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Abstract
Organ trafficking has been receiving more attention in recent years as its association 
with transnational crime organizations became evident. Most of the academic stud-
ies available on this topic are qualitative case studies, descriptively analyzing the 
nature of the crime and the agents involved. These studies often highlight the unique 
nature of organ trafficking, which is the involvement of medical service providers in 
the network. There have been, however, no effort made to examine the connections 
between medical service providers and other agents in the network in a quantitative 
fashion. This study presents unique quantitative data extracted from the “Medicus 
case”, a well-documented court case involving kidney trafficking that surfaced in 
Pristina, Kosovo, in 2008. Social Network Analysis (SNA) was employed to quan-
titatively analyze the structure and characteristics of the kidney trafficking network. 
The results reveal that there was a significant variation in the level of involvement in 
kidney trafficking both across and within different types of agents. Notably, medi-
cal staff, facilities, and brokers played vital roles in the kidney trafficking network. 
Moreover, kidney sellers held a more prominent role than kidney buyers, with cer-
tain sellers playing particularly influential roles. In sum, this study demonstrates the 
promise of SNA as a tool for understanding kidney trafficking networks, and that 
further research is warranted to fully explore its potential in this field.
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Introduction

Organ trafficking has become a significant security threat in recent years, espe-
cially since new evidence on Middle Eastern criminal organizations exploiting 
refugees who sell their organs (primarily kidneys) for their passage to Europe 
(Columb 2017b, 2017a; Fraser and Koizumi 2017; Sanchez 2015) was discov-
ered. In response to the emerging threat, several transnational initiatives have 
been launched including World Health Assembly (WHA) in 2004 and the forma-
tion of the Declaration of Istanbul Custodian Group in 2008, which now oper-
ates as the principal international entity to control organ trafficking in coordina-
tion with health authorities, law enforcement agencies and media organizations 
(Danovitch et al. 2013).

From the researchers’ perspective, one of the major issues in studying this 
global security issue is the lack of quantitative data that allows us to assess the 
extent of the problem as well as the structure of the criminal networks enabling 
illegal transplants. The current estimate indicates that 5–10% of all organ trans-
plants were performed illegally (Lancet 2007). While the accuracy of this estima-
tion has been debated (Columb 2015), it has been widely cited and used to con-
vey that the problem is of global significance (Jafar 2009; Lancet 2007). Another 
knowledge gap exists on the structure of organ trade networks. According to 
Ambagtsheer et al. (2014), the agents involved in the network and their roles are 
some of the most frequently debated topics in the studies on organ trade, along 
with other topics such as the causes of its practice, the ethics of organ sales, the 
supply and demand of available organs/kidneys and the efficacy of current leg-
islation. Gathering such information is challenging due to the hidden nature of 
criminal networks (Manzano et al. 2014).

Given the background, the current paper aims to shed light on the structure 
of kidney trade networks by applying Social Network Analysis (SNA) to the 
“Medicus case”, a well-documented case with the network structure that seem-
ingly resembles many other organ trade cases found elsewhere. While SNA has 
been applied to examine various illicit networks, no rigorous application to illicit 
organ trading networks have been attempted thus far. A preliminary effort that 
applied SNA to understand the agent network of the Medicus case (Albarán et al. 
2017) was conducted as a preparation for a TV show known as The Traffickers. 
We extended their preliminary work by extracting more detailed and accurate 
information available from the court material (Pristina 2013) and by perform-
ing additional SNA analyses to generate relevant statistics. The main purpose of 
the current study is to test the usefulness of this quantitative visualization tool 
in understanding and analyzing the structure of illicit organ trade networks. The 
study contributes to existing debates regarding the organization and the structure 
of criminal networks, at both local and transnational levels. The following section 
provides a literature review on criminal networks and a brief description of the 
occurrences surrounding the Medicus Case is provided. Sections 3 and 4 present 
the methodology and the results respectively. Finally, we present the discussion 
of the results and future work to be done in Sect. 5. Section 6 concludes the paper.
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Criminal networks and the medicus case

Traditions of social network studies

Social networks are composed of nodes and edges, where nodes represent vari-
ous actors such as individuals, organizations, or countries, and edges signify the 
connections between pairs of actors. These actors possess distinct attributes, for 
example, an individual’s gender or age, the nature of an organization (e.g., Sicil-
ian Mafia vs. Yakuza), or a country’s level of law enforcement. On the other hand, 
these edges reflect diverse forms, such as communication or friendship among indi-
viduals, cooperation or transactions between organizations, or trade agreements or 
human trafficking between nations (Li 2021; Matusitz 2013; Newman 2010, p. 110; 
Wasserman and Faust 1994, p. 29).

Studies of social networks can be categorized into three traditions: ontology and 
epistemology, model-based studies, and institutional or cultural studies (Pachucki 
2018). First, ontology and epistemology are philosophical concepts that respec-
tively explore the nature of existence and reality, and the creation and dissemina-
tion of knowledge. In the context of social network theory, ontology examines the 
fundamental components of social networks, such as nodes and edges, as well as the 
properties and relationships between these components (Vicsek et al. 2016). Epis-
temology, on the other hand, investigates how knowledge about social networks is 
generated and validated through theoretical frameworks, observations, and analyti-
cal techniques (Singh 2019). Second, model-based studies of social networks focus 
on understanding the patterns of connections between nodes and how these patterns 
can be used to explain social phenomena. These studies typically employ mathe-
matical models to represent networks and examine the role of antecedent or con-
sequential network variables in explaining social phenomena (Borgatti and Halgin 
2011; Borgatti and Foster 2003). The third approach, institutional or cultural stud-
ies, emphasizes the contextual variation in the meanings of social networks. This 
approach views social networks as a way of understanding how institutions, cul-
ture, and geography shape social interactions (Fuhse 2018; Fuhse and Gondal 2022; 
McLean 2016). From an analytical perspective, however, the last two approaches are 
not substantially different. The cultural or institutional components can be opera-
tionalized as network measures or modeled as different units of analysis. The current 
study employs the model-based approach, of which applications on criminal net-
works are briefly reviewed in the following section.

Model‑based criminal network research

The study of model-based criminal networks can be broadly categorized into three 
approaches (Borgatti and Foster 2003). The first approach focuses on exploring how 
network structures influence the behaviors or outcomes of a node. In the context of 
criminal research, this explanatory approach examines how the structure of crimi-
nal networks affects the control of information or resources, the spread of criminal 
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behavior, or the development of criminal subcultures. For example, various factors 
such as the strength of ties, network density, and network centrality among indi-
viduals within gang networks significantly contribute to the diffusion of violence 
(Papachristos et al. 2013). Also, Calderoni (2015) discovered that weighted degree 
centrality and betweenness centrality are often correlated with individuals holding 
leadership positions in a criminal organization.

The second approach aims to analyze the attributes of nodes in order to predict 
and understand variations in network variables. Researchers in this approach explore 
how attributes such as age, sex, criminal history, and social status are associated 
with a node’s position or role in the criminal network. For example, a study by 
McCuish et  al. (2015) examined a homicide co-offending network and found that 
offenders were frequently promoted to high-ranking positions in the network follow-
ing the homicides. Similarly, Diviák et  al. (2020) investigated a criminal network 
and discovered that women were less prevalent in the network and often occupied 
disadvantageous positions, frequently being connected through male intermediaries.

The third approach in social network theory focuses on how network variables are 
associated with each other. Researchers employing this approach commonly use the 
Exponential Random Graph Model (ERGM) or the Stochastic Actor-oriented Model 
(SAM) to account for interdependencies or connections between nodes within a net-
work. For example, Bright et al. (2019) and Berlusconi (2022) applied the ERGMs 
to examine how dyadic effects, preferential attachment, and triadic closure con-
tribute to the formation, maintenance, and dissolution of ties within criminal net-
works. In another study, Diviák et al. (2022) utilized SAM to explore how factors 
such as ethnic homophily, triadic closure, network popularity, pre-existing ties, and 
co-location are associated with the formation of terrorist networks operating in the 
Netherlands.

