denotes the
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absence of an answer for p by w. The latter distinguishes
the absence of an answer from the empty response (lpw =

/0, worker w replied that paragraph p does not contain any
argument). We define Ap =

⋃
w∈W lpw as the set of atomic

arguments obtained for paragraph p and A =
⋃

p∈P Ap as the
set of all candidate arguments. Finally, set Z contains an
atomic answer zpwa ∈ {1,0, /0} for each worker w ∈W and
argument a ∈ A in paragraph p ∈ P, such that

– zpwa = 1, if a ∈ lpw, the worker found the argument,
– zpwa = 0, if a /∈ lpw, the worker did not find the argument,
– zpwa = /0, if lpw =�, the worker did not process the para-

graph.

Motivation for a probabilistic model. Aggregating argu-
ments is more challenging than traditional aggregation of
crowd answers, see [40]: (1) the answer matrix comprises
partial functions, instead of discrete values; (2) there is a
mutual reinforcing relation between workers and arguments
(worker can provide multiple arguments, an argument can be
provided by multiple workers); and (3) there are dependen-
cies between candidate arguments of a paragraph, e.g., only
one of two conflicting arguments shall be chosen.

Against this background, existing deterministic algorithms
for aggregating crowd answers such as majority voting or
expectation maximization algorithms [20,40] are inapplica-
ble in our context. To cope with partial functions and capture
the complex relations between arguments, we leverage a
probabilistic graphical model, namely a factor graph [47]. It
enables us to establish a relation between functions that are
defined over potentially overlapping sets of random variables.
Using probabilistic techniques, we can then compute the cer-
tainty of argument assignments for a paragraph, while taking
into account the reliability of the workers and the correctness
of their answers. Also, the model enables self-configuration
when new information becomes available. Combined with
active learning, the factor graph model allows us to handle
the active nature of data generation in crowdsourcing, see
also [35]. With the arrival of new crowd answers, the model
is updated incrementally by adding variables and factors.

Creation of the factor graph. A factor graph is a bipartite
graph 〈V,F,E〉 where V is a set of random variables, F is a
set of functions (factors), and E ⊆ {{v, f} | v ∈V, f ∈ F} are
undirected edges. A set of random variables V and a set of
factors F fully characterises a factor graph. The definition of
the edges relates each factor f (v1, . . . ,vd) ∈ F to the random
variables over which it is defined. That is, we define { f ,vi} ∈
E for vi ∈V , 1≤ i≤ d.

In our context, there are three types of random variables
representing workers, arguments, and answers. We overload
notation and use W , A, and Z to refer to the actual workers,
arguments, and atomic answers, as well as the associated
random variables, i.e., V = W ∪A∪ Z. Further, the model
includes worker factors fW , argument factors fA, and answer

factors fZ to represent the relations between these variables,
i.e., F = fW ∪ fA∪ fZ .

Worker variables. Each worker w ∈W is associated with
a random variable, which, overloading notation, is denoted
by w ∈ [0,1] indicating the reliability of the worker.

Argument variables. An atomic argument a ∈ A is associ-
ated with a variable a ∈ {0,1} indicating the correctness of
the argument (1 representing correctness).

Answer variables. Each atomic answer zpwa ∈ Z is also
directly considered as an (observed) variable.

Worker factors. Each worker variable w is associated with
a prior-distribution factor fw : {w}→ [0,1] that is determined
either in a training phase or stems from external sources such
as the crowdsourcing service provider. If no information is
available, we start with fw(w) = 0.5 following the maximum
entropy principle. The set of worker factors is defined as
fW =

⋃
w∈W fw.

Argument factors. Each set of atomic arguments Ap =

{a1, . . . ,ak} of a paragraph p ∈ P is assigned an argument
factor fAp : Ap→ [0,1] that captures the following relation
between the arguments: (1) a paragraph cannot be assigned
conflicting arguments; (2) if all arguments related to the
paragraph are labeled as incorrect, there is no information
that allows for conclusions on the argument for the paragraph
(maximum entropy principle); and (3) there should be at least
one argument (which may be the empty argument) assigned
to each paragraph. We define the argument factor fAp as:

fAp(a1, . . . ,ak) =


0 ∃ i, j ∈ {1, . . . ,k} :

ai = 1∧a j = 1∧ai ⊥ a j
0.5 ∀ i ∈ {1, . . . ,k} : ai = 0
0.75 otherwise

(7)

The intuition behind fAp is that (1) if there are correct ar-
guments (ai = 1∧a j = 1) that are conflicting (ai ⊥ a j), the
factor is 0, which indicates impossibility; (2) in the absence
of an argument labeled as correct, the factor of 0.5 indicates
no argument preference; (3) to reinforce the existence of at
least one argument assignment per paragraph, a factor of
0.75 to equally distribute the possibilities is used. The set of
argument factors is defined as fA =

⋃
p∈P fAp .

Answer factors. Each atomic argument a ∈ A is assigned
an answer factor fa : W ×Z×{a}→ [0,1] that captures the
relation between the argument, its related answers and all
workers. The idea behind this factor is that there is a mutual
reinforcing relation between workers and arguments via the
answers. Answers from reliable workers have a higher weight
compared to answer from those that are unreliable, whereas
correct answers indicate high reliability. For an atomic argu-
ment a ∈ A, we model this relation as:

fa(w1, . . . ,wm,zw1 pa, . . . ,zwm pa,a) =

∏
j∈{1,...,m}|zw j pa 6= /0

(∣∣zw j pa−a
∣∣+(−1)|zw j pa−a|w j

)
(8)
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The model of answer factors, intuitively, incorporates the as-
sumption that reliable workers give correct answers, whereas
unreliable workers give incorrect answers. Consequently, the
factor equals the worker reliability (w), when the worker an-
swers correctly (zwpa = a), whereas the probability of the
worker giving incorrect answers (1−w) is used in case of
an incorrect answer (zwpa 6= a). Finally, a product aggregates
the likelihoods over the answers of all workers.

Example 7 Figure 4 illustrates the factor graph for the case of
two paragraphs and three workers. Each paragraph has three
possible atomic arguments. Variables (circles) are linked
to their respective factors (squares). There are two types
of variables: latent variables (white circles) and observed
variables (grey circles).

