
A Motif Approach for Identifying Pursuits of Power
in Social Discourse

David B. Bracewell, Marc Tomlinson, and Hui Wang
Language Computer Corporation

Richardson, Texas 75080

Email:{david,marc,hui}@languagecomputer.com

Abstract—In this paper, we investigate whether the social
goals of an individual’s utterances can be recognized through
analysis of a discourse’s intentional structure. Specifically we
focus on identifying individuals pursuing power within a group.
Individuals pursue power in order to increase their control of
the actions and goals of the group. Following work in discourse
processing we decompose the problem into identifying the social
intention of the discourse segments and the intentional structure
of the overall discourse. The set of social intentions come from
eight psychologically-motivated social acts. We then build a
motif-based representation of the discourse’s social intentional
structure that captures the interactions of the intentions between
discourse participants. Finally we show how these structures can
be used to identify the social goal of pursuit of power. Our best
results achieve an accuracy of 84.2% for predicting pursuit of
power in discussions communicated in English and 80.6% for
discussions communicated in Chinese.

I. INTRODUCTION

Understanding discourse in the modern world of social

media presents a plethora of new challenges. One central

challenge for the community is advancing our understanding of

the semantics and pragmatics of social media. Communication

over social media often has more to do with the social

implications of the utterance than its content. However, current

computational approaches to understanding the semantics and

pragmatics of discourse focus only on identifying the actions

of individuals towards the dialogue through dialogue acts [1],

[2], and examination of the information content of the dialogue

through topical analysis [3], [4]. Instead, in this paper we

focus on identifying the social pragmatics of a discourse and

present a computational model of the social goals of discourse

participants. In particular, we focus on identifying individuals

that are pursuing power within an online community.
As in the many discourse theories that converged on the

importance of discourse cues for parsing the discourse struc-

ture of dialogues [5], [6], we claim that knowledge about social

cues and their expression in language is central for recognizing

social acts in communication and intentions in discourse. Re-

cent advances in syntactic, semantic, and discourse processing

allow us to contemplate the automatic processing of socio-

linguistic-driven properties by identifying the language uses

that capture the manifestations of social acts within discourse

segments. As in other textual inference tasks, e.g. textual

entailment [7] and conversation entailment [8], there are a

variety of syntactic and semantic constructs that are helpful

in recognizing the social implications of a dialogue.

We base our system for identifying pursuits of power on

the seminal work of Grosz and Sidner [6], who introduce

three structural components: linguistic structure, intentional
structure, and attentional state. The linguistic structure en-

compasses how utterances combine together to form larger

segments of discourse. The intentional structure is defined as

having a single overarching motivation for the discourse and

smaller sub-components which define the purpose of each of

the discourse segments. Finally, the attentional structure is a

property of the discourse itself, not of its participants, and it

acts to keep track of the current focus of the participants in

the discourse.

For discourse taking place over social media, we must focus

on the social intentions of the discourse participants. We iden-

tify linguistic structure based on topic shifts [9]. Each topic

in the discourse becomes a discourse segment. We posit that

the central focus of any discourse segment, i.e. the attentional

state, is the most salient individual pursuing power. For the

intentional structure, we turn our focus from the intentions

of the discourse to the social intentions of the participants in

order to understand their social goals. Therefore, we introduce

the concept of social intentions and social intentional structure.

The social intentional structure of discourse is defined

over the interactions between the initiating conversational

participant (ICP), the person whom we are ascertaining is

pursuing or not pursuing power, and the other conversational

participants (OCP). The social intentions of each discourse

segment are represented using social acts. Social acts capture

the socio-cognitive processes that act on individuals during

communication. We define a set of eight social acts, which are

drawn from literature in the fields of psychology and organiza-

tional behavior. Social acts are captured using a combination

of lexical, grammatical, and semantic cues as well as n-gram

models.

Using social acts, we define the intentional structure of

discourse as motifs, which are patterns of interactions (social

acts) between the initiating conversational participant (ICP)

and the other conversational participants (OCP). In order to

capture motifs, discourses are first transformed into sequences

of social acts. Motifs are then learned over the sequences of

social act using a generative model.

In this contribution we show that individuals with similar

social goals (pursuit of power) exhibit similar motifs over the

intentional structure of their discourse. The similarity of the
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motifs allows for predicting whether or not an individual is or

is not pursuing power. We show the validity of this approach

for discourses communicated in English and Chinese.

