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1 Suggesting Similar Papers

a) Co-citation network

Let A be the adjacency matrix of the citation network and B be the weighted
adjacency matrix of the co-citation network. Both A and B will have dimensions
of N x N, where N is the number of papers. Each entry of the citation network
adjacency matrix A;; will be equal to one if paper j is cited by paper i. Each
entry of the co-citation matrix B;; will be equal to the sum of the papers that
cite both paper ¢ and paper j. That is, we want:

N
B;; = ZAkj X Apgi
k=1

Then, the co-citation matrix B can also be written as:

B=ATA

b) Bibliographic Coupling

Let A be the adjacency matrix of the citation network and B be the weighted
adjacency matrix of the bibliographic coupling network. Both A and B will
have dimensions of N x N, where N is the number of papers. Each entry of the
citation network adjacency matrix A;; will be equal to one if paper j is cited
by paper i. Each entry of the co-citation matrix B;; will be equal to the sum
of the papers that are cited both by paper ¢ and paper j. That is, we want:

N
Bij =Y Ajix Ay
k=1

Then, the co-citation matrix B can also be written as:

B=AAT



c¢) Method Comparison

Both co-citation networks and bibliographic coupling can be used to gauge the
similarity of different papers. However there are some dissimilarities. One of
them is that the co-citation network is forward looking and dynamic, since it
changes as the academic field evolves and new papers come out that cite old
ones. On the other hand, bibliographic coupling is retrospective and static,
since papers that are being cited have already been written in the past.

The more appropriate measure to be used as an indicator for similarity
between papers is the co-citation network. The bibliographic coupling might
not be very representative because different papers might cite the same papers,
but reference different and unrelated sections. On the other hand, the co-citation
network weights show the opinion of the authors and are a better indicator of
subject similarity.

2 Investigating a Time-Varying Criminal Net-
work

In this section we analyze a time-varying criminal network that is repeatedly
disturbed by police forces.

a) Investigating a Time-Varying Criminal Network

Phase 1
Node | Degree | Betweenness Cent. | Eigenvector Cent.

1 35 0.39 0.269
4 1 0.0 0.043
89 10 0.099 0.206
3 8 0.0 0.238
5 2 0.0 0.087
88 12 0.181 0.4

85 20 0.0 0.584
90 1 0.0 0.043
2 2 0.0 0.087
54 2 0.0 0.087
64 1 0.0 0.043
8 1 0.0 0.043
7 5 0.0 0.1

83 6 0.0 0.0

6 12 0.0 0.536

Table 1: Degre, betweenness centrality and eigenvector centrality for phase 1




Phase 2
Node | Degree | Betweenness Cent. | Eigenvector Cent.

1 109 0.346 0.251
89 9 0.024 0.158
83 9 0.0 0.208
3 33 0.0 0.808
5 5 0.0 0.13
88 4 0.053 0.026
90 3 0.0 0.078
2 12 0.0 0.182
64 5 0.0 0.133
8 15 0.034 0.266
95 5 0.0 0.104
10 4 0.0 0.162
56 1 0.0 0.026
97 2 0.0 0.052
47 2 0.0 0.026
98 2 0.0 0.026
76 5 0.0 0.104
9 5 0.0 0.13
7 2 0.0 0.016
11 2 0.0 0.019
85 2 0.0 0.0

86 1 0.0 0.0

6 1 0.0 0.0

12 2 0.0 0.0

Table 2: Degre, betweenness centrality and eigenvector centrality for phase 2




Phase 3
Node | Degree | Betweenness Cent. | Eigenvector Cent.
1 217 0.318 0.252
89 8 0.0 0.081
83 67 0.016 0.499
3 50 0.194 0.371
5 8 0.0 0.081
48 2 0.0 0.023
85 20 0.0 0.201
90 3 0.0 0.025
86 48 0.022 0.593
2 10 0.0 0.093
7 2 0.0 0.015
6 11 0.028 0.092
8 4 0.0 0.048
55 3 0.0 0.035
10 3 0.0 0.035
56 2 0.0 0.023
76 8 0.006 0.058
9 27 0.057 0.284
34 4 0.0 0.039
35 1 0.0 0.012
32 2 0.0 0.016
84 15 0.0 0.118
49 12 0.042 0.035
50 4 0.0 0.035
13 4 0.008 0.023
12 4 0.0 0.057
52 5 0.0 0.068
4 1 0.0 0.0
11 8 0.024 0.023
107 4 0.0 0.096
99 2 0.0 0.017
88 4 0.0 0.0
51 1 0.0 0.0

