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Abstract

People taking part in argumentative debates through collective annotations face a highly cognitive task when trying to estimate

the group’s global opinion. In order to reduce this effort, we propose in this paper to model such debates prior to evaluating

their “social validation.” Computing the degree of global confirmation (resp. refutation) enables the identification of consen-

sual (resp. controversial) debates. Readers as well as prominent Information Systems may thus benefit from this information.

The accuracy of the social validation measure was experimented through an online study conducted with 121 participants.

We compared their human perception of consensus in argumentative debates with the results of the three proposed social

validation algorithms. Their efficiency in synthesizing opinions is shown, as their accuracy is up to 84 %.
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1. Introduction and motivations

Annotating paper documents is a common activity practiced since the early Middle Ages (Fraenkel and Klein,

1999). Field studies show that readers still make extensive use of annotations nowadays (Marshall, 1998; Wolfe

and Neuwirth, 2001). Although seeming insignificant, they actually allow key purposes such as “active reading” by

supporting critical thinking while reading (Adler and van Doren, 1972), learning by facilitating document appro-

priation, and proofreading, among many others.

With the widespread adoption of digital documents both in the workplace and at home, people felt frustrated at

not being able to annotate them (Sellen and Harper, 2003, p. 96). Such a need led both research labs and companies

to design a plethora of annotation systems—mostly targeting Web documents—since the 1990’s (Wolfe, 2002).
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At first, they implemented the usual paper-based annotation functions, mainly for a personal use. Then, taking

advantage of modern computer storage and networking capabilities, annotation systems provided novel features

for a collective use. In particular, they enabled annotation sharing through dedicated servers, so that users could

view and access them in context, i.e. within the annotated document. Moreover, the subsequent readers may later

reply to any annotation or any reply in turn, thus forming a debate anchored to the discussed passage. Such a

debate is also called a “discussion thread” (e.g. Fig 1).

Fig. 1. Example of an argumentative discussion thread comprising six arguments.

As an asynchronous way of communicating, collective annotations (i.e. annotations along with their discussion

threads) are useful at two levels:

– From the readers’ point of view, collective annotations enable them to discuss document passages in context.

This is an advantage in comparison with Internet bulletin boards and forums where one needs to explain the

context of his/her post to be understood. Moreover, feedback about a given annotated document is directly

accessible to readers whereas it would be scattered over multiple sources otherwise. Besides being useful for

readers, authors also benefit from collective annotations as they can improve their documents by taking into

account the associated remarks.

– For systems, collective annotations are spontaneous contributions from the audience. They are processed for

improving existing features and for providing new ones, as they are supposed to enhance original contents.

Concerning relevance feedback for instance, the document passages annotated by a reader proved to be more

effective than his/her explicit relevance judgments (Golovchinsky et al., 1999). Going by this result, ������� dis-

plays links pointing to recommended documents next to the reader’s annotations. In addition, Fraenkel and

Klein (1999) envisioned that annotations may improve ad-hoc retrieval recall and precision, as the annotator

generally explains or discusses a passage in his own words. Later, Agosti and Ferro’s ��	
 system completed a

search result by merging the documents whose discussion thread contents match the query (Agosti and Ferro,

2005, 2007). Finally, the ���� system considered collective annotations for answering queries, intending to

also reflect the polarity of arguments—positive or negative (Frommholz and Fuhr, 2006).
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Although annotation systems have been developed for nearly two decades, annotating digital documents is not

widespread whereas all the evidence points to the fact that users need such a feature (Sellen and Harper, 2003,

p. 96). Thus, research works (Ovsiannikov et al., 1999; Vasudevan and Palmer, 1999; Wolfe and Neuwirth, 2001;

Brust and Rothkugel, 2007) investigated the obstacles holding back annotation systems adoption. In this paper,

we highlight three main usability issues regarding:

(i) How difficult it is for readers to understand discussion threads,

(ii) How the current in-context annotation visualization techniques are not scalable,

(iii) How Information Retrieval (IR) systems does not capitalize on the opinions from the audience.

The first issue concerns reading a discussion thread for acquiring other readers’ feedback. One may need to

synthesize the whole arguments: in the end, the social group may confirm or refute a disputed annotation’s argu-

ment, especially in argumentative debates (e.g. Fig. 1). Synthesizing the group’s global opinion from individuals’

arguments requires a reader to achieve two tasks. He first needs to identify the opinion of each argument—ranging

from a confirmation to a refutation, via a neutral opinion. Then, he has to aggregate the opinions in a recursive

way, from the deepest arguments to the root annotation of the hierarchy corresponding to the debate. Both of

these tasks require a substantial cognitive load from readers, especially for large forums that tend to be common-

place on the Web (Dave et al., 2004). Shirky (2008, p. 98) points how prominent this issue is: “Even in a medium that

allowed for perfect interactivity for all participants (something we have a reasonable approximation of today), the

limits of human cognition will mean that scale alone will kill conversation.” The second issue refers to the fact that

annotations clutter the display because each one is usually rendered as an icon, inserted into the document, next

to the annotated passage. For instance, the W3C’s �����������	� (Kahan et al., 2002) annotation system inserts

the yellow pen icon “ ” to identify an annotated passage. Browsing some established Web sites with this annota-

tion system 1 clearly illustrates this usability issue, i.e. the more a document is annotated, the more it is difficult

to read. Thirdly, we identified a limit concerning how IR systems use annotations for improving search results by

integrating the audience’s contributions. Indeed, annotations are regarded as an objective piece of information,

although they may be wrong and disputed in their associated discussion threads.

Regarding current systems, a common denominator of these issues is that nothing distinguishes one annota-

tion from another. However, the social group that took part in each discussion thread expressed opinions about

the annotation contents. These opinions may be worth considering to distinguish between sound annotations and

nonsense. Nevertheless, no work to date addressed the aggregation of such opinions, as far as we know. Though

Surowiecki (2005, p. 75) underlines how relevant and useful measuring the global opinion of the group may be: “If

1 ������������	���
	������������������������������������������
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[a group] has a means of aggregating all [its] different opinions, the group’s collective solution may well be smarter

than even the smartest person’s solution.” For that purpose, this paper defines a measure called the “social vali-

dity” of a collective annotation. This measure exploits individuals’ arguments gathered in a discussion thread to

evaluate the social group’s gradual degree of consensus or controversy.

The remainder of the paper is organized as follows: Sect. 2 defines the annotation social validation process,

and details three alternatives, i.e. algorithms aiming to compute it. In order to assess if our proposals succeed in

reflecting human perception of consensus in argumentative discussions, Sect. 3 details the protocol for evaluating

the proposed algorithms. We report on the associated online experiment that rallied 121 people from 13 countries.

Lastly, Sect. 5 discusses the results of this experiment before concluding the paper.

2. Measuring the “social validity” of collective annotations

We define the social validation of a collective annotation as the process of aggregating the opinions extracted

from the arguments of its associated discussion thread. The resulting value, called social validity, represents the

global opinion of the social group who took part in the debate. One may interpret this value as the degree of

consensus (i.e. the group globally agrees with the annotation) or controversy (i.e. the group globally disagrees

with the annotation) reached within the debate. For instance, annotation a1 on Fig. 1 is refuted by a2 and a6,

but a2 is in turn refuted by one out of three of its replies. On the whole, the social validity of a1 shows a strong

controversy, as a1 is nearly refuted completely by the social group. This section first underlines contexts of use

for the proposed social validity measure. Then it formally defines the annotation and discussion thread concepts

before introducing algorithms that compute their social validation.

2.1. Contexts of use for the social validation process

The potential use of the collective annotation practice ranges over various types of Information Systems (IS).

A major advantage lies in the fact that it allows people to exchange ideas in context, in an asynchronous and

structured way. We underline below how prominent IS may benefit from the proposed social validation process.

Annotation systems. The social validation process associated with a specific visualization, as proposed in (Caba-

nac et al., 2007a), enables readers to distinguish between consensual, controversial, and neutral annotations.