II. RELATED WORK

Related work can be found in a variety of fields. Work

in the area of social relationship extraction can be divided

into several areas. The field of socio-linguistics boasts well-

established studies of interpersonal relationships. For example,

[10] present a thorough linguistic analysis of casual conversa-

tions that covers topics such as humor, attitude, friendliness,

and gossip. This is accomplished through a comprehensive

expert analysis of the dialogue at multiple levels. However,

research using Natural Language Processing to automatically

identify social relationships in text is still in its infancy.

Strzalkowski et al (2010) break down social phenomena into

mid-level social language uses [11]. They focus on the use

of discourse features (e.g. topic control) to identify language

uses that might be indicative of some social constructs. In

contrast, we focus on identifying multiple types of social

acts in combination with a dynamic model of discourse for

predicting pursuits of power.

Similar work is presented in Bracewell et al (2011). They

identify a set of social actions for identifying collegiality

between individuals [12]. Additionally, Tomlinson et al. (2012)

introduce a set of 10 social acts pertaining to pursuit of power

in Arabic [13]. In this work we extend and refine the defi-

nitions for the social acts and demonstrate their effectiveness

for predicting the social role of pursuing power in English and

Chinese.

Alternatively, network-based approaches have also been

gaining popularity in the areas of social roles, events, and

groups. Roles, events, and groups can influence and constrain

the interpersonal relationships between individuals. Agarwal

and Rambow (2010) look at extracting two types of social

events in text: interaction and observation. These events are

then used in extracting social network models from text [14].

They use Support Vector Machines with tree kernels based on

phrase structure and dependency trees.

Social roles may influence interpersonal relationships; thus,

Brendel and Krawczyk use the relations of people in their

social network to determine their roles [15]. Similarly, Fisher

et al. (2006) examine social networks from Usenet newsgroups

[16]. They find that the type of newsgroup determines the type

of relationships and roles.

Non-verbal features have been used for identifying relation-

ships and social roles in face-to-face interactions. Zancanaro

et al. (2006) examine the identification of social roles in

face-to-face interactions [17]. They use visual and auditory

information from scenes to train a model to detect and classify

the social roles that are present. Gatica-Perez (2009) offers

non-verbal analysis of dominance in group situations [18].

Work has also been conducted to identify the relative status

of individuals through automated analysis of their language.

Bramsen et al. (2011) look for the presence of upspeak
(speech directed towards individuals of higher status) and

downspeak (speech directed towards individuals of lower

status) within the Enron email corpus using an n-gram based

approach combined with human-engineered features [19].

They achieve an accuracy of 78.1% for detecting the relative

status difference between individuals. In contrast to identifying

a static social relationship between individuals, we look at

detecting an individual’s intentions to manipulate an existing

social relationship.

Related work in social and organizational psychology has a

long history of examining why people acquire power and what

it means to be powerful. Generally it is thought that individuals

have a basic need for power [20] and that this is derived

from a desire for agency, allowing individuals control over

their own actions [21]. Realizations of that power come in two

main types, formal power (power given to an individual by an

authority) and informal power (power based on an individual’s

characteristics, e.g. expertise and skills [22].

There is a long history of work in discourse understanding

that focuses on understanding the pragmatics of the discourse.

More recent work has focused on inferring information, such

as conversational intent, about the discourse participants.

Zhang and Chai (2010) introduce conversation entailment,

which is designed to answer a variety of hypotheses about

dialogue participants [8]. The hypotheses can be about factual

information, beliefs and opinions, desires, or communicative

intentions.

Boella et al. [23] examine how social goals, namely individ-

uals’ motivation to take reputation into account, explain how

dialogue progresses in non-cooperative settings. However, in

the world of social media where anonymity is easily provided,

taking the reputation of others into account is often not a goal

of individuals. That is why we instead focus on the social

intentions of the discourse participants. We posit that it is

the social intentions of the participants that keep the dialogue

moving.

Other work has focused on the coherence of discourse [24],

[25], [5], [26]. Mann and Thompson introduce Rhetorical

Structure Theory (RST), which was originally developed dur-

ing the study of automatic text generation [26]. They posit

that the coherence of a text is attributed to the rhetorical

relations between non-overlapping texts called the nucleus and

satellite. The definition of the relations are not morphological

or syntactic, but instead are focused on function and semantics.