Table 3: Degre, betweenness centrality and eigenvector centrality for phase 3



Phase 4
Node | Degree | Betweenness Cent. | Eigenvector Cent.
1 329 0.417 0.335
4 1 0.0 0.009
89 23 0.079 0.107
83 45 0.051 0.168
3 103 0.127 0.655
5 19 0.0 0.142
88 15 0.0 0.138
85 75 0.092 0.481
90 3 0.075 0.009
86 25 0.028 0.062
2 19 0.0 0.142
6 26 0.0 0.097
8 16 0.034 0.106
47 1 0.0 0.009
76 18 0.0 0.118
9 26 0.0 0.251
11 32 0.0 0.027
49 2 0.0 0.012
13 8 0.018 0.062
52 8 0.029 0.027
106 2 0.0 0.013
15 7 0.0 0.062
7 5 0.0 0.006
109 2 0.0 0.006
31 9 0.002 0.124
14 1 0.0 0.003
84 3 0.034 0.004
107 43 0.018 0.008
12 3 0.0 0.035
35 1 0.0 0.003
53 1 0.0 0.0
63 40 0.0 0.008
51 1 0.0 0.002

Table 4: Degre, betweenness centrality and eigenvector centrality for phase 4



Phase 5
Node | Degree | Betweenness Cent. | Eigenvector Cent.
1 125 0.392 0.257
4 3 0.0 0.07
89 4 0.0 0.061
83 6 0.019 0.048
3 39 0.129 0.669
5 4 0.0 0.072
85 22 0.042 0.425
2 4 0.0 0.07
6 14 0.0 0.07
8 2 0.019 0.023
55 3 0.0 0.07
47 1 0.0 0.023
76 10 0.0 0.162
34 1 0.0 0.023
31 12 0.018 0.345
12 20 0.13 0.295
82 2 0.0 0.023
19 2 0.0 0.023
15 2 0.0 0.046
86 4 0.0 0.009
9 4 0.0 0.174
88 3 0.0 0.077
7 1 0.0 0.0
11 19 0.0 0.0
32 1 0.0 0.0
84 2 0.0 0.0
13 1 0.0 0.031
18 4 0.0 0.027
25 1 0.0 0.027
108 5 0.0 0.0
100 1 0.0 0.0
17 2 0.0 0.0

Table 5: Degre, betweenness centrality and eigenvector centrality for phase 5



Phase 6
Node | Degree | Betweenness Cent. | Eigenvector Cent.

1 453 0.396 0.777
4 1 0.0 0.011
83 14 0.049 0.133
3 171 0.271 0.391
5 80 0.0 0.149
85 27 0.052 0.229
2 20 0.0 0.085
8 19 0.008 0.146
76 104 0.107 0.292
12 153 0.314 0.128
82 2 0.0 0.011
19 88 0.068 0.121
7 7 0.0 0.027
15 6 0.12 0.021
9 4 0.0 0.018
14 6 0.08 0.012
6 7 0.0 0.0

78 19 0.0 0.012
11 41 0.0 0.0

20 18 0.034 0.0

84 3 0.0 0.0

13 5 0.0 0.005
31 1 0.0 0.002
18 39 0.0 0.054
17 40 0.0 0.044
25 4 0.0 0.005
87 4 0.0 0.0

