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ABSTRACT 
 
In this work, we propose methods for automated detection of social structure from 
transcripts of conversations. There are two kinds of social structure that we focus 
on: (1) Identifying small groups of people who have close cooperation (2) 
Detecting high status individuals within a group. We tested our methods on 
transcripts of the HBO television show, “The Wire.”Our methods were effective 
with an accuracy of more than 80%. 
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INTRODUCTION 
 
The last several decades have seen a substantial increase in 
public electronic communication such as opinion forums, 
chat groups, and social networks. These methods allow 
people with different customs, cultures, and locations to 
virtually interact and cooperate much more easily than they 
could before. But there is also greater potential for 
malicious individuals to coordinate nefarious plots by these 
very same means. Hence there is a need to understand the 
social structure in online communities in order to detect or 
disrupt any malicious activities. Of course due to the 
massive amounts of data generated, it is impossible to 
manually analyze this information, so automated methods 
are the only viable approach. 

One of the active areas of research in this direction is 
identifying members of a subgroup using written 
conversations. The idea is to identify members of a 
community who have similar ways of thinking or have the 
same affiliation and who may be cooperating with each 
other. Yessenalina et al. (2010) propose a methodology that 
classifies the speakers in a corpus of congressional floor 
debates, using the speakers final vote on the bill to give a 
labelling. This work infers agreement between speakers 
based on cases where one speaker mentions another by 
name, and a simple algorithm for determining the polarity 
of the sentence in which the mention occurs.  Brdiczka et al. 
(2006) address the problem of segmenting small group 
meetings in order to detect different group configurations 
in an intelligent environment. They propose an 
unsupervised method based on the calculation of the Jeffrey 

divergence between histograms of speech activity 
observations. These histograms are generated from 
adjacent windows of variable size slid from the beginning 
to the end of a meeting. Elson et al. (2010) present a 
method for detecting social networks from nineteenth-
century British novels and serials. They link two characters 
based on whether they engage in conversation.  

Tan et al. (2011) present a method that detects groups on 
Twitter with the same affiliation. To do this, they use the 
assumption that connected users are more likely to hold 
similar opinions. Finally, the discussants are classified in 
groups based on how often they reply to each other. 
Kunegis et al. (2009) study user relationships on Slashdot 
(the technology website). Slashdot gives users the option of 
tagging other users as friends or foes, providing positive 
and negative endorsements. Abu-Jbara et al. (2012) 
identified subgroups in ideological discussions. To do this, 
they identified the discussion participants, comments, and 
the reply structure of the thread (i.e. who replies to whom). 
Then, sentiment analysis is used to determine the polarity 
of the comment (positive or negative) made by a particular 
participant. Finally, to identify the subgroup membership of 
each discussant, they use the fact that the attitude profiles 
of discussants who share the same opinion are more likely 
to be similar to each other than the attitude profiles of 
discussants with opposing opinions. Hassan et al. (2012) 
take into consideration the posts exchanged between 
participants and sentiment analysis to build a signed 
network representation of the discussion. After building the  
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signed network representation, the large group is split into 
many subgroups with coherent opinions.  

Another important problem is identifying the hierarchy 
of the members of a particular subgroup. The hierarchy of a 
group is important because it allows us to determine the 
most influential members of a group as well as the role and 
importance of each member in a group. Rienks (2007) 
discusses a method for detecting influencers in a corpus of 
conversations. He focuses entirely on non-linguistic 
behavior and looks at (verbal) interruptions and topic 
initiations. Brdiczka et al. (2012) presents a method to 
decide for each participant in a thread whether or not he or 
she is influence in that particular thread, this approach 
relies on identification of three types of conversational 
behavior: persuasion, agreement/disagreement, and dialog 
patterns. In the same way, Clauset et al. (2006) used 
Markov Chain Monte Carlo sampling to estimate the 
hierarchical structure in a network. Gupte et al. (2011) 
propose a measure of hierarchy in a directed online social 
network, and give an algorithm to compute this measure. 

Concretely, we used 3 episodes of season one, and 7 
episodes of season two. The series was set and produced in 
and around Baltimore, Maryland. It introduces two major 
groups of characters: the Baltimore police department and 
a drug dealing organization run by the Barksdale family. 
 