6.2 Computation of Argument Certainty

A factor graph enables us to compute the certainty of an
argument that is assigned to a paragraph. This computation
exploits the (marginal) probabilities of the random variables
representing the reliability of workers, the correctness of an
argument, and the answers. Since the reliability of a worker
w ∈W is defined over the unit interval [0,1], the probabil-
ity of it assuming a certain value is given as a distribution
function Pr(w) over [0,1]. Argument variables are binary, so
that Pr(a = 1) (or short Pr(a)) is the probability that an argu-
ment a∈ A is correct. Answer variables, in turn, are observed,
which means that the probability of their observed value is 1,
whereas any other value has a probability of 0. Probability
computation is based on the correlations defined by the factor
functions that relate the random variables to each other.

Probability computation. To compute probabilities in a fac-
tor graph, belief propagation or sampling are commonly used.
Belief propagation considers the (un)certainty as information
that is propagated through the factor graph, e.g., by message-
passing algorithms [47]. However, these techniques tend to
converge slowly if the graph is large and contains circles [87].
When using crowdsourcing for argument discovery, the num-
ber of variables grows quickly, resulting in large and dense
factor graphs. Hence, we resort to sampling to find the most
probable values of random variables Specifically, Gibbs sam-
pling proved to be a highly efficient and effective mechanism
for factor graphs [87].

In brief, given an answer set N, probability computation
based on the factor graph yields a value for the correctness
Pr(a) per atomic argument a ∈ A and a probability distribu-
tion Pr(w) for the reliability per worker w ∈W .

Argument certainty of a paragraph. Using the computed
probability values, the certainty with which a set of atomic
arguments is assigned to a paragraph is quantified. Techni-
cally, we capture the uncertainty related to a paragraph, i.e.,

the lack of certainty in the assignment for this paragraph. For
a paragraph p ∈ P, the argument uncertainty is defined as the
Shannon entropy over the random variables of the atomic
arguments Ap, as identified by crowd workers:

uncert(p) =− ∑
a∈Ap

Pr(a) logPr(a). (9)

It holds that uncert(p)≥ 0. A value of uncert(p) = 0 means
that all argument probabilities are equal to one or zero. In
other words, for each atomic argument there is a clear con-
clusion on its correctness.

6.3 The Reposting Decision

Next, we focus on the decision to repost a paragraph (pred-
icate repost paragraph in Algorithm 1). Taking this deci-
sion is hard due to the bi-objective nature of the discovery
process—while we aim at discovering a large number of
arguments, we also strive to minimize the invested effort.

Intuitively, we want to stop reposting a paragraph when
adding more answers would not improve the quality of the
results significantly. The primary reason to stop reposting a
paragraph is a low argument uncertainty, which signals that
consensus between workers has been reached. However, we
need two additional conditions to cope with effects stemming
from the edge cases of having very few or very many answers.
That is, there should be a minimal number of answers to
ensure that the probability computation is representative,
whereas a maximal number of iterations limits the effort
spent if consensus among the workers cannot be reached.

To decide whether a paragraph is reposted, we apply a
conjunction of the following three conditions.

(c1) Uncertainty condition: A paragraph with low ar-
gument uncertainty (Equation 9) indicates that the crowd
workers reached a consensus on the atomic arguments. Since
it would be cost-ineffective to repost the respective para-
graph, we define a threshold τ and do not repost paragraphs
for which the uncertainty drops below it. The value of τ me-
diates the trade-off between the quality (precision) and the
number (recall) of the discovered arguments and can be set by
sampling: A few workers are asked to answer questions for a
set of paragraphs. For different values of τ , crowdsourcing is
simulated using the obtained answers. Observing the trade-
offs for total effort, argument uncertainty, and the probability
of derived arguments, a suitable value for τ is found.

(c2) Support condition: A paragraph p may satisfy the
uncertainty condition (uncert(p) < τ) with only a few an-
swers since the smaller the number of workers, the easier it is
to reach consensus. To avoid situations in which the ‘wisdom
of the crowd’ is not exploited, we define a minimum support
threshold mmin and only stop reposting a paragraph if the
number of answers exceeds it. Following recent crowdsourc-
ing studies [66], we set mmin = 5.
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Fig. 4: An example factor graph with three workers (w1, w2, and w3) and two paragraphs. The possible atomic arguments for paragraph 1 are a11,
a12, and a13, while for paragraph 2, possible atomic arguments are a21, a22, and a23. In this example, both workers provided answers to questions

related to both paragraphs and all possible atomic arguments. These answers are represented as variables z111− z233.

(c3) Effort condition: A paragraph may comprise ambigu-
ous argumentative structures, so that workers cannot reach
consensus. Such a paragraph would be reposted continuously
until its uncertainty is lower than τ . To avoid such situations,
we define a maximum effort threshold mmax that serves as an
upper bound for the number of reposting iterations. Based
on [66], we set mmax = 10.

6.4 Argument Instantiation

If a paragraph is not reposted, we have to decide whether an
argument shall be instantiated (predicate certain answers in
Algorithm 1). To this end, we exploit the above effort condi-
tion (c3). If it holds true, the paragraph is likely to comprise
ambiguous structures and, thus, is not suited for argument
discovery. In all other cases, an argument is instantiated for
the respective paragraph.

Given the candidate atomic arguments Ap for a para-
graph p ∈ P and their probabilities Pr(a) for a ∈ Ap, the
instantiation of an aggregated argument (function ins arg in
Algorithm 1) yields an argument â = V̂ ; ĉ that is defined
in two steps, claim selection and evidence extraction.

Claim selection. Per candidate claim, we sum up the proba-
bilities of their atomic arguments. The idea behind this aggre-
gation is that a large number of probable evidence segments
hints at the claim for the argument in the paragraph. Then,
we select the claim with the highest aggregated probability
for the instantiated argument (assuming that Ap 6= /0):

ĉ = argmax
c∈
⋃

a∈Ap{claim(a)}
∑

a∈{a′∈Ap|claim(a′)=c}
Pr(a) (10)

Evidence extraction. Given the selected claim, we complete
the argument by extracting evidence that (1) supports the
claim and (2) is part of supposedly correct arguments. The

latter is assessed using the probabilities Pr(a) assigned to
atomic arguments a ∈ Ap.

V̂ =
⋃

a∈{a′∈Ap | claim(a′)=ĉ ∧ Pr(a′)>0.5}
{evid(a)} (11)

Example 8 Consider the following candidate arguments and
probabilities: S2 ; S1: 0.52; S3 ; S1: 0.59; S4 ; S1: 0.21;
S3 ; S2: 0.31; S4 ; S2: 0.27. This example features two
candidate claims, S1 and S2. Due to the higher aggregated
probability, S1 is selected as the claim for the argument. To
extract the related evidence, arguments having S1 as claim
and a probability > 0.5 are considered. Then, then the aggre-
gated argument is {S2,S3}; S1.

