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Figure 11. How the disadvantaged team (BLUE) does a comeback : (a) They kill troopers; (b) Heroes of the early advantaged team (RED) are
defeated and return home; (c) BLUE destroys a tower of RED camp; (d) BLUE destroys another tower of RED camp.

health points. Thus, the comeback occurs when the comeback team
take such advantage and kills the troopers. The team then proceeds
to destroy two outer towers, as shown in Fig. 11. The expert clearly
observes in the Resource View (Fig. 12) that the resource difference
between two teams decreases to a great extent after such towers are de-
stroyed. Furthermore there are increases in the comeback teams’ levels
and equipment evolution shown in Fig. 13, which make the comeback
teams win combats in the later stages.

Figure 13. There are four players in BLUE camp who upgrade their
equipment due to the large awards by destroying towers.

5.1.4 Summarizing the Takeaways and Verification

Our game designers’ (E.3-4) takeaway for the game design is the im-
balanced proportion of reward received between destroying outer tow-
ers and inner towers, and the high attacking capability of base towers.
The gain of destroying an inner tower can not compensate the loss of
health for the early advantaged players, consequently letting the come-
back team able to outweigh them in the following battles.

To verify the hypothesis of imbalanced towers’ rewards, we take
the positions of all players after the comeback team’s inner towers are
destroyed by the early advantaged team in 100 sampled matches, and
plot them into heat maps. This is because such group spatial-temporal
information (i.e. players accumulating near the pathways, towers or
enemy bases at a specific time) can give us a hint of the team skills
and collaborations [7]. The results show a positive feedback. After
the success of destroying inner towers and attempting to proceed to
destroy base towers, the early advantaged teams show two traces of
movements. Either they retreat or they are killed near the opponents’
bases. Oppositely, the comeback teams seize the opportunity to march
to the outer towers of the early advantaged teams, implying upgrades
their equipment from the reward by destroying the outer towers. The
contrast shows that it is undesirable for the early advantaged team to
proceed after destroying the inner towers, which is supposed to be legit
from the perspective of game design. Therefore, our game designers
agree that lowering the attack of the base tower and the reward for
destroying the outer towers could be the solutions for improvement.

Figure 14. Heat maps of positions from the time when the early advan-
tage teams successively destroy the inner tower of the opposite teams
and proceed to when the comeback teams win. Black circles represent
the retreat of players of the early advantaged teams, while the white
circles represent the proceeds of the comeback teams.

5.1.5 Other Comebacks Caused By Players’ Misjudgment

We briefly explain some reasons of comeback occurrences caused by
players’ own misjudgment. Our experts list out positions and hits as
two factors derived from the system that attribute to the possibility of
comeback. Position factor represents the retreat actions done by some
players while their teammates are still in combats though they are in an
advantaged positions, which can be seen in Trajectory/Geographical
Timeline View. Hit factor represents the over focus on killing heroes
or creeps without destroying towers, which can be seen in the perfor-
mances metrics. As killing does not contribute much to equipment
evolution that increases the overall power of the team, these teams be-
come disadvantaged after their opponents have destroyed some towers.

5.2 Case Two: Snowballing on a Roll

5.2.1 Dominating Performance in Several Key Attributes

Following a similar observation process, the analysts first notice that
the snowballing teams have a much better performance than the op-
posite camp through the views related to the overall performances.
They observe through the Trend View that, in the initial phase, the
snowballing team accumulates advantages by winning in the combats
(Fig. 15 (2)) and destroying towers (i.e., two towers in around 3 minute
(Fig. 15) (1)). Then they continue to overpower the opposite team by
occupying light towers and interval combats until the end.

5.2.2 Destroying Key Structures Leading to Initial Success

Our GUX analyst (E.1) then wonders “what makes the BLUE camp
lose all the combats?” By selecting the first four-minute period, he
discovers that after two combats the snowballing teams win (Fig. 15
(5)), they accumulate sufficient cash and experience to upgrade the
players’ equipment, while the opponents’ still remains the same. Thus
the snowballing teams easily push down another two towers (Fig. 15
(6)) and continue to upgrade the defense equipment (Fig. 15 (3,4)). At
this stage, all the winning teams keep holding a large gap by upgrad-
ing their equipment to higher levels, maintaining an overwhelming ad-
vantage in the following combats. The analyst also discovers another
reason why the disadvantaged teams cannot accumulate resources in
other ways such as sweeping creeps: nearly all of their light towers
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Figure 15. (1) Tower destroying events (2) RED wins in combats. (3) Re-
source accumulation differs. (4) Equipment evolution events occur. (5,
6) The resource gained from successful combats and tower destroying
events (7) All light towers are occupied by the snowballing team (RED).

are occupied ((Fig. 15 (7))), in which the snowballing teams can eas-
ily get to know the opponents’ tactical actions, thus reach and combat
with the opposite camp to sustain their advantages.