Table 6: Degre, betweenness centrality and eigenvector centrality for phase 6



Phase 7
Node | Degree | Betweenness Cent. | Eigenvector Cent.
1 291 0.309 0.725
4 1 0.0 0.016
83 11 0.002 0.059
3 118 0.052 0.363
5 3 0.0 0.047
85 12 0.032 0.063
62 1 0.0 0.016
9 19 0.0 0.111
2 12 0.0 0.086
6 9 0.0 0.079
8 1 0.0 0.016
76 51 0.129 0.423
11 38 0.014 0.016
14 2 0.0 0.031
19 29 0.085 0.087
7 36 0.0 0.33
87 21 0.048 0.031
28 1 0.0 0.016
81 3 0.0 0.017
88 2 0.0 0.009
74 4 0.001 0.024
55 1 0.0 0.0
78 20 0.019 0.083
79 5 0.014 0.011
61 2 0.0 0.018
34 1 0.0 0.0
20 13 0.019 0.003
12 14 0.003 0.0
22 2 0.0 0.0
18 6 0.0 0.0
17 1 0.0 0.0
69 11 0.0 0.0
68 11 0.0 0.0
16 4 0.0 0.0
75 1 0.0 0.0
15 1 0.0 0.0

Table 7: Degre, betweenness centrality and eigenvector centrality for phase 7



Phase 8
Node | Degree | Betweenness Cent. | Eigenvector Cent.

1 183 0.259 0.255
4 3 0.0 0.019
83 2 0.0 0.019
3 124 0.304 0.781
85 25 0.0 0.226
2 10 0.034 0.039
8 9 0.0 0.198
76 11 0.063 0.009
9 2 0.0 0.021
11 11 0.015 0.065
84 1 0.0 0.009
14 21 0.185 0.039
82 9 0.0 0.103
19 7 0.0 0.029
7 6 0.0 0.056
87 57 0.096 0.312
20 7 0.0 0.057
28 4 0.0 0.028
81 6 0.0 0.064
67 3 0.0 0.028
86 2 0.015 0.028
34 4 0.021 0.058
37 15 0.0 0.302
35 1 0.0 0.001
6 1 0.0 0.0

73 2 0.0 0.012
59 3 0.0 0.001
36 3 0.0 0.007
12 69 0.171 0.001
13 1 0.0 0.0

22 6 0.146 0.0

23 6 0.0 0.0

18 6 0.0 0.0

17 6 0.0 0.0

25 3 0.0 0.0

78 1 0.0 0.0

38 2 0.0 0.011
39 8 0.0 0.091
91 3 0.0 0.034
16 25 0.0 0.0

33 1 0.0 0.0

80 1 0.0 0.0

Table 8: Degre, betweenness centrality and eigenvector centrality for phase 8



Phase 9
Node | Degree | Betweenness Cent. | Eigenvector Cent.

1 95 0.236 0.289
83 3 0.0 0.029
85 33 0.029 0.19
6 1 0.0 0.01
8 15 0.143 0.142
76 14 0.095 0.103
11 1 0.0 0.01
82 95 0.116 0.593
87 89 0.155 0.345
96 14 0.023 0.148
3 89 0.357 0.364
89 1 0.0 0.012
90 1 0.0 0.012
2 1 0.0 0.012
7 2 0.047 0.012
12 58 0.187 0.014
88 1 0.0 0.0
79 3 0.06 0.0
59 1 0.0 0.003
13 2 0.0 0.001
14 13 0.0 0.006
17 6 0.0 0.002
16 21 0.0 0.004
29 7 0.0 0.003
30 2 0.0 0.005
18 6 0.0 0.0
36 1 0.0 0.02
46 35 0.027 0.452
78 2 0.054 0.0
81 6 0.0 0.057
37 10 0.0 0.114
105 2 0.0 0.023
41 3 0.0 0.034
101 1 0.0 0.0

Table 9: Degre, betweenness centrality and eigenvector centrality for phase 9
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Phase 10
Node | Degree | Betweenness Cent. | Eigenvector Cent.

