SNA Basics #6
Identifying Subgroups

Social scientists generally assume that “social interaction is the basis for solidarity, shared norms,
identity, and collective behavior, so people who interact intensively are likely to consider
themselves a social group.”" Thus, a major focus of social network analysis is to identify dense
clusters of actors “among whom there are relatively strong, direct, intense, and/or positive ties.””
subnetworks,” or “sub-clusters.” One

9 ¢

These are typically referred to as “cohesive subgroups,
way to cluster actors is based on shared attributes (e.g., race, gender, etc.). Another is to use the
pattern of ties among actors. That is the focus of this Lab. In an ideal world, there would be a
single algorithm for identifying cohesive subgroups, but this is not an ideal world, so social
network analysts have developed a variety of algorithms for identifying subnetworks. We won’t
consider all of them; there are simply too many. Instead, we will focus on just a few.

For this exercise, we’ll use a portion of the Chimeric Religious Terrorist Network (CRTN) that
appears in described in Chapter 3 of the book. Data were collected from 1989 to 2004 on a
religiously inspired terrorist group, but the researchers who originally gathered the data later
determined that the data were a poor reflection of reality, which is why we refer to it here (and in
the book) as the CRTN. It consists of 366 actors, who had preexisting ties before joining the
group, formed ties after joining the group, or participated in the same operations. Here we focus
on those who participated in the same operation.

Part I — Identifying Subgroups in UCINET and NetDraw

[NetDraw] 1. Open NetDraw and read the “CRTN-Shared Operations” into NetDraw. Since
File>Open>Ucinet dataset .
> Network there are a lot of actors, you’ll probably want to turn off the labels with the £

speed button or with the Properties>Nodes>Labels>Visible command. Both
Properties>Nodes>Labels

> Visible bring up a dialog box (not shown) where you can the appropriate boxes and hide

the labels. It will also be helpful to hide the isolates with the isolate speed button
(Ise).

2. We will begin by looking at components, which are subgroups that are connected
within but disconnected between subgroups. In directed networks, you can
identify two types of components: strong and weak. Strong components take into
account the direction of the ties, whereas weak components do not. With

Analysis>Components

undirected networks, you can only identify weak components, which means that
if you ask UCINET or Pajek to identify strong components in an undirected
network, you’ll get the same result that you would get if you asked them to
identify weak components. To identify components in NetDraw, use the
Analysis>Components command. NetDraw includes the helpful option of having

! Wouter de Nooy, Andrej Mrvar, and Vladimir Batagelj. 2005. Exploratory Social Network
Analysis with Pajek. Cambridge, UK: Cambridge University Press: 61.

2 Stanley Wasserman and Katherine Faust. 1994. Social Network Analysis: Methods and
Applications. Cambridge, UK: Cambridge University Press: 249.
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Analysis>K-Cores
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it identify components by color or shape. Choose one or the other. You should get
a network map that looks similar to Figure 1 where each color indicates a
different component. In many ways, the figure is not terribly illuminating.
However, you’ll note that there is one very large component (colored red in the
figure below); this is known as the largest or “main” component, and it can
sometimes be useful to extract the main component prior to conducting some
form of analysis. We cannot extract the largest component in NetDraw, but we
can in UCINET and Pajek.
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Figure 1: Component Analysis of the CRTN Shared Operations Network

Clique analysis is not always that useful because requiring everyone to have a tie
to everyone else in order for it to be considered a group is a very restrictive
definition of a group. Still, there are some useful aspects of clique analysis, which
we will touch on when we get to UCINET (NetDraw doesn’t have a clique
analysis function).

The & in k-core indicates the minimum number of ties of each actor within the
core, for instance, a 2-core includes all actors that have two or more connections
to other actors within the core, and a 3-core includes all actors that have three or
more ties to other actors within a core. It is important to note that a network’s
highest k-core does not necessarily correspond to the highest degree centrality
score obtained by an actor in the network. Rather, it is the subgroup in which
every actor shares the largest number of ties. This is perhaps illustrated easier
than explained. Imagine a network in which one actor has six ties but no one else
has more than four. The highest k-core would not be a 6-core because everyone
else in the subgroup would also need to have six ties. Most likely, it would a 4-
core. We can detect k-cores in NetDraw with its Analysis>K-Cores command,
which automatically colors the nodes by the different k-cores to which each node
belongs (see Figure 2). As you can see, it identifies more groups that the
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components command did. If you want to see what k-core each actor belongs to,
select the Transform>Node attribute editor command. If you scroll through,
you’ll discover that the highest k-core is a 32-core.
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Figure 2: K-Core Analysis of the CRTN Shared Operations Network