7 Experimental Evaluation

This section reports on an experimental evaluation of our ap-
proach to argument discovery. We first elaborate on the used
experimental setup (Section 7.1), before evaluating the effi-
ciency and effectiveness of various aspects of our approach,
including:

– The scoring model for paragraph selection (Section 7.2).
– The crowdsourcing task design and difficulty (Section 7.3).
– The mining of candidate claims and evidence (Section 7.4).
– The probabilistic aggregation of arguments (Section 7.5).
– The task posting strategy (Section 7.6).
– The overall end-to-end process (Section 7.7), compared

to the state-of-the-art in automatic argument discovery.
– The real-world deployment costs (Section 7.8).

7.1 Experimental Setup

Datasets. We based our experiments on five real-world doc-
ument collections and a referential answer set for which the
labels have been created by expert users.
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Table 3: Document collections

Dataset Domain #Paragraphs

vacc health 151637
food health 132953
gmo health 126831
penalty society 106496
global economics 97425

Document collections: We consider Web documents for
five popular topics, namely vaccine (vacc), processed food
(food), genetically modified food (gmo), death penalty (penalty),
and globalization (global), which span the domains of health,
society, and economics. For each topic, we collected the top
10,000 documents, mostly news entries or articles, returned
by a search engine (Bing). Each document has been split up
into paragraphs, see also Table 3.

Referential answer set: To obtain a controlled evalua-
tion environment, we followed related work on automatic
argument discovery [64,58] and constructed a full referential
answer set as follows. For a sample of 500 documents (topic
food), five expert users identified all paragraphs that contain
arguments and constructed the correct arguments for these
paragraphs as ground truth. To conduct this task, the experts
received minimal training by means of example paragraphs
with and without arguments. The results have been aggre-
gated using majority voting. We measured the agreement
level by the Krippendorff’s α [46] and the obtained value of
α = 0.81 indicated reliable agreement among the experts.

From the paragraphs annotated by the experts, we ran-
domly select 40 paragraphs containing arguments and an
additional 60 paragraphs without arguments. Paragraphs of
these documents have been posted to Amazon Mechanical
Turk (AMT) on 10/08/2015. For each paragraph, a group of
30 workers extracted arguments, i.e., the same 30 workers
labelled all paragraphs in the sample set. As this may be a
tedious task, we made sure that the workers understood the
task and the incentive was reasonable for them to complete
it. The reward for each HIT was 0.05$, which yielded a total
reward of 5$ per worker.

Having this full answer set, we simulated the application
of our iterative learning process for argument discovery. It
is worth noting that although the referential answer set is
pre-constructed, it contains real-world paragraphs and ac-
tual answers from AMT workers. The referential answer
set enabled us to emulate actual task posting under varying
conditions in a cost-effective way.

Simulating crowd: We follow the guidelines in [40] to
simulate worker characteristics of the crowd. Specially, we
distribute the worker population into α% reliable workers,
β% sloppy workers and γ% spammers. According to a study
on crowd population at crowdsourcing services [44], we use
the following default values for these parameters (unless
stated otherwise): α = 43, β = 32 and γ = 25.

Simulation is done using the ground truth in the referen-
tial answer set, i.e., using answers obtained from real-world
crowd workers. Given a worker with a reliability φ , which
is the probability of giving correct answers, we simulate the
worker’s answers in two steps. First, for questions regarding
the claim, the probability of the worker choosing the correct
claim is φ . Second, for questions regarding the evidence, the
probability of the worker choosing a particular segment as
evidence is φ , if it is a correct one, and 1−φ otherwise.

Parameters. The batch size q determines the number of
paragraphs that a worker needs to answer and is subject
to a trade-off. A high value will allow for obtaining more
high-quality arguments as argument instantiation and the
construction of a stable paragraph scoring model benefit from
additional answers. On the other hand, an overwhelming
number of questions per worker has a negative influence on
answer quality. To mediate these aspects, we follow studies
on crowdsourcing effectiveness [39] that suggest a task size
of 10 questions, and also vary parameter q in the experiments.

To normalise the effort budget across datasets, we define
the budget ratio β = b

|P| , where b is the budget and P is the
set of all paragraphs. The rationale behind this measure is to
enable comparison of experimental settings within the same
relative budget constraint.

Metrics. We use the following evaluation measures:
Precision: is the ratio between the number of correct

instantiated arguments and the number of all instantiated
arguments.

Recall: is computed as the fraction of correct instantiated
arguments over the total number of correct arguments.

Both precision and recall are calculated using atomic
arguments, e.g., instantiating argument {v1}; c when the
correct argument is {v1,v2}; c leads to a recall of 0.5.

Cost ratio: To have a normalized measure for the in-
vested effort budget, the cost ratio γ captures the total num-
ber of worker answers relative to the number of processed
paragraphs. It reflects the invested effort independent of the
number of processed paragraphs.

Experimental environment. All results have been obtained
on an Intel Core i7 system (3.4Ghz, 12GB RAM). For factor
graph modelling and reasoning we relied on Elementary [87].

7.2 Effectiveness of Paragraph Selection

We first evaluated our strategy for paragraph selection. To
this end, we relied on the referential dataset, using its ground
truth as the answers to construct paragraph models.

Effects of paragraph features. As discussed in Section 4.1,
the paragraph model used for scoring paragraphs is based
on lexical and syntactical features, extracted in a preliminary
study. We explored the effects of each paragraph feature
to the proposed model by assessing how much of the effort
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budget has to be spent to extract the arguments of a collection
of documents. Using the referential answer set, we built many
models where each model is constructed by leaving out one
particular type of features. We then compared these models
with the model constructed by using the full set of features.
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Fig. 5: Effects of paragraph features

The obtained results are shown in Figure 5, where each
model is plotted by the percentage of identified arguments
relative to the percentage of paragraphs that have been pro-
cessed. By full, we denote the model using all features,
whereas -proto, -evid, -them and -sync are the models con-
structed without using the prototypical words, evidence-related
words, thematic words, and syntactical features, respectively.
The models constructed without the syntactic features and
prototypical words suffer the most in comparison with the
full model. It shows that these features contribute the most to
the accuracy of the full model, i.e., these features turn out to
be good indicators for a paragraph containing an argument.