III. A SOCIAL DISCOURSE MODEL FOR AN INDIVIDUAL

PURSUING POWER

Power is exhibited in many forms, through physical intim-

idation, wealth (money, physical resources, or knowledge), or

position within a hierarchy. There are variety of methods to

pursue power, which are often determined by cultural norms.

Moreover, because of the shear variety of methods to pursue

power, it is difficult to develop a robust cross-domain text-

based recognition approach to identify those whom are in

pursuit. Instead, we focus on detecting differences in the way

people use language when they are attempting to pursue power.
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Agreement Statements that a group member makes to indicate that they shares the same view about something another
member has said or done.

Challenge Credibility Attempts to discredit or raise doubt about another group members qualifications or abilities.
Disagreement Statements a group member makes to indicate that they does not share the same view about something another

member has said or done.
Disrespect Statements that a group member makes to insult another member of the group.

Establish Credibility Statements that a speaker makes to demonstrate their knowledge or personal experience in order to make them
look better in the eyes of the group.

Leadership Avoidance Attempts to avoid being in a position of control over the group.
Managerial Influence Statements that a speaker makes to control the discussion with the goal of increasing sway over the group.

Solidarity Statements that a group member makes to strengthen the groups sense of community and unity.

Fig. 1: The set of eight social acts that capture social moves by individuals in power or seeking power.

We look to mimic human understanding of power and follow

the non-conscious cues provided within a dialogue.

A. Social Acts and Intentions

Social acts signal the dialogue participants’ social intentions

for a discourse segment. The set of eight acts, presented in

Table 1, have been derived from work in psychology on power,

status, and leadership [27], [22], [28], [29], [30].

1) Agreement & Disagreement: Agreement can act as an

affordance to an individual or as a means to establish solidarity

between individuals. Likewise disagreement can act as a way

of undermining or challenging credibility. However, because of

the special status of agreement and disagreement we consider

them as two separate social acts.

Agreement can be manifested through simple phrases, such

as “I agree”, through negations of disagreement, such as “I

am not disagreeing with you”, and through more complex

phrases, such as “What Adam says is in principle correct.”

Similarly, disagreement is manifested through simple “I dis-

agree” phrases as well as negations of agreement, such as “I

definitely do not agree with what you said.”

2) Challenge Credibility: Challenging credibility can be

used by an individual to lower the status of other group

members [29]. These challenges can be in demands to prove

credibility, such as “prove your lies” and aggressive accusing

questions, such as ”what does that have to do with what we are

talking about?”. Challenging credibility can also occur through

gossip, such as “X doesn’t know what he is talking about”.

This tactic can be used by group members to moderate the

power of a leader who has overstepped their boundaries [28].

3) Disrespect: Disrespected individuals often feel they have

been unjustly treated due to the disrespectful action, causing a

social imbalance between them and the perpetrator (Miller,

2001). This social imbalance causes a power differential

between the two individuals, thus giving the perpetrator power

over the individual. Examples of disrespect include “You are a

gigantic hypocrite you know that?” and “Do you speak English

well?”

4) Establish Credibility: Establishing credibility reflects

an attempt by an individual to demonstrate their credibility

and fitness for leadership [28]. Evidence for establishment of

credibility manifests itself in many different ways. The most

common in our data set is an explicit mention of the indi-

viduals credentials, such as “I am a physicist”. Alternatively

a person can demonstrate their credibility by providing the

group with cited information, such as “Article 10.5 paragraph 3

says...”. Finally an individual can justify their opinion through

the use of logic or citation of personally relevant anecdotes.
5) Leadership avoidance: Individuals may make attempts

to avoid leadership (power) that others wish to bestow upon

them, for example turning down a promotion. The act of

avoidance by an individual is considered a negative sign that

the individual is pursing power. We identify explicit comments

by an individual to avoid making decisions, such as “I think

I will have to decline“. However, avoidance can also signal

defiance and can also be a positive indicator of pursuit of

power.
6) Managerial Influence: Managerial influence is used by

individuals to signal that they are a leader. Examples of

managerial influence include “Can we focus the discussion”

and “Are we still trying to find out where the scholarly

consensus is on the matter of Lukan authorship?”
Figure 4 has a number of examples of managerial influence,

such as A proposing to move the page and B giving factual

reasons why “Military of East Timor” is an incorrect name for

the page.
7) Solidarity: Further, language indicative of a desire for

group solidarity encapsulates the establishment and mainte-

nance of shared group membership. Group membership can

be expressed at either the relational level (e.g. Father, co-

worker, etc.) or the collective level (e.g. single mothers)

[31]. Language indicative of a desire for group solidarity

demonstrates that an individual identifies with the group, an

important characteristic of leaders [28] and cooperators [32].