5. Now let’s consider another method for identifying subgroups: Girvan-Newman,’
which a “community detection” algorithm, which you can access with the
Analys.is>subgmups Analysis>Subgroups> Girvan-Newman command. This brings up a dialog box
>Girvan-Newman

asking you for the minimum and maximum number of subgroups you want
NetDraw to identify. Change NetDraw’s defaults so that the maximum number of
groups is 50 and click “Run.” This should produce a report that provides a series
of modularity scores (Q) associated with different levels of clustering where
higher score indicates a better fit. In this case, a partition of 18 or 19 subgroups

provides the best measure of fit (Q =.792).

6. There is an upper limit to modularity scores, which is a function of the number of
partitions (subgroups) the algorithm identifies — the fewer the number of
partitions, the lower the maximum modularity score. Specifically, modularity has

. 1
a maximum value of 1 — - where m equals the number of subgroups. An easy

way to calculate this is to multiply the modularity score by %:

(0.792 2 = 0.839) Vs. (0.792 x — = 0.836)

3 Mark Newman has developed several community-detection algorithms. ORA implements
both the Girvan-Newman and an additional Newman group algorithm. UCINET has recently
added a few new community detection algorithms, one developed by Newman, but some
developed by others.
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Thus, if you have the same score for two different partitions, the partition with
fewer subgroups will actually be a better fit than the partition with more
subgroups. This means that the partition containing 18 subgroups represents a
better fit than the partition that identifies 19. To visualize the 18-subgroup
partition, select the Properties>Nodes>Symbols> Color>Attribute-based
command, and then using the drop-down menu in the resulting dialog box (not
shown), select the appropriate partition (it should say something similar to this:
*ngPart_18 (Q=0.792). This should produce a network map similar to Figure 3.
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Figure 3: Girvan-Newman Analysis of the CRTN Shared Operations Network
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Figure 4: Collapsed CRTN Network by Girvan-Newman Subgroup

Next, let’s shrink (collapse) the network like we did in the second lab, except this
time we’ll use the Girvan-Newman partition as the attribute. Recall that attributes
are non-relational aspects of networks. They can be either pre-given (e.g., role,
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gender, nationality), or they can be generated by our analysis of a network.
Clustering algorithms, such as k-cores and community detection algorithms, sort
(i.e., partition) actors to various subgroups, and the subgroup “membership”
partition becomes an actor attribute.

To collapse the network based on the Girvan-Newman analysis, issue the
Transform>Collapse Nodes by attribute command, which will bring up a dialog
box. For an attribute select the partition that sorts the actors into 18 subgroups
(*ngPart 18 (Q=0.792), and then click OK. This should collapse the network into
18 groups (Figure 4, previous page). As you can see the subgroup of actors
labeled the G-1 group appears to be quite central to the CRTN network.

Let’s move to UCINET. We’ll begin with components. The relevant command is
Network>Regions>Components>Binary (since our network consists of Os and
Is). At the dialog box (not shown), select the “CRTN-Shared Operations”
network and click OK. This will generate two new files. One is a partition that
indicates to which component each actor belongs; the other is a “two-mode”
network where the rows are the actors and the columns are the components with
which they are affiliated. It also produces an output that should look similar to
Figure 5. As you can see, it indicates that the largest component contains 200
actors, while the next largest component only contains 31. If you scroll down,
you’ll notice there are a number of components of size 1 (i.e., isolates). Extracting
the main component is straightforward with the Data> Filter/Extract>Main
component command. The extracted network can be analyzed and visualized (in
NetDraw) as a separate network.

"] ucinetlog3.bt - Notepad o|[@][=
File Edit Format View Help
COMPONENTS

m_|»

Input network dataset: CRTN-Shared operations (D:\Dropbox\Network
output component partition: CRTN-Shared operations-comppart (D:\Dropbo
output node-component indicator matrix: CRTN-Shared operations-compsets (D:\Dropbo

Matrix 1

Component Sizes

1 2

Ssize Prop

11 200 0.546
219 31 0.085

3 42 19 0.052

4 43 17 0.046
521 12 0.033

6 20 7 0.019

7 7 4 0.011

8 12 2 0.005

9 15 2 0.005

10 60 1 0.003
11 66 1 0.003
12 4 1 0.003
13 75 1 0.003
14 72 1 0.003
15 10 1 0.003
16 40 1 0.003
771 1 0.003

18 14 1 0.003
19 23 1 0.003
20 59 1 0.003
21 9 1 0.003
22 58 1 0.003
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Figure 5: Component Analysis Output
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10. We can detect k-cores in UCINET with the Network>Regions>K-Core command.

