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Abstract. Data-oriented techniques are currently standardly used in
the video game domain, providing an interesting insight into the players’
behaviour. However, the game can be seen as a set of steps that are per-
formed for its completion. Therefore, these steps form a process. Process
mining is a discipline with a focus on process analysis which can help to
bring additional insights to the analysts. Hence this work explores the
potential of a process-oriented approach in this context. We chose the
game achievement log as the dataset as it contains valuable information
about the player’s steps in the game. Furthermore, it is publicly avail-
able, and therefore, anyone, not only game developers, can perform the
process analysis. The dataset and the analysis source code used in this
work were made publicly available.

Keywords: Process mining · Game achievements · Data analysis

1 Introduction

As the popularity of video games rises [15], so does the amount of data showing
player in-game behaviour [5]. The field of game analytics focuses on analyz-
ing said data to improve game development and design. Data mining is com-
monly used for game analysis; however, in contrast to traditional data-centric
approaches, process mining [1] involves both data and end-to-end processes in
the analysis, offering unique benefits for the analysis results [6]. As the game
can be viewed as the set of steps that are performed for its completion, process
mining can be an ideal candidate to provide additional insights to the analysts
about the players’ progression through a game. We chose the game achievement
log as the dataset as it contains valuable information about the player’s steps in
the game. The other benefit is that this log is publicly available, and therefore,
anyone, not only game developers, can perform the process analysis.

This paper explores the potential of process mining analysis in this context.
Therefore it demonstrates and discusses four identified use cases in game ana-
lytics, taking a process-oriented approach and utilizing the process mining tech-
niques. We used publicly available achievement data from the Steam platform1.

1 https://store.steampowered.com/.
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Our focus is on the typical playthrough of players, comparing player behaviour
from different groups, e.g., those who finished playing the game versus those who
did not or players who rated the game positively versus negatively. The work
also aims to discover bottlenecks, i.e., game parts the players spent the longest
time advancing through, and suggest improvement of pace and difficulty based
on the result. Detection of anomalous behaviour is also a subject of this analysis.

The paper is organized as follows. Section 2 provides basic understanding
of the topic. Section 3 outlines the related work. Section 4 presents the data
set, classification and choice of games for analysis. Section 5 demonstrates the
considered use cases. It is followed by Sect. 6 which discusses the results and
suitability of various types of games for the mentioned analyses. Finally, Sect. 7
concludes the paper.

2 Background

This section provides the technical background on process mining and achieve-
ments, to build the elementary understanding needed for the rest of the paper.

2.1 Process Mining

Process mining techniques [1] aim to understand and analyze processes, pro-
viding more data interpretation perspectives. They are helping with challenging
tasks in many domains, such as healthcare [11], manufacturing [13] and educa-
tion [10]. In this work, they are used to extract knowledge from achievement
logs to provide a better understanding of the game playing process. Moreover,
all its technique types are used in this work, namely 1) process discovery, which
aims to find a descriptive model of the underlying process from event logs, 2)
conformance checking, which inspects whether the execution of the process con-
forms to the corresponding reference process model, and 3) process enhancement,
which, in our case, extends the process model with time perspective, allowing us
to inspect bottlenecks.

2.2 Achievements

Game achievements (also called trophies) form a system of rewards in video
games. They operate on a layer separate from the actual game [4] and have no
effect on the in-game progress of the player [12].

The purpose of the achievements is to provide extrinsic motivation to ensure
greater player participation [3]. Whether they have this effect and what possible
problems their use can cause have been a subject of various studies [3,4,7].

While different platforms may present achievements in a slightly different
form, some components are always present. Concretely, Title, a unique identifier
of the achievement and an Icon, a visual representation of the achievement.
Other common features are the Description which usually offers hints on how
the achievement can be unlocked, and Timestamp specifying the date and time
when the player unlocked the achievement. Additionally, Points can be awarded
to the player after the achievement is unlocked.