1 118 0.226 0.302
4 1 0.0 0.011
83 9 0.01 0.043
3 5 0.0 0.032
85 32 0.016 0.069
8 11 0.01 0.075
76 14 0.064 0.034
84 15 0.0 0.011
82 50 0.049 0.445
87 101 0.074 0.404
81 13 0.068 0.157
37 143 0.112 0.367
105 4 0.0 0.054
70 5 0.0 0.053
86 4 0.0 0.006
9 3 0.0 0.008
12 111 0.015 0.0
14 94 0.009 0.0
18 2 0.0 0.0
17 1 0.0 0.0
22 1 0.0 0.0
16 42 0.0 0.0
24 6 0.007 0.0
58 32 0.0 0.0
96 8 0.0 0.096
46 5 0.01 0.047
19 1 0.0 0.0
71 4 0.017 0.0
38 1 0.0 0.014
73 1 0.0 0.014
41 37 0.02 0.393
21 8 0.0 0.114
27 1 0.0 0.014
40 1 0.0 0.014
95 21 0.0 0.273
93 13 0.0 0.169
42 4 0.0 0.052
44 24 0.0 0.286
104 1 0.0 0.0
103 1 0.0 0.0
45 7 0.0 0.0
65 1 0.0 0.0

Table 10: Degre, betweenness centrality and eigenvector centrality for phase 10
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Phase 11
Node | Degree | Betweenness Cent. | Eigenvector Cent.

1 37 0.097 0.0
85 20 0.005 0.0
76 36 0.034 0.0
11 2 0.0 0.0
82 24 0.044 0.0
87 15 0.045 0.0
41 73 0.102 0.0
83 3 0.0 0.0
86 3 0.0 0.0
3 3 0.0 0.0
12 127 0.135 0.49
88 1 0.0 0.0
79 30 0.019 0.0
61 3 0.0 0.0
72 2 0.0 0.0
84 2 0.0 0.0
13 13 0.0 0.025
14 50 0.031 0.831
18 5 0.0 0.075
17 14 0.0 0.053
16 38 0.0 0.125
27 13 0.007 0.05
26 2 0.0 0.05
66 4 0.0 0.1
65 19 0.0 0.025
58 19 0.013 0.17
36 4 0.0 0.0
96 12 0.004 0.0
78 3 0.0 0.0
81 2 0.0 0.0
59 9 0.0 0.0
102 7 0.005 0.0
37 49 0.0 0.0
93 22 0.008 0.0
24 3 0.0 0.026
46 2 0.0 0.0
101 15 0.0 0.0
94 10 0.0 0.0
92 11 0.0 0.0
42 2 0.0 0.0
43 1 0.0 0.0

Table 11: Degre, betweenness centrality and eigenvector centrality for phase 11
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b) Central vs. peripheral actors

In order to see which actors are the most central to the investigation, we compute
the total amount of information flow through all of the phases. That is we sum
the degrees of the networks of each phase.

Then we can determine that the actors that are most central to the investi-
gation are:

e Actor number 1 with a sum of degrees of 1992
e Actor number 3, with a sum of degrees 743
e Actor number 12, with sum of degrees 561
e Actor number 85, with a sum of degrees of 288
e Actor number 87, with a sum of degrees of 287

e Actor number 76, with a sum of degrees of 271

The most peripheral actors seem to be actors 53, 100, 62, 75, 33, 80, 40, 104,
103, and 43, each with sum of degrees 1.

The three most important traffickers probably are Serero Daniel, Pierre Per-
lini and Ernesto Morales.

c¢) Important actors not under investigation

Some other actors that are important, but are not part of the investigation are:

e Actor number 37, with sum of degrees 217
e Actor number 14, with sum of degrees 187
e Actor number 19, with sum of degrees 127, and

e Actor number 41, with sum of degrees 113.

These actors are important to the investigation because present a high sum
of degrees which means there is a large volume of information flow through them.
The reason they were not originally part of the investigation is that other nodes
have higher centrality measures and that it seems like these actors were not as
involved in all of the phases.

d) Coarse network patterns

In figures Figure [I| through Figure we can see how the network evolves
through the phases. The first sub-figure in each row is the graph of the re-
spective phase drawn without weighting the nodes, in which we can see what
the clustering is. The second graph, is drawn in a circular shape and each
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node is sized according to its degree. The third graph, is also drawn in a cir-
cular shape and each node is sized according to its betweenness centrality. The
fourth graph, is drawn in a circular shape and each node is sized according to
its eigenvector centrality.