Effects of learning in paragraph selection. To evaluate the
effectiveness of our paragraph selection method, we also
assessed how much of the effort budget has to be spent to
extract the arguments of a collection of documents. In a first
experiment, using the referential answer set, we compare
our technique that learns from the feedback as part of the
iterative argument extraction process with a selection strategy
that exploits a static version of the scoring model in which
all features are equally weighted (w/o learning). Here, we
also varied the threshold ε to switch between the different
selection strategies of our approach to analyse the effects of
this parameter.

0 20 40 60 80 100
% paragraphs

0
20
40
60
80

100

%
 a

rg
um

en
ts

w/o learning
ε=0.9
ε=0.5
ε=0.1

Fig. 6: Effectiveness of paragraph selection method

Figure 6, again, plots the percentage of identified argu-
ments relative to the percentage of processed paragraphs.
The strategy without learning performs better initially, when
less than 25% of the paragraphs have been processed. The
reason is that initially the w/ learning strategy will select
paragraphs that are most beneficial for training the scoring
model, which are not necessarily paragraphs that contain
arguments. However, once the scoring model is stable, the
learning-based approach performs far superior. With 50%
of the paragraphs processed, the method without learning
selected only around 45% of the paragraphs with arguments,
whereas the w/ learning with ε = 0.5 retrieved most of the
desired paragraphs (90%). This result demonstrates that the
pro-active learning of our scoring model saves overall ef-
fort. As for the influence of the ε parameter, we observe that
when it is small (ε = 0.1), the model switched too late to the
scoring-based strategy, which results in good initial perfor-
mance, but wasted effort at a later stage. On the other hand,
a large value of ε = 0.9 makes the model switch too soon. In
this case, the scoring-based model is not stable yet, which is
the reason why the performance of w/ learning under ε = 0.9
is significantly lower than for ε = 0.5, until the percentage
of processed paragraphs is near 100%. Striving at a balance,
we set ε = 0.5 in the remaining experiments.

Effects of different paragraph selection strategies. We
also compared our approach with models that use either only
scoring-based selection or only uncertainty-based selection.

0 20 40 60 80 100
% processed paragraphs

0
20
40
60
80

100

%
 a

rg
um

en
ts

scoring-only
full
uncertainty-only

Fig. 7: Effects of paragraph selection technique

Figure 7 shows the result of this experiment: using only
the scoring-based selection leads to slower convergence, com-
pared to our approach. Selection solely on uncertainty per-
forms better initially, but falls short when more paragraphs
have been processed. With 30% of the paragraphs processed,
our approach and selection solely based on uncertainty can
identify 30% and 25% of the arguments, which are twice as
many as for selection based solely on scoring. The reason is
that the uncertainty-only technique can choose the extreme
cases first to construct the model, while the scoring-only ap-
proach is rather uninformed. On the other hand, with 60%
of the paragraph processed, the uncertainty-only approach
can only identify around 50% of the arguments, which is less
than what is achieved by the scoring-only technique. The
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best result is clearly our combination of selection strategies:
Initially, our technique can select better paragraphs for the
construction of the scoring model using the uncertainty-based
strategy, while at a later stage, it leverages the scoring-only
approach to achieve higher result.

7.3 Crowdsourcing Task Design

Next, we evaluated the taken design choices for crowdsourc-
ing tasks in terms of the question design and task difficulty.

Question design. To validate the decision to rely on a set of
binary questions to identify candidate evidence, instead of
asking a single open question, we explored the completeness
of evidence when using both methods. Based on the refer-
ential answer set, we conducted crowdsourcing with both
open question and closed question design, and compared the
precision and recall of the evidence as identified by the crowd
workers. The claim for the evidence-related questions had
been extracted from the ground truth. This experiment did
not involve paragraph ranking and answer aggregation.
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Fig. 8: Issues of open questions

Figure 8 shows the precision and recall for the open as
well as closed question design. Here, recall is higher for
closed questions, whereas precision is higher for open ques-
tions. The reason is that workers tend to return solely a single
evidence statement for open questions. These results high-
light that workers strongly tend to answer open questions
non-exhaustively, so that closed questions are preferred in
this context.

Task difficulty. A downside of closed questions in compari-
son to a single open one, is the overall increased number of
questions. Therefore, we also checked whether the crowd-
sourcing tasks are still assessed to be easy and understandable
by the workers. As part of the creation of the referential an-
swer set, we asked crowd workers to judge the ease of the
task and the clearness of instructions on a five-point Likert
scale. Figure 9 shows that, indeed, the majority of workers
agreed that the tasks have been easy to complete and have
been equipped with clear instructions (no score value < 3).
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Fig. 9: Perceived task difficulty

7.4 Mining of Candidate Claims & Evidence

Mining claims. We first evaluated whether our claim extrac-
tion method covers the actual claims without including every
possible text segment. The latter is important since consid-
eration of all possible segments, each resulting in a possible
answer, would be overwhelming for the workers. For this
purely quantitative evaluation, knowledge about the actual
arguments is not needed, so that we included all document
collections mentioned above.
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Fig. 10: Claim mining

Figure 10 depicts the obtained results as the number of
claims extracted by our technique (average, first and third
quartile over all documents) relative to the number of seg-
ments in the paragraphs (large paragraphs with more than 20
segments are not visualized). We observe that the number of
extracted claims is low and stable, meaning that it does not
increase with the number of segments.

For the documents included in the referential answer set,
we also evaluated the correctness of the extracted claims. For
87% of the paragraphs, the set of extracted claims included
the correct one. Thus, our technique does not only return a
small number of claims, but also extracts the correct ones in
the vast majority of cases.

Mining evidence. To evaluate the effectiveness of our method
for evidence mining, we compare the evidence extracted for
the referential answer set to the ground truth. As a result, for
each paragraph containing an argument in the referential an-
swer set, we obtained two values: one for precision and one
for recall. The histogram in Figure 11 depicts the resulting
precision and recall, where the bins are (0,0.4], (0.4,0.5],
(0.5,0.6], . . .. We observe that our technique extracts evi-
dence with high recall and moderate precision. While the
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moderate precision values highlight the need for crowdsourc-
ing, high recall values indicate that the crowdsourcing tasks
include the actual evidence in most cases.
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Fig. 11: Evidence mining

7.5 Argument Aggregation

Effectiveness of probability computation. We studied the
relation between probability computation and the correctness
of the extracted arguments with an experiment that used the
10 highest-ranked paragraphs of the referential answer set.
We executed the argument discovery process with a budget
ratio of β = 10 and an uncertainty threshold of τ = 0.4. After
aggregating the collected answers, the derived probabilities
were compared with the ground truth that labels atomic argu-
ments as being correct or incorrect.
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Fig. 12: Effectiveness of probability computation

Figure 12 depicts the ratios of correct and incorrect ar-
guments for ranges of probability values. For example, if
the probability value lies within [0.7,1.0], about 87% argu-
ments are correct and 13% are incorrect. In contrast, for the
[0,0.3] range, about 83% of the arguments are incorrect. The
obtained value distribution indicates that, even though there
are exceptions, the derived probability values are generally
well-correlated with the correctness of arguments.
Effectiveness of factor graph aggregation. In this exper-
iment, we compared our approach for answer aggregation
based on a factor graph model with a baseline technique. We
note though, that, considering the characteristics that moti-
vated our model (see Section 6.1), it is difficult to design
such a baseline technique.