In this study on the kidney trade network, our analytical approach closely aligns 
with the first and second approaches. Our aim is to discern distinct roles of all those 
individuals who were involved in the kidney trade network, such as kidney sellers, 
buyers, medical personnel involved in surgeries, brokers, and other facilitators who 
enable illegal transplants (including hospitals, testing labs, and corrupt officials). 
The success of these transactions relies on specialized expertise and facilities, set-
ting illicit organ/kidney trade networks apart from other types of dark networks. Par-
ticularly, the involvement of highly trained surgeons and complete medical teams, 
encompassing anesthesiologists and post-care nurses, is essential1 (Ambagtsheer 
et al. 2014).

We proceed to investigate the interactions among these agents, identifying dis-
parities in influence and pinpointing those occupying broker positions responsi-
ble for controlling information flow. Through the application of SNA, we leverage 
this method to portray complex human networks and relationships in an accessible 

1  Sensationalized news stories tell of people being kidnapped and left for dead on the road, but this nar-
rative is not strongly supported by evidence. It is less risky for a transplant surgeon to perform an illegal 
surgery in such a way that does not put either kidney provider or recipient at risk, because it is less likely 
that complications will arise. See (Columb 2015) for more information.
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manner. This involves visualizing these networks, quantifying interactions between 
agents, and uncovering the extent of influence wielded by these agents within the 
network.

The Medicus case

In 2007, the owner of the Medicus Clinic contacted a transplant surgeon and, over 
the course of many email exchanges, planned to perform illegal kidney transplants 
at the clinic with the help of other medical professionals. One of the kidney sell-
ers was found at Pristina Airport, weak and pale after the operation, along with the 
brother of the kidney recipient, and two of the brokers. However, only the seller was 
detained, and the brokers avoided arrest. This led to an investigation that shut down 
the illicit operations at the clinic and the arrest of most of the personnel involved. 
However, some agents of the network initially avoided custody, many of whom had 
strong brokerage roles (Pristina 2013). A general sequence of the events is outlined 
next to provide context about the network operations.

Phase 1: Recruitment

Potential sellers would usually contact a broker by responding to a newspaper or 
internet advertisement. The broker(s) might meet with them in person or conduct all 
business electronically (by phone and email). The broker would discuss the payment 
amount and make all the arrangements for the seller to travel to Kosovo. They might 
arrange for a family member or friend to come along as well. Sellers would never 
receive money during this phase.

For potential buyers, the process was largely the same, except instead of respond-
ing to advertisements, they would usually contact one of the brokers directly through 
an existing connection. The brokers would meet with potential buyers in person 
more often than they did with the potential sellers, part of a “customer service” pat-
tern that provided better treatment to buyers than sellers. Buyers usually paid most 
of the total cost during this phase.

Phase 2: Departure from home to arrival in Kosovo

All parties involved had to stop in Istanbul as a transient location where sellers and 
buyers had their blood drawn one last time either at the hotel or at the lab owned 
by one of the agents located there. At least 7 of the buyers were taken to the lab in 
Istanbul to meet the lead transplant surgeon who also owned the lab. In contrast, 
there were no witness accounts of kidney sellers being taken to the lab, instead of 
having their blood drawn at the hotel. The sellers and buyers, along with their family 
members, would then fly to Kosovo. Several of the accounts indicate that other peo-
ple joined them in Istanbul for the flight to Kosovo, including brokers.
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Phase 3: In Kosovo

Upon landing in Kosovo, all individuals were picked up at the airport and driven 
to the clinic for surgeries. Occasionally, some would be picked up via taxi, but 
the newcomers were usually picked up by someone from the clinic. Sellers and 
buyers were given documents to sign that “legitimized” the operation, and the 
transplant surgeries would take place. After the surgery, buyers would often stay 
at the clinic for several days, taking time to recover. Sellers, however, were given 
less post-operation care and were sent home earlier than their buyer counterparts.

Phase 4: Departure from Kosovo, return home

After the surgery and post-operation care, both buyers and sellers would be flown 
directly home. Some sellers received their payment after returning home while oth-
ers were never paid. Some sellers would be approached at this stage and be offered 
the opportunity to recruit others. For some, this was an imposed condition for receiv-
ing their initially promised payment, something that was not originally made known 
to them. There is very little information about the buyers after they return home. 
Table 1 shows the number of sellers and buyers by their nationality. Israel provided 
a significant portion of the willing buyers compared to the other countries while 
Turkey provided a significant portion of willing sellers. This table only shows the 
nationality of the 26 individuals for whom the nationality information was available.

Methodology

Source material and data

The source material for our analysis (Pristina 2013) is a court record that summa-
rized many of the key court proceedings that took place after the arrest of several 

Table 1   Distribution of Seller 
and Buyer Nationality

Nationality Seller Buyer Total

Belorussian 1 1
Canadian 1 1
German 1 1
Israeli 2 8 10
Kazakhstani 1 1
Moldovan 1 1
Polish 1 1
Russian 2 2
Turkish 4 1 5
Ukrainian 1 2 3
Grand Total 12 14 26
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agents involved in the Medicus case. It contains the judgements and charges made 
to the defendants, a list of the known transplant surgeries, and transcripts of sev-
eral key witness statements. Most of the information regarding agent interactions 
was derived from the witness statements.

To convert the information from court records into usable data, the document was 
systematically examined. Each agent involved was identified and given a code to 
represent them.2 Agents were then classified into 10 following groups depending on 
the role they played in the network (Table 2).

Likewise, a connection between two agents was established when we identified 
an interaction between the agents. Each interaction was identified with a direc-
tion (e.g., agent i contacted agent j), and the number of interactions was counted 
for each agent. All interactions between agents were then classified by the nature of 
interaction.3 We identified 3 categories, i.e., surgical-related, brokering-related, and 
laundering-related interactions, each of which distinctively characterizes the nature 
of interaction. The “Surgical” category encompasses all interactions related to a 
surgical procedure. The “Brokering” category encompasses all interactions related 
to the process of connecting a seller and recipient, including the organization and 
execution of travel to and from Pristina. The “Laundering” category encompasses 
all interactions related to some effort that was made to legitimize the transplant or 
perpetuate the secrecy and stability of the network. Within each category, we classi-
fied each interaction using sub-categories used in the prior work done on the Medi-
cus case (Albarán et al. 2017) except for the 3 categories (CONV, PLAN, and DOC) 

Table 2   Agent Categories

Agent Description

1. Buyer The person who received the transplanted kidney from the seller/seller
2. Seller The person who provides the transplanted kidney to the recipient/buyer
3. Broker Someone who created connections between buyers and sellers, organized 

transportation, and was responsible for the exchange of money
4. Transplant surgeon Surgeons who participated in the transplant surgeries
5. Anesthesiologist A member of the medical team who was responsible for anesthetic during the 

surgeries
6. Lab worker Lab workers involved in lab testing
7. Sterilization Nurse Nurses involved in surgeries
8. Clinic owner Agent K36, the clinic owner
9. Ring Organizer Agent K42, the agent who was allegedly responsible for recruiting and organ-

izing the network (ring) of people who searched for potential donors
10. Director/Manager Agent K4, son of the clinic owner K36, reported to be responsible for many of 

the behind-the-scenes operations of the clinic

2  See Appendix. We note that the choice to codify names comes in part because victim names were 
included in the source material. Additionally, the names are not strictly necessary for the analysis. Our 
focus is largely an analysis of agent roles and responsibilities rather than individual names.
3  See Appendix.
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which we added for further specification. Table 3 provides a definition of each of the 
interaction categories and sub-categories.

Table 4 illustrates how we coded the agent and interaction information from the 
representative sentences found in the court material. The “Page of Interaction” col-
umn refers to the page of the court records where the interaction was identified, 
while “Weight” represents the number of interactions.