This display adaptation intends to overcome the scalability issue stated beforehand. Indeed, the annotation

display can be personalized regarding the reader’s preferences, for either emphasizing consensual annotations

(globally confirmed or refuted) or ongoing disputes (neutral social validity resulting from the coexistence of

refutations and confirmations).
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Decision support systems. Managers and knowledge workers using data warehouses achieve various kinds of

analyses, which are represented as specific documents called “multidimensional tables.” They commonly anno-

tate hard copies of such tables by marking the cells and commenting on the data. Foshay et al. (2007) underline

the great need for the transposition of this paper-based practice to digital counterparts. That is why we intro-

duced the “decisional annotation” concept to allow analysts to annotate tables, to share comments between

coworkers, and to foster opinion exchange within discussion threads (Cabanac et al., 2007b). From this pers-

pective, the social validation process enables people to identify (dis)agreed analyses. Moreover, the resulting

annotations and discussions are stored in a shared expertise memory in order to keep a record of the decision

making process.

Information retrieval systems. The social validation process may especially benefit three IR fields, as we sugges-

ted in (Cabanac et al., 2007a): contextual retrieval, user profiling, and interests/trends mining. Computing the

global opinion expressed by the group who discussed a given passage may lead to improve contextual IR results.

Indeed, such systems may give more importance to validated document granules than to disputed passages.

Annotations may also be exploited as trails of users’ activities. In particular, people’s involvement within dis-

cussion threads may be mined for updating their user’s profile so as to reflect a significant part of their social

interactions. Finally, the analysis of ongoing debates may enable the identification of popular, controversial, as

well as disputed documents and Web pages. Thus, this may be an additional indicator for finding an audience’s

current interests and trends.

Collaborative writing platforms. With the ever-growing popularity of the social web, wiki-based platforms tur-

ned worldwide collaborative writing into reality. Indeed, any reader can also become a writer by modifying any

article published on a wiki. With such systems, requests for change and comments remain in a different page

from the discussed article. This makes it hard for casual readers to consider them while reading the main article.

Kittur et al. (2007) found a decrease in constructive contributions, for an increase in “revert wars” regarding the

prominent ��������� encyclopedia. Their study suggests that such critical conflict points happen when too few

people are involved in the discussion, leading to an insufficient diversity in point of views. However, the repla-

cement of separate talk pages by annotations in context would enable readers to identify discussed passages

clearly. As a beneficial side-effect, this may encourage people to get involved. Moreover, the conflict model for

identifying controversial articles proposed in (Kittur et al., 2007) may be extended with the proposed social va-

lidation process. Lastly, it may also be exploited for ���������’s decision making-process, which is based on a

“rough consensus” policy (Butler et al., 2008).
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2.2. Modeling collective annotations along with discussion threads

An annotation (Def. 1) is formulated by a user on a resource, e.g. a text, a picture. Concerning its location,

anchoring points may be specified within the resource or on an already existing annotation. In the latter case, the

fact of replying to it forms a discussion thread (Def. 2). This section defines these concepts and illustrates them

with a concrete example, see Fig. 2.

Definition 1. We define an annotation as a collective object that can be used for argumentative purposes. The

“collective” adjective refers to the fact that an annotation is shared among multiple users of the annotation system.

As a result, it may be consulted by any of them. The “argumentative” facet of an annotation comes from the ability

to confirm or refute its contents within a discussion thread. In line with (Cabanac et al., 2005), we modeled such

an annotation as a pair 〈OD,SI〉 where:

(i) The OD part represents Objective Data created by the annotation system. This consists of the following

mandatory attributes for an annotation:

– Its identification by a unique identifier such as a Uniform Resource Identifier (URI).

– Its author’s identity which enables to get information about him/her, e.g. name, email.

– Its timestamp which enables to organize arguments of discussion threads chronologically.

– Its anchoring points which unambiguously specify its locations within the annotated resource. Various

approaches have been published for semi-structured documents, e.g. ������� (Kahan et al., 2002) relies

on ���	���
 (DeRose et al., 2002).

(ii) The SI part represents Subjective Information formulated by the user when he creates an annotation. This

consists of the following optional attributes for an annotation:

– Its contents, a textual comment or audio recording for instance.

– Its visibility stored for privacy concerns, e.g. private, public, specified users only.

– Its author’s expertise which may be useful for further readers, as people tend to trust experts more than

novices (Marshall, 1998).

– The list of references provided by the annotator in order to justify its opinion. A book reference, a citation,

a URL . . . may be provided for that purpose.

– Various annotation types that extend the works of Kahan et al. (2002) by providing opinion types. We have

grouped them into the two classes represented in Tab. 1. Annotation types reflect the semantics of the

contents (modification, example, and question) as well as the semantics of the author’s opinion (refute,

neutral, or confirm). By combining these types, authors may express subjective point of views that are
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gradual, e.g. consider a R-typed versus RE -typed annotation. Concretely, these types may be inferred

from annotation contents by Natural Language Processing (Pang et al., 2002; Liu, 2007) and then validated

by their author.

Table 1

Available annotation types for a collective annotation.

Class Comment Opinion (exclusive)

Type question modification example confirmation neutral refutation

Notation Q M E C N R

Note that Agosti and Ferro (2007) recently published a “formal model of annotations of digital content” aiming

to synthesize previous works on annotation models initiated since the 1990’s, such as (Ovsiannikov et al., 1999;

Agosti and Ferro, 2006; Frommholz and Fuhr, 2006). It includes the attributes of our model (Cabanac et al., 2005)

except for the expertise attribute. For brevity concern and because of not being necessary in the remainder of this

paper, we do present the formal notation and refer the reader to (Agosti and Ferro, 2007) for more details.

Definition 2. A discussion thread is a tree rooted on an annotation. This specific root annotation may be recur-

sively annotated by replies. Note that replies are represented in a chronological order using their timestamps,

i.e. their creation date and time.

Example 3. Figure 2 represents a discussion thread where the contents of the refuting a annotation and its replies

ri are given in Tab. 2. Note that x ← y means that y confirms x. Conversely x �← y means that y refutes x. Moreover,

the hierarchy is constrained by annotation timestamps, e.g. timestamp(r1) � timestamp(r2) � timestamp(r3).

r1

↙
“
�

x2 = x” � anchoring point←−−−−−−−−−−−−−− a �← r2← r21 ← r211

↖ �↖
r3 r22

Fig. 2. Discussion thread about the expression “
√

x2 = x.”

2.3. Measuring the social validity of collective annotations

This section describes three approaches and associated algorithms that compute the social validity v(a) ∈ [−1,1]

of an annotation a. This continuous function reflects the intrinsic opinion of a as well as the global opinion ex-

pressed by its replies. Note that opinions are defined in Tab. 1. Regarding its interpretation, v(a)→ 0 means either

that a has no reply or that replies expressing confirmation and refutation are balanced. Moreover v(a) → 1 indi-
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Table 2

Arguments associated with the mathematical discussion shown in Fig. 2.

Name Type Annotator’s comment

a RME

Wrong formula: check this counterexample:
√

(−2)2 �= −2

Consider the following modification:
√

x2 = |x|.

r1 C E OK, for example
√

(−4)2 = |−4| = 4.

r2 R This high school lesson only considers positive numbers . . .

r3 C More generally ∀(x,n) ∈R×R
∗ n�xn = |x|.

r21 C M Then you should precise ∀x ∈R+
√

x2 = x.

r22 RE May be confusing when quickly and superficially read!

r211 C M R is unknown in high school, use “positive numbers” instead.

cates that a is totally confirmed by its replies; conversely v(a) →−1 means that a is totally refuted by its replies.

As a result a consensus (either refuting of confirming) is identified when |v(a)| → 1. In order to define how v(a)

evolves, we consider the combination of opinion values for the annotation and its replies: Tab. 3 describes the

four possible cases. For instance, Case 2 shows that replies which globally refute (R) an annotation a (which is

C -typed) lowers its social validity: v(a)→ 0.

Table 3

Social validity of a parent annotation a regarding the opinion types of its replies.