 
APPROACH 
 
We give two algorithms: 
 
(1). Identification of subgroups within a larger group 
(2). Discovery of hierarchy within a group 
 
 
 Identification of large subgroups using parts of speech 
 
Our basic approach is to compute a histogram of the usage 
of Parts-of- Speech (POS) for each speaker. To do this, we 
use the Stanford Log-linear Part-Of-Speech Tagger 
developed by Kristina Toutanova for syntax analysis. This 
gives us a vector of 37 features—the number parts of 
speech recognized by out tagger. Each position of the vector 
represents the number of times that a person uses that 
particular POS element.  

Figure 1 shows the representation of each person in the 
subgroup of people. Then we use a clustering algorithm to 
cluster similar vectors together. For our experiments we 
used K-means which meant we specified the number of 
clusters we wanted to be output. 
 
 

Identification of smaller subgroups using vocabulary 
 
The approach that we found worked best for identifying 
small subgroups, the approach was to compare the 
vocabulary used by the speakers. We construct a vector for 

 
 
 
each speaker that has a length equal to the total vocabulary 
used by all the speakers and each position corresponding to 
a word. The vector is binary so we only put a ‘1’ in position 
“i” of speaker X’s vector if speaker X uses the word 
represented by position i at some point in his speech. 
Figure 2 illustrates this approach.  
To measure the closeness of several vectors we simply add 
them up and divide by their dimension. We compute our 
similarity function D() in the following way: 
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Where N is thenumber of people in a subgroup and K is the 
dimensionality of the binary vector. D(.) takes a value from 
0 to K, where 0 means no relation among the N members, 
and K means a maximum relation.Finally, the values of the 
function D(.) for all the combinations of N persons are 
sorted in descending order to identify the combinations of 
individuals who have the tightest relations or highest 
similarity.  
 
 
Identification of hierarchy among the members of a 
particular subgroup 
 

To determine the existing hierarchy in a group of persons, 
we use the concept coordination which is based on the 
observation that when conversing, people unconsciously 
adapt to one another’s communicative behaviors. 
Additionally, power differentials in a conversation are 
revealed by how much one individual immediately echoes 
the linguistic style of the person they are responding to. 
That is, the individuals with less power in a conversation 
tend to adapt their linguistic style of those with higher rank. 
An example of coordination is shown in the following 
dialogue: 
 
Person A: AT what time does your store close? 
Person B: AT 5 o'clock. 
 
Coordination occurs in the previous conversation when “B” 
adapts the preposition “AT” to answer the question 
formulated by “A”. Based on the work of which we derive 
the coordination value by calculating two terms: the 
probability of person B using a marker in response to 
person A when person A uses the marker, and the 
probability of person B using a marker in response to 
person A. The mathematical expression of coordination is 
given by the following equation: 
 
C(B,A) = P(ɛm

u2->u1|ɛm
u1) - P(ɛm

u2->u1)       (2)   
 

The greater value of coordination, the more powerful a 
person is. We used the following discourse markers in our 
calculation: “I mean”, “you know”, “well”, “like”, “so”, and 
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Figure 1. Vector representation of each person who participates in 
a conversation 
 
 
 

 
 
Figure 2. Representation of each person in a subgroup using binary 
vectors. 

 
 
took the average coordination from all the markers as our 
measure of power. 

Moreover, it was also considered other linguistic 
strategies that are typically associated with power in 
conversation, for example, less powerful people tend to use 
more hedges, such as “sort of”, “kind of”. Additionally, these 
persons may use less profanity, which is often dubbed as 
“strong language.” Conversely, more powerful people 
formulate more questions, while less powerful are 
obligated to answer the questions. Also, more powerful 
people use deontic and epistemic modal verbs that require 
action: “must” and “have,” while less powerful use modal 
verbs that suggest action: “should”, “would” , “could.” 
Another characteristic is that more powerful people use 
informal address forms to address others, but are typically 
addressed in a more respectful/polite way. In the languages 
with “Tu/Vous” distinction (such as French), the more 
powerful use “Tu” to address others, while less powerful 
use “Vous” to address the more powerful. In English, this 
distinction can be manifested in a non-reciprocal use of the 
titles and first names: the powerful can address less 
powerful using their first names, while the less powerful 
use titles (Mr., Sir, Ma’am, etc) and last names to address 
those in power. 

These seven characteristics, i.e., average value of 
coordination, number of formulated questions, use of 
deontic and epistemic modal verbs, number of hedge, use of 
profanity, and number of terms of address (Mr, Miss, Sir, 
Ma’am), are used to create seven lists to sort in descending 
order all the participants in a conversation. Then, we  

 
 
 
calculated each person’s average ranking on each 
characteristic in order to create an overall ranking. 
 