Based on all agents and interactions information extracted from the court mate-
rial, a network G = (N,E) was built where the set of agents is represented by the set 
N of nodes, and the set of interactions is represented by the set E of edges of the 
network. Any edge (i, j) ∈ E represents an interaction between the two agents repre-
sented by the nodes i and j.

Edges can either be unidirectional (referred to as directed edges) or bidirectional 
(undirected edges). An example of a directed edge in social media, for example, is a 
tweet (account i sends/receives a message to/from account j) while an example of an 
undirected edge includes Facebook friends (persons i and j are mutually connected). 
A directed edge can reflect either indegree or outdegree interaction. An indegree 
interaction reflects an interaction initiated by a neighbor node j to the focal node i 
(e.g., account i received a message from account j), while an outdegree interaction 
reflects an interaction initiated by the focal node i to a neighbor node j (e.g., account 
i sent a message from account j). The edges in the current study are all directed 
edges. We used the open-source software Gephi to visualize the network and per-
form SNA using 3 centrality measures, which are described below.

Network statistics

The statistics produced as part of SNA allow for a quantitative analysis of networks. 
This study used three types of centrality scores, i.e., degree, betweenness and pagerank 
centrality scores, to understand the importance of the roles played by various agents 
involved in the Medicus network.

Centrality scores can be computed with a weight wij assigned to each edge (i,j) 
(weighted score) or without (unweighted score). Unweighted centrality scores meas-
ure the level of interactions between two nodes in a binary fashion (1 if there is any 
interaction, and 0 otherwise), while weighted centrality scores measure the level of 

Table 4   Illustration of Coding for Agent and Interaction Specification

Source 
ID

Target 
ID

Interaction Sub-
category

Interaction 
Category

Weight
Transplant 

date
Page of 

Interaction

K93 K36 PLAN LAUND 1 2/15/2008 96

On 13 December 2007, Dr. Sonmez emailed Dr. Dervishi and wrote  

Hi, As I promised I send you all the documents (original + English from the notary)… I hope to 

get the result soon. I would like to thank you one more time for everything. All my best. Yusuf 

Sonmez.  PS: I send you in 2 mails.
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interactions using the number of interactions between the two nodes. Our study focused 
on weighted centrality scores to capture the intensity of the interactions among nodes. 
Each type of centrality score is defined and detailed below.

Weighted and directed degree centrality

The degree centrality is computed for each node of the network. It measures the num-
ber of interactions that the node was involved. We calculated both outdegree and inde-
gree scores for the degree centrality. For the weighted outdegree centrality, the score is 
the sum of a focal node’s directed connection to the neighbor nodes; while for weighted 
indegree centrality, the score is the sum of neighbor nodes’ directed connection to a 
focal node. The formula to compute the weighted outdegree centrality of a node i is the 
following (Newman 2004; Wasserman & Faust 1994):

Di is the outdegree centrality score of i ∈ V , n is the number of nodes in the net-
work, wij is the weight associated with the directed edge (i, j) from i ∈ V to j ∈ V , and 
xij is equal to 1 if the edge from i to j exists in the set E and it is equal to 0 otherwise. 
The outdegree centrality score can be modified as the indegree centrality score, where 
xji is equal to 1 if the edge from j to i exists in the set E and it is equal to 0 otherwise. 
wji is the weight associated with the directed edge from j to i (Barrat et al. 2004).

Weighted betweenness centrality

The betweenness centrality score is computed for each node of the network. It meas-
ures the number of times a node lies on the shortest path between two other nodes. This 
measure reflects which nodes could potentially operate as “bridges” between nodes 
in a network. It does this by identifying all the shortest connecting paths between any 
two nodes in the network and then counting how many times each node falls on one. 
The formula for calculating the directed weighted betweenness score Bi of a node i is 
defined as (Newman 2004; Wasserman & Faust 1994):

where �jk(i) is the sum the weights of all the shortest paths from j to k passing 
throught node i ; while �jk is the sum of the weights of the all the weighted shortest 
paths from j to k. Thus, the betweenness score denotes the percentage of weighted 
shortest paths in the network which pass through i(Barrat et al. 2004).

Weighted and directed pagerank centrality

The pagerank centrality is computed for each node in the network. It reflects the impor-
tance of the neighbor nodes that a node is connected to. More specifically, node i has a 

(1)Di =

n
∑

j≠i∈V

wijxij

(2)Bi =
∑

j≠k≠i∈V

�jk(i)

�jk
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higher pagerank centrality if it is connected to the nodes with a higher weighted inde-
gree or outdegree centrality value. Thus, a node is likely to have a high PageRank cen-
trality score even with a few connections if it is connected to highly weighted indegree 
or outdegree nodes compared to those nodes that are well connected to the nodes with 
a low weighted centrality value. For pagerank centrality, we calculated both outde-
gree and indegree scores. The formula for the weighted pagerank outdegree centrality 
PR

(out)

i
 of node i is recursively calculated as (Zhang et al. 2021):

where wji is the weight associated with the directed edge from j ∈ V  to i ∈ V  , and xji 
is equal to 1 if the edge from j to i exists in the set E and it is equal to 0 otherwise. 
D

(out)

j
 is the weighted outdegree centrality of node j , PR(out)

j
 is the weighted pagerank 

outdegree centrality score of j , n is the number of nodes in the network, and 
� ∈ [0, 1] is a damping factor ensuring the algorithm will not be forced to terminate. 
We can modify Eq. (3) to define the weighted pagerank indegree centrality PR(in)

i
 of 

node i as:

Results

The Medicus network includes 10 types of agents, 67 nodes and 306 edges or 
interactions. There were 23 buyers (34%), 22 sellers (33%), 8 brokers (12%), and 
14 Medicus clinic staff members (21%). Figure  1 presents the type of interac-
tions and agents observed in the network. Of 306 edges, 67% of the interactions 
were surgical related, 17% were laundering interactions, and 16% were brokering 
interactions.
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Fig. 1   Types of Interactions and Agents in the Medicus Network
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The following sections presents the results of betweenness, and pagerank cen-
trality measures. In the calculations of these measures, we removed miscellane-
ous interactions, as defined in Table 3, as the nature of interactions were unclear 
for these edges.

Degree centrality

The weighted degree centrality scores were calculated for both outdegree and 
indegree node connections. Table 5 shows the summary of the weighted outde-
gree centrality statistics by agent category. Transplant surgeons had the highest 
sum and proportion of weighted outdegree centrality measures (D = 107, and 
32% respectively), followed by anesthesiologists (D = 80, and 24%). The high 
standard deviation (SD) of the outdegree centrality score of the transplant sur-
geons (SD = 29.43), however, indicates that the outdegree interactions are heav-
ily skewed, implying that there were specific transplant surgeon/s who played a 
disproportionally larger role in initiating contacts. One sterilization nurse initi-
ated 35 interactions with other agents in the network, recording the highest aver-
age weighted outdegree centrality score (D = 35.00). Three anesthesiologists also 
had a relatively high score of average weighted outdegree centrality (D = 26.67), 
followed by clinic owner (D = 22.00), and transplant surgeons (D = 21.40). Bro-
kers, on average, played a relatively minor role in initiating interactions. Eight 
brokers initiated 64 (19%) interactions in total and 8 interactions on aver-
age. Buyers (D = 0.09) and sellers (D = 0.14) had the lowest average weighted 

Table 5   Weighted Outdegree Centrality Statistics by Agent Category

Agent Category No. of agents Sum of 
weighted outde-
gree centrality

% of weighted 
outdegree 
centrality

Average of 
weighted outde-
gree centrality

SD of weighted 
outdegree 
centrality

Anesthesiolo-
gist

3 80 24.02 26.67 8.96

Broker 8 64 19.22 8.00 4.57
Buyer 23 2 0.60 0.09 0.29
Clinic Owner 1 22 6.61 22.00 N/A
Director/Man-

ager
1 1 0.30 1.00 N/A

Lab Worker 2 7 2.10 3.50 4.95
Ring Organizer 1 12 3.60 12.00 N/A
Seller 22 3 0.90 0.14 0.35
Sterilization 

Nurse
1 35 10.51 35.00 NA

Transplant 
Surgeon

5 107 32.13 21.40 29.43
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Fig. 2   Medicus Network with 
Average Weighted Outdegree 
Centrality Scores of Agent 
Categories

Fig. 3   Medicus Network with Average Weighted Outdegree Centrality Scores of Agents
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outdegree scores in the network, each with a small SD (SD = 0.29 and SD = 0.35, 
respectively).