To ensure a fair comparison, we employed a voting strat-
egy to aggregate answers with an additional constraint: the
number of answers for each paragraph in the baseline ap-
proach had to be the same as the one in our approach. The

baseline strategy then proceeds as follows: From the derived
answers, we collected a set of atomic arguments for each
paragraph. For each paragraph, the number of workers sup-
porting an atomic argument is its number of votes and the
voting strategy selects the atomic arguments with at least 1/2
of the votes. From the selected atomic arguments, we instan-
tiated an argument if they have the same claim, or mark the
paragraph as not containing any argument, if the atomic argu-
ments are conflicting. The performance of these approaches
was measured by the precision and recall of the aggregated ar-
guments with respect to the number of processed paragraphs.
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Fig. 13: Effectiveness of factor graph aggregation

The results of this experiment are shown in Figure 13.
Answer aggregation based on the factor graph model out-
performs the voting approach in both precision and recall.
For instance, when the percentage of processed paragraphs
is 60%, the approach based on the factor graph achieves
62% in precision and 45% in recall. The voting strategy, in
turn, achieves only 22% in precision and 19% in recall. The
reason is that the voting strategy can not model the mutual
reinforcing relation between workers and arguments. There
are atomic arguments that are not included in the instantiated
argument as they have low support. In contrast, in the factor
graph model, atomic arguments with low support may obtain
a high probability due to these relations as implemented by
argument and answer factors.

Effects of batch size. The batch size parameter can be ex-
pected to influence the correctness of the obtained results. A
large batch size means that multiple paragraphs are assessed
by each worker and each paragraph is assessed by multi-
ple workers, which creates mutual reinforcing dependencies
between workers and the paragraphs, resulting in more ac-
curate instantiation of arguments. We experimented with the
referential answer set and executed the argument discovery
process for varying batch sizes q, while keeping the budget
ratio and uncertainty threshold constant, β = 10 and τ = 0.4.
The obtained results were compared to the ground truth.

Figure 14 shows that precision and recall increase with
the applied batch size. This trend is due to the factor graph
model being able to capture more relations between workers,
paragraphs and answers for large batch size, yielding a higher
result quality. We note, however, that large batch sizes also
increase the budget needed to process a set of paragraphs—a
trade-off that is evaluated below.
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Fig. 14: Effects of batch size

Effects of worker quality. There are many factors that can
affect the worker quality, such as the accuracy of individ-
ual workers. However, the most important factor is typically
the percentage of spammers in the worker community, since
spammers can affect the aggregation severely [40]. As a re-
sult, in this experiment, we studied the robustness of our
approach to spammers using the referential dataset and the
simulation of a crowd as described above. We varied the per-
centage of spammers in the worker population from 0%,15%
to 25% to analyse the respective effects.
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Fig. 15: Effects of worker quality

The results in Figure 15, plotted as precision and recall
relative to the percentage of processed paragraphs, confirm
that indeed, the setting with 0% spammers has the highest
precision and recall. We further see that the presence of spam-
mers leads to deterioration of the results: Incorrect answers
provided by spammers do not only affect the aggregation;
they also affect the paragraph selection process.

7.6 Task Posting

Effects of budget. To shed light on the influence of the effort
budget on the result quality, we conducted an experiment
with the referential answer set and executed the argument
discovery process for different budget ratios β and batch
sizes q (fixing τ = 0.4).
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Fig. 16: Effects of budget

Figure 16 shows the precision and recall of the instanti-
ated arguments. Both measures increase with an increased
budget ratio, or an increased batch size. For instance, when
the batch size is 20, precision of around 0.79 and recall of
around 0.67 is achieved with a budget ratio of β = 7. Increas-
ing the budget ratio means that more answers are obtained,
while an increased batch size, again, means that more rela-
tions between workers, paragraphs and answers are captured
and the collective assessment improves the result quality.

Effects of posting strategy. We further evaluated the pre-
sented task posting strategy that involves reposting decisions
(dynamic) with the traditional crowdsourcing setting (static).
The latter is the most common task posting strategy in which
each paragraph in a batch receives the same, fixed number
of answers. Again, we used the referential answer set and
executed the argument discovery process. To achieve a fair
comparison, we ensure that both approaches are evaluated
under the same cost ratio. That is, for a specific budget q, all
paragraphs are first posted with the dynamic strategy. Then,
we calculate the cost ratio γ and repeat the experiment with
the static strategy until the same (rounded) cost ratio is ob-
tained. We varied the batch size q under a fixed budget ratio
and uncertainty threshold, β = 10 and τ = 0.4, and compared
the results in terms of precision.
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Fig. 17: Effects of posting strategy

Figure 17 highlights that the dynamic task posting strat-
egy achieves consistently higher precision when the same
amount of the effort budget is invested. The reason is that
the static method posts more redundant questions, which
incur costs, but do not improve the quality of results. In con-
trast, our dynamic strategy avoids seeking additional input
for questions, for which there is a clear trend in the answers.

7.7 End-to-End Process

For a comparative evaluation of the end-to-end process, we
assess our technique in the light of the state-of-the-art in
automatic argument discovery as well as several baselines.
As a state-of-the-art technique, we implemented the auto-
matic argument discovery (auto) proposed in [67], which
(1) detects argumentative sentences using a maximum en-
tropy classifier, (2) classifies these sentences using support
vector machines, and (3) detects the argument structure by
context-free grammar parsing.
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Fig. 18: Comparative evaluation of the end-to-end process: our approach (all) against a state-of-the-art technique for automatic argument
discovery [67] (auto) and restricted versions of the proposed approach (non-adapt., static, basic)

In addition to a state-of-the-art technique, we also com-
pare against baselines that also involve user input for the
batch size q = 10. Those are derived from our technique (all)
by simplifying paragraph selection and task posting:
– Basic: the simplest approach uses a static scoring model

(see Section 7.2) and static task posting (see Section 7.6)
– Static: extends Basic with adaptive learning of the scoring

model.
– Non-adaptive: extends Basic with dynamic task posting.