Case 1 Case 2 Case 3 Case 4

Opinion of annotation a C C R R

Global opinion of replies to a C R C R

Social validity v(a) v(a) → 1 v(a) → 0 v(a) →−1 v(a) → 0

In order to compute v(a), we have explored three distinct approaches. The first one considers the κ coeffi-

cient (Fleiss et al., 2003) provided by Social Sciences. Establishing that κ is not suitable for our concern, the se-

cond approach is based on an empirical recursive scoring algorithm (Cabanac et al., 2005). As a third approach,

we intended to ground social validation into a more formal setting. Therefore, Cabanac et al. (2007a) extended the

Bipolar Argumentation Framework proposed in (Cayrol and Lagasquie-Schiex, 2005a,b) in order to compute the

social validity of collective annotations.
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2.3.1. First approach: statistical measure of inter-rater agreement

Cohen’s kappa coefficient κ ∈ [0,1] measures the agreement among n = 2 “raters” (persons providing a rating)

which split up N items in k mutually exclusive categories (Cohen, 1960). A generalization of this coefficient called

Fleiss’ κ may be applied for n � 2 raters (Fleiss, 1971). The value of the kappa coefficient κ = P (A)−P (E )
1−P (E ) varies

according to P (A), the agreement among the n raters as well as P (E ) representing chance agreement. Different

ranges of values for κ have been characterized with respect to the degree of agreement they suggest. Concerning

content analysis, a standard methodology of the Social Sciences, a value such that κ> 0.8 indicates a good degree

of agreement (Krippendorff, 1980).

This coefficient does not take into account the fact that a rating may be disputed by other raters, thus forming a

discussion tree. As a result, a κ-based approach did not seem to be suited for solving our concern. As a discussion

thread is a tree of annotations, the following section proposes a recursive scoring algorithm as a second approach.

2.3.2. Second approach: empirical recursive scoring algorithm

In a second attempt, we defined a recursive algorithm that computes the social validation of an annotation (Ca-

banac et al., 2005). This algorithm is a twofold process working on the annotations of a discussion thread, i.e. the

root annotation and its replies. The first step consists of evaluating the intrinsic agreement of each annotation

using two parameters. i) The confirmation value c(a) ∈ [−1,1] of an annotation a is based on its opinion types.

Indeed, the confirmation C -typed implies a positive confirmation value, whereas the refutation R-typed implies

a negative confirmation value. A gradual evaluation is obtained by considering the combination of the different

types, see Fig. 3.

RE RM R C M C C E−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→
−1 0 1

c(a)

Fig. 3. Confirmation value of an annotation a regarding its types.

ii) We assumed that the agreement of an annotation has to be increased considering the involvement of its

author. Indeed, when someone provides a comment as well as some references (i.e. optional information) then

he makes an extra cognitive effort in order to justify his opinion. Such information brings an additional value:

compare a simple refutation (e.g. “This is wrong!”) with commented references that bring proof of the refutation

(e.g. “Regarding X and as it can be seen on Y, I think that it is false because . . . ”). Concretely, if A denotes the set of

annotations, the ic : A → [0,1] function (1) reflects the presence of a comment. Moreover, the ir : A → [0,1] func-

tion (2) varies according to the number of provided references. Note that the dot notation refers to the annotation

model of Def. 1, e.g. a.content s means “the contents of annotation a.”
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ic (a) =

⎧⎪⎪⎨
⎪⎪⎩

0 if ||a.content s|| = 0

1 else

(1) ir (a) = |a.r e f er ences|
1+maxx∈A |x.r e f er ences| (2)

The agreement of an annotation is evaluated by the a : A → [0,1] function (3) that takes into account the types as

well as the contents (comment and references) and the confirmation value c(a) of an annotation. The α,β ∈ [0,1]

parameters allow the adjustment of the relative weights of these two functions.

a(a)= c(a) (1+α · ic (a)) (1+β · ir (a))

(1+α) (1+β)
(3)

The second step consists in combining the intrinsic agreement of the annotation with the global agreement

expressed by its replies. This combination called social validation is computed by the v : A → [−1,1] function (4).

It is interpreted as follows: v(a) = 0 if a is the root (a.ancestor = λ) of an empty discussion thread (|a.r epli es| =

0) which means that a is neither confirmed nor refuted. Otherwise, v(a) is computed according to its agreement

value and a synthesis of its replies. To do that, the s function returns a negative value when the replies globally

refute the parent item, or a positive value otherwise. Finally, the γ ∈ [0,1] parameter allows the adjustment of the

discussion thread impact on the measure of the social validity of a.

v(a) =

⎧⎪⎪⎨
⎪⎪⎩

0 if a.ancestor =λ∧|a.r epli es| = 0

1
2 ·a(a) ·

(
1+γ · s(a)

)
else

(4)

The synthesis s : A → [−1,1] function (5) is important because it takes into account the replies of an annotation as

a whole. We based this function on a weighted mean that gives a prominent role to replies qualified with a greater

expertise (the range of the expertise attribute being strictly positive). We also increased the value of the synthesis

considering the number of replies: we give more importance to annotations as they sparked off numerous replies.

s(a) =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1/γ if |a.r epli es| = 0
∑

r∈a.repli es
v(r ) · r.exper t i se

∑
r∈a.repli es

r.exper t i se

[
1+ ln

(
1+ |a.r eplies|

m(1+l (a))

)
− ln(2)

]
else

(5)

In (5), a.r epli es denotes the set of replies associated with the a annotation. Moreover, the l : A →N+ function

returns the level of a given annotation in the discussion thread, the root annotation being at level 0. Finally, the

m : N+ → N+ function returns for m(l) the maximum number of replies at the l th level of the tree corresponding

to the discussion thread. To sum up, if an annotation a belongs to the discussion thread and does not have any

reply, its social validity corresponds to the agreement value: |a.r epli es| = 0 ⇒ v(a) = a(a). On the contrary, if a
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has replies, the synthesis value relies on the weighted mean of their social validity (A) multiplied by an expression

(B) increasing with the number of replies. B takes into account the maximum number of replies existing at the

same level than the level of a. For instance, if a (level l) has n replies and if the maximum number of replies for the

annotations at the l th level is denoted N = m(l), then B = 1+ ln
(
1+ n

N

)− ln(2). Note that the upper bound of B is

reached when n = N ⇒ B = 1. Therefore B ∈
[

ln
(

e·(N+1)
2N

)
,1

]
, we used a natural logarithm for reducing differences

between small and large values of N . As B � 1, it cannot increase the value of A.

The v(a) value of the social validation associated with the a annotation allows to evaluate it according to the

agreement and synthesis functions. Indeed, |v(a)| → 1 evidences an annotation a that contains replies which glo-

bally agree with it. According to the sign of v(a), one can conclude that people validate a confirm C -typed (resp. a

refute R-typed) annotation when v(a) → 1 (resp. v(a) → −1). The social validation algorithm presented in this

section is mostly based on heuristics and empirically instantiated parameters. In order to go beyond this first em-

pirical approach, the following section describes another proposal for computing social validation. This approach

is grounded on formal research from the Artificial Intelligence domain (Cayrol and Lagasquie-Schiex, 2005a,b). Its

main advantage lies in the fact that it builds on the theoretical principles of argumentation; moreover it has been

used in numerous contexts, e.g. medical decision making.

2.3.3. Third approach: formal bipolar argumentation framework extension

Dung (1995) models an argumentation as the pair 〈A,R〉 where A is a set of arguments and R is a binary re-

lation on A2 called a defeat relation. The so-called resulting “argumentation framework” may be represented as

a directed graph whose vertices are arguments and edges represent their targets. Then, the identification of at-

tack and defense branches enables one to decide on the acceptability of an argument—which is a binary value:

acceptable or not acceptable—regarding conflict-free and collective defense sets. Later, Cayrol and Lagasquie-

Schiex (2005a) noticed that most work to date on argumentation considered a single type of interaction between

arguments: the attack. However, previous works (Karacapilidis and Papadias, 2001) suggested that, for numerous

concrete contexts, another type of interaction must be considered in order to properly represent knowledge. This

other type of interaction is defense. Thus, regarding attack and defense arguments, Cayrol and Lagasquie-Schiex

(2005a) extend Dung’s argumentation framework (Dung, 1995) and define a Bipolar Argumentation Framework

(Def. 4).