Figure 2 illustrates the network showing the average weighted outdegree central-
ity scores of each agent category. In the figure, the node size represents the score of 
the agent category while the edge width represents the number of interactions, i.e., 
weight, between the two agent categories. The figure confirms that the medical and 
clinical agents (sterilization nurses, transplant surgeons, anesthesiologists, and clinic 
owner) are, on average, the major contact initiators in the network. The network also 
demonstrates that sellers and buyers, particularly sellers, were the agents with the 
most interactions. Interestingly, transplant surgeons initiated more contacts to buyers 
than to sellers, while most other types of agents (brokers, anesthesiologists, clinic 
owner, and lab workers) initiated contacts more to sellers than to buyers, possibly 
indicating preexisting connections between transplant surgeons and buyers/patients.

Figure 3 presents a network in which every node represents an agent instead of 
agent category. The figure confirms that the distribution of the weighted outdegree 
centrality measure is highly skewed towards one specific transplant surgeon. The 
figure also shows that interactions initiated by this specific transplant surgeon pre-
dominantly involved buyers rather than sellers, while this tendency does not seem to 
hold for other transplant surgeons. This particular transplant surgeon also appears to 
be the primary contact of the clinic owner. The network also seems to indicate that 
there are two types of brokers, i.e., those who initiate contacts only with sellers and 
others who initiated contacts only with buyers.

Table 6 shows the summary of the weighted indegree centrality statistics by agent 
category. As suspected, sellers and buyers were the recipients of the 93% (51% 
and 42%, respectively) of the contacts initiated by other agent categories. Sellers 
were, on average, contacted more than buyers (D = 7.77 and D = 6.04, respectively) 

Table 6   Weighted Indegree Centrality Statistics by Agent Category

Agent Category No. of agents Sum of 
weighted inde-
gree centrality

% of weighted 
indegree cen-
trality

Average of 
weighted inde-
gree centrality

SD of weighted 
indegree cen-
trality

Anesthesiolo-
gists

3 0 0.00 0.00 0.00

Broker 8 4 1.20 0.50 0.53
Buyer 23 139 41.74 6.04 2.74
Clinic Owner 1 12 3.60 12.00 N/A
Director/Man-

ager
1 0 0.00 0.00 N/A

Lab Worker 2 1 0.30 0.50 0.71
Ring Organizer 1 0 0.00 0.00 N/A
Seller 22 171 51.35 7.77 3.77
Sterilization 

Nurse
1 0 0.00 0.00 N/A

Transplant 
Surgeon

5 6 1.80 1.20 2.68
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although SD for sellers was somewhat higher than that for buyers (3.77 vs. 2.74), 
indicating that some sellers were contacted more than other sellers. The clinic owner 
received the highest average score of incoming contacts (D = 12).

Figure 4 visualizes the network showing the average weighted indegree centrality 
scores of each agent category by the node size. The figure confirms that sellers and 
buyers along with the clinic owner were major recipients of the interactions in the 
network.

Figure 5 shows the average weighted indegree centrality network of every node 
instead of every agent category. The figure confirms that, in general, the number of 
contacts received by sellers vary more than that received by buyers. In particular, 
one seller seems to receive contacts from other sellers in addition to the contacts 
initiated by other types of agents (brokers, lab workers and sterilization nurse). One 
transplant surgeon also appears to have received more contacts than other transplant 
surgeons. All other agents seem to have received a similar number of incoming con-
tacts within each category.

Betweenness centrality

Table  7 presents the summary of weighted betweenness centrality statistics by 
agent category. In summary, transplant surgeons (B = 115.33, 41%) and brokers 
(B = 96.83, 34%) played key roles in bridging agents. High betweenness centrality 
scores of transplant surgeons and brokers imply that agents were frequent reach-
ing other unconnected agents through transplant surgeons or brokers. The aver-
age weighted betweenness centrality measure was higher for transplant surgeons 
(B = 23.07) than for brokers (B = 12.10), although SD was also higher for transplant 
surgeons (SD = 51.58) than for brokers (SD = 19.99), indicating that some specific 
transplant surgeon/s had a substantially larger score than other surgeons. Somewhat 

Fig. 4   Medicus Network with 
Average Weighted Indegree 
Centrality Scores of Agent 
Categories
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unexpectedly, sellers also had a comparatively higher weighted betweenness score 
(B = 68.00, 24%) with the average betweenness score of 3.09 (SD = 10.99). Buyers, 
in contrast, had a low weighted betweenness score (B = 3.50, 1%) with the average 
betweenness score of 0.15 (SD = 0.63). All other agent types scored zero for the 
weighted betweenness centrality measure.

Figure 6 shows the network showing the average weighted betweenness central-
ity score of each agent category by the node size. The node size confirms that that 
transplant surgeons and brokers are the most critical types of agents in terms of 
bridging different agents. The network also shows that sellers, on average, play a 
more critical role in connecting agents than buyers. Figure  7 allows us to further 
interpret the average betweenness scores. It indicates that the high average score of 
transplant surgeons is mainly attributable to the key transplant surgeon who appears 

Fig. 5   Medicus Network with Average Weighted Indegree Centrality Scores of Agents
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to operate as the sole conduit to many buyers. It also indicates that some sellers are 
connected to other sellers, thereby increasing the betweenness score of the category. 
It also shows that one seller (a relatively large seller node situated in the NE quad-
rant) operates as the conduits to multiple buyers and sellers and is the sole link to 
the director/manager. In contrast, buyers tend not to be connected to other buyers, 
and are likely to be connected only to brokers.

Pagerank centrality

The pagerank centrality score measures the importance of the neighbor nodes 
(weighted indegree or outdegree scores) that a node is connected to. When a node 
is connected to other nodes with a high degree weighted score, the node tends to 
have a high weighted pagerank centrality score. Table 8 presents the summary of 
weighted pagerank outdegree centrality statistics by agent category. The scores of 
the sum of the weighted pagerank centrality indicates that both sellers and buy-
ers, but particularly sellers, have a high score (PG = 0.39, 39% and PG = 0.33, 
33%, respectively), followed by brokers (PG = 0.13, 13%). All other agent cat-
egories had substantially smaller pagerank centrality scores ranging between 0.01 
and 0.03. On average, however, all agent categories had similar average pager-
ank centrality scores ranging between 0.010 (Anesthesiologist, Director/Manager, 
Ring Organizer, and Sterilization Nurse) and 0.018 (Seller). The high score of the 
average pagerank centrality score among sellers is attributable to the facts that 
sellers are the main contact recipients of sterilization nurses, anesthesiologists, 

Fig. 6   Medicus Network with 
Average Weighted Between-
ness Centrality Scores of Agent 
Categories
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and clinic owner whose average weighted outdegree centrality scores are rela-
tively high.

Figure 8 confirms that sellers have the highest score of the average weighted 
pagerank centrality score, followed by brokers and lab workers and then by buy-
ers. Figure 9 highlights several points. First, the score seems to vary rather sig-
nificantly within the sellers, indicating that there are several sellers that were 
particularly connected to the nodes with a high average weighted outdegree 
centrality score. While it is not clearly discernable from the figure, it seems that 
those sellers are more likely to be the ones that are connected to medical staff. 
Similarly, the figure highlights that one broker has a significantly higher score of 
the average weighted pagerank outdegree centrality than other brokers.