This solidarity can be expressed explicitly (e.g. “We’re all in

this together”), covertly (e.g. as through the use of inclusive

first-person pronouns), or through unconscious actions and

linguistic cues, such as the use of in-group jargon, certain

syntactic constructions, and mimicry.
8) Recognition of Social Acts: The social acts are recog-

nized using a combination of lexical, grammatical, and seman-

tic cues associated with each social act. The cues are hand-

coded using a template system that works on top of semantic

parsers built using PropBank, NomBank, and FrameNet. In

addition, a set of rules defined using a Packrat grammar [33]

are used for extracting social acts in Chinese. Finally, we

employ a gappy n-gram model, similar to the Motif model

presented in section IV in order to improve recall.
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“1. The blogs we used, especially famous people's 
blogs  implemented  real-name  authentication.
[Establish Credibility]”
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“2. Some comments in wiki came from blogs, but it 
was forbidden to cite the blogs. It is more difficult 
to  confirm  the  sources  without  adding  the  blog 
address.[Establish Credibility]”
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“3.  It can be known that these contents represent 
certain  famous  person's  comment  without  the 
authentication  of  mass  media.  On  the  contrary 
there is no media monitoring these  blogs all  day 
long and reporting these posts.[Establish Credibility]”
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“Normally  it  is  considered  that  blogs  are  not 
second hand sources.[Disagreement] If you really want 
to use the comments in the blog, it is the best to 
use  the  articles  written  by  other  media  that 
reported  the  comments  in  these  blogs.[Managerial  
Influence]”

Fig. 2: Example discourse in Chinese.

In order to capture the social acts, we first need a corpus

with an ample amount of annotations. Our corpus for English

consists of 21,067 English sentences with 8,149 (38.7%) of

them having one or more social acts annotated. For Chinese,

our corpus consists of 24,339 sentences with 11,537 (47.4%)

of them having one or more social acts annotated. On average

each English sentence is assigned 1.02 social acts and each

Chinese sentence is assigned 1.77 social acts. Kappa values for

English annotations range from 0.18 for Managerial Influence

to 0.52 for Establish Solidarity. For Chinese, the Kappa

values range from 0.07 for Disagreement to 0.52 for Establish

Credibility.

The annotated corpus of social acts is split into 80% for

training and 20% for testing. The combination of rules and

gappy n-grams gives the best overall F-measure for classifica-

tion of social acts. Our best models obtain a 50.4% F-Measure

for English and a 52.1% F-Measure for Chinese. Figures 2

and 4 are example excerpts from Wikipedia Talk discussions

tagged with social acts in Chinese and English respectively.

B. The Intentional Structure of Discourse for an Individual
Pursuing Power

The intentional structure of a discourse reflects the goals of

the discourse participants. When the initiating conversational

participant is trying to increase their power their discourse

segments should reflect their intentions, likewise the other

conversational participants will either assist or hinder the ICP’s

efforts. An individual is pursuing power when they attempt

to gain control over the goals, actions, or rewards accorded

to themselves or others [22]. From our list of social acts

we create a model of the social actions individuals pursuing

power should utilize. As shown in Figure 3, we have identified

social acts that change an individual’s level of power within

a group. This list was designed to be culturally neutral and

define the basic building-blocks for pursuit of power. This

model is based on the reciprocal-influence model of power

developed by Keltner et al. [28].
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Fig. 3: Ladder model of the path to power. Social acts on the

left are directed towards the initial conversational participant

(ICP), while those on the right are made by the ICP towards

other participants

IV. A MOTIF MODEL FOR INFERRING PURSUIT OF POWER

FROM DISCOURSE

The previous section presented an idealized psychological

model of how status can shift due to the social implicatures

of discourse segments. However, the model does not account

for the interactions that can occur between the social acts. For

instance, Leadership Avoidance shown at the right time can

actually establish someone’s status through that individual’s

defiance of another individual in power. Thus it is critical

to model the pattern, or structure, of social acts that occur

between discourse participants if one is to understand their

intentions. Here we present a motif based model for auto-

matically learning to map social intentional structure onto an

individual’s social goals.

