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ABSTRACT
In this work, we analyze how the esports transfer market is orga-
nized with the help of mixed methods. We assume that a combina-
tion of Social Network Analysis and Machine Learning can help
to achieve deeper understanding and to find patterns which are
hidden from the one-side analysis. For the research, we gathered
information about transfers of Dota 2 teams made between The
Internationals of 2016 and 2017 and built a network based on this
data. For the ERGM, we checked the importance of belonging to
one region and organization, difference of skills, and participation
in TI, and for association rules, on a par with the regions, we added
players roles, and a metric of their personal performance – fantasy
points. Summing up the results, we found out the importance of
homophily within regions, detected presence of vertical mobility,
and discover the influence of the specific players roles.

CCS CONCEPTS
• Networks→ Network structure; • Information systems→
Association rules; • Human-centered computing → Social net-
work analysis;
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1 INTRODUCTION
Transfers of players play important role in sport industry as they
determine who will play in the particular team. Even one transfer
can greatly affect team strategy and its success[12]. In esports, the
vital role of transfer is even more visible than in traditional sports
due to frequent changes in the teams line-up. Thus, esports provides
us with an opportunity to study connections between individual
and team performance, media saliency and market structure based
on rich digital data.
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There is a growing area of social network studies in sports. There
are several factors related to players performance and team compo-
sition. First, the centrality of the players position and his activity
during the game can influence managerial recruitment [4]. Next,
teams strength and players talent can be assessed with the help of
transfer network analysis [11]. One of the reasons for this is that
transfer fees is one of the important instruments for the estimation
of players performance [3].

Liu et al. [11] analyzed transfer network of football clubs. They
found out there were several clubs which take the most beneficial
positions and control the major part of transfer sources. Also, the
authors detected a positive correlation between teams performance
during matches and their brokerage. On the other hand, for a player,
transfer in some cases can significantly increase the risk of injury,
compared to old club players [1]. Certainly, the transfer can be
considered in terms of capital andmobility [13] being an instrument
of either improving or ruining a player’s career.

In our research, we investigate the organization of Dota 2 pro-
fessional the transfer market, focusing on understanding what are
the predictors of the transfer from the one team to another.

2 BACKGROUND: DOTA 2, ESPORTS,
TRANSFER

Dota 2 is both a free-to-play multiplayer online battle arena (MOBA)
video game and a one of the most popular esports disciplines where
two teams of 5 players eliminates each other’s main buildings. The
main goal of teams during the year is to win The International (TI)
which is the most prestigious tournament in the game and can be
described as world championship in Dota 2. During the year teams
can change the roster in order to get successful combination of
players and win TI. Each team has a captain who make important
strategic decisions, and each player has one of pre-defined in-game
roles fulfilling different objectives of the game.

Number of transfers per person or team is not restricted. Conse-
quently, player can freely change several teams during one season.
As a result, transfers are always under attention of managers, media,
and spectators. Each team has its own audience and own brand
which is formed based on current roster, or, in other words, on
combination of players. Each transfer drives attention of the media
and the fan sources.

3 DATA AND METHOD
In this research, we use Social Network Analysis and Association
Rules mining. First, we build a network of transfers and then apply
an ERGM (Exponential Random Graph Model)[8, 10] to analyze
which variables are important and which structural network char-
acteristics influence tie formation. Second, we use association rules
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mining[5–7, 14] for reaching deeper understanding of the transfer
patterns.

We gathered information from Liquipedia1 about 322 transfers
of 118 teams made between The International of 2016 and 2017.
These teams were TI-participants, or they were connected with
them by transfer. For the ERGM, we use such variables as team
region, participation in The International, and Elo rating.

Elo rating [2] is a metric for measuring teams performance which
based on its wins, draws, and loses. It is calculated on DOTABUFF2
data gathered for three months before the start of the observed
period with the help of EloRating package in R[9]. If team did not
play during that time, it was assigned with the default value equal
to 1000.

For the association rules learning (Apriori algorithm), we cut our
sample to the transfers which were made only by team-participants
of The International 2017 – 201 transfer of 18 teams. All of them
were split into two parts according to having or not captains role.
For association rules mining, we use players (role (core, offlane, or
support), average and total fantasy points earned during TI7) and
team (regions of new and old teams) characteristics.

Fantasy points reflect different in-game actions. They are ac-
quired after each match, and they are weighted so that there is
no difference in the esportsmen roles. We got data about fantasy
points from Dota 2 Fantasy Tracker3. Both average and total
earned fantasy points were split into equal intervals.

Association rules were mined with the following settings (Ta-
ble 1).