Table 9 presents the summary of weighted pagerank indegree centrality statistics by 
agent category. The scores of the sum of the weighted pagerank centrality indicates 
that brokers by far have the highest sum (0.310) and the percentage (31%) of weighted 
pagerank indegree centrality score. One average, clinic owner had the highest weighted 

Fig. 7   Medicus Network with Average Weighted Betweenness Centrality Scores of Agents
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Fig. 8   Medicus Network with 
Average Weighted PageRank 
Outdegree Centrality Scores of 
Agent Categories

Fig. 9   Medicus Network with Average Weighted PageRank Outdegree Centrality Scores of Agent
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pagerank indegree centrality score (0.123), presumably because the agent is connected 
to the agents with a relatively high score of average indegree centrality, i.e., the trans-
plant surgeon, sellers and buyers. Brokers also had a relatively high weighted pagerank 
indegree centrality score (0.039) together with transplant surgeons (0.039) again due to 
their high connectivity to sellers and buyers.

Figure  10 confirms that clinical owner who are connected to transplant surgeon, 
sellers, and buyers has by far the highest average score of average weighted pagerank 
indegree centrality score. Figure 11 demonstrates that the variation is the scores is high 
among brokers and transplant surgeons. One transplant surgeon with a particularly high 
frequency of interactions with the clinic owner and buyers has a significantly higher 
score of the weighted pagerank indegree centrality. Similarly, one broker who is con-
nected to the clinic owner and another broker who is connected to the broker seem to 
have a higher score of the weighted pagerank indegree centrality in the network.

Discussion

The current paper presented the first systematic analysis of an organ trade network 
using SNA. Our findings confirmed the findings of the previous analysis (Albarán 
et  al. 2017) which determined that the medical team was the most central part of 
the network and that, if the clinic was closed, the network would collapse. While we 
agree to this conclusion, we additionally found that the clinical owner—who was a 

Fig. 10   Medicus Network with 
Average Weighted PageRank 
Indegree Centrality Scores of 
Agents
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major contact recipient—was contacted only by a specific transplant surgeon who 
played the major role in this network. This was reflected in the very high score of 
betweenness centrality statistics of the transplant surgeon. This additional finding 
indicates that the challenge in identifying the clinic and the clinic owner, which is 
only possible by the identification of the transplant surgeon. The roles played by 
other transplant surgeons were substantially minor compared both to the main trans-
plant surgeon and to other agent categories regardless of the type of centrality scores 
that we calculated.

It is of note that brokers often played a secondary role in the network, even in 
initiating contacts to sellers and buyers. This could indicate that brokers in this net-
work were outsourced employees by medical staff rather than being the major part 
of the crime. This may be reflected in the fact that the brokers who were in contact 
with buyers were often different from the brokers who were in contact with sell-
ers, thereby preventing each broker from playing a multifaceted role and grasping 
a larger picture of the crime. In particular, we observed that brokers initiate more 

Fig. 11   Medicus Network with Average Weighted PageRank Indegree Centrality Scores of Agents
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contacts to sellers than to buyers. A large number of interactions to buyers were in 
fact initiated by the main transplant surgeon, presumably because he had the pre-
existing doctor-patient relationship with them. It appears that the network remained 
this way rather than him hiring brokers to whom he could delegate this role. These 
patterns and the relative importance of actors are very similar to the ones observed 
in the Costa Rica’s kidney trade case of 2017 (file no. 13–000227-1219-PE; sentence 
no. 989–2017). In this case, the main transplant surgeon—Dr. Francisco José Mora 
Palma, former head of nephrology at the publicly-run Rafael Ángel Calderón Guar-
dia Hospital—was the key player in the network, while the brokers played a second-
ary role. According to the investigations and trial, Dr. Mora Palma and his accom-
plices (three other doctors, a Greek businessman, and a National Police officer) sold 
kidneys through brokers to recipients in Israel, Ukraine and other countries from 
2009 to 2013 (Studdert-Kennedy 2019).

The comparison of the roles played by sellers and brokers revealed that sellers 
play a larger role regardless of the type of the centrality measure we refer to. The 
centrality scores were higher for sellers than for buyers for all statistics, includ-
ing the average weighted outdegree centrality (D = 0.14 vs. D = 0.09), the average 
weighted indegree centrality (D = 7.77 vs. D = 6.04), the average betweenness cen-
trality (B = 3.09 vs. B = 0.15), the average weighted pagerank outdegree centrality 
(0.08 vs. 0.014), and the average weighted pagerank indegree centrality (PG = 0.006 
vs. PG = 0.005). It is likely that this reflects the fact that sellers are more likely to 
get involved in a network after they sell their kidneys, by referring to new poten-
tial sellers. Such incidences are reported in not only in kidney trafficking networks 
(Columb 2020; Yea 2010) but also in other types of trafficking networks such as sex 
trafficking where the victims subsequently become a “madam”, actively recruiting 
other potential victims (Kotiswaran 2008; Mancuso 2014). In fact, the materials we 
reviewed indicated that it was common for brokers to offer sellers an opportunity to 
recruit others to be sellers after their return home, while the connections between 
brokers and buyers tend to end with their returning home.

We also found that the clinic owner and the director had a zero score of weighted 
betweenness centrality. This is significant divergence from the findings of Albaran 
et al. (2017), who determined that the director was the most betweenness agent and 
represented the nucleus of the network. Part of the reason is that our project con-
structed more detailed information of the network, compared with Albaran et al.’s 
study. Our project includes weighted edge directions while Albaran et  al.’s study 
seems only calculates betweenness scores based on the undirected network. A fur-
ther discrepancy was found between our study and Albaran et  al. in that Albaran 
et al. only listed two brokers while we identified eight. The difference in the number 
is important if you consider that the brokers occupied a large proportion of inter-
mediators of the shortest path in the network, as evidenced in a relatively high aver-
age betweenness centrality score of the brokers. When those brokers act to poten-
tially control information flow, there is a possibility that these brokers could grow to 
become more powerful in the network. Since the Costa Rica’s kidney trade case of 
2017 seems to observe similar trends, the two kidney trade networks might be com-
parable as well. It would be interesting to replicate a study of this kind to analyze the 
Costa Rican case.
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Our analysis also indicated that there are significant variations in several central-
ity scores. Specifically, we observed that outdegree centrality varied significantly in 
transplant surgeons, the indegree centrality scores varied significantly in sellers, the 
between centrality scores varied significantly in transplant surgeons and moderately 
in sellers and brokers, and the pagerank outdegree centrality scores vary relatively 
significantly in sellers and brokers. These high variations in the centrality scores 
have been noted in the SNA analysis of a different trafficking network. A study of 
a Nigerian sex trafficking network (Mancuso 2014) found that, in contrast to the 
assumption that all madams play an equally central role, there is a significant dis-
parity in the level of influence a given madame may have compared to another. In 
relation to this, Mancuso identified two main groups of Madams which are distin-
guished by the amount of human and social capital they had. Two women in the net-
work may have equal structural position (social capital), but their comparative influ-
ence within that equal position is defined by their access to resources such as family 
ties (human capital). Similar subgroups may exist in kidney trafficking. In particular, 
in the Medicus case, the particular transplant surgeon held far more human capital 
including his tie to the clinic owner. Similarly, some sellers appear to own more ties 
to other sellers, thereby leveraging their human capital.