Definition 4. A Bipolar Argumentation Framework (BAF) is represented as a triple 〈A,Rapp ,Rat t 〉 where:

– A = {a1, . . . , an } is a set of arguments,

– Rapp is a binary support relation on A2. The pair (ai , a j ) ∈ Rapp is denoted by ai → a j ,
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– Rat t is a binary defeat relation on A2. The pair (ai , a j ) ∈Rat t is denoted by ai �→ a j .

Besides Def. 4, (Cayrol and Lagasquie-Schiex, 2005a) defined a gradual valuation v on their framework, fol-

lowing 3 principles. P1: the valuation of an argument depends on the values of its direct defeaters and of its

direct supporters. P2: if the quality of the support (resp. defeat) increases then the value of the argument in-

creases (resp. decreases). P3: if the quality of the supports (resp. defeats) increases then the quality of the support

(resp. defeat) increases. Regarding these principles, the authors set a ∈ A with R−
app (a) = {b1, . . . ,bp } and R−

at t (a)=

{c1, . . . ,cq }. 2 Finally, they defined a gradual valuation as the application (6) v : A →V . 3

v(a) = g
(
happ

(
v(b1), . . . , v(bp )

)
,hat t

(
v(c1), . . . , v(cq )

))
(6)

In (6), the function happ (resp. hat t ) : V ∗ → Happ (resp. V ∗ → Hat t ) evaluates support (resp. attack) upon an

argument. The function g : Happ ×Hat t → V with g (x, y) is increasing on x and decreasing on y . In addition, the

function h (either h = happ or hat t ) must satisfy the three following conditions:

C1 if xi � x′
i then h(x1, . . . , xi , . . . , xn ) � h(x1, . . . , x′

i , . . . , xn ),

C2 h(x1, . . . , xi , . . . , xn , xn+1) � h(x1, . . . , xi , . . . , xn ),

C3 h() =α� h(x1, . . . , xi , . . . , xn ) �β for all x1, . . . , xi , . . . , xn .

Cayrol and Lagasquie-Schiex (2005a) proposed two instances for this generic evaluation. In the first one, ar-

gument values are aggregated by retaining the maximum of direct attacks and supports, i.e. hat t = happ = max.

This first approach is not acceptable for our context because it does not take into account the whole hierarchy of

expressed arguments, i.e. replies to replies. As a result, we rejected this first approach and opted for the second

one, where an instance is characterized by the following parameters: V = [−1,1], α= 0 and β=+∞ thus leading to

Happ = Hat t = [0,+∞]. Moreover, happ = hat t =
∑n

i=1
xi+1

2 and g (x, y) = 1
1+y − 1

1+x .

As a direct application, we compute the social validity of an annotation thanks to (6), which is applied on the

BAF created from the annotation’s discussion thread (Ex. 5). Its A set contains nodes of the discussion thread; pairs

of the Rapp (resp. Rat t ) set are defined by annotations and reactions of the confirm C (resp. refute R) type along

with their parent targets.

Example 5. The discussion shown in Fig. 2 is modeled by 〈A,Rapp ,Rat t 〉, a Bipolar Argumentation Framework

where A = {a,r1,r2,r3,r21,r22,r211} figures the annotation a and its replies ri . Relations between annotations are

expressed by rapp = {(r1, a), (r3, a), (r21,r2), (r211,r21)} for the C type whereas rat t = {(r2, a), (r22,r2)} reflects the R

type. The computed social validity of this discussion thread is v(A)= 0.152.

2 R−
app (a) (resp. R−

at t (a)) are direct supports (resp. defeats) of the a argument.
3 V denotes a completely ordered set, and V ∗ denotes the set of finite sequences of element V including the empty sequence.
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The gradual evaluation v(A) of this example does not take into account some available argument data. Indeed

some subjective information (SI , cf. Def. 1) associated with the nodes of the discussion thread are not conside-

red, e.g. “comment” class types, expertise, comment and references. This is the reason why we extended the BAF

in (Cabanac et al., 2007a), by redefining the v application (6). Thus, we provided the v ′ : A → V application (7)

such that:

v ′(a)= g
(
happ

(
i (b1) · v ′(b1), . . . , i (bp ) · v ′(bp )

)
,hatt

(
i (c1) · v ′(c1), . . . , i (cq ) · v ′(cq )

))
(7)

We introduced the i : A → I function (8) as a parameter of happ : V ∗ → Happ and hat t : V ∗ → Hat t in order to

measure the intrinsic value of an argument by taking into account n criteria. Our choice for the second evaluation

instance required that V = [−1,1]. Therefore, we defined I = [0,1] in order to comply with ∀a ∈ A i (a) · v ′(a) ∈V .

Moreover, the n coefficients πi ∈ [0,1] defined such that
∑n

i=1 πi = 1 allow the adjustment of the relative impor-

tance of the n criteria evaluated by the fi : A → Fi ⊆ R+ functions. Note that the sup function returns the least

upper bound of the fi functions domain of definition. The δ ∈ [0,1] coefficient allows the adjustment of the n

criteria global impact on the v ′ evaluation, note that δ= 0 =⇒ v ′(A)= v(A).

i (x)= δ ·
n∑

i=1

πi · fi (x)

sup(Fi )
(8)

Regarding the collective annotation model (Def. 1) we identified n = 4 criteria that may be taken into account to

evaluate an argument: expertise and agreement of its supporters and defeaters, as well as its author’s implication

in terms of comments and references. Thus, the f1 function increases according to the expertise associated with the

evaluated argument; we proposed a five-point expertise scale: novice ≺ beginner ≺ intermediary ≺ confirmed ≺

expert. Then, the f2 function associates a real value representing the annotator’s agreement with each combination

of types from the “Comment” class. For example, someone giving an example (E ) agrees more than someone who

proposes a modification (M ).

MQE MQ ME QE M Q E−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→
F2

f2(a)

The f3 function evaluates the annotator’s implication regarding the existence of a comment on a given anno-

tation. Finally, the f4 function increases with the number of references cited by an annotation: f4(x) is the ratio

between the number of references contained by x and the maximum number of references by annotation. Regar-

ding the implementation of the proposed approach, we set δ= 1 in order to maximize the impact of the n criteria

on the evaluation of arguments. While foreseeing to experiment other weightings, we intuitively defined in (Caba-
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nac et al., 2007a) π2 = π3 = 1
3 and π1 = π4 = 1

6 so that it mostly takes into account comments as well as agreement

of attacks and supports. In conclusion, an annotation is the subject of social consensus, i.e. it is socially validated

when its reactions globally express a concordant opinion, either refutation or confirmation. This is obtained when
(
v ′(A)→ 1

)∨ (
v ′(A) →−1

) ⇐⇒
∣∣v ′(A)

∣∣→ 1. Such results really represent a semantical-based, in-context synthesis

of social groups’ opinions.

3. Methodology for experimenting with the social validation algorithms

We designed an original experiment for validating the proposed algorithms. It consists in checking human per-

ception of consensus against social validity values computed by the algorithms, in order to assess their relevance.

For that purpose, we first comment on the inadequacy of existing corpora stemming from prominent IR evalua-

tion campaigns in Sect. 3.1, thus justifying the need to build an appropriate corpus. Then, Sect. 3.2 details the

tasks achieved by the participants thanks to the software platform (Sect. 3.3) we designed for that purpose. Finally,

Sect. 3.4 discusses the recruitment of the 121 participants who voluntarily took part to the experiment.