70 M. Macak et al.

3 Related Work

Data mining is suited for analysis of large datasets and allows for effective anal-
ysis of game telemetry data [5]. Several studies that focus on video games, and
specifically on video game achievements, use data mining techniques for analysis.

Apperly and Gandolfi [2] use Steam achievements to analyze behaviour of
players in the game NieR: Automata (PlatinumGames, 2017). Dividing the
game’s achievements into several categories, the authors discover the percent-
age of players that gained the individual achievements. Their focus is therefore
purely data-centric and is not interested in the game as a process.

Heeter et al. [8] use achievements (among other variables) as game metrics
to measure meaningful player behaviour; the goal is to analyze differences in
gameplay of two types of players, specifically the fixed-mindset and growth-
mindset players. While fixed-mindset players believe that gaming skills cannot
be improved and avoid hard challenges, growth-mindset players believe that their
skills can be developed further precisely by challenging themselves. The study
confirms that there are significant differences in the in-game behaviour of the
two types of players. However, the focus of the study is exclusively on learning
games, as well as purely data-centric.

Siquera et al. [18] aim to deduce World of Warcraft (Blizzard Entertainment,
2004) player profiles by using various data mining methods. The results divide
players into categories according to their game behaviour, based on their time
spent playing the game. Furthermore, based on the relevant game metrics, the
authors are able to predict the probability of a player renewing their subscription.
This study does not use achievements as game metrics.

While data mining offers many benefits in the field of game analytics, it
does not consider a process, i.e. a sequence of activities executed in order, in its
analyses, nor is the focus of data mining on improving said processes [14]. Since
player behaviour can be considered to form a process, process mining can be
suited to various types of game analysis.

There are few studies focused on games that use process mining. Uhlmann
et al. [19] focus specifically on non-digital learning games and board games,
and therefore cannot consider automatically logged achievements in the study.
Ramadan et al. [16] focus on logged gaming data; however, the data was col-
lected from a game created specifically for the study, and it did not contain
achievements.

4 Data Preparation

Achievement data of a large number of players is needed for any meaningful anal-
ysis of video game achievements. One of the ways to obtain the data is through
Steam, a video game platform that provides APIs for downloading data. This
section provides overview of the data set, its preparation and preprocessing. We
made the used dataset, including its process mining analysis, publicly available2.
2 https://github.com/lasaris/Game-Achievements-for-Process-Mining.

https://github.com/lasaris/Game-Achievements-for-Process-Mining
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4.1 Steam Achievements Extraction

Steam Web API offers interfaces and methods to download data from the plat-
form. From the Steam APIs interfaces available, we use the ISteamUserStats3,
containing methods for querying game statistics data, including achievements.

However, Steam Web API does not contain any method that would return a
list of users that have played a particular game. A solution we found is to make a
Store API4 call to download a list of user reviews of a game, since every review
contains the Steam ID of the author. As the number of reviews is large, the
results are paginated and accessed by the parameter cursor. The method also
returns other statistics, e.g., the total time the user spent playing the game, the
last time the user played the game, whether the review was positive or negative,
and the text of the review itself.

4.2 Conversion to Event Log

In order for the data to be usable in process mining analysis, it has to have
mandatory fields for an event log. Concretely, those are case id, activity and a
timestamp, which need to be extracted from the achievement data.

The case id identifies the case, i.e., an instance of the process, and in our
data corresponds to a user’s Steam ID. The individual events that belong to a
particular case are identified by the activity, represented by an unlocked achieve-
ment’s name. Any commas in an achievement’s name are deleted since we use
a comma as a separator later. Finally, since the events need to be ordered, the
timestamp is included, representing the time when achievement was unlocked.