Figures Figure [I| through Figure show that the network tends to get
decentralized as time goes on and as more seizures happen. Additionally, we
can see old players drop (that were part of the marijuana import network) and
new players show up (that are part of the new cocaine import network). It
also seems like operations generally wind down towards the end, as there is less
communication between nodes.

Phase: 1
No Weight Degree Betweenness Centrality Eigenvector Centrality

e k.

Figure 1: The graph of Phase 1, nodes sized according to centrality measures

Phase: 2
No Weight Degree Betweenness Centrality Eigenvector Centrality

Sy

Figure 2: The graph of Phase 2, nodes sized according to centrality measures

Phase: 3
No Weight Degree Betweenness Centrality Eigenvector Centrality

Figure 3: The graph of Phase 3, nodes sized according to centrality measures
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Eigenvector Centrality

Phase: 4
Betweenness Centrality

No Weight Degree

1S

sized according to centrality measures

Figure 4: The graph of Phase 4, nodes

Phase: 5
No Weight Degree Betweenness Centrality Eigenvector Centrality

centrality measures

Figure 5: The graph of Phase 5, nodes sized according to

Phase: 6
Betweenness Centrality Eigenvector Centrality

No Weight

.,.;;- =R

.
ks

sized according to centrality measures

Figure 6: The graph of Phase 6, nodes

Phase: 7
No Weight Degree Betweenness Centrality Eigenvector Centrality

Figure 7: The graph of Phase 7, nodes sized according to
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Phase: 8
No Weight Degree Betweenness Centrality Eigenvector Centrality

Figure 8: The graph of Phase 8, nodes sized according to centrality measures

Phase: 9
No Weight Degree Betweenness Centrality Eigenvector Centrality

Figure 9: The graph of Phase 9, nodes sized according to centrality measures

Phase: 10

No Weight Betweenness Centrality Eigenvector Centrality

Figure 10: The graph of Phase 10, nodes sized according to centrality measures

Phase: 11
No Weight Degree Betweenness Centrality Eigenvector Centrality

Figure 11: The graph of Phase 11, nodes sized according to centrality measures
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e) Evolution of central actors

Based on figures Figurethrough Figure[L1] from (d) we can make the following
conclusions about the evolution of the network:

e In Table as well as the graph figures, we observe that the degree of
the mastermind (actor #1) keeps increasing from phase 1 to phase 4,
while there are no seizures, but drastically decreases in phase 5, after the
300 kg of marijuana seizure. His degree then increases a lot in phase 6,
but keeps decreasing after each subsequent seizure in phase 7,8,9,10,11.
This could signify that after each seizure, Daniel Serero was more afraid
and conducted less business. After the first one or two seizures, he still
remained a central node (as shown in the betweenness and eigenvector
centrality graphs), but we can see that after phase 8, both his centralities
drop significantly. This could mean that either he started being more
careful, or the more central actors shifted towards the new cocaine imports.

Node 1
Phase | Degree | Betweenness Cent. | Eigenvector Cent.
1 16 0.387 0.47
2 25 0.346 0.477
3 36 0.334 0.463
4 32 0.429 0.442
5 29 0.372 0.47
6 30 0.451 0.538
7 33 0.318 0.514
8 29 0.301 0.452
9 14 0.093 0.425
10 21 0.207 0.506
11 12 0.107 0.426

Table 12: Degre, betweenness centrality and eigenvector centrality for actor #
1

e A similar pattern to node 1 is followed by node 3, the principal lieutenant
of Serero. However we can see that towards the end, principal lieutenant’s
centralities decrease much more rapidly than Serero himself. This could
mean that Serero becomes more wary of his co-workers and gives him less
responsibilities.
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Node 3
Phase | Degree | Betweenness Cent. | Eigenvector Cent.

1 4 0.0 0.335
2 3 0.0 0.189
3 12 0.051 0.296
4 10 0.065 0.275
5 7 0.092 0.306
6 18 0.125 0.401
7 11 0.024 0.184
8 17 0.126 0.402
9 16 0.314 0.322
10 2 0.0 0.144
11 1 0.0 0.0

Table 13: Degre, betweenness centrality and eigenvector centrality for actor #

3

e After around phase 5, actor number 12 starts getting more and more
involved, as he has a large degree and his centrality is increasing. This
makes sense as actor 12 is Ernesto Morales, the principal organizer of the
cocaine import. The increase of his centralities signifies the shift from

marijuana to cocaine import.