At the dialog box, select the “CRTN-Shared Oper

ations” network and click

OK. This produces an output, some of which is reproduced in Figure 6 (you need
to scroll down in order to see everything). However, not too far down, under the
label “Degree,” UCINET tells us that the largest k-core is a 32-core, which is the

same result we got in NetDraw.

) ucinetlog7.tt - Notepad
File Edit Format View
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Help

Input dataset:
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Figure 6: K-Core Analysis Output

11. UCINET implements Girvan-Newman with the Network>Subgroups>Girvan-
Newman command. Let’s use the main component that we extracted in step 9
above (“CRTN-Shared Operations-main”). The default for the maximum

number of partitions to 10, so in the dialog box (not

shown) change this to 50 (we

already know that it’s larger than 10), click OK, and UCINET generates an
attribute file that contains a number of partitions. Unfortunately, it does not
calculate modularity. For this, we need the Tools>Cluster Analysis>Cluster

Adequacy function, which generates a dialog box similar to Figure 7. Note that in
this case the “Input proximity matrix” is the CRTN-Shared Operations-main

file and the “Input Partition” is the partition generated by the Girvan-Newman

function (CRTN-Shared Operations-main-gn).

Measures of Cluster Adequacy (MOCA)

Files:
Input prosimity matis;  CF 1 N-Shared Operations-main
Input Partitions: CRTN-Shared Operations-main-gn

Output block model:  Moca

Options

[¥] Ignore diagonal values
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Figure 7: UCINET Cluster Adequacy Dialog Box
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When you click OK, UCINET should generate a log file that includes a lot of
information. If you scroll to the bottom of the file, you will see a series of
measures of fit. The second line (Q) is the modularity score, and if you compare it
to what you got using NetDraw, they should agree. Note also that the output
includes a Q-prime measure. In recent versions of UCINET, the cluster adequacy
function hasn’t always worked (it produces an error message). If this happens,
move on to the next step.

UCINET now includes two new community detection algorithms that DO
calculate modularity for you: Louvain method and Newman Community
Detection, which you can access with the following commands: Network>
Subgroups>Louvain method and Network> Subgroups>Newman Community
Detection (NCD). The Louvain algorithm identifies two partitions, one with 13
subgroups and one with 10 groups; the former has a modularity score of 0.700
while the latter has a modularity score of 0.705 (the scores can be a little hard to
pick out, but at least UCINET calculates it for us). The NCD algorithm generates
several different partitions (145 when I tried it), each with a calculated modularity
score. You have to scroll through to find the largest modularity score, which with
large networks can be daunting. Nevertheless, at least you don’t have to use the
cluster adequacy function.

Finally, Clique analysis is accomplished in UCINET with the Network>
Subgroups>Cligues command, which calls up a dialog box (not shown), which
asks you to select the network you are analyzing. Let’s stick with the main
component. Note also that the default is that it only looks for cliques of size 3 or
greater. Keep this default. When you click OK, UCINET will generate a log file
that looks similar to Figure 8, which tells you that it found 28 cliques.

tiog3.txt - Notepad o@=
File ormat_View Help

CLIQUES

mininun set size: 3
Input dataset: CRTN-shared operations-main (0:\Dropbox\Networks and Religion (80ok)\website\Labs\sNA Basics 6\CRTN-shared operations-main)

28 cliques found.

Ii CRTN-L CRTN-2 CRTW-14 CRTW-37 CRTN-7 CRTN-S8 CRTN-59 CRTN-G0 CRTN-GL CRTN-62 CRTN-63 CRTN-64 CRTN-GS CRTN-G6 CRTN-67 CRTN-68 CRTN-69 CRTN-70 CRTN-7L CRTN-72 CRTN-73 CRTN-74 CRT
2 CRTN-: CRTN-153 CRTN-155 CRTN-156 CRTN-150 CRTN-164 CRTN-168 CRTN-169 C 181 CRTN-190 CRTN-198 CRTN-199

S RN T 81 CRIN e 33 CRIN 235 CRTN-236 CRIN-260 CRIN-261 CRIN-262 CRIN-163 CRIN-264 CRYN-165 CRIN-166 CRIN-188 CRIN 176 CRTN-178 CRTN-180 CRTN-183 CRTN-193 CRTN-195 CRTN-1
45 CRTN-191 CRTN-193 CRTN-195 CRTN-136 CRTN-159 CRTN-162 CRTN-163 CRTN-14 CRTN-L0S CRTN-106 CRTN-1GS CRTH-183 CRTN- ]