Motifs are widely used the fields of Bioinformatics and

Social Network Analysis. In Bioinformatics, a motif is a short

segment of DNA that acts as a binding site allowing other
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A) Propose that this page be moved to East Timor Defence Force as this
is the closest translation of Foras de Defesa de Timor Leste [Managerial
Influence]. I have worked in Timor Leste as a government advisor,
including with FDTL, and have never heard anybody ever refer to
the FDTL as Military of East Timor [Establish Credibility].

B) As I understand it, ’East Timor Defence Force’ is considered
outdated [Managerial Influence]. While it was commonly used when
the force was established, almost all english-language publications now
use ’F-FDTL’. [Managerial Influence] ’Military of East Timor’ is a generic
name, and I agree that it’s rarely used and not a great title. [Agreement]
I’d prefer ’Timor Leste Defence Force’ as this seems to be the direct
translation, but this would be inconsistent with the other Wikipedia
articles on the country. [Managerial Influence] Should we be bold and
move this article to ’Timor Leste Defence Force’? [Establish Solidarity]

(a) An excerpt of a conversational discourse communicated in English.

ICP=ManagerialInfluence ⇒ ICP=EstablishCredibility ⇒
OCP=ManagerialInfluence ⇒ OCP=ManagerialInfluence ⇒
OCP=Agreement ⇒ OCP=ManagerialInfluence ⇒ OCP=Solidarity

(b) The conversational discourse in (a) represented as a sequence of
social acts.

Fig. 4: Example of conversational discourse and its represen-

tation as a sequence of social acts.

molecules to bind to the DNA. In Social Network Analysis,

motifs are sub-graphs that appear more than normal in a

network. Motifs in social networks have been used to identify

social efforts, such as leadership and team bonding [34].

The building blocks of the motifs that define the social

intentional structure of a discourse are social acts. In particular,

motifs generate discourses which are made up of sequences

of social acts. A social act sequence is focused around a

single ICP and OCP who are interacting with the ICP. The

ICP is the individual whom we are determining is or is not

pursuing power. A social act sequence consists of the social

acts performed in the turns where the ICP is the speaker and

turns where OCPs are responding to the ICP. An example of

a social act sequence taken from a conversational discourse is

shown in figure 4.

The example excerpt, in Figure 4(a), contains two turns

in which the individuals are discussing a possible name

change for a Wikipedia article. The ICP, person A, begins

the conversation by employing Managerial Influence through

the proposal of moving the page and follows by Establish

Credibility through justifying the move. The group member,

or OCP, in the second turn further elaborates on the reasons for

the name change and shows Agreement and Solidarity toward

the ICP. The sequence of the social acts employed by these

two individuals is shown in Figure 4(b).

Motifs are represented as gappy patterns over social act

sequences, such as the one in Figure 4(b). They consist of

one or more social act between which a gap may exist. Gaps

match zero or more social acts regardless of type. Each gap

has an associated width, which is the maximum number of

social acts it can match. Gaps serve to generalize the motif,

by matching any social act, and facilitate the capture of long

range dependencies, by allowing zero or more social acts to

ICP=ManagerialInfluence ⇒ ICP=EstablishCredibility ⇒
OCP=ManagerialInfluence ⇒ OCP=ManagerialInfluence ⇒
OCP=Agreement ⇒ OCP=ManagerialInfluence ⇒ OCP=Solidarity

π(•) ICP=ManagerialInfluence [gap| 5] OCP=Solidarity
π(•) ICP=EstablishCredibility ICP=ManagerialInfluence
π(•) ICP=ManagerialInfluence [gap|1] ICP=ManagerialInfluence
π(•) OCP=Agreement

Fig. 5: Example of conversational discourse and its represen-

tation as a sequence of social acts.

be captured. An example motif is:

ICP=ManagerialInfluence [gap|5] OCP=Solidarity

The example motif consists of two social acts:

ICP=ManagerialInfluence and OCP=EstablishSolidarity.

The gap between the two social acts will match any

combination of zero to five social acts. The example motif

captures the social act sequence listed in Figure 4(b).

Identification of motifs is done through a model that gen-

erates social act sequences as a set of gappy patterns. The

model is based on the work done by Gimpel and Smith [35] for

machine translation. The present work differs from Gimpel and

Smith in that we treat the discovery of Motifs as a supervised

learning process by defining the probability of a motif as a

conditional over a multinomial. The gappy patterns are built

by assigning each social act in a sequence a color. Social acts

in the sequence assigned the same color become a pattern

with gaps added between social acts that are not adjacent in

the sequence. More formally, assuming we have a social act

sequence with n social acts, s1:n, we assign a color to each

of the social acts using a vector of color assignment variables

c1:n. A color Cj is represented as CJ = { i : ci = j} and

the pattern for a color is represented as π(Cj). An example of

color assignments, c1:n, and patterns π(Cj) for the example

social act sequence in Figure 4(b) is shown in figure 5.