 
RESULTS AND DISCUSSION 
 
We tested this method on data collected from episodes of 
the HBO television show, “The Wire.”Concretely, we used 3 
episodes from season one and 7 episodes from season two. 
There are two major groups of characters: the Baltimore 
police department and a drug dealing organization run by 
the Barksdale family. 

We only consider characters who had a substantial 
number of utterances as shown in the Table 1. Red 
indicates characters with criminal affiliations while green 
indicates non-criminal characters. These 24 characters 
made more then 90% of the comments on the show out of 
the 251 characters who had at least one line of dialogue in 
these 10 episodes. 

Table 2 shows the results of clustering the characters into 
2 groups based on Parts of Speech. 

The first group consists mainly of police officers with the 
only character classified in this group who is not a police 
officer is Mr. Sobotka. During the TV show, he makes 
arrangements with European gangsters to smuggle illegal 
goods through Baltimore’s port. The second group consists 
mostly of persons involved with criminal activities, i.e., drug 
dealers, smugglers, etc. However, a total of 4 characters 
who are police officers were misclassified in the second 
group. The confusion matrix is shown in Table 3. 

The confusion matrix shows that the proposed 
methodology has an accuracy of 91.7% for the first class 
and 69.2% for the second class. Moreover, the overall 
accuracy is 80%. On the other hand, the results show a 
reliability of 73.3 and 90.0% for the first and second class 
respectively. This indicates that this method is effective in 
distinguishing between these two major groups of 
characters purely based on their used of different parts of 
speech.  

On the other hand, the results showing the five closest 
pairs in each of the two detected subgroups are shown in 
Table 4. 

These results were obtained by the methodology 
described earlier. This methodology allows us to identify 
the closest relations among members of small 
homogeneous subgroups. For example in Table 4, the most 
significant relation in the first detected group is the one 
between Mr. McNulty and Mr. Bunk, two detectives who are 
close friends and partners in the Baltimore Police 
Department. On the other hand, the closest relation in the 
second class detected the familiar link between Nick and 
Ziggy who are cousins. Nick often has to keep his cousin out 
of trouble, to whom he shows considerable patience. 
However, Nick is much more cautious and level-headed 
than Ziggy. Other important relations shown in Table 4 are 
the ones between Mr. McNulty with his fellow police 

http://en.wikipedia.org/wiki/Baltimore_Police_Department
http://en.wikipedia.org/wiki/Baltimore_Police_Department
http://en.wikipedia.org/wiki/Baltimore_Police_Department
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Table 1. Characters by number of utterances. 
 

Members Affiliation # of comments 

McNULTY Police Officer 373 

BUNK Police Officer 238 

NICK Involved in Criminals Activities 228 

SOBOTKA Involved in Criminals Activities 191 

FREAMON Police Officer 175 

STRINGER Top Drug Dealer 164 

DANIELS Police Officer 148 

ZIGGY Involved in Criminals Activities 146 

AVON Top Drug Dealer 126 

RUSSELL Port Authority Officer 120 

GREGGS Police Officer 114 

DEE Drug Dealer 92 

OMAR Involved in Criminals Activities 82 

CARVER Police Officer 77 

VALCHEK Police Commander 70 

HERC Police Officer 56 

PREZ Police Officer 53 

SPIROS Involved in Criminals Activities 52 

LANDSMAN Police Officer 50 

ELENA Police Officer 50 

BODIE Drug Dealer 49 

LEVY Attorney 47 

PEARLMAN leading Assistant State's Attorney 44 

RAWLS Police Officer 41 

HORSEFACE Involved in Criminals Activities 40 

 
 

Table 2. classification of the selected members of a 
conversation into two groups. 
 

First Group Second Group 

'McNULTY' 'NICK' 

    'BUNK'     'STRINGER' 

'SOBOTKA'     'ZIGGY' 

    'FREAMON'     'AVON' 

    'DANIELS' 'GREGGS' 

    'RUSSELL' 'DEE' 

    'HERC' 

    'PREZ' 

    'OMAR' 

'CARVER' 

    'LANDSMAN' 'VALCHEK' 

    'LEVY' 'SPIROS' 

    'PEARLMAN' 'ELENA' 

    'RAWLS' 'BODIE' 

    'HORSEFACE' 

 
 

Table 3. Confusion Matrix for clustering by Parts of Speech. 
 