30 CRTN-ISL CRTN-153 CRTN-159 CRTN-136 CRTN-L99 CRTN-164 CRTN-169 CRTH-168 CRTN-

6: CRTN-151 CRTN-153 CRTN-155 CRTN-160 CRTN-162 CRTN-163 CRTN-16 193 CRINCI4 CRTN-175 CRTN-176 CRTN-177 CRTN-176 CRTN-180 CRTN-183 CRTN-105

91 CRINCISS CRIN-172 CRIN-173 CRIN-13 CRIN-185 CRIN-183 CRIN-365 CRTN-36

§i CRTN-1S3 CRTN-159 CRTN-162 CRTN-163 CRTN-166 CRTN-183 CRTN-193 CRTN-277 CRTN-304 CRTN-305 CRTN-348 CRTN-357

RN
107 CRING RTINS CRIN.S CATN S CRIN/LS CRTN-10 CRTN-24 CRTN-37 CRTN-30 CRTN-50 CRTN-SL CRTN-52 CRTN-S5 CRTN-56 CRTN-105
TN-41

12: CRTN-2 CRTN-6 CRTN-8 CRTN-10 CRTN-11 CRTN-12 CRTN-13 CRTN-17 CRTN-21 CRTN-23 CRTN-25 CRTN-26 CRTN-27 CRTN-30 CRTN-31 CRTN-33 CRTN-34 CRTN-35 CRTN-107

13 CRTN-7 CRTN-1s CRTN-238 CRTN-264 CRTN-263 CRTN-260 CRTN. 207 CRTN-268 CRTN-209 CRTW-270 CRTN-271 CRTN-272 CRTN-273 CRTN-274 CRTN-275 CRTN-270 CRTN-277 CRTN-281 CRTN-252
141 CRTN-7 CRTN-249 CRTN-250 CRTN-251 CRTN-252 CRTN-253 CRTN-254 CRTN-255 CRTN-256 CRTN-257 CRTN-258 CRTN-250 CRTN-260 CRTN-261 CRTN-262 CRTN-263 CRTN-264 CRTN-

13i CRTN-7 CRTN-293 CRTN-204 CRTN-25 CRTN-205 CRTN-300 CRTN-30L

16: CRTN-7 CRTN-18 CRTN-344 CRTN-345 CRTN

17: CRTN-2 CRTN-8 CRTN-55 CRTN-64

18: CRTN-8 CRTN-36 CRTN-55 CRTN-64 CRTN-84

00 CRTN-O CRIN-37 CRTN 283 CRIN.284 CRN-285 CRTN-286 CRTN-287 CRTN-285 CRTN-289 CRTN-290 CRTN- 201 cRTN-292
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21: CRTN-14 CRTN-41 CRTN-42 CRTN-43 CRTN-44 CRTN-358
22: CRTN-37 CRTN-55 CRTN-64 CRTN-92 CRTN-93 CRTN-105 CRTN-106 CRTN-120 CRTN-121 CRTN-35
231 CRTN-1 CRTN-2 CRTN-37 CRTN-55 CRTN-64 -105
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25: CRTN-121 CRTN-124 i
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2_crm-12 uusooooouuvuuooooooouvuuuoooooouuuuuoos 02000 1,000 0.000 0.000 0.000 0.000 0.500 0.200 0.083 0.833 0.000 0.000 0.167 0.000 0.000 0.000 0.000 0.000 =

Figure 8: Clique Analysis Output
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15. UCINET’s clique analysis generates a number of files, two of which we’ll
consider here. One is a “two-mode” network where the rows are actors and the
columns are cliques (cliques are somewhat unique in that an actor can belong to

[NetDraw] more than one clique). To do this, return to NetDraw and open the “C1lique

File>Open>Ucinet dataset Sets” file. You should get a network map that looks similar to Figure 9 where

> Network C g . . . .
you can clearly see that some individuals are involved in far more cliques than are

others; similarly, some cliques are more central to the network.
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Figure 9: Clique Sets Network

16. The other data file we will consider here is the “CliqueOverlap” file, where
actors who share an affiliation with one or more cliques are tied with one another.
It (Figure 10) is essentially the one-mode version of the clique sets network
displayed in Figure 9.
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Figure 10: Clique Overlap Network
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Part II — Identifying Subgroups in Pajek*