Table 1: Association rules properties

Captains Not-captains
support 0.12 0.07
confidence 0.5 0.5
min length of the rule 2 2
number of rules 45 33

Minimal length of the rule – minimal number of items the rule
should have to appear.
The rule A ⇒ B is described by[14]: (1) support – the propor-
tion of transactions that contain both A and B, and (2) confi-
dence – the proportion of transactions containing A that also
contain B.

4 ANALYSIS AND RESULTS
With the help of the ERGM, we found out that if it was impor-
tant for both teams to belong to the one region. Also, it was more
likely for transfer to appear if the receiver was TI-participant. Elo
rating was not significant factor. Two teams that belong to the
same organization are more likely to have transfers. Geometrically
weighted edgewise shared partner distribution (GWESP) is used
for unsaturated networks when there are few transitions between
different parts of the network. Each shared partner of two teams
1https://liquipedia.net/dota2/Main_Page
2https://www.dotabuff.com/
3http://fantasy.prizetrac.kr/international2017/players

increases the probability of transfer. Outgoing star (ostar) shows
the presence of a structure in the network, when from one team
there are transfers to the other two. The presence of such structure
may be considered as an artefact of network sampling (at this stage
we took The International participants and those with whom they
had transfers).

Table 2: ERGM summary

log odds

Edges -5.852*
Mutual 1.393*
Downward mobility (NODEMIX) 0.304
Upward mobility (NODEMIX) 0.627*
Both TI participants (NODEMIX) 1.132*
North America (NODEMATCH) 2.153*
Europe (NODEMATCH) 2.992*
China (NODEMATCH) 2.136*
CIS (NODEMATCH) 2.594*
South America (NODEMATCH) 2.849*
Southeast Asia (NODEMATCH) 2.481*
ELO rating (ABSDIFF) 0.001
Keen Gaming (NODEFACTOR) 1.022*
Newbee (NODEFACTOR) -1.206*
Vici Gaming (NODEFACTOR) 0.638*
WarriorsGaming (NODEFACTOR) 0.452*
Transitivity (GWESP) 0.386*
Outstars 0.078*
Akaike Inf. Crit.
Bayesian Inf. Crit.

1,750.081
1,961.001

Note: *p<0.05

Vertical mobility
As far as the receiver was most likely to be a TI-participant, we
can speak mostly about vertical mobility. Well-known teams have
two primary channels for recruiting: the same level teams and the
freshmen teams. ERGM summary have shown that both of them are
actively used. This reflects the paths of esportsman career: when
he reaches the top teams, he either moves around or leave the
professional arena.

Homophily within regions
Both ERGM and results of association rules mining have shown
the importance of belonging to the one region. However, such pat-
terns were detected only on the sample about players who were
not captains in their teams. Association rules contain information
about following regions: CIS (confidence = 0.57), South-East Asia
(confidence = 0.7), and China (confidence = 0.93). The latter case
stands out signalizing unique ecosystem: in China, there are es-
ports organizations which unite several teams under one label. For
example, PSG.LGD and LGD.Forever Young are united under brand
LGD. Moves of players between such teams are one of the easiest
way to recruit players. That is why confidence of this rule is so
high.
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However, there was no such rules for captains. This may be
caused by their higher value. Their responsibility for the match
result is higher as they make important decisions. Therefore, good
captains are in higher demand, and they are not dependent on the
original region.

Effects of role and performance
Distinct subset of rules is connected with captains in the support
position. This might be a result of their higher responsibility: they
should care about their teammates even during the game as far as
duties of their heroes aimed at assistance.

Also, there is a separate set of rules about offlane captains with
the worst performance. After checking the data, we found out
that these rules were produced because of three players who had
changed more than three teams during the season.

Even though there is no detached cluster of rules for players
without captains roles, there are patterns connected with the core
role. Cores with only the highest and the lowest numbers of fantasy
points are more likely to change their teams. This can reflect two
main reasons of transfer: kicking the player out and finding the
best replacement.

5 DISCUSSION
Our research does not support the vision of esports as a global
market, as there is large intra-regional homophily in tranfers.

Also, esports can be characterized by the small distance between
professional and amateur teams. It is possible for top teams to invite
non-professional players taking into account their skills shown in
public games. Besides, unlike traditional sports Dota 2 team is often
organized by players themselves, and after achievement of results
in tournaments they receive an invitation to become a part of an
organization.

6 FUTUREWORK
This research is on its early stages. We are now working on im-
proving sampling and metadata. The work will be developed in two
main direction. First, brand formation based on player transfers will
be investigated more. Next, even deeper understanding of received
patterns is aimed to achieve. For this purpose, may be used qualita-
tive methods as interviews of transferred players or studying such
documents as media reports. Also, we plan to distinguish voluntary
transitions from forced exclusions which most likely have different
reasons. As a result, structure of the transfer market will be fully
analyzed and described.
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