3.1. Building a corpus of argumentative debates

The proposed experiment intends to compare the social validation algorithms to human perception. This re-

quires ➀ a corpus of discussion threads whose arguments are labeled with opinions, as well as ➁ the “standard”

observed human perception value to be compared to algorithmic results. A typical example would be➀ the debate

in Fig. 1 along with ➁ the perceived social validity v = 0.82, for instance. Unfortunately, previous works noticed

the lack of such a discussion thread corpus for validation purposes (Agosti and Ferro, 2006, 2007; Frommholz and

Fuhr, 2006). Moreover, resources stemming from Opinion Mining evaluation (e.g. Blog Track at TREC, Multilingual

Opinion Analysis at NTCIR) are not suitable as they only provide argumentative sentences, although structured

debates are needed. This led us to constitute an adequate discussion thread corpus. In order to get representa-

tive data we planed to ask participants to evaluate a dozen debates, hence we needed self-contained discussion

threads about varied topics with short arguments (at most two sentences) in order to limit the efforts required

for understanding them. At first, we considered public debates hosted at ���������	�
 or ��������	�
, and

discussion pages associated with any ��������� article. Then, we noticed that argument maps used in philoso-

phy (Twardy, 2004) better fit the aforementioned requirements, being self-contained debates with short argu-

ments in essence. Therefore, we used three sources (Tab. 4) comprising realistic and diverse discussions publi-

shed by scholars (groups A and B), as well as the argumentative dialogues in French (group C) from (Cayrol and

Lagasquie-Schiex, 2004).
14



Table 4

Origin of the 13 argumentative debates constituting the corpus for the experiment.

Group Debate # Description Authors

A 1, 3–5, 7, 10 Argument maps 4 Melbourne University (AU)

B 2, 9, 11, 12 Argument maps 5 Ohio University (US)

C 6, 8, 13 Argumentative dialogues Toulouse University (FR)

After translating the French resources into English, we obtained 13 debates in English (i.e. 222 arguments) avai-

lable online. 6 Each argument is a short phrase that expresses a single opinion. As shown in Tab. 5, their charac-

teristics are varied. The same is true of their topics, as they contain disputes about tobacco consumption, global

warming, alternatives for a surgical operation, curriculum counseling, interpretations of the Bible . . .

Table 5

Characteristics of the constituted corpus comprising 13 debates.

Characteristic Minimum Maximum Mean Standard Deviation

Number of arguments 5 34 17.1 8.1

Debate depth 3 7 4.2 1.3

Debate length 3 15 7.9 3.2

Once the evaluation corpus constituted ➀, we had to provide ➁ the “standard” social validity that an individual

would mentally synthesize. As this value is rather subjective, we felt that assigning a value by ourselves would bias

the experiment. Therefore, as explained in the next section, we let each participant evaluate the social validity

values, which were compared to the results of the algorithms afterwards.

3.2. Tasks of a participant: arguments’ opinion identification and synthesis

Participants involved in the experiment had to achieve two consecutive tasks (denoted ➊ and ➋) for each of

the 13 debates which comprise 222 arguments overall. In order to limit a potential dropout from the beginning

of the experiment, we ordered the debates according to an increasing difficulty, which we subjectively estimated

from their characteristics and topics. Table 4 shows the order of the debates regarding their source. The two tasks

assigned to the participants are defined below:

4 ������������	
����������
������	���
5 �������������������������
�����	
�
6 �����������	�	��������	�����������
������������

15



– For task ➊, participants evaluated the semantics of the links that tie arguments in each debate, represented as

ai ← a j in Fig. 1. This evaluation consisted of identifying one ������� type and the ������� type(s) existing

between an argument a j and its direct parent ai in the debate. Referring to Tab. 1, three ������� types (refuta-

tion, neutral, and confirmation) and three ������� types (modification, question, and example) were available.

Combining for instance ������� and ������� types enabled participants to adjust the strength of an argument:

a confirmation along with an example being stronger than a confirmation alone. Opinion identification must

be objective: participants were asked to take into account argument contents only, as their personal judgment

is unwanted. In Fig. 1, one may identify a confirmation for a2 ← a5, as well as a refutation with example for

a2 ← a4.

– Participants proceeded with task ➋, once each link tying arguments of the current debate was valued. This

task consisted of synthesizing the opinions of the debate mentally. For any argument ai having a set of chil-

dren {a j }, participants had to associate with ai a “synthesis” value on a 10-point scale. It ranged from “refuted”

to “confirmed” through “neutral” and enabled participants to specify the global opinion of ai ’s children argu-

ments. Achieving this task in a recursive way led participants to associate the synthesized group’s global opinion

with the root argument. For instance, in Fig. 1, one may estimate that a2 is 66% confirmed by synthesizing the

opinions of a3, a4, and a5. Such a valuation would be rational as it corresponds to the # confirmations
# refutations proportion.

Note that participants were not taught about this specific way of synthesizing, in order not to influence them.

Participants took part in the experiment through a specific software which allows the displaying of debates,

and the storage of people’s contributions, i.e. identified opinions ➊ and estimated syntheses ➋. The next section

details the software platform we designed for that purpose.

3.3. Designing the software platform supporting the experiment

The methodology described in the previous section was implemented as an online platform for experimenting,

which conforms to the standards of Internet experimenting (Reips, 2002, 2007). This platform federates three com-

ponents: a Web page 7 for explaining the purpose of the experiment and how to take part, a program for displaying

the debates to the participants, and a database for storing their contribution. The Web page enables a participant

to launch the 	
�
����� application on his/her computer thanks to the 	
�
 ��� �
�� deployment technology.

Following the registration of the participant, a tutorial describes the work to achieve for each of the 13 debates, i.e.

tasks ➊ and ➋. Lastly, the application displays the Graphical User Interface (GUI) of the first debate. Figure 4 illus-

7 ������������	���
	����������������������
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Fig. 4. Screen shot of the application GUI displaying the first debate to evaluate.

trates how the debate shown in Fig. 1 is presented to the participant. Note that we only represented arguments a1

to a4 due to space restrictions. In order not to confuse participants, we opted for a common hierarchical visua-

lization they would be used to, as it is widely used for displaying file systems and newsgroups. Each argument is

displayed in an horizontal box, initially bordered with light yellow. Participants achieve task ➊ using the exclusive

buttons representing colored flags, and through the check boxes. Indeed, each ������� type is associated with a

metaphorical color: refutation/red, neutral/white, confirmation/green. For readability concerns, selecting a but-

ton turns the arguments’ border into the associated color, as shown in Fig. 4 (John’s argument is in green whereas

the other ones are in red). The ������� types are displayed as check boxes along with icons: question/question

mark, modification/warning sign, example/bulb. Once the mandatory ������� types are selected, participants pro-

ceed with task ➋ by synthesizing children’s opinions (e.g. John’s, Tom’s, and Peter’s) on their father’s (Bob’s) slider

widget. Indeed, this widget is associated with arguments that have replies (children arguments). It consists of a

10-point scale varying from refuted to neutral, and to confirmed (Fig. 8). The slider associated with the root argu-

ment intends to reflect the global opinion of the group, i.e. its mentally estimated social validity. As long as any

of the two tasks are not completed for the current debate, the program restrains participants from evaluating the

next debate.

A dedicated database stores the contents of the 13 debates, as well as data concerning participants and their

participations. Figure 5 shows the conceptual model of this database, which is implemented with the 	
���� 10g2

RDBMS. The corpus consists of the aforementioned ����
��� that served as the basis of the 13 ������� we ex-

tracted and ordered. Each debate is related to a root �
������, which is disputed by reply arguments. In order to

store information about the participants, we modeled the ��
�������� class that keeps track of their identity, email
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Fig. 5. UML class diagram for the experimentation platform.

contact, sex, age, job, registration date, country, and mother tongues—only one being mandatory. In addition to

this data, participants were asked for their English level, and for their familiarity with the Internet and forums.

Finally, they could ask to receive information related to the experiment (��������) and leave a comment. All these

information was obtained through the registration form (Fig. 6), only identity and email were mandatory.

The experiment consists of evaluating the 13 debates independently. Indeed, for practical reasons, participants

were able to stop the experiment whenever they wanted, and could resume it later. We call a “	
���” the evalua-

tion of a debate; it consists of providing an���������	 for any argument of the current debate, i.e. achieving task ➊

(
��	��	 and ���	� classes) and task ➋ (��
��	� attribute, for parent arguments only). As opposed to ���


��	� which represents human perception, the ��������� function computes the social validity according to

an algorithm under study (������
�	�� concrete classes, detailed in Sect. 4.3). It is worth noting that these algo-

rithms take as input the opinion and comment types identified by the participant. Therefore, human perception

is compared with results from the algorithms, on the basis of the same � participant’s types. For example, we may

compare the value of the slider that the � participant set for Bob’s argument, in Fig. 4, with the result of a social

validation algorithm run with comment and opinion types identified by the same � participant.
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Fig. 6. Screen shot of the GUI displaying the registration form.