Node 12
Phase | Degree | Betweenness Cent. | Eigenvector Cent.
1 0 0 0
2 1 0.0 0.0
3 2 0.0 0.196
4 2 0.0 0.075
5 10 0.112 0.286
6 17 0.306 0.281
7 6 0.003 0.0
8 12 0.171 0.064
9 12 0.188 0.118
10 9 0.015 0.0
11 18 0.121 0.33

Table 14: Degre, betweenness centrality and eigenvector centrality for actor #

12

e It can be seen in the graphs, as well as in Table that the accountant
(actor #85) is consistently involved, but more so in the beginning than in
the end, as the operations decrease and the masterminds try to be more

careful of sharing information.
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Node 85
Phase | Degree | Betweenness Cent. | Eigenvector Cent.

1 5 0.008 0.335
2 2 0.0 0.0

3 4 0.0 0.227
4 9 0.086 0.379
5 4 0.042 0.173
6 6 0.002 0.199
7 5 0.026 0.209
8 5 0.0 0.217
9 5 0.033 0.209
10 4 0.016 0.184
11 5 0.003 0.244

Table 15: Degre, betweenness centrality and eigenvector centrality for actor #
85

e As we can see in the graph figures from the previous section, as well as
Table actor #87 starts appearing around phase 7 as a not very central
node. However, in phases 8, 9 and forward actor #87 becomes much more
central. From the degree graphs, it seems like more and more information
flows through him and from the centrality graphs, we can see that he
becomes a more central node in the graph. However, after phase 10, he

seems to be much less involved.

Node 87
Phase | Degree | Betweenness Cent. | Eigenvector Cent.
1 0 0 0
2 0 0 0
3 0 0 0
4 0 0 0
5 0 0 0
6 2 0.0 0.0
7 4 0.0 0.144
8 13 0.091 0.28
9 12 0.151 0.404
10 14 0.071 0.292
11 7 0.011 0.333

Table 16: Degre, betweenness centrality and eigenvector centrality for actor #
87

e As seen in Table[I7] actor #76 appears after phase 3 and gets increasingly
central until phase 6, then gets less central, but re emerges towards the
end.
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Node 76
Phase | Degree | Betweenness Cent. | Eigenvector Cent.

1 0 0 0

2 2 0.0 0.189
3 3 0.0 0.12
4 3 0.0 0.223
5 3 0.0 0.155
6 10 0.073 0.341
7 8 0.077 0.262
8 7 0.038 0.115
9 6 0.098 0.211
10 4 0.033 0.196
11 10 0.032 0.325

Table 17: Degre, betweenness centrality and eigenvector centrality for actor #

76

Additionally, we see that:

The degree and centrality of actors 11 and 6 drop significantly after phase
5 or so, expected as the network shifts away from Spain and Morocco and
towards Colombia.

Investor #86 seems to be involved in the beginning of the operation, but
distances himself after the first couple of seizures. However it looks like
around phase 6 and 7 the network shifts to a new investor, actor #387.

In later phases actor #12, cocaine carrier, becomes more important, as
the network shifts their focus to cocaine.

Also in later phases (after 8,9), actor #82, the transports arrangement
manager, becomes more active in the field, meaning that the masterminds
try to come up with better transporting techniques in order to avoid sub-
sequent seizures.
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f) Communication of mastermind with other actors

Graphs of commumication of actor #1
Nodes sized by communication volume

Phase =1 Phase =2 Phase = 3

Phase =5 Phase = 6

Phase =7 Phase =9

Phase = 10 Phase = 11
N W
4

Figure 12: The graphs of frequency of communication of actor #1 with other
actors. Nodes sized according to communication frequency
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The frequencies and the directions of communication are summarized in Fig-
ure [12] and detailed in Table

In specific, in Figure we can see that the mastermind has increasing
communication with nodes 3, 5, 53, 85 (Marijuana traffickers, the principal
lieutenant, and financial affair caretaker) until phase 4. However, in phase
5, we see all the communications drop, possibly because they try to be more
conservative and careful after the first seizure.