Our results indicate that SNA is a promising tool for understanding these crim-
inal networks, and that further study should be done to test its merits. Outside 
organ trafficking, more applications of SNA are found. In the criminal justice 
field, SNA has proven its usefulness in providing an objective perspective about 
the network structure, such as the level of connectedness between various types 
of agents in a network. It is reported that the impartial perspective can be useful 
during a criminal investigation as a tool to complement the experience and prob-
lem-solving skills of law enforcement professionals (Cockbain et  al. 2011). But 
even a post-investigation analysis can be highly beneficial as the results can chal-
lenge common narratives. Hughes et al. (2017), for instance, used SNA in their 
study of multiple drug trading networks and found that poly-drug trafficking net-
works (networks that manufacture and distribute multiple types of drugs instead 
of only one) have common features of division and labor and a clear management 
structure. This feature of management systems was contrary to much of the other 
literature on drug-trafficking social networks. Further, in the study of 4 different 
terrorist clusters (or “cells”) that have operated in or against Australia, Koschade 
(2007) found “that cells with a focus on efficiency rather than covertness were 
more successful in achieving their objectives (contrary to popular belief).” SNA 
is also helpful in revealing influential agents. In a study seeking to identify the 
most harmful co-offenders in Denmark, Frydensberg et al. (2019) looked at vast 
data about offending criminals over the course of several years. They added evi-
dence to the previously discerned “Pareto curve” phenomenon (Sherman 2007) 
when they found that a “power few” of 7.42% of the co-offending population 
were responsible for half of all the crimes in the studied time period.

There are several limitations to our study, most of which pertain to the nature of 
the source material. Because the source material is a summary of the court proceed-
ings, we have only a small portion of all potential information regarding interactions 
between the network agents. The document declares who was found guilty of what 
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charges, and the witness testimonies and other information contained in the summary 
are contained for their relevance to the conclusions of the court. Some people receive 
more attention than others, which might have disproportionately affected their appear-
ance in the network. The same seems to have happened in the case of Costa Rica. The 
2017 case is closed, but investigations of a second kidney trade initiated in 2019 (Stud-
dert-Kennedy 2019), and there is a possibility that the network discovered a couple of 
years earlier is in reality much more complex. Further research needs to be done in this 
regard as the two kidney trade networks may be related.

Conclusion

Due to the highly specialized skill set required for performing a kidney transplant, a 
kidney trafficking network inevitably has at least one sizeable cluster consisting of vari-
ous medical staff. Brokers appear to play a secondary role and tend to play a specific 
role with limited influence in the trafficking operation. Sellers, in general, played a big-
ger role than buyers, with several sellers playing a more significant role than others. The 
implication for law enforcement is that identifying the agents, particularly brokers and 
sellers who connect different types of agents is likely to be more effective than putting 
effort to identify the clinic/s where transplants take place. We should note, however, 
that this approach may not apply to other forms of trafficking or smuggling due to the 
unique nature of a kidney trafficking network that requires technical skills.

Our analysis indicates that SNA is a promising tool to gain systematic knowledge 
about the structure and the pattern of organ trafficking networks. We are aware that, 
as the first study of its kind, the findings of the current study cannot be generalized 
at this point. Further investigations of other kidney/organ trafficking cases are war-
ranted to see how generalizable the findings of the current study may be. Here, the 
kidney trafficking case in Costa Rica during 2017 may be a good candidate, as they 
seem to exhibit resemblances to the patterns observed in the current study although 
at a larger scale (Studdert-Kennedy 2019). From the analytical point of view, we 
acknowledge that criminal networks are dynamic (Bright 2015), and future endeavor 
should include the use of dynamic network analysis (e.g., ERGM or SAM) to fathom 
how network changes relate to behavioral shifts (Carley 2003). Finally, we note that 
SNA should always be complemented with qualitative discussion to interpret the 
results correctly and to guide the future directions for the application of this quanti-
tative tool.

Appendix

Agent/Node identification

The table below lists the ID and Label by which each agent is known. The ID was 
created to have a short code to represent each agent when recording the interactions 
between them. The Label is the primary job that the agent had in the network.
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Table 10   ID and Label for 
network agents

ID Label

K1 Recipient
K2 Recipient
K3 Donor
K4 Director/Manager
K6 Donor
K7 Donor
K8 Donor
K9 Donor
K10 Broker
K14 Recipient
K15 Recipient
K18 Broker
K19 Transplant Surgeon
K20 Transplant Surgeon
K22 Donor
K23 Recipient
K24 Broker
K25 Recipient
K26 Donor
K27 Recipient
K29 Anaesthesiologist
K31 Broker
K32 Donor
K33 Transplant Surgeon
K35 Recipient
K36 Owner of the Medicus Clinic
K37 Recipient
K38 Lab worker
K39 Recipient
K40 Recipient
K41 Donor
K42 Organizer of the organ trafficking ring
K43 Recipient
K44 Donor
K46 Recipient
K47 Donor
K48 Recipient
K49 Transplant Surgeon
K50 Recipient
K51 Donor
K52 Donor
K54 Recipient
K55 Anaesthesiologist
K56 Anaesthesiologist
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Table 10

Data set for the analysis

The table below contains the data used to visualize the Medicus network in Gephi 
for the analysis. Source represents the acting agent, and Target represents the receiv-
ing agent. The Page # tells the reader where to look for information about the inter-
action in the source material In the Name of the People. The information may not 
be on that exact page, because the page number, for example, may reference the 
beginning of the witness testimony wherein the information can be found. A row of 
Table 6 would read: “K29 had one surgical interaction with K27, whose transplant 
took place on 3/8/2008. The information about this interaction can be found on page 
89 of In the Name of the People.”

Table 11

Table 10   (continued) ID Label

K57 Broker
K58 Sterilization Nurse
K61 Recipient
K63 Recipient
K64 Recipient
K67 Recipient
K68 Donor
K70 Broker
K71 Donor
K73 Donor
K74 Lab worker
K75 Recipient
K76 Donor
K77 Donor
K78 Donor
K79 Donor
K82 Recipient
K88 Donor
K89 Donor
K90 Recipient
K91 Broker
K93 Transplant Surgeon
K95 Broker
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Table 11   Interactions between agents

Source Target Category Weight Transplant 
ID

Transplant date Page of 
Interaction

K36 K93 LAUND 1 0 2/15/2007 96
K93 K36 LAUND 1 0 12/13/2007 96
K36 K93 LAUND 1 0 12/21/2007 96
K93 K36 LAUND 1 0 12/22/2007 96
K93 K36 LAUND 1 0 12/25/2007 96
K36 K93 LAUND 1 0 1/6/2008 96
K93 K36 LAUND 1 0 1/6/2008 96
K93 K36 LAUND 1 0 1/22/2008 96
K93 K36 LAUND 1 0 1/23/2008 96
K93 K36 LAUND 1 0 1/30/2008 96
K93 K36 LAUND 1 0 2/5/2008 96
K93 K36 LAUND 1 0 2/13/2008 96
K93 K36 LAUND 1 0 2/13/2008 96
K93 K36 LAUND 1 0 2/15/2008 96
K93 K36 LAUND 1 0 3/4/2008 96
K29 K27 SURG​ 1 1 3/8/2008 89
K29 K68 SURG​ 1 1 3/8/2008 89
K33 K27 SURG​ 1 1 3/8/2008 89
K36 K68 SURG​ 1 1 3/8/2008 89
K55 K27 SURG​ 1 1 3/8/2008 89
K55 K68 SURG​ 1 1 3/8/2008 89
K56 K27 SURG​ 1 1 3/8/2008 89
K56 K68 SURG​ 1 1 3/8/2008 89
K58 K27 SURG​ 1 1 3/8/2008 106
K58 K68 SURG​ 1 1 3/8/2008 106
K93 K27 SURG​ 1 1 3/8/2008 89
K93 K68 SURG​ 1 1 3/8/2008 89
K36 K93 LAUND 1 0 4/29/2008 96
K36 K93 LAUND 1 0 5/6/2008 96
K19 K46 SURG​ 1 2 5/11/2008 89
K29 K51 SURG​ 1 2 5/11/2008 89
K36 K51 SURG​ 1 2 5/11/2008 89
K55 K46 SURG​ 1 2 5/11/2008 89
K55 K51 SURG​ 1 2 5/11/2008 89
K56 K46 SURG​ 1 2 5/11/2008 89
K56 K51 SURG​ 1 2 5/11/2008 89
K58 K46 SURG​ 1 2 5/11/2008 106
K58 K51 SURG​ 1 2 5/11/2008 106
K93 K46 SURG​ 1 2 5/11/2008 89
K93 K51 SURG​ 1 2 5/11/2008 89
K18 K78 BRKR 1 3 5/15/2008 51
K18 K78 BRKR 1 3 5/15/2008 51
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Table 11   (continued)