3.4. Recruiting worldwide, independent, and diverse participants

The recruitment of participants is a key issue for any experiment. Among many others, Wolfe and Neuwirth

(2001) denounced the recruitment of dependent and like-minded, e.g. the experimenters’ colleagues or students,

as behavior biases due to such relationships were reported. As we intended to foster participants’ independence

and diversity, we sent out a call for participation on the Web. Since April 2007, we progressively sent it over French

and international mailing lists related to computer science: the ACM’s ��������	
� and �����	�, the W3C’s ����



�����
, �	�
����	�,�	��� . . . In September 2007, we registered our experiment with dedicated psychological

research sites to widen the potential participants range: the Web Experiment List 8 (Reips and Lengler, 2005) and

Psychological Research on the Net. 9 Note that people took part on the basis of volunteering, as no reward was

offered.

8 �����������	
��������	����������
9 ��������	
�����������������	�������������������
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4. Results: analyzing the evaluations from the 121 participants

This section reports on the data acquired during the 15-months online experiment we conducted. 10 We perfor-

med statistical analyses to measure how close social validation algorithms are from human perception of consen-

sus.

4.1. Quantitative analysis of the 121 participations

As of July 2008, 181 people launched the experiment and registered with it. In the remainder of this paper, we call

“participants” the 121 who actually started it by evaluating one debate at least. For privacy concerns, completing

the form shown in Fig. 6 was not mandatory. As a result, only 56 participants among 121 provided personal data.

On the basis of those 56 completed forms, participants come from 13 countries. Table 6 shows the proportion

of their geographic origins. French people represent the majority of the participants, partly because the call for

participation was first sent on French mailing lists.

Table 6

Origins of the 56 participants who completed the registration form.

Origin France Americas Europe Other

Proportion 67% 13% 10% 10%

Data about participants’ origins are consistent with Tab. 7 which shows that French is the most common mother

tongue among the participants.

Table 7

Mother tongues of the 56 participants who completed the registration form.

Mother tongue (ISO code) fr en ar de pt el oc ro tr

Proportion (%) 61.8 19.1 7.4 2.9 2.9 1.5 1.5 1.5 1.5

Table 8 illustrates the participants’ characteristics obtained through the registration form (rows 1–4) or compu-

ted from the acquired data (last row). The ordinal 5-point scales were coded as an integer in the �1,5� range. The

typical participant is a male (60%) in his thirties who declared a good English level. Participants are very familiar

with the Internet as they use it daily, and less knowledgeable about Usenet or Web forums, as they declared to use

them occasionally.

10The data acquired is available on ������������	���
	������������������������������� for reproducibility concerns.
11Statistics concerning the 53 participants who completed the experiment.
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Table 8

Quantitative data about the 56 participants who took part in the experiment.

Variable Minimum Maximum Average Std Deviation

Age 20 61 32.1 9.4

English level 1 5 3.8 1.1

Internet use 3 5 4.9 0.4

Usenet and Web forums use 1 5 3.2 1.1

Number of interruptions 11 0 12 4.5 3.9

We designed the experiment so that it may be stopped and resumed at any time; on average a participant com-

pletes the experiment with 4.5 interruptions (Tab. 8). As only 53 participants over 121 completed the experiment,

the number of participants by stage decreases according to the stage number (Fig. 7). This corresponds to a 56%

dropout, which is slightly over the reported 45% dropout for unrewarded experiments (Reips, 2007, p. 387). It is

worth noting that, even when not completed, people’s participations are analyzable, as they actually completed

from one to twelve stages.

Fig. 7. Dropout curve showing the number of participants who completed each stage.

On the basis of the 966 completed stages, evaluating a debate is 6.5 minutes long on average, corresponding to

84.5 minutes for the whole experiment completion. Note that the average debate evaluation length is measured

from the moment it is displayed until the moment the participant sees the following one. As a natural experiment,

i.e. in the field, participants were not under the experimenters’ observation, so we were unaware of participants’

breaks and other activities, e.g. answering the phone. This may contribute to explain the high standard deviation

which indicates an important variability between participants (σ = 10.6 minutes). Length-related estimates are

pessimistic as they overestimate the time that the participant spent evaluating a debate. When ignoring the longest

evaluation of each participant, the average debate evaluation is 5.2 minutes long, with a much lower variability
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(σ = 4.6 minutes). This situation is closer to the durations reported by the participants that we could ask for a

posteriori.

4.2. Qualitative analysis of the 121 participations

Conducting a natural experiment online brings several key advantages: participants can be worldwide, diverse,

and independent. On the other hand, this way of experimenting presents some drawbacks, compared to lab expe-

riments under the experimenters’ supervision: participants may not read the instructions, misunderstand them,

get bored and not reply conscientiously or even make deliberate mistakes. In order to deal with this issue, we

defined indicators for assessing the quality of the acquired data. During task ➊, participants identified argument

opinions. This is a rather subjective task, especially when it comes to choosing between R and N , or between

C and N . Indeed, two people may have identified completely opposed opinion types. However, this is not an

issue in the context of this experiment, since we compare each participant’s mental synthesis (based on his/her

identified types) with the results of the algorithms, which took as input the same identified types. To sum up: inter-

personal agreement for type identification is not required for comparing human perception with social validation

algorithms. As a result, no quality indicator is required regarding task ➊.

On the other hand, opinion synthesis values acquired during task ➋ must be checked for errors. Indeed, taking

into account participants who did not understand the instructions or the interface, or set the sliders almost ran-

domly would bias the results. That is why we defined the four error indicators shown in Tab. 9. We observed such

evidence of irrational opinion syntheses for 21% of the 5,647 evaluations (���������	 class, Fig. 5). Table 9 details

the proportion of each indicator, e.g. indicator ➀ is an example of the case of an argument marked as refuted al-

though none of its children is refuting it (¬R). Indicator ➁ is the counterpart of indicator ➀. The most frequent

irrational situation (35%) is reflected by indicator ➂ when confirmations only (¬N ∧¬R) or refutations only

(¬N ∧¬C ) are synthesized as neutral. Finally, indicator ➃ points neutral arguments (N ∧¬(R∨C )) synthesized

as a confirmation or a refutation.

Table 9

Irrational opinion syntheses observed for 21% of the 5,647 evaluations.

Error indicator ➀ ➁ ➂ ➃

Father’s synthesis refuted confirmed neutral confirmed or refuted

Children’s opinions ¬R ¬C ¬(R∧C ∨N ) N ∧¬(R∨C )

Observed rate 28% 24% 35% 12%
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The average error rate for a participant is 7% (σ = 7%), the most mistaken participant having a 26% error rate.

Hypothesizing that an individual error rate over 20% is a sign of incomprehension, we discarded the contribu-

tions of the corresponding 7 participants—some of whom had completed the experiment though—from further

analyses. On the basis of the remaining participations, the next section draws a comparison between the human

perception of consensus and the three social validation algorithms.

4.3. Do social validation algorithms approximate human perception?

The analysis of the 121 participations, excluding the 7 discarded ones, enabled us to evaluate to what extent

social validation algorithms approximate the human perception of consensus. This section compares the three

aforementioned algorithms with opinion synthesis values provided by the participants. In the remaining of this

paper, hp denotes human perception, i.e. opinion synthesis values provided during task ➋. In addition, we refer

to the first algorithm (Cabanac et al., 2005) as sv1 (Sect. 2.3.2). Cayrol and Lagasquie-Schiex’s algorithm (Cayrol

and Lagasquie-Schiex, 2005a) is referred to as sv2, and our extension to this algorithm (Cabanac et al., 2007a)

is referred to as sv3 (Sect. 2.3.3). Note that sv1 and sv3 consider information that does not exist in the corpus,

e.g. annotator’s expertise, number of references. As a result, these aspects were not evaluated in this experiment.