The event data are saved to a CSV file in the following format:

steam id , achievement name , unlock timestamp

Additional player data are saved into a JSON file in the following format:

<steam id >: {
” playt ime ” : <num minutes played>,
” l e f t p o s i t i v e r e v i e w ” : < l e f t p o s i t i v e review >,
” rev iew ” : <review text >,
” c o l l e c t e d a l l ” : <has a l l achievements>

}

4.3 Game Categorization

For the purposes of this study, we established three types of game categories that
bear relevance to our analysis. The description of the categories are as follows:

Game Linearity. Games can be divided according to the linearity. We discern
linear games which a clearly defined storyline that a player has to follow in a
3 https://partner.steamgames.com/doc/webapi/ISteamUserStats.
4 Details can be found at: https://partner.steamgames.com/doc/store/reviews.

https://partner.steamgames.com/doc/webapi/ISteamUserStats
https://partner.steamgames.com/doc/store/reviews
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given order, with little variation allowed. Another type is slightly linear games,
which usually have a main storyline, but also allow greater freedom for players to
explore (e.g., open-world games, or games where the players may follow divergent
storylines). The last type, non-linear games, encompass all other types of games,
e.g., games with no storyline or games that are played repeatedly in rounds.

This category is important to consider when attempting to discover its pro-
cess model. A linear game should have a clear, concise process model with far
less variation (since players must follow a clear-cut path). On the other hand, a
non-linear game might produce a complex process model, which would be hard
to understand, and therefore, more advanced processing of data might be needed.

Achievement Types. We divide achievements into progress achievements and
optional achievements. Progress achievements are awarded for crossing a certain
point in a game, usually finishing or starting a level; everyone that plays the
game will be awarded these achievements so that they act as milestones of player
progression. On the other hand, optional achievements are usually awarded for
the completion of special tasks or side-quests, and only a certain percentage
of players will be able to unlock these achievements. Therefore, the games can
be divided into those that contain only progress achievements, those with only
optional achievements, and that contain a combination of both.

This category is as important as the previous one. Even if a game is lin-
ear, the absence of progress achievements will make it more difficult to discover
a fitting process model. Games with a combination of progress and optional
achievements seem to be the most viable for analysis since the progress achieve-
ments will clearly mark levels/milestones, while the optional achievements bring
enough variation to offer interesting information. The games with only progress
achievements should have a simple and easily discoverable model. Although,
variations are expected for the players that did not finish the game.

Rating. The rating of the game is determined by the amount of positive and
negative reviews a game has received on Steam ranging from Overwhelmingly
Positive to Overwhelmingly Negative. The rating is used as an indicator of pop-
ularity, which indirectly influences various factors, such as the percentage of
people who finished the game or the number of reviews. Therefore it is expected
that games with more positive rating should have more relevant and complete
data for purposes of this study.

4.4 Selected Games

The games used in our analyses were chosen to represent different game cate-
gories. Games with a negative rating were not considered due to generally insuffi-
cient data. Within the paper, the games are referred to by labels G1–G8 specified
in Table 1, which also contain their respective categories.
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Table 1. Summary of selected games for the study, with their respective categorization.

Game Game
Linearity

Achievement
Types

Rating

G1 Gris (Nomada Studio, 2018) L P(5), O(12) OP

G2 Hades (Supergiant Games, 2018) SL P(5), O(44) OP

G3 TIS-100 (Zachtronics, 2015) NL O(10) OP

G4 Per Aspera (Tlön Industries, 2020) SL P(5), O(27) M

G5 Oxygen Not Included (Klei Entertainment, 2017) NL O(35) OP

G6 Friday the 13th: The Game (IllFonic, 2017) NL O(53) MP

G7 Witcher 3: The Wild Hunt (CD Projekt, 2015) SL P(8), O(70) OP

G8 Black Mirror (King Art Games, 2017) L P(16), O(5) M

L — linear, SL — slightly linear, NL — non-linear
P — progress achievements (count), O — optional achievements (count)
OP — overwhelmingly positive, MP — mostly positive, M — mixed

4.5 Data Filtering

Prior to the analysis, the event log is checked for errors caused by faulty event
logging and filtered accordingly. Incorrect logging of the unlocked achievements
can be caused by the Steam client, as by playing a game with Steam in offline
mode can record wrong unlocking time or not logging at all. Another possibility is
a bug in the game or dishonest player using a tool5 to unlock Steam achievements
without unlocking them in the game.