The generative process works by sampling the following:

1) The number of social acts, n, in a social act sequence

as a Poisson distribution with parameter β.

2) The number of unique colors in a social act sequence

given a Uniform distribution.

3) The color ci for each social act si in the social act

sequence as a Uniform distribution.

4) The probability of the pattern associated with each color

Cj for sentences with label l as a conditional over a

Multinominal with parameter μ.

Thus, to generate patterns we must calculate the probability

of generating a social act sequence of length n, with m
colors, label l, and color assignments c1:n as

p(s1:n, c1:n,m|β, μ) =
1
Z (β

n

n! e
−β)( 1n )(

1
m )n

∏m
j=1 pμ(π(Cj) | l)

where Z is a normalization factor.

The multinomial distribution, pμ, is modeled using a Dirich-

let process. A Dirichlet process (DP) can be treated as a
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TABLE I: The breakdown of annotations between in-house and Mechanical Turk annotations.

English Chinese
No. Discourses No. Participants Pct. Agreement No. Discourses No. Participants Pct. Agreement

In-House 48 339 76.4% 275 2,806 85.6%

Mechanical Turk 139 1,000 67.5% 121 695 80.0%

Combined 149 1,096 69.5% 375 3,287 82.8%

probability distribution over random distributions. It facilitates

an unbounded set of parameters μ ∼ DP (α, P0), where α is

the concentration parameter and P0 is the base distribution.

The base distribution is made up of: (1) a Poisson distribution

with parameter υ over the number of social acts in the

sequence; (2) a uniform distribution for each social act; (3)

a uniform distribution over the number of gaps given the

number of social acts; and (4) a uniform distribution over the

arrangement of gaps given the number of gaps and social acts.

Collapsed Gibbs sampling is used to sample the posterior

distribution p({c(i),m(i)}Ki=1 | {s(i)}Ki=1, υ, α), where K is

the total number of social act sequences. The Gibbs sampler

makes repeated iterations. During each of the iterations it

samples a new color for each of the color assignments (ci).
A new color is assigned to ci by first removing the current

color and then choosing from either one of the other m colors

in the sentence or a creating a new color. The probability of

choosing a new color is proportional to:

Nπ({i})+αP0(π({i}) | l)
N+α

where Nπ({i}) is the count of pattern π over all social act

sequences with label l and N is the total count of all the

patterns. The probability of assigning an existing color j to ci
is proportional to:

Nπ(Cj∪{i})+αP0(π(Cj∪{i}) | l)
Nπ(Cj)

+αP0(π(Cj) | l)

where Cj ∪ {i} states that ci is being added to Cj .

Identification of pursuit of power using motifs is done using

logistic regression. Logistic regression is used to learn weights

for each motif which denote the importance of the motif in

identifying if an individual is in pursuit of power. Thus, an

individual is deemed as pursuing power in a discourse when

H(z) = 1, where H(z) is calculated as:

H(z) =

{
1, 1

1+e−z > 0.5

0, 1
1+e−z ≤ 0.5

where z =
∑m

i=1 wi ∗ φ(πi, wi:n) and φ returns 1 if pattern

πi is present in the social act sequence made up of social acts

s1:n.

V. DATA COLLECTION

Wikipedia is a social media success story. The site allows

anyone to edit its encyclopedic content that is used the world

over for resolving debates and informing science. Associated

with each Wikipedia content page is a WikiTalk page that al-

lows contributors to discuss modifications to the page. Because

of the influence of Wikipedia many contributors desire a high-

power role on the WikiTalk pages as this allows them control

over the site’s content and the goals and actions of other

contributors. In this paper we focus on identifying individuals

that are pursuing these roles inside of the Wikipedia talk

forums.

Annotation was performed by both in-house and Mechanical

Turk annotators. The in-house annotators went through exten-

sive training for identifying pursuit of power, which included

recognizing social acts in the discussions. In contrast, the

Mechanical Turk annotators were given a simple definition

of pursuit of power with no other training. The group of

English annotators consisted of 2 in-house and 93 Mechanical

Turkers. The group of Chinese annotators consisted of 2 in-

house and 37 Mechanical Turkers. Mechanical Turk annotators

had to pass a written qualifying test that judged their ability

to understand language and the definition of pursuit of power.