 First Class Second Class  

First Class 11 1 91.7% 

Second Class 4 9 69.2% 

 73.3% 90.0%  

Table 4. Closest relation of two persons. 
 

Rank First Class Second Class 

1 'McNULTY'    'BUNK' 'NICK'        'ZIGGY' 

2 'McNULTY'    'SOBOTKA' 
'NICK'        

'STRINGER' 

3 'McNULTY'    'FREAMON' 
'STRINGER'    

'AVON' 

4 'McNULTY'    'DANIELS' 'NICK'        'AVON' 

5 'BUNK'       'SOBOTKA' 'NICK'        'DEE' 

 

officers, Freamon and Daniels. Likewise, among the 
identified relations in the second group is the one between 
Avon and his childhood friend Stringer. Avon runs a 
criminal organization located in West Baltimore with total 
autonomy, and he is assisted by Stringer who is responsible 
for the economics of the criminal organization as Avon's 
second-in-command. 

In order to identify the hierarchy, we analyze three 
distinct groups of people present in The Wire. These are, 
the police officers, and two criminal organizations. One of 
the criminal groups is the Barksdale organization which is 
led by Avon Barksdale and Stringer Bell. The other criminal 
group is the Sobotka family headed by Frank Sobotka, a 
treasurer for the local union at the Baltimore docks who is 
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Table 5. Hierarchies of the three existing groups. 
 

Police Officers 
Barksdale organization 

(Criminals) 
Sobotka family (Docks) 

1.Daniels (Deputy Commissioner) 

2.Freamon (Detective) 

3.McNulty (Detective) 

4.Bunk (Detective)  

5.Greggs (Detective) 

6.Carver (Detective)  

7.Russell (Port Authority Police Officer) 

 

1.Avon (Kingpin) 

2.Stringer (Kingpin) 

3.Bey (Soldier)  

4.D’angelo (Dealer) 

5.Bodie (Dealer) 

6.Poot (Dealer) 

1.Sobotka (Head of the family)  

2.Nick(Sobotka’s Nephew) 

3.Ziggy (Sobotka’s Son) 

 
 
 

Table 6. Computed ranking of Season 
2 of The Wire by using coordination. 
 

Police Criminals Docks 

Freamon Avon  Ziggy 

Daniels Stringer Sobotka 

McNulty D’angelo Nick 

Bunk Bodie  

Russell Bey  

Carver Poot  

Greggs   
 

 
 
Table 7. Computed ranking of Season 
2 of The Wire by using asked 
question. 
 

Police Criminals Docks 

Russell Bey Ziggy 

McNulty Bodie Nick 

Bunk Avon Sobotka 

Freamon D’angelo  

Greggs Stringer  

Daniels Poot  

Carver   

 
 
 

Table 8. Computed ranking of Season 
2 of The Wire by using Deontic Modal 
Verbs. 
 

Police Criminals Docks 

Russell Stringer Sobotka 

McNulty Bey Ziggy 

Daniels D’angelo Nick 

Freamon Avon  

Bunk Bodie  

Carver Poot  

Greggs   

also involved along with his family in smuggling illegal 
goods through the port. Thus, the Sobotka family not only 
has extensive connections to the Baltimore port, but also 
links to the criminal underworld. The hierarchies of the 
main members that constitute the three existing groups are 
shown in Table 5. 

Table 5 shows the main members of the distinct. 
Additionally, the heads of each organization are highlighted 
in green color; in the same way, the mid-level and low-level 
members are colored in yellow and red respectively. To 
automatically detect the social hierarchy we use the 
methodology described earlier that takes into account the 
following features: average value of coordination, number 
of formulated questions, use of modal verbs, number of 
hedges, use of profanity, and number of terms of address. In 
order to determine the quality of our ranking we calculate 
the squared difference of our ranking and the actual 
ranking as shown in Table 5 using the Spearman ranking 
correlation. 
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Where, n, is the number of members of the group being 
analyzed and the parameters Rk and Ek are the actual 
ranking and the computed ranking respectively. The 
parameter e, called ranking error, takes values that range 
from 0 to 1, where a value of 0 means no error in the 
ranking, and a value of 1 is the maximum error. 