In phase 6, we see a lot of communication with actors 3, 5, 19, 76, 11,
20, which might signify exploration of possible new partnerships after the first
seizures.

After that, the main communications happen with principal lieutenant Serero,
the investor (node 87) and the transportation manager. This might mean that
either the mastermind tries to be more careful and have fewer communications,
or he is winding down his business, while talking to his lieutenant, the investors
and the transportation managers in order to make sure that the payload is not
intercepted again.

Additionally, the mastermind has communication with actors #11 and #6
(Provider in Morocco and broker in Spain) until as late as phase 6where they
play a big role, which is interesting, since they reoriented to cocaine from Colom-
bia after the seizure in phase 4.

Communication of actor 1 with other actors
Phase 1123|4516 7189|1011
To 2 2171 8|16 3 | 8 514 101]01]0
From?2 0| 51103 110 6 20010
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To 13 0] 01| 2 710|010} 0]0}|07]O0
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Table 18: Communication frequencies for actor # 1. Actors that have no com-
munications with the mastermind of the network are not included

g) Police investigation strategy analysis

The way the police conducted this investigation, was by closely following each
node in the network they discovered, wiretapping their phones and keeping a log
of the communications. However, instead of letting the network be undistrubed,
the police with their actions constantly disturbed and agitated the criminal net-
work, forcing it to change and evolve. It is clearly visible in graphs Figure
through Figure as well as Figure how the communications and the den-
sities of the graphs keep increasing until each seizure, after which the actors
involved try to be more careful and less involved.

Additionally, it is obvious that depending on what the seizure was, the actors
in the network would want to distance themselves from that product or origin
and find other alternatives. This has two effects the first is negative, since it
does not allow the police to uncover every actor involved in the production and
shipping of the drugs, but the other, positive effect is that now the police get
more information about new nodes that can result in completely new networks.
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3 Co-offending Network Analysis

a) DataSet

The data for this problem set consists of individuals who were arrested in Quebec
between 2003 and 2010. Some of the individuals have always acted solo, and
have been arrested alone throughout their career. Others co-offended with other
individuals, and have been arrested in groups. The goal of this problem set is
to construct and analyze the co-offender network.

The nodes in the network are the offenders, and two offenders share a (pos-
sibly weighted) edge whenever they are arrested for the same crime event.

The dataset has 1,280,459 different datapoints.

b) Offenders

Even though the dataset has 1,280,459 different datapoints, there are only
539,593 unique offenders.

c) Crime events

In the dataset there are 1,164,836 unique crime events.

d) Crime ordering

The crimes that involved the greatest number of offenders are:

Crime ID | Municipality ID | # of offenders
27849 66023 156
876159 12072 102
445040 66023 77
60815 54048 60
23526 75017 60
212285 37067 57
754187 95032 56
539385 66023 52
23610 78005 51
453024 66023 46
876163 66023 43
876058 23025 42
1000315 81017 42
491619 34048 41
753545 10043 40

Table 19: Counts of offenders in each crime
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e) Graph construction

In order to do the analysis we construct a graph where the nodes are the offend-
ers and they are joined by edges representing the number of crimes that they
committed together. All the actors that have committed crimes only on their
own (solo actors) are not included in this graph.
The number of solo offenders will be the number of unique offenders that
participated in crimes of one person. That is, we have 474,540 solo offenders.
The co-offender graph created also has 178,413 edges.

f) Degree distributions

In Figure[I3|we can see the distribution of the degrees of the nodes. In Figure[13a]
is the histogram from 1 to 30 and in Figure[I3D] we can see the whole histogram
in log scale.

In the histogram of the degrees of the nodes (limited from 1 to 30), in
Figure 77, we can see that most people have committed a crime with other two
people, as the majority of the nodes have degree 3. 4 and 5 are the next largest
degrees of the nodes.