Within this study, three rules are considered. Cases that matches any of the
rules are filtered out. However, it might be desirable to analyze these traces
further. While games without progress achievements cannot be easily checked
for these types of errors, they could also contain erroneous cases. A solution to
this problem is suggested in Sect. 5.4. The rules are:

– Progress achievements that were unlocked out of order. Since the progress
achievements mark passing a level in the game, they should be unlocked in
the same specific order by every player.

– Progress achievements that were unlocked at the same time. While game can
allow for multiple achievements to be unlocked at the same time, this should
not be the case with progress achievements.

– Achievements with timestamp to 2008. Since achievements were introduced
to Steam in 2008 [9].

5 Analysis of Game Achievements

In this section, the four use cases of process-focused game analytics utilizing pro-
cess mining are demonstrated. These are of particular interest for game designers
offering valuable insight into player behaviour, and should serve as an inspiration

5 For example: https://github.com/gibbed/SteamAchievementManager.

https://github.com/gibbed/SteamAchievementManager
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for analyses in the game industry. Each analysis is performed in Python using
the PM4Py6 library.

5.1 Typical Playthrough

Typical playthrough refers to the mainstream behaviour of players in a game.
Playthrough can be defined as the act of playing a game from start to its end.
Since some games do not have a clearly defined ending point, the playthrough
in this context is the act of playing a game from the first achievement unlocked
to the last achievement unlocked.

a) Heuristic net of G3

(dependency threshold=0.96)

b) Heuristic net of G5

(dependency threshold=0.96)

c) Heuristic net of G8
(dependency threshold=0.9)

Fig. 1. Process models discovered by Heuristics miner.

A selection of the discovered process models is shown in Fig. 1 (their nodes
and transitions do not contain captions because of readability issues). Noticeably,
the discovered process models of games G3 and G5 look vastly different from
the process model of G8. As G8 is a highly linear game, the process model is
straightforward and easy to understand. Interestingly, the behaviour of players
as shown in the G3 model is less straightforward despite G3 being a linear game.
This is caused by the absence of progress achievements, as G3 contains optional
achievements exclusively. Furthermore, it is interesting to point out that even
though G5 is a non-linear game, its process model does not contain any cycle,
which means the achievements have some virtual ordering.

For the discovery of typical playthrough Heuristic miner was used, with
dependency threshold adjusted accordingly so that the infrequent behaviour is

6 https://pm4py.fit.fraunhofer.de/.

https://pm4py.fit.fraunhofer.de/
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filtered out. The threshold also has to be adapted according to the linearity of
a game. However, it seems setting the value at 0.96 produces a fitting process
model for the majority of games. Concerning further parameters, the minimum
activity count was set to 33.3% and the cleaning threshold to 0.5.

Process discovery can also help us with getting the most frequent trace vari-
ant in an event log. It can be discovered by using the variant filter and setting the
percentage parameter to 0 (only the most frequent variant is kept). In the case of
G1, the most frequent variant corresponds to a full playthrough of a game, which
is an exception when compared to the other games. It shows that a high percent-
age of players (∼17%) had exactly the same playthrough. On the other hand,
the most common variant of G2 contains only the first progress achievement.
However, since it represents only 18 players (<2%), it cannot be considered
as representative behaviour. Instead, it means that the optional achievements
were unlocked in a more random order that cannot be simply generalized. How-
ever, while the most common variant of G3 also contains only the first progress
achievement, it actually represents the common behaviour well, since 204 of
players (∼30%) truly obtained only a single, trivial achievement.

5.2 Comparing Player Behaviour

Player behaviour can be compared in multiple important aspects, e.g., whether
they finished the game or not, whether they have a positive or negative experi-
ence from the game, and based on the version of the game they played. In this
demonstration, we show the first case.