In total 149 discourses containing 1,069 discourse partic-

ipants in English and 375 discourses containing 3,287 dis-

course participants in Chinese were multiply annotated. Each

discourse participant was annotated by 2 to 7 annotators. We

say there is agreement when a super majority of the annotators

agree, where a super majority is defined as one minus the total

number of annotators for the annotation or all annotators when

there are only two annotators. The inter-annotator agreement

rates (calculated as percentage agreement) were 69.5% and

82.8% for English and Chinese respectively. The gold standard

corpus is created from the portion of the annotations with

agreement. The English portion of the corpus consists of 429

participants pursuing power and 314 participants not pursuing

power. The Chinese portion of the corpus consists of 1,386

participants pursing power and 1,334 not pursuing power.

VI. EXPERIMENTAL RESULTS

This section presents the experiments testing the effective-

ness of motifs for identifying pursuits of power in discourse.

Results are obtained by splitting the pursuit of power corpus,

described in section V, into 80% for training and 20% testing

per language. The motif model is compared to a baseline as

well as two other machine learning methods, which use the

social acts as features. The accuracy results are presented in

Table II.

The baseline method always answers the majority class,

which is “Pursuing Power” for both the English and Chinese

data. The baseline method has an accuracy of 58% for English

and 64.1% for Chinese as seen in Table II. In addition to

the simple baseline, we examine using two machine learning
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TABLE II: Accuracy results for inferring if an individual is or

is not pursuing power.

Model English Chinese

Baseline 58.0% 64.1%

Logistic Regression 67.1% 79.9%

SVM 71.5% 80.8%

Motif 84.2% 80.6%

ICP=Disagreement [gap|1] ICP=EstablishCredibility
ICP=ManagerialInfluence [gap|2] OCP=Disagreement

ICP=ChallengeCredibility [gap|4] ICP=ChallengeCredibility

(a) Motifs for discourses communicated in English.

ICP=ChallengeCredibility [gap|1] ICP=ManagerialInfluence
ICP=ManagerialInfluence [gap|5] OCP=Solidarity
ICP=ManagerialInfluence [gap|2] OCP=Disrespect

(b) Motifs for discourses communicated in Chinese.

Fig. 6: Examples of motifs discovered for individuals pursuing

power in discourses communicated in English and Chinese.

algorithms, logistic regression and support vector machines

(SVM). The features of these models consist of number of

times the ICP employed each of the social acts as well as

the number of times the OCP employed each of the social

acts. These models determine if an ICP is pursuing power by

looking at an aggregate of the social actions performed by

the ICP and by those responding to the OCP. Both methods,

logistic regression and support vector machines, perform better

than the baseline. SVMs slightly outperform logistic regression

by 4.4% and 0.9% respectively for English and Chinese. These

models do not capture the interaction between the ICP and

OCP, but are capable of still predicting an ICP’s pursuit of

power.

The results for the motif model shown in Table II have

a maximum gap width of 3, which was determine through

experimentation. The motif model outperforms the baseline for

identifying pursuits of power by 30.6% and 15.1% respectively

for English and Chinese. For discourse communicated in

English, the motif model has an increase in accuracy of

12.7% over the SVM. This indicates that the interactions

between the ICP and OCP provides valuable information

for determining pursuits of power in English communicated

discourses. However, in discourse communicated in Chinese

the motif model had an accuracy 0.2% below the SVM. This

suggests that pursuits of power in Chinese communicated

discourses are less about the interactions and more about the

sum of the actions. Examples of motifs that highly correlate to

pursuits of power for English and Chinese speaking discourse

are shown in figure 6.

VII. CONCLUSION

We have introduced a system for the identification of

pursuits of power in social discourse. The system focuses

on the social intentional structure of discourse. The social

intentions of individuals are captured using social acts, which

capture the socio-cognitive processes that individuals undergo

during communication. These social acts are chained together

to form the intentional structure using a motif model. The

motifs are built as patterns over the interactions between the

ICP for whom we are trying to ascertain is or is not pursuing

power and the OCP. We have shown that the motif model

of social intentional structure is able to accurately identify

pursuits of power with an accuracy of 84.2% and 80.6% in

English and Chinese respectively.
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