Source Target Category Weight Transplant 
ID

Transplant date Page of 
Interaction

K19 K54 SURG​ 1 3 5/15/2008 89
K29 K54 SURG​ 1 3 5/15/2008 89
K29 K78 SURG​ 1 3 5/15/2008 89
K36 K78 SURG​ 1 3 5/15/2008 89
K42 K78 LAUND 1 3 5/15/2008 51
K55 K54 SURG​ 1 3 5/15/2008 89
K55 K78 SURG​ 1 3 5/15/2008 89
K56 K54 SURG​ 1 3 5/15/2008 89
K56 K78 SURG​ 1 3 5/15/2008 89
K58 K54 SURG​ 1 3 5/15/2008 106
K58 K78 SURG​ 1 3 5/15/2008 106
K78 K74 BRKR 1 3 5/15/2008 51
K93 K54 SURG​ 1 3 5/15/2008 89
K93 K78 SURG​ 1 3 5/15/2008 89
K10 K64 BRKR 1 4 6/4/2008 67
K10 K93 BRKR 1 4 6/4/2008 68
K29 K44 SURG​ 1 4 6/4/2008 89
K29 K64 SURG​ 1 4 6/4/2008 89
K33 K64 SURG​ 1 4 6/4/2008 89
K36 K44 SURG​ 1 4 6/4/2008 89
K38 K64 BRKR 1 4 6/4/2008 68
K55 K44 SURG​ 1 4 6/4/2008 89
K56 K44 SURG​ 1 4 6/4/2008 89
K56 K64 SURG​ 1 4 6/4/2008 89
K58 K44 SURG​ 1 4 6/4/2008 106
K58 K64 SURG​ 1 4 6/4/2008 106
K70 K64 LAUND 1 4 6/4/2008 89
K93 K44 SURG​ 1 4 6/4/2008 89
K93 K64 SURG​ 1 4 6/4/2008 89
K29 K71 SURG​ 1 5 6/5/2008 89
K36 K71 SURG​ 1 5 6/5/2008 89
K55 K71 SURG​ 1 5 6/5/2008 89
K56 K71 SURG​ 1 5 6/5/2008 89
K58 K71 SURG​ 1 5 6/5/2008 106
K93 K71 SURG​ 1 5 6/5/2008 89
K19 K90 SURG​ 1 6 6/6/2008 89
K29 K90 SURG​ 1 6 6/6/2008 89
K56 K90 SURG​ 1 6 6/6/2008 89
K58 K90 SURG​ 1 6 6/6/2008 106
K93 K90 SURG​ 1 6 6/6/2008 89
K18 K77 BRKR 1 7 6/19/2008 51
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Table 11   (continued)

Source Target Category Weight Transplant 
ID

Transplant date Page of 
Interaction

K18 K77 BRKR 6 7 6/19/2008 51
K29 K67 SURG​ 1 7 6/19/2008 89
K33 K67 SURG​ 1 7 6/19/2008 89
K36 K67 SURG​ 1 7 6/19/2008 89
K38 K77 BRKR 1 7 6/19/2008 51
K42 K77 LAUND 1 7 6/19/2008 51
K56 K67 SURG​ 1 7 6/19/2008 89
K67 K10 BRKR 7 7 6/19/2008 68
K91 K77 LAUND 1 7 6/19/2008 51
K93 K67 BRKR 1 7 6/19/2008 68
K93 K67 SURG​ 1 7 6/19/2008 89
K95 K67 LAUND 1 7 6/19/2008 89
K19 K25 SURG​ 1 8 6/20/2008 89
K29 K25 SURG​ 1 8 6/20/2008 89
K33 K25 SURG​ 1 8 6/20/2008 89
K33 K8 SURG​ 1 8 6/20/2008 89
K55 K8 SURG​ 1 8 6/20/2008 89
K56 K25 SURG​ 1 8 6/20/2008 89
K56 K8 SURG​ 1 8 6/20/2008 89
K58 K25 SURG​ 1 8 6/20/2008 106
K58 K8 SURG​ 1 8 6/20/2008 106
K93 K25 SURG​ 1 8 6/20/2008 89
K93 K8 SURG​ 1 8 6/20/2008 89
K10 K40 LAUND 1 9 7/2/2008 69
K19 K7 SURG​ 1 9 7/2/2008 89
K36 K7 SURG​ 1 9 7/2/2008 89
K49 K7 SURG​ 1 9 7/2/2008 89
K55 K7 SURG​ 1 9 7/2/2008 89
K56 K7 SURG​ 1 9 7/2/2008 89
K58 K7 SURG​ 1 9 7/2/2008 106
K93 K40 BRKR 1 9 7/2/2008 69
K93 K40 LAUND 3 9 7/2/2008 69
K93 K7 SURG​ 1 9 7/2/2008 89
K95 K40 LAUND 3 9 7/2/2008 69
K10 K1 LAUND 1 10 7/3/2008 71
K29 K73 SURG​ 1 10 7/3/2008 89
K36 K73 SURG​ 1 10 7/3/2008 89
K49 K73 SURG​ 1 10 7/3/2008 89
K55 K73 SURG​ 1 10 7/3/2008 89
K56 K73 SURG​ 1 10 7/3/2008 89
K58 K73 SURG​ 1 10 7/3/2008 106
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Table 11   (continued)

Source Target Category Weight Transplant 
ID

Transplant date Page of 
Interaction

K93 K1 LAUND 7 10 7/3/2008 71
K93 K73 SURG​ 1 10 7/3/2008 89
K95 K1 BRKR 1 10 7/3/2008 71
K95 K37 BRKR 1 10 7/3/2008 72
K33 K26 SURG​ 1 11 7/22/2008 89
K36 K26 SURG​ 1 11 7/22/2008 89
K55 K26 SURG​ 1 11 7/22/2008 89
K56 K26 SURG​ 1 11 7/22/2008 89
K93 K26 SURG​ 1 11 7/22/2008 89
K93 K61 BRKR 2 11 7/22/2008 74
K93 K61 BRKR 1 11 7/22/2008 74
K33 K75 SURG​ 1 12 7/23/2008 89
K36 K75 SURG​ 1 12 7/23/2008 89
K55 K75 SURG​ 1 12 7/23/2008 89
K56 K75 SURG​ 1 12 7/23/2008 89
K93 K75 SURG​ 1 12 7/23/2008 89
K18 K79 BRKR 3 14 7/24/2008 53
K29 K48 SURG​ 1 13 7/24/2008 89
K29 K79 SURG​ 1 14 7/24/2008 89
K29 K82 SURG​ 1 14 7/24/2008 89
K29 K9 SURG​ 1 13 7/24/2008 89
K36 K79 SURG​ 1 14 7/24/2008 89
K36 K9 SURG​ 1 13 7/24/2008 89
K38 K48 BRKR 1 13 7/24/2008 75
K38 K9 BRKR 1 14 7/24/2008 75
K42 K79 BRKR 1 14 7/24/2008 53
K42 K79 LAUND 1 14 7/24/2008 53
K42 K82 LAUND 1 14 7/24/2008 75
K48 K42 BRKR 8 13 7/24/2008 75
K56 K48 SURG​ 1 13 7/24/2008 89
K56 K79 SURG​ 1 14 7/24/2008 89
K56 K82 SURG​ 1 14 7/24/2008 89
K56 K9 SURG​ 1 13 7/24/2008 89
K58 K48 SURG​ 1 13 7/24/2008 106
K58 K79 SURG​ 1 14 7/24/2008 106
K58 K82 SURG​ 1 14 7/24/2008 106
K58 K9 SURG​ 1 13 7/24/2008 106
K79 K35 LAUND 1 14 7/24/2008 75
K93 K48 LAUND 1 13 7/24/2008 89
K93 K48 SURG​ 1 13 7/24/2008 89
K93 K79 SURG​ 1 14 7/24/2008 89
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Table 11   (continued)