Open the “CRTN-Shared Operations.net” network file using the File>
Network>Read command. We will begin by looking at components using the
Network>Create Partition>Components command, which allows us to identify
three types of components: strong, strong-periodic (for time networks), and weak.
When you execute the Strong or Weak command, a dialog box appears that asks
for the minimum size of components. Accept Pajek’s default (“1”) and click OK.
This generates a report (not shown) that tells you the size of the largest
component (200) and how many components there are (81). It also creates a
partition in which each class represents a component. Using the “Edit Partition”
button (located just to the left of the partition drop box) or the File>Partition>
Edit command, examine the new partition. Also inspect it using the Partition>
Info command. Visualize the network and new partition using the Draw>Network
+ First Partition command (make sure the new partition is highlighted in the
partition drop-down box). Be sure to energize it with one of the available network
drawing algorithms.

We can extract the main component just like we did in the third lab with the
Operations>Network + Partition>Extract>SubNetwork Induced by Union of
Selected Clusters command. Be sure the component partition is in highlighted in
the top drop-down partition box, issue the command, and at the dialog box, select
cluster 1 (not 1-*). Click OK, and Pajek should generate a new network
containing 200 actors. Draw the network and compare to your drawing of the
main component in NetDraw. It should look similar to Figure 11.
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Figure 11: Pajek Drawing of Main Component

4 This section is loosely based on de Nooy et al., Chapter 4.
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Let’s stick with the main component. Before you identify k-cores using Pajek,
you will first want to dichotomize and symmetrize the network so that Pajek only
counts the number of each actor’s neighbors (rather than taking into account the
value of those ties) and treats the ties as edges (rather than as arcs). I’ve already
done this for you here, but if you have to do this, use Pajek’s Net> Transform>
Arcs PEdges>All command. Let Pajek create a new network, using the 5 (Single)
option.

In Pajek, k-cores are detected with the k-Core command in the Network>Create
Partition submenu. The Input, Output, and All commands distinguish between
input cores (based on the number of ties pointing to an actor), output cores (based
on the number of ties pointing away from an actor) and cores that ignore the
direction of ties. Most of the time you will want to use the 4// command and only
apply it to simple undirected networks. The command yields a partition that
assigns each actor to the highest k-core to which it belongs. What is the highest
k-core? (Hint: look at the name of the new partition.) Draw the network with the
k-core partition using the Draw>Network + First Partition command. It should
look similar to Figure 12.
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Figure 12: Main Component K-Cores

Pajek recently added the Louvain community detection algorithm. It is accessed
with Pajek’s Network>Create Partition>Communities>Louvain Method
command. Choose one of the two options, and then visualize the network with the
newly generated partition Draw using the Draw>Network + First Partition
command. Note that the partition indicates the level of modularity (Q) as well as
the number of clusters (NC). You will generate a network map similar to Figure
12 (next page).
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Figure 12: Louvain Community Detection

Pajek has implemented another community detection algorithm now available in
Pajek is VOS (Visualization of Similarities) mapping that some believe does a
better job than the Louvain method but is not as efficient with larger networks. It
is implemented with the Network>Create Partition>Communities>VOS
Clustering command (again, choose one of the two options). Visualize the
resulting network and partition. How does this clustering compare to the
Louvain Method?

Qrcrrn Qe F damrmans [ .
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Figure 13: VOS Mapping Community Detection

Finally, let’s shrink the network based on this last community detection
algorithm. Under the Operations menu, select the Network + Partition>Shrink
Network option. A dialog box (not shown) will ask you for the minimum number
of connections between clusters, which is the minimum number of lines that must
exist between shrunk actors in order there to be a new line drawn between them.
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Generally, you will want to choose 1, which is the default. In the same dialog
box, you may also choose a class of actors (i.e., cluster) not to shrink. As before,
we want to shrink all of the classes, so type in any class number that is not in your
partition. In this case, we can use the default (“0”") because there is no community
assigned a value of 0.

Draw 8. With the shrunken network highlighted in the top network drop-down box and the
>Network+ First Partition new partition in the top partition drop-down box, visualize the network, and you
should get a network map that looks similar (but not necessarily identical) to
Figure 14. Again, we see that certain subgroups appear to be more central to this
network than are others.

Figure 14: Shrunken Network Based on VOS Mapping Community Detection

9. Pajek doesn’t really offer a clique analysis option (there is a workaround, but it
isn’t worth exploring here), so that is all for now.
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