5.2.3 Summarizing the Takeaways and Verification
Our experts conclude that, the culprit from game design causing snow-
balling is the over rewarding attacking equipment after evolution. Af-
ter several combats, while the experience and reward from kills and
hits of game units can accumulate some comparable assets between the
teams, the first team able to evolve their equipment can easily break
the tie and trump their opponents. If they can maintain the equipment
advantages for a long enough time, the snowballing will become in-
evitable. To verify this hypothesis, we examine the combats in which
win by the snowballing teams and their opponents before and after one
side leveled up their attacking equipment among 100 sampled games,
again. The result (Fig. 16) shows that the turning point of dominating
combats starts in the 90 seconds after the attacking equipment evolu-
tion. Therefore, lowering the power difference between the first level
up of attacking equipment could be a possible remedy to improve the
snowballing. Meanwhile, the field of view of light towers should be
narrowed to give the underdogs sufficient room to gain resources.

5.2.4 Other Snowballing Occurrences
Our analysts find another pattern that frequently occurs in snowballing
occurrence. It is often that certain players from one side contribute to
most of the killing events in the initial phase before destroying towers.
Thus the snowballing occurrence is mainly due to the overwhelming
performance of individual players. Analysts indicate that this pattern
can be reduced by modifying the Match Making Rating (MMR) mech-
anism to provide a better fairness in the chances of winning.

Figure 16. (1) Snowballing teams (RED) win in combats in the initial
phase, and (2) they level up the attacking equipment. (3) RED domi-
nates combats (circles) after equipment evolution. (4) RED nearly oc-
cupies all the light towers of BLUE.

5.3 Experts Review and Discussion

First, our GUX analyst (E.1) is keen on using the system to reduce
his workload in User Experience Evaluation. Previously, he needed to
gather a group of user experience researchers in the company together,
standing behind the players to observe them playing the game and take
notes of the game statistics changes in each match. This is labor in-
tensive and time consuming. With our system, the experts can explore
different but interconnected information about the match in various
views, some of which resemble the actual gameplay to facilitate recall
and interpretation. Once our experts become familiar with the interac-
tions in the system, they start to develop a path through the system for
single match inspection, which boosts their analysis efficiency.

Furthermore, our system effectively records changes in players’ be-
havior changes and resources throughout the match. For example, our
GUX analyst (E.1) points out that he can easily observe when a team
decides to retreat or proceed using our Tactic Geographical Timeline
View. The large and clear display allows analysts to quickly skim
through trivial matches and identify the ones that arouse their interests.
The experts then dive in and investigate the consequences of the deci-
sions in the Trend View. In the end, by analyzing several representative
matches with respect to each type of occurrence, our game designers
(R.3-4) can compare the conclusions obtained from each game and es-
tablish a consensus on the reasons behind the occurrences. Moreover,
our data analyst (E.2) enjoys using the comparison views to deliver a
more compelling stories of statistical findings to the game designers.
Before that they have been using statistical methods to extract latent
features that are hard to understand by the others. Also, the animation
in the Trajectory View removes the special visual effects in the MOBA
gameplay that confused our GUX analyst (E.1) in the past. Showing
the timeline, movement and actions of each character in a simplified
view does facilitate our analysts to conduct a better comparison of the
teams’ performances (R.2).

In the interview, we ask about the envisioned applicability of our
system for analyzing other MOBA games. All of them agree that only
a slight change in the glyph design would be sufficient. This is be-
cause although MOBA games may differ in the number of players, the
variation is relatively small (max. 10 vs. 10). The characters’ tacti-
cal actions may be different in names and visual effects as well, but
in general can still be grouped by the categories mentioned in section
2.1.2. In a word, our system can be easily extended by making minor
modifications. For the improvements, our experts plan to add more
game features that increase the engagement of analysts to understand
player’s emotions. However, they point out that the emotional factors
are not essential in the analysis of occurrences in MOBA games.

6 CONCLUSION AND FUTURE WORK

We present a visual analytics system designed to enable the analysis
of occurrences in a MOBA game. Our system consolidates the multi-
variate gameplay data into insights of trends, game replay and players’
tactics. By narrowing down the inspection into specific match periods
and locations, we demonstrate that patterns can be observed and the
design of the MOBA game can easily be studied.

For future development, we plan to provide a simulation of “what-
if” conditions, so that users can change some attributes in the games to
see how the new designs can possibly change the game situations. This
will allow the game analysts to fine tune their results and therefore fos-
ter more desirable outcomes. For example, analysts can know whether
a comeback will be easier by changing some parameters. We also plan
to aggregate multiple matches into one display to see whether or not
comparing performance across matches at the same can generate other
insights as well. This kind of work will cope with the challenges of
solving the display of increasing game data.
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