Tables 6 to 12 show the Computed rankings for each one 
of the seven implemented strategies. Additionally, Table 13 
shows the overall ranking of the members in the three 
existing groups after averaging the positions of each 
member from Tables 6 to 12. The ranking errors registered 
for the seven implemented strategies and the overall 
ranking are shown in Table 14. 

The results in Table 14 show that the use of deontic 
modal verbs and co-ordination give the lowest errors in the 
hierarchy of the three existing groups of persons in the 
dataset. In contrast, the use of terms of address and number 
of asked question give the poorest results. On the other



Academia Journal of Scientific Research; Ramirez et al.       006
 
 
 

Table 9. Computed ranking of Season 
2 of The Wire by using Epistemic 
Modal Verbs. 
 

Police Criminals Docks 

Greggs Poot Nick 

Bunk Stringer Ziggy 

Freamon Avon Sobotka 

McNulty Bodie  

Carver D’angelo  

Russell Bey  

Daniels   

 
 
 

Table 10. Computed ranking of Season 
2 of The Wire by using Hedges.  
 

Police Criminals Docks 

Russell Bodie Nick 

Greggs D’angelo Sobotka 

McNulty Bey Ziggy 

Daniels Poot  

Bunk Stringer  

Freamon Avon  

Carver   

 

 

Table 11. Computed ranking of Season 2 

of The Wire based on use of profanity. 
 

Police Criminals Docks 

Bunk Bey Ziggy 

Carver Poot Sobotka 

Freamon  Bodie Nick 

McNulty Avon  

Greggs D’angelo  

Daniels Stringer  

Russell   

 
 
 

Table 12. Computed ranking of Season 2 
of The Wire by using the terms of address. 
 

Police Criminals Docks 

Greggs Poot Nick 

Daniels Bey Ziggy 

McNulty D’angelo Sobotka 

Russell Bodie  

Bunk Avon  

Freamon Stringer  

Carver   

 
 
 

Table 13. Overall computed ranking of 
Season 2 of The Wire. 
 

Police Criminals 

Hierarch
y 

Docks 

Freamon Avon Ziggy 

Daniels Stringer Sobotka 

McNulty Bodie Nick 

Bunk D’angelo  

Russell Bey  

Carver Poot  

Greggs   

 
 
hand, the overall ranking achieved by averaging the 
positions from the seven strategies (Tables 6-12) gives the 
third lowest error. Additionally, the hierarchy obtained by 
the overall ranking registered in Table 13 shows that the 
heads of the criminal organization run by the Barksdale 
family were successfully identified. Also, the hierarchy of 
the police officer presents a low error and good results. On 
the other hand, the high error obtained for identifying the 
hierarchy of the Sobotka organization (Docks) using the 
overall ranking strategy is because of the small number of 
members that constitute this organization(three in total), 
and so even just one mistake in the classification 
considerably increases the total error. 
 
 

Conclusions and future work 
 

We present a new methodology that detects influential 
members in a group of people, gathers the influential 
people in subgroups whose members have the same 
affiliation, identifies close relations among the influential 
members in each subgroup, and ranks the members of each 
subgroup according to their level of importance in it. The 
proposed methodology was tested on a dataset collected 
from episodes of the HBO television show, The Wire. The 
results show that the most important leaders of the 
criminal organizations and the police department in the 
dataset were successfully identified as influential members. 
Additionally, the influential members were grouped in two 
subgroups associated with the same number of 
organizations (criminals and police officers) in the dataset 
with an accuracy of the 80%. Also, close relations between 
the first and the second in-command of the criminal 
organization were identified as well as the relation of two 
members that belong to the same family. Finally, the 
hierarchy of the members of each subgroup was obtained 
with an error of 36% using a strategy that averages the 
results of seven independent methods. As future work, we 
need to identify the dialogue who talks to whom, and then 
incorporate this information into each one of the proposed 
methodologies. Also, we plan to explore other clustering 
methods. 
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Table 14. Errors Computed by the hierarchy methodology. 
 

Strategy Coordination Questions 
Deontic 

Modal Verbs 
Epistemic 

Modal Verbs 
Hedges Profanity 

Terms of 
address 

Overall 
ranking 

Error 

Police 0.089 0.607 0.536 0.536 0.643 0.464 0.393 0.089 

Criminals 0.157 0.45 0.171 0.443 0.829 0.371 0.857 0.229 

Docks 0.75 1 0.25 0.625 0.25 0.75 0.75 0.75 

Average Error 0.332 0.687 0.319 0.535 0.574 0.528 0.667 0.355 
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