Using the referential answer set for the experiment, the re-
sults in Figure 18 illustrate the limitations of automatic argu-
ment discovery (auto). Even the most naive baselines using
crowdsourcing outperform the automatic approach, while our
comprehensive method (all) achieves twice as high values
for both precision and recall, even for a small budget ratio of
β = 5. While the difference may be partly due to the fact that
the approach of [67] has been tailored to legal documents,
the benefits of integrating user input are striking.

The results obtained for the baselines reveal that both
adaptive learning of the scoring model and dynamic task post-
ing improve the overall performance. The generally higher
precision and recall achieved by the approaches static and
non-adaptive compared to basic and the fact that highest
precision and recall is observed for the comprehensive tech-
nique all further illustrate that both aspects indeed have a
positive impact. For β = 10, for instance, adaptive learning
and dynamic task posting increase the precision from 0.51
(basic) to 0.73 (all) and the recall from 0.47 to 0.62.

7.8 Real-world Deployment Costs

Finally, we investigated the deployment costs induced by our
approach in terms of the amount of effort budget that needs
to be invested for real-world document collections. We pre-
pared a budget of 2500 HITs (Human Intelligence Tasks) for
each document collection and used AMT with the financial
incentive of 0.05$/HIT. The argument extraction process is
performed with batch size q = 10 and an uncertainty thresh-
old of τ = 0.6.

The constructed argumentation bases are publicly avail-
able [1] and summarised in Table 4. The cost ratios – denot-
ing how many questions are asked per paragraph on average

Table 4: Resulting argumentation bases and induced cost ratios

Dataset #Procd Paras #Args Cost Ratio

vacc 467 184 5.35
food 423 312 5.91
gmo 395 221 6.33
penalty 326 193 7.67
global 338 174 7.39

– vary slightly for the datasets. In particular, argument dis-
covery appears to be more challenging for the documents
in the topics penalty and global. Yet, even in these cases,
the average cost per paragraph is less than 0.40$, which en-
ables argument discovery for large document collections with
arguably reasonable investments.

8 Related Work

We elaborated on approaches for automatic argument dis-
covery in Section 2. Below we thus focus on further related
research areas.

Crowdsourcing. Crowdsourcing enables human computa-
tion for micro tasks [7], which are broadly classified by
the function applied by crowd workers to some objects: In
discrete tasks, objects are assigned a label [42,90]; in con-
tinuous tasks objects are assigned real values [79]; partial-
function tasks define objects as rules, which is the setting
of our method for argument discovery. It is important to see
that partial-function tasks cannot be traced back to discrete
or continuous tasks: Since answers to partial-function tasks
may be partially-sound (in our context, a worker answer may
contain evidence that is not part of the correct argument)
and partially-complete (e.g., an worker answer misses cer-
tain evidence), methods to aggregate answers of discrete or
continuous tasks are not applicable.

Crowdsourcing has been applied successfully in vari-
ous domains, reaching from word processing [12], through
database querying [53], to data mining [8]. A major obsta-
cle in crowdsourcing is quality control, i.e., how to ensure
answer correctness. To this end, techniques for the assess-
ment of worker quality [44,49] are typically combined with
crowdsourcing answer aggregation. The latter aims at finding
the hidden ground truth from an answer set. Non-iterative
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aggregation [49] computes a single value for each object
separately. Iterative techniques, see [42], perform a series
of convergent aggregations that consider the answer set as a
whole, which is the approach followed in this work.

Despite the above efforts, results of automatic quality con-
trol are inherently uncertain [40]. To address this dilemma,
we leverage a probabilistic graphical model, i.e., a factor
graph, to capture the complex relations between workers, ar-
guments, and answers. While graph-based models, in general,
have been used for a variety of use cases in crowdsourcing,
e.g., to guide how to pose questions to crowd workers [68],
there are also works that utilise the specific notion of a factor
graph [21,81,52]. Closest to our work is the work by De-
martini et al. [21] that targets the entity linking problem. Yet,
since the addressed problems are different, the constructed
factor graphs differ as well. In addition to this fundamental
difference, our work is geared towards large-scale computa-
tion by relying on sampling for the probability estimation.
Furthermore, factor graph models have been used in crowd-
sourcing in [52], yet only in the restricted context of binary
answers (discrete tasks). Also, active learning has been ap-
plied in crowdsourcing, e.g., in [60]. Yet, these methods focus
on learning a model to select data for crowdsourcing tasks,
whereas our approach integrates the construction of such a
model in an iterative learning process.

Crowdsourcing typically assigns tasks to workers based
on a time-driven or a cost-driven strategy. The former aims
at minimization of the expected total time to complete all
assigned tasks under a fixed budget, see [10,31]. Cost-driven
strategies intend to minimize the expected total amount spent
to achieve a target accuracy. This is achieved by filtering
entities to avoid redundant worker input [53] or by order-
ing questions to post only the most beneficial ones [43,65],
which is also the approach followed in our work. In contrast
to the above approaches, however, we proceed in batches,
which can reduce overall costs significantly.

Truth finding. Aggregation of crowd answers is related to
the field of truth finding, both having the goal to improve the
quality of aggregated results by considering the reliability
of data sources (workers). Given a set of data items claimed
by multiple sources, the truth finding (a.k.a. data fusion)
problem is to determine the true values of each claimed item,
with various applications in information corroboration [34,
24] and fact-checking [83]. Existing work on truth finding
models the mutual reinforcing relations between sources and
data items, e.g., by maximum likelihood estimation [78],
and latent credibility analysis [69]. Closest to our work is
the approach described in [89,70], which is able to handle
multiple correct values (in our setting, a paragraph may have
many correct atomic arguments). However, these techniques
are still not applicable in our setting, since they assume the
values to be independent. In contrast, in our work, correctness
of one atomic argument can affect the correctness of another

one. Also, data generation in truth finding is passive [35], so
that a newly available crowd answer cannot be incorporated
directly. The use of the factor graph in our work, enables
us to include new answers directly, by adding new factors
and variables. Further details on the difference between truth
finding and crowd answer aggregation can be found in [35].