In order to compare hp with svi , we had to choose between taking into account every argument having chil-

dren (e.g. a1 and a2 in Fig. 1) or only root arguments (e.g. a1). With the first rationale, non-root arguments clearly

outnumber root arguments. However, the mental evaluation of the opinion synthesis for a root is harder than for

a non-root, as it requires to synthesize up to 34 arguments (Table 5). Thus, the resulting comparison would be

biased because of not strictly reflecting the ability of algorithms to synthesize a whole debate. As a result, we op-

ted for the second—stricter—rationale. Excluding the previously discarded participations, we extracted from the

database 887 tuples such as 〈p, a,hp(p, a), sv1(p, a), sv2(p, a), sv3(p, a)〉 where p is a participant, a is an argument,

hp(p, a) is the opinion synthesis value assigned by p to a, and svi (p, a) is the result of the algorithm svi run with

the opinions identified by p for the argument a. We had recourse to model-fitting for estimating the parameters

related to each svi algorithm. The hp and svi values were defined in the range [−1,1] as represented by the 10-

point scale in Fig 8. Note that, for practical reasons, the slider widget restrained participants’ selection to one of

the 10 points, hence the discontinuous values for hp. On the contrary, the svi algorithms compute continuous

values. This difference between the hp and svi values is considered in the remainder of this section.

In order to compare algorithms with human perception, we first computed their difference svi −hp and plotted

the resulting distribution of differences (Fig. 9). We hypothesized that svi exactly matches (error x = 0) a given
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Fig. 8. Encoding of opinion synthesis values on a 10-point scale.

hp position if svi is closer to the hp position than to any other one. As there is 0.25 between two neighboring

positions, we report a x = 0 error when |svi −hp| � 0.25
2 = 0.125. Indeed, Fig. 9 represents the y proportion of a

given x ±0.125 difference for the three algorithms: y = p(x −0.125 � svi −hp � x +0.125). Ideally, the algorithms

would equal human perception, i.e. y(0) = 100%. In reality, they exactly match human perception in around y(0) =

25% of the cases. Moreover, Fig. 9 shows that the three algorithms perform similarly.

Fig. 9. Difference between the three algorithms svi and human perception hp.

4.3.1. Algorithms versus human perception: statistical hypothesis testing

In order to compare the (hp, svi ) pairs by means of statistical hypothesis testing, we first checked the normality

of the errors distribution (svi −hp). Indeed, selection of the appropriate statistical (parametric or non-parametric)

test depends on the error distribution. We used the Shapiro-Wilk’s test (Shapiro and Wilk, 1965) to check whether

the three series (hp, svi ) conformed to a Normal distribution. Table 10 shows the significance p-values correspon-

ding to the hypothesis that (hp, svi ) follow a Normal distribution. Values p(hp, sv{2,3}) < α reject this hypothesis

of normality, where α= 0.05 is the common agreed threshold (Hull, 1993). As a result, the following analyses must

use non-parametric tests.

Table 10

Significance of the Shapiro-Wilk’s normality test for the paired (hp,svi ).

(hp,sv1 ) (hp,sv2 ) (hp,sv3 )

Significance p-value for the normality test 0.0605 0.0007 0.0150
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To go into detail, we used the Wilcoxon signed-rank (WSR) test of paired samples (Wilcoxon, 1945). This test

is the non-parametric counterpart of the well-known parametric Student’s t-test. It enabled us to compute the

significance p-value in [0,1] which “can merely be viewed as an estimate of the likelihood that two methods are

different” (Hull, 1993). Indeed, the two methods, compared on the basis of their resulting p-values, are said sta-

tistically different when p < α, where α = 0.05 commonly used (Hull, 1993). In a word: the more p → 0, the more

the two methods are different. In addition, we used a second statistical coefficient, Pearson’s product-moment

correlation coefficient r ∈ [−1,1], which evaluates how close two methods are: a r → 1 value evidences a positive

linear relationship, i.e. y = x. On the other hand, r →−1 supports a negative linear relationship, i.e. y = x−1. As a

result, the more r → 1, the more the two methods are similar.

Table 11 shows the resulting significance p-values and correlation r -values. The first row concerns the whole

debates (1–13). The two values p
(
hp, sv{2,3}

)<α show that the differences between the svi algorithms and hp are

statistically significant. Moreover, because p(sv1) > p(sv{2,3}), the algorithm sv1 is less different from hp than sv2

and sv3 are. Then, we measured their correlation r ≈ 0.5 which shows a medium correlation between svi and hp.

Note that differences between the three algorithms do not seem significant, as they are very close to each other.

Table 11

Significance p of the Wilcoxon test and Pearson’s r -values for the paired (hp,svi ).

Debates

WSR test significance p Pearson’s r -values

(hp,sv1 ) (hp,sv2 ) (hp,sv3 ) (hp,sv1 ) (hp,sv2 ) (hp,sv3 )

1–13 0.0667 0.0475 0.0011 0.4859 0.4714 0.4905

2–13 0.0288 0.0626 0.0021 0.4954 0.4766 0.4971

3–13 0.0381 0.1970 0.0083 0.5161 0.4912 0.5146

4–13 0.1610 0.7319 0.0732 0.5316 0.5032 0.5281

Some participants warned us that their evaluations at the beginning of the experiment should be discarded, as

they afterwards realized they were mistaken. In fact, the program does not allow any modification on completed

past stages, so they were not able to correct the associated evaluations. As a result, we wanted to check the impact

of the “warming-up” first stages. That is why rows 2–4 of Tab. 11 progressively get rid of stages 1–3. It appears that

p-values for debates 4–13 are greater than the other p-values (for debates 1–13, 2–13, and 3–13). This seems to

confirm the fact that the first evaluations were erroneous.

Regarding debates 1–13, Fig. 10 shows the plotted couples (svi ,hp). Note that the data points correspond to the

horizontal positions on the hp scale, as we obtained them from the scale in Fig. 8. For each algorithm, we per-

formed a linear regression and obtained the associated estimated lines ŷ = ax +b. With an algorithm performing
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exactly the same way as human perception, we would obtain ŷ = x. In Fig. 10, one may notice that algorithms sv2

and sv3 have similar lines, moreover they are closer to the ideal ŷ = x line than sv1 is.

Fig. 10. Values (svi ,hp) along with the corresponding linear regression lines.

As sv2 and sv3 seem very close to each other in Fig. 10, we tested whether each algorithm is statistically different

from the two others (Tab. 12). For that purpose, we used the WSR test because the distribution of errors (svi −sv j �=i )

did not fit the Normal distribution, as reported in the first row of Tab. 12. The significance values p � α for the

WSR test point a significant difference between the pairwise algorithms.

Table 12

Pairwise comparison of the three svi algorithms.

Test (sv1,sv2) (sv1,sv3) (sv2,sv3)

Shapiro-Wilk’s normality test significance 2.7 ·10−13 8.6 ·10−5 1.1 ·10−23

Wilcoxon’s signed-rank test significance 1.5 ·10−1 2.3 ·10−8 1.2 ·10−7

In this section, the different results obtained with statistical tests indicate that the three svi algorithms perform

in a similar way. In statistical terms, they partly approximate human perception (r ≈ 0.5). The next section inves-

tigates more user-centered indicators to evaluate the degree of approximation of the human perception hp by the

social validation algorithms svi .

4.3.2. Algorithms versus human perception: user-centered indicators

Besides the common statistical tests reported in the previous section, we defined user-centered indicators for

comparing svi with hp. These indicators allow the evaluation of the svi algorithms’ ability to match hp in terms

of distance, polarity, and strength. Table 13 reports on the results regarding these three indicators; it shows the

corresponding predicates 12 along with the associated proportions, for each svi . Each indicator is available in two

12The sgn : x �→ {−1,0,1} function returns a value corresponding to the sign of x.
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versions (conservative and relaxed). They are explained as follows:

– Distance (Di ) measures the difference between svi and hp according to the number of positions separating

them on the scale shown in Fig. 8. Indicator D1 (resp. D2) means a gap of one (resp. two) position(s) between

the result of the algorithm and the human perception.