Source Target Category Weight Transplant 
ID

Transplant date Page of 
Interaction

K93 K79 SURG​ 1 14 7/24/2008 89
K93 K82 SURG​ 1 14 7/24/2008 89
K93 K9 SURG​ 1 13 7/24/2008 89
K29 K89 SURG​ 1 15 7/29/2008 89
K36 K89 SURG​ 1 15 7/29/2008 89
K56 K89 SURG​ 1 15 7/29/2008 89
K58 K89 SURG​ 1 15 7/29/2008 106
K93 K89 SURG​ 1 15 7/29/2008 89
K10 K39 BRKR 2 16 8/18/2008 77
K33 K3 SURG​ 1 16 8/18/2008 89
K36 K3 SURG​ 1 16 8/18/2008 89
K39 K10 BRKR 1.7 16 8/18/2008 77
K42 K39 BRKR 1 16 8/18/2008 77
K55 K3 SURG​ 1 16 8/18/2008 89
K56 K3 SURG​ 1 16 8/18/2008 89
K58 K39 SURG​ 1 16 8/18/2008 106
K93 K3 SURG​ 1 16 8/18/2008 89
K93 K39 BRKR 1 16 8/18/2008 77
K93 K39 SURG​ 1 16 8/18/2008 89
K95 K39 BRKR 1 16 8/18/2008 77
K10 K2 BRKR 3 17 8/19/2008 79
K10 K2 LAUND 3 17 8/19/2008 79
K10 K32 LAUND 1 17 8/19/2008 79
K10 K57 BRKR 1 17 8/19/2008 82
K2 K32 LAUND 1 17 8/19/2008 79
K33 K32 SURG​ 1 17 8/19/2008 89
K33 K76 SURG​ 1 18 8/19/2008 89
K36 K76 SURG​ 1 18 8/19/2008 89
K55 K32 SURG​ 1 17 8/19/2008 89
K55 K76 SURG​ 1 18 8/19/2008 89
K56 K32 SURG​ 1 17 8/19/2008 89
K56 K76 SURG​ 1 18 8/19/2008 89
K57 K2 LAUND 1 17 8/19/2008 79
K58 K2 SURG​ 1 17 8/19/2008 106
K58 K32 SURG​ 1 17 8/19/2008 106
K58 K76 SURG​ 1 18 8/19/2008 106
K93 K2 BRKR 1 17 8/19/2008 79
K93 K2 LAUND 1 17 8/19/2008 79
K93 K2 SURG​ 1 17 8/19/2008 89
K93 K32 SURG​ 1 17 8/19/2008 89
K93 K76 SURG​ 1 18 8/19/2008 89



1 3

Trends in Organized Crime	

Table 11   (continued)

Source Target Category Weight Transplant 
ID

Transplant date Page of 
Interaction

K93 K90 BRKR 1 17 8/19/2008 68
K95 K2 BRKR 1 17 8/19/2008 79
K95 K2 LAUND 1 17 8/19/2008 79
K95 K2 LAUND 1 17 8/19/2008 79
K95 K2 LAUND 1 17 8/19/2008 79
K95 K32 LAUND 1 17 8/19/2008 79
K95 K90 LAUND 1 17 8/19/2008 68
K29 K14 SURG​ 1 19 9/9/2008 89
K29 K47 SURG​ 1 19 9/9/2008 89
K33 K14 SURG​ 1 19 9/9/2008 89
K33 K47 SURG​ 1 19 9/9/2008 89
K38 K47 BRKR 1 19 9/9/2008 55
K42 K47 BRKR 1 19 9/9/2008 55
K56 K14 SURG​ 1 19 9/9/2008 89
K56 K47 SURG​ 1 19 9/9/2008 89
K58 K14 SURG​ 1 19 9/9/2008 106
K58 K47 SURG​ 1 19 9/9/2008 106
K91 K47 BRKR 2 19 9/9/2008 55
K93 K14 SURG​ 1 19 9/9/2008 89
K93 K47 SURG​ 1 19 9/9/2008 89
K10 K63 BRKR 2 20 9/27/2008 81
K19 K41 SURG​ 1 20 9/27/2008 89
K19 K63 SURG​ 1 20 9/27/2008 89
K33 K63 SURG​ 1 20 9/27/2008 89
K36 K41 SURG​ 1 20 9/27/2008 89
K42 K63 BRKR 2 20 9/27/2008 81
K49 K41 SURG​ 1 20 9/27/2008 89
K55 K41 SURG​ 1 20 9/27/2008 89
K55 K63 SURG​ 1 20 9/27/2008 89
K56 K41 SURG​ 1 20 9/27/2008 89
K56 K63 SURG​ 1 20 9/27/2008 89
K57 K10 BRKR 1 20 9/27/2008 82
K57 K63 LAUND 1 20 9/27/2008 81
K58 K41 SURG​ 1 20 9/27/2008 106
K58 K63 SURG​ 1 20 9/27/2008 106
K63 K41 LAUND 1 20 9/27/2008 81
K93 K41 SURG​ 1 20 9/27/2008 89
K93 K63 SURG​ 1 20 9/27/2008 89
K19 K43 SURG​ 1 21 9/29/2008 89
K19 K52 SURG​ 1 21 9/29/2008 89
K29 K52 SURG​ 1 21 9/29/2008 89
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Table 11   (continued)

Source Target Category Weight Transplant 
ID

Transplant date Page of 
Interaction

K55 K43 SURG​ 1 21 9/29/2008 89
K56 K43 SURG​ 1 21 9/29/2008 89
K56 K52 SURG​ 1 21 9/29/2008 89
K58 K43 SURG​ 1 21 9/29/2008 106
K58 K52 SURG​ 1 21 9/29/2008 106
K93 K43 SURG​ 1 21 9/29/2008 89
K93 K52 SURG​ 1 21 9/29/2008 89
K19 K22 SURG​ 1 22 10/21/2008 89
K19 K23 SURG​ 1 22 10/21/2008 89
K22 K91 BRKR 1 22 10/21/2008 57
K24 K22 BRKR 4 22 10/21/2008 57
K24 K22 BRKR 1 22 10/21/2008 57
K24 K22 LAUND 1 22 10/21/2008 57
K24 K22 LAUND 1 22 10/21/2008 57
K24 K22 LAUND 1 22 10/21/2008 57
K24 K22 LAUND 3 22 10/21/2008 57
K24 K23 LAUND 1 22 10/21/2008 57
K38 K22 BRKR 1 22 10/21/2008 57
K4 K22 LAUND 1 22 10/21/2008 57
K42 K22 BRKR 1 22 10/21/2008 57
K49 K22 SURG​ 1 22 10/21/2008 89
K55 K22 SURG​ 1 22 10/21/2008 89
K56 K22 SURG​ 1 22 10/21/2008 89
K56 K23 SURG​ 1 22 10/21/2008 89
K58 K22 SURG​ 1 22 10/21/2008 106
K58 K23 SURG​ 1 22 10/21/2008 106
K91 K22 BRKR 2 22 10/21/2008 57
K91 K24 BRKR 1 22 10/21/2008 57
K93 K22 SURG​ 1 22 10/21/2008 89
K93 K23 SURG​ 1 22 10/21/2008 89
K20 K50 SURG​ 1 23 10/26/2008 89
K29 K6 SURG​ 1 23 10/26/2008 89
K33 K50 SURG​ 1 23 10/26/2008 89
K33 K6 SURG​ 1 23 10/26/2008 89
K38 K6 BRKR 1 23 10/26/2008 61
K49 K6 SURG​ 1 23 10/26/2008 89
K56 K50 SURG​ 1 23 10/26/2008 89
K56 K6 SURG​ 1 23 10/26/2008 89
K58 K50 SURG​ 1 23 10/26/2008 106
K58 K6 SURG​ 1 23 10/26/2008 106
K91 K6 BRKR 3 23 10/26/2008 61
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