Natural language processing (NLP). Argument discovery
benefits from various techniques developed in NLP, in par-
ticular discourse parsing [32] and textual entailment [16].
Discourse parsing identifies discourse elements in a text and
their relations, such as contrast, causality or explanation.
Prominent theories in discourse parsing are the Penn Dis-
course Treebank (PDTB) [71] and the Rhetorical Structure
Theory (RST) [32]. Both theories differ in how they model
relations between elements, either with a shallow structure
(PDTB) or with a tree (RST). The latter captures a hierarchy
of discourse elements, which is why it is used in our approach
to identify claims and evidence. Textual entailment, in turn,
refers to the problem of discovering whether a textual frag-
ment supports or contradicts an expression. It can be used
to model the relations between arguments [16], but is not
applicable if arguments are not known beforehand as it is the
case in argumentation mining.

Argumentation systems. As discussed in Section 2, the de-
tection of argumentative structures using argument discovery
is the foundation for the evaluation of their convincing power.
There are many aspects related to the convincing power of an
argument, e.g., stance classification of arguments. Most of
the works in stance classification leverage machine learning
techniques, such as Bayes classifier [61] and feature-based
decision trees [9]. Another field related to stance classifi-
cation is sentiment analysis, which aims at identifying the
polarity (positive, negative or neutral) of the provided text.
Sentiment analysis can be used to identify the sentiment of
the arguments. Approaches in sentiment analysis can be di-
vided into machine learning approach, using support vector
machines [37], naive Bayes classification [55], or mathemati-
cal modeling, such as latent semantic analysis [26]. Another
approach to evaluate the convincing power of an argument is
to match it with various argumentation schemes. Argumenta-
tion schemes are stereotypical patterns of human reasoning
which are used in everyday conversation or legal, scientific
argumentation [14]. These schemes are associated with a set
of evaluation questions [77]. By identifying the argumenta-
tion scheme of an argument and answering corresponding
schemes, one can assess the convincing power of the argu-
ment [77].

Text mining. Extracting important information from textual
documents is addressed by methods for text summarization
that summarize a long document by extracting the most im-
portant segments [57,62]. These techniques are classified as
extraction or abstraction. The former creates the summary by
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extracting important words, phrases and sentences from the
original text. The latter leverages the semantics of the text to
construct a summary. Our technique is similar to extraction-
based text summarization since it also extracts segments of a
document. Yet, the extraction goal is different as we want to
classify segments as claims or evidence.

Knowledge base construction. Construction of a knowl-
edge base includes extraction of instances, concepts and rela-
tions from text, and may be domain-specific or global [23].
Global knowledge bases such as Freebase [3], YAGO [5] and
DBPedia [2] rely on Wikipedia to extract entities and their
relations. Although these bases are broadly applicable, there
is also a need to build domain-specific knowledge bases [23],
such as DBLife [22] and DeepDive [87]. Extracting domain-
specific arguments, our work provides a semi-automated
approach that falls into the latter category.

9 Limitations and Future Directions

Our experiments highlight that the presented approach is able
to extract high-quality arguments. However, there are also
limitations that motivate further work, as detailed below.

On types of paragraphs/arguments. Our experiments re-
vealed that, due to the expertise and background of crowd
workers on AMT, arguments extracted from paragraphs of
some topics are less meaningful than those obtained for other
paragraphs, while they incur higher cost. For instance, as
shown in Table 4, arguments for paragraphs on the topics
penalty and global need more answers in comparison to the
topics vacc, food and gmo. We attribute this to the common
background of crowd workers: the latter topics can be consid-
ered topics of everyday life. This raises the question whether
certain types of paragraphs and arguments can be identified
that indicate whether argument discovery based on crowd-
sourcing can be expected to work well. Another direction for
further work is the integration of expert feedback to resolve
disagreement between crowd workers [41].

On arguments spanning many paragraphs. Our approach
relies on the assumption that a paragraph contains at most a
single argument. Given the heterogeneity of Web documents,
however, this assumption may not hold true. To cope with
these cases, our technique may be combined with techniques
for document segmentation [15,36]. These techniques may
identify a different granularity of the argumentative structure
of a text and lead to segments that are coherent and meaning-
ful, but larger or smaller than a paragraph. Our technique can
then be applied on the derived segments.

On the convincing power of arguments. In this paper, our
focus has been on the sheer discovery of arguments from
Web documents, as a prerequisite for the evaluation of their
convincing power. This may be approached with a bottom-up

approach in which the overall credibility of an argument is the
aggregation of credibility factors of its individual elements
such as: expressiveness, provenance, timeliness, and validity.
The expressiveness factor concerns the linguistic aspects of
an argument such as language objectivity and text compre-
hensibility. Provenance, in turn, relates to the origin of an
argument, assuming, for instance, that an argument given by
domain experts is more trustworthy than those obtained from
people without specific domain expertise. Identifying the
provenance of an argument such as its opinion holder could
be the first step to assess the argument’s convincing power.
Furthermore, timeliness is important to distinguish current
from out-of-date knowledge. And finally, a validity factor
relates to mutual reinforcing relations between arguments
and their origins, e.g., trustworthiness or popularity of a data
source. Based on the above factors, one can leverage emer-
gent semantics techniques [27,63] to construct a network
of arguments, which enables to analyze their relationships,
assess their convincing power, and derive their collective
information as a whole.

On incremental argument discovery. So far, we assumed
documents to readily available for argument discovery. In
many practical settings, however, this is not the case and the
corpus of considered documents changes over time. A direc-
tion for further work is therefore a realisation of argument
discovery in a pay-as-you-go manner, bootstrapping a corpus
with instantiated arguments and refining it when more data
becomes available. Pay-as-you-go approach has been applied
successfully in various domains such as truth discovery [51]
and entity matching [17].

10 Conclusion

This paper proposed an end-to-end process to build and main-
tain a corpus of arguments. It addresses the trade-off of au-
tomatic text-mining and manual processing with an iterative
learning process for argument discovery that exploits crowd-
sourcing. In particular, this process involves ranking of argu-
mentative texts, elicitation of user input to extract arguments
from these texts, and aggregation of crowd answers using a
probabilistic model.

Our experiments showed that our method is effective and
efficient, discovering virtually all arguments after processing
only 25% of the text with more than 80% precision. Also, it
halves the budget spent compared to a baseline algorithm. As
a result of our evaluation, we also contribute argumentation
bases that have been constructed from large, real-world docu-
ment collections [1]. These bases comprise between 174 and
312 arguments.
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A Study on Textual Features

Setup. To identify textual features that hint at arguments, we conducted
a preliminary study. For this study, we collected 500 documents by
querying common search engines such as Bing with 5 keywords from
the domains of health, society and economics. The retrieved documents
have been segmented into around 4000 paragraphs. Then, five experts
assessed for each paragraph whether it contains an argument. For the
193 paragraphs that contain arguments, we then calculated the values
for a set of features that are commonly used in argumentation mining
and NLP [67]. For this dataset, we selected the features that turned out
to be good predictors for paragraphs that contain arguments. Following
a best-first selection strategy [84], we ended up with the following
features.