– Polarity (Pi ) measures the difference between svi and hp according to their sign, i.e. opinion type (R, N , and

C in Tab. 1). Indeed, P1 is true when svi and hp share exactly the same type. Indicator P2 is less conservative

than P1 as svi , hp, or both may be neutral.

– Strength (Si ) measures the ability of the algorithms svi to match the same “area” as hp on the scale represented

in Fig. 8. We divided this scale into three areas whose boundaries are expressed in the Si predicates. These areas

correspond to the negative consensus, controversy, and positive consensus.

Table 13

Comparison between human perception (hp) and social validation algorithms (svi ).

Indicator Predicate sv1 (%) sv2 (%) sv3 (%)

D1 |hp − svi |�0.25 48.0 46.4 47.0

D2 |hp − svi |�0.50 77.1 76.3 77.3

P1 sgn(hp) = sgn(svi ) 66.1 65.4 65.4

P2 sgn(hp) = sgn(svi )∨hp · svi = 0 84.8 84.7 84.6

S1 (hp,svi ) ∈
{[
−1,− 1

3

[
,
[
− 1

3 , 1
3

]
,
]

1
3 ,1

[}
54.7 55.7 57.5

S2 (hp,svi ) ∈
{[
−1,− 2

3

[
,
[
− 2

3 , 2
3

]
,
]

2
3 ,1

[}
73.5 73.7 74.2

Summing up the analyses reported in this fourth section, the comparison of the algorithms svi with the human

perception hp of consensus in argumentative debates showed that the three algorithms perform very similarly

regarding statistical testing (Tab. 11), as well as user-centered indicators (Tab. 13). Overall, there is a medium

correlation between svi and hp. The relaxed versions of user-centered indicators indicate that svi matches hp in

terms of distance, polarity, and strength in about 80% of the cases. Although the algorithms perform similarly, they

may be distinguished according to their performance. For that purpose, Tab. 14 reports on the relative processing

time of each algorithm, by comparing execution times over a sample of 5,647 arguments.

The fastest algorithm is sv2. Algorithm sv3 performs quite similarly with an increase of 30% in time. Finally sv1

is nearly three times longer than sv1. As a result, sv2 and sv3 may be the best alternatives regarding both accuracy

and time performance.
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Table 14

Execution time of the svi algorithms, for a sample comprising 5,647 arguments.

sv1 sv2 sv3

Processing time (in seconds) 66 13 17

Multiplicative factor (baseline sv2) 3.9 1.0 1.3

5. Discussion

The proposed social validation process only aims to reflect the social group’s global opinion. Definitively, it does

not intended to evaluate how true an annotation is, since social validity is biased by the so-called tyranny of the

majority. For instance, the evaluation of Galileo’s fictitious annotation “Sun is the center of the universe, not the

Earth” along with his detractors’ arguments at that time would lead to a strong negative consensus, i.e. the group

denied Galileo outright. This evaluation is faithful to the group’s opinion, even if those people were wrong: one

has to remember this case when interpreting the social validity of an annotation. Another limit related to our

approach concerns “discussion drifts,” e.g. a discussion starting about the “E = mc2” equation that drifts into

discussing Albert Einstein’s personal life although this was not the original subject of the discussion. The social

validity computed for the root statement would be biased by the unrelated arguments. As a first solution to this

issue, topic shift detection techniques (Radev, 1999) may be exploited to cut the discussion thread when detecting

the discussion drift.

Regarding the methodology of this experiment, one may wonder if participants with limited skills in English

were confused by the debates in English. Indeed, most of the participants are non native speakers (Tab. 7), while

they declared a good command of the language (Tab. 8). As a result, some participants were certainly puzzled

during task ➊, which consisted of identifying the opinions expressed in arguments. However, this is not a critical

issue for two reasons. The first reason is stated in Sect. 4.2: even if people identify completely different opinions,

it is not a problem since we compare their human perception with the results of the algorithms, run on the basis

of the same opinions. Secondly, this language difficulty reflects the current situation where non English people

with a poor level in English are confronted with a predominantly English-speaking Web. Still concerning the me-

thodology, we ordered the debates such that participants follow a progressive course with an increasing difficulty.

Another alternative would have consisted in randomizing the debates for each participant. This rationale would

have led to a constant number of evaluations by debate, instead of 121 evaluations for the first debate and 53 eva-

luations for the thirteenth. However, the randomization alternative would have ruled out the progressive course,

which we thought to be a strong requirement for people not to dropout at the early stages of the experiment. As
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such, we went against Reips’ “high entrance barrier” recommendation (Reips, 2002, 2007), which aims to “provoke

dropout to happen early and ensure continued participation after someone makes the decision to stay.” Neverthe-

less, a dropout in our case is not pure loss as the evaluated stages from partial participations were analyzed.

Concerning the comparison of the social validation algorithms results with the human perception, two points

may be discussed. Firstly, we used a model-fitting technique to estimate the svi algorithm parameters leading to

svi → hp. Thus, we reported on a comparison between hp and svi in the better case. Secondly, the sliders in the

GUI (Fig. 4) correspond to ordinal scales, whose labels are refuted, neutral, and confirmed. We had to encode their

values in order to achieve the comparison reported in Sect. 4; the real values that we currently assigned appear in

Fig. 8. We wonder whether these values correspond to the participants’ perception: is the 25% gap between any two

given positions coherent with human perception? Indeed, one may estimate that the position before confirmed

represents a 90% agreement, whereas the encoded value is 75%. Thus, an alternative would be to encode the scale

following a logarithmic distribution. Nevertheless, we found no study supporting this alternative to date.

6. Conclusion and perspectives of work

On paper documents, the long-lived annotation practice remains very common still nowadays. Besides satis-

fying the need to annotate digital documents the same way, the so-called annotation systems capitalize on the

ever-astonishing capabilities of networked modern computers in order to improve users’ experiences. One signi-

ficant feature allowing the creation of “discussion thread” consists in enabling worldwide readers to annotate and

discuss in context any part of digital documents. This paper introduced a model for “collective annotations,” i.e.

annotations along with discussion threads. On the basis of this model, we proposed three algorithms aiming to

compute the “social validity” of a collective annotation. This value corresponds to the global opinion of the group

that took part in the associated discussion. We underlined how effective the social validation process may be, re-

garding prominent IS such as annotation systems, decision support systems, information retrieval systems, and

collaborative writing platforms. In order to evaluate the proposed social validation algorithms, we defined a natu-

ral experiment, i.e. on the field as opposed to a laboratory experiment under the supervision of experimenters. Its

purpose is to compare the results of the algorithms with the human perception of consensus in argumentative de-

bates, hence the recourse to participants. Due to the reported lack of suitable debate corpus, we had to constitute

one 13 from various academic resources. Following a call for participation we sent on international mailing-lists,

181 worldwide people registered with the online experiment we set up, 121 of whom effectively contributed their

13������������	���
	�������������������������	��
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evaluations. The analysis of these evaluations, thanks to both statistical and user-centered indicators, shows that

the three algorithms perform similarly. They approximate human perception up to 84% of the cases. Nevertheless,

it is worth noting that two of the algorithms are much better than the other one, regarding execution times.

Many perspectives may be explored in order to extend and improve the social validation process. Firstly, the pro-

posed algorithms evaluate the debates in a democratic way. Indeed, each argument is equally considered, which

makes our approach subject to the “tyranny of the majority” issue. Although being accurate for specific contexts

such as participative democracy and e-government, this characteristic is certainly not suitable for all contexts. Re-

garding corporate decision support systems for instance, each analyst has specific abilities and roles which matter

when it comes to making a decision, e.g. a supervisor’s decision may overcome his subordinates’ ones. This kind

of reasoning may be taken into account when computing the social validity of an argument in corporate contexts.

Another perspective refers to providing a personalized social validation process. Indeed, the readers’ preferences

are not considered to date. However, individuals prove to better trust some people than others—especially regar-

ding their annotations (Marshall, 1998)— and prove not to question the ones they call experts, etc. Such require-

ments may imply modeling users’ evolving preferences from the adequate social networks, in order to adapt the

social validation process consequently.
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