Histogram of node degrees Histogram of node degrees in log scale
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(a) Histogram of the degrees of nodes (b) Histogram of the degrees of nodes in
(from 1 to 30) log scale

Figure 13: Distribution of degrees of nodes

g) Connected Components

The graph of the co-offenders has 36,098 connected components.

h) Largest Connected Component

The largest connected component has 19,924 nodes.
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i) largest connected component node degrees

Histogram of node degrees Histogram of node degrees in log scale
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(a) Histogram of the degrees of nodes (b) Histogram of the degrees of nodes in
(from 1 to 30) log scale

Figure 14: Distribution of degrees of nodes in the largest connected component

In Figure [14] we can see the distribution of the degrees of the nodes belonging
in the largest connected component. In FigurdI4al is the histogram from 1 to
30 and in Figure [I4D] we can see the whole histogram in log scale.

We can see that the shape of the distribution in Figure is like half a
bell-curve with a maximum at 3 degrees. It is interesting to see that there are
several nodes with degree larger than 100 and larger than 150 with large gaps
between them, as shown in Figure One possible reason for this might be
that the largest connected component has some of the largest in size crimes,
and people who co-committed more than one. This results in the spikes in such
large crimes that are joined by those co-offenders.

j) Shape of largest connected component

The density of the largest connected component is: 0.0003556, the diamater
is: 48, the average clustering coefficient is: 0.4784, and the transitivity of the
largest connected component is: 0.9460.

This information in combination with the graphs in (i), Figure means
that our graph is very sparse with a very large number of clusters. In addition,
given that the transitivity is larger than the average clustering coefficient, we
can see that most of the nodes belonging in clusters, belong in large ones.
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k) Crimes committed by young people

From the original dataset, it is very easy to see that 12,000 crime events were
committed by young people.

1) Young and adult offenders

We start by creating graph that only consists of nodes that have participated
in crimes with other young and adult offenders. This graph has 6,682 nodes,
14,406 edges and 2,383 connected components.

Histogram of node degrees Histogram of node degrees in log scale
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(a) Histogram of the degrees of nodes (b) Histogram of the degrees of nodes in
(from 1 to 30) log scale

Figure 15: Distribution of degrees of nodes in the network with the young and
adult co-offenders

In Figure[15|we can see the distribution of the degrees of the nodes belonging
in the largest connected component. In FigurdIbal is the histogram from 1 to
30 and in Figure we can see the whole histogram in log scale.

The graph of the young and adult co-offenders, also has a density of 0.00064539,
an average clustering coefficient of 0.46146 and a transitivity factor of 0.9729.

From the numbers above, as well as Figure [I5a] we can see that the graph
has a very similar shape to that studied in section Eﬂ

m) Largest connected component of young co-offender graph

In this section we perform an analysis similar to sections [i)| and Eﬂ, but for the
largest component of the graph containing the young offenders, created and
analyzed in section
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Figure 16: Largest connected component of young offender graph

First we create a graph of the largest connected component of the previous
graph, containing the young offenders. This graph has 161 nodes and 4,580
edges. Additionally, we have a density of 0.3556, an average clustering coefficient
of 0.976 and a transitivity factor of 0.960.
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(a) Histogram of the degrees of nodes (b) Histogram of the degrees of nodes in
(from 1 to 30) log scale

Figure 17: Distribution of degrees of nodes in the largest connected component
of the network with the young and adult co-offenders

From the numbers above, as well as figures Fig. and Fig. we can
make several conclusions. First, the graph is not as sparse as the previous ones
studied, which makes sense as all the nodes are part of the same connected
component. Additionally, we can see that the clustering coefficient is slightly
larger than the transitivity factor, which means that it is not the case that most
nodes belonging in fully connected triplets have high degree. Furthermore, the
clustering of the graph is high.

More specifically, in Figure we observer that the graph is densely con-
nected with 6 main clusters, 3 of which are very large. These clusters probably
relate to larger crimes involving more people.

Furthermore, as seen in Figure it is very interesting to note that the
degree distribution does not follow the pattern of the previous questions. There
are more nodes with large degrees than there are with small ones. This happens
because this is a connected component and because we have several large cliques.
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