Lexical features. Lexical features deal with the words or vocabulary of
a language. The following lexical information of a paragraph turned out
to be useful to classify its argumentative nature.

Thematic words: the most frequent words (ignoring common stop-
words, such as connectives and articles) in a document and thus para-
graph are considered to be thematic words. Selecting a small number of
thematic words that are particularly relevant to the keyword, this feature
is defined as the frequency counts of thematic words. The intuition of
this feature is that a paragraph containing the most important keywords
should express the argumentative point of view of the writer.

Example 9 Consider the following article regarding vaccine 1, there are
various words that appear in high frequency in the documents such as
vaccine, shots, disease, autism, health. This means these words discuss
the theme of the documents. Among the paragraphs in this document,
the following paragraph contains many thematic words, which shows
that it may contains an argument:

(S1) Yes. (S2) Vaccines are safe. (S3) In fact, experts including
American Academy of Pediatrics, the Institute of Medicine, and the
World Health Organization agree that vaccines are even safer than vi-
tamins. (S4) Millions of children and adults are vaccinated every year
safely. (S5) Thousands of people take part in clinical trials to test a vac-
cine before it is licensed by the Food and Drug Administration (FDA).
(S6) After it’s licensed, the Vaccine Adverse Events Reporting System
(VAERS) helps track any health effect that happens hours, days, weeks,
or even months later. (S7) Anyone can report a possible side-effect
so that it can be studied. (S8) This monitoring helps ensure vaccines
are safe. (S9) To learn more about vaccine safety from the Centers for
Disease Control and Prevention, visit the CDC vaccine safety page.

1http://www.whyichoose.org/vaccinesafety.html
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Segment S2 is likely to be a claim as the segment is the second sen-
tence in the paragraph and the keyword vaccine is the subject. Segment
S3 may be an evidence as it contains evidence-related word (fact) and
names (American Academy of Pediatrics, Institute of Medicine, World
Health Organization). Segment S4 and S5 can also be evidence as they
contains numbers (millions, thousands).

Evidence-related words: A paragraph containing many evidence-
related words, such as numbers, citations, and cue phrases (e.g., ‘be-
cause of’) is likely to contain arguments. This feature, thus, is defined
as the occurrence count of such evidence indicators.

Example 10 (S1) Processed foods destroy your mind. (S2) If you suffer
from chronic bouts of brain ”fog,” or have difficulty concentrating and
thinking normally, chances are your diet has something to do with it.
(S3) And a recent study out of Oxford University lends credence to this
possibility, having found that junk food consumption can cause people
to become angry and irritable.(S4) Nutrient-dense whole foods, on the
other hand, can help level out your mood, sustain your energy levels,
and leave you feeling calmer and more collected.

This paragraph may contain an argument as an evidence-related
keyword (study) is available in segment S3 of the paragraph. In addition,
the keyword processed foods appears as a subject of the first sentence,
which shows that this sentence is likely to be a claim.

Prototypical words: Prototypical words are lexical expressions used
to formulate arguments, for instance, ‘argue’ or ‘believe’. As part of
our preliminary study, we learnt a list of 97 prototypical words. Each
prototypical word is associated with a weight, indicating the likelihood
of a paragraph containing the given word to include an argument. This
weight is determined based on the relative frequency of the word in the
training data and in the overall set of documents. Again, the respective
feature is the occurrence count of the prototypical words, normalized
by their respective weight.

Example 11 (S1) Believe it or not, almost all the food that you eat,
even the foods ‘made from scratch,’ have actually been processed. (S2)
According to an article published in the journal, Advances in Nutrition,
any food that has been subject to washing, cleaning, milling, cutting,
chopping, heating, pasteurizing, blanching, cooking, canning, freez-
ing, mixing, and packaging that alter the food from its natural state is
considered a ‘processed food.’

The above paragraph contains an argument as segment S1 which
contains a prototypical word (believe). This prototypical word signifies
that it may be a claim. In addition, segment S2 provides information
coming from a reliable source which is the Advances in Nutrition journal

Syntactical features. Syntactical features refer to the text structure and
capture local relations between words within a sentence. Our prelimi-
nary study identified the following syntactical features:

– Part-of-speech: Words in a sentence may be classified into different
parts-of-speech, such as nouns, verbs and adjectives. Intuitively,
this feature exploits the fact that, if the keyword appears to be a
subject or object of a sentence, it is likely that the sentence is a
relevant claim or evidence. Technically, this feature is defined as
the occurrence count of the keyword in a paragraph either as a
subject or as an object.

– Parse structure: A sentence can be parsed into a tree-like structure
that captures syntactical relations between the phrases within that
sentence. In the parse structure, the relation between the phrases
is determined by the head word, which is an indicator of the men-
tioned topic. We use the appearance of the keyword as the head
word of phrases in a paragraph as a classification feature indicating
whether the paragraph contains arguments.
For illustration, we consider the following paragraph that is relevant

for the topic of ‘processed food’ discussed above.

Example 12 Furthermore, the engineering behind processed food makes
it virtually addictive. A 2009 study by the Scripps Research Institute
indicates that overconsumption of processed food triggers addiction-
like neuroaddictive responses in the brain, making it harder to trigger
the release of dopamine. In other words the more processed food we
eat, the more we need to give us pleasure; thus the report suggests that
the same mechanisms underlie drug addiction and obesity.

This paragraph illustrates various of the features that hint at ar-
guments, see also Table 5. Examples include evidence-related words,
such as ‘study’ and prototypical words, such as ‘indicate’. In addition,
thematic words such as ‘addictive’ render the paragraph important for
argumentation mining. Further, the keyword ‘processed foods’ appears
several times, e.g., in the first sentence, part-of-speech tagging identifies
the keyword as the subject of a sentence.

Table 5: Features and example values

Feature types Example values for keyword ‘processed foods’

Thematic words additive, addiction
Evidence-related words because of, by the fact that
Prototypical words argue, claim, believe
Keyword as subject or object the engineering behind processed food makes [...]
Keyword as head word overconsumption of processed foods
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