We compare the behaviour of players who finished the game with the
behaviour of players that did not because it is useful to have insight into the
reasons why players quit the game before the finish. Two different event logs
are prepared by including/excluding traces that do not contain the game’s end
achievement, and two process models are discovered on them. Additionally, the
event log containing the game’s end achievement was further filtered to con-
tain only achievements gained before reaching the end of the game to exclude
behaviour on replays.

Fig. 2. Comparison of two process models of game G1, the left one showing behaviour
of players that finished the game, while the model on the right shows behaviour of
players that did not. Dependency threshold was set to 0.96 and cleaning threshold was
set to 20% for both models. (Color figure online)
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Two such process models of G1 are in Fig. 2. There are significant differences
between the finished model (model of finished traces) and the unfinished model
(model of unfinished traces). The first observation is before which achievements
the players quit in the unfinished model. As players get further in the game,
the probability that they will not finish the game rises, which is depicted by
the transitions from the individual level achievements to the end node of the
model. While only 12 of the 114 players quit after achieving Red, i.e., during
the first level, the number doubles in the second level and triples by the last
level. Interestingly, unlocking optional achievements was not common among
the players who quit, suggesting they did not explore the game as much as
players who finished playing it.

Another observation are the interplay of optional achievements. Concretely,
Depression was commonly unlocked after Blue, i.e., during the third level, while
Acceptance was unlocked as the last achievement before the end achievement, i.e.,
during the ultimate level. Since we discovered that 75 quitting players reached
Blue and only 43 quitting players reached Yellow, it can be assumed that the low
percentage of unlocked optional achievements was caused by the loss of players
in the former levels.

Note that even though we filtered the events to contain only traces with the
The End achievement and filtered out the achievements unlocked later, the pro-
cess model of the finished game ends in 13 cases with Acceptance. It is caused by
the threshold parameters of the discovery algorithm that were used, specifically
in cases where there are many activities between Acceptance and The End.

5.3 Game Level Analysis

Good level design is important part of a game’s success [17]. This section of the
analysis focuses on discovering bottlenecks in the game, i.e., finding out which
game levels took players the longest time to pass. Additionally, a correlation
between level duration and the number of players that quit the game during
the respective levels is explored. Since this analysis focuses on game levels, only
games with progress achievements (i.e., achievements that are unlocked by pass-
ing through a certain point in the game) are suitable.

Finding Bottlenecks. For the bottleneck analysis, the models need to be
enhanced with information about performance by an aggregate function of the
elapsed time between the unlocking of two achievements. Two functions are
applicable, the mean and the median. However, using the mean lengthens the
duration significantly since the few players who took month-long breaks from the
game skew the numbers. The median produces the more suitable level duration
that corresponds closely to the actual time players spent passing the level.

Since only the level duration is relevant, the game event log can be filtered
by keeping only the progress achievements. The time between two achievements
in the model corresponds to the time spent in the corresponding level. For the
filtered event log, a directly-follows-graph is sufficient and supported by PM4Py
for performance visualization.
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The chosen models are in Fig. 3, where the transitions between activities, i.e.,
levels’ starting points, contain information about the median level duration. The
activity duration does not apply since achievements contain only the time when
they were unlocked. Note that the first progress achievement actually marks the
start of a second level, not the first one, since none of the games contains an
achievement signifying the game start. In this case, determining the duration of
the first level is not possible, but for the sake of clarity, the actual second level
is referred to as the first one when describing models.

Fig. 3. Performance models showing the median level duration.

By analyzing the models, G1 shows the least amount of variation in the level
duration. The first level Red lasting 45 min and the last level Yellow lasting
2 h7, with the last two levels being very slight bottlenecks in comparison. A
clear upward trend in the level duration can be observed. The same upward
trend can be seen in G2. However, the variation in the level duration is more
pronounced, ranging from 8 h in the first level to the 7 days in the last level
(longest duration in all games). The clear bottleneck in the game is, therefore,
the level starting with the achievement Is There No Escape?, and to a much
lesser degree, the level preceding it, with the median duration of two days.

Neither G8 nor G4 show the upward trend of the level duration. G8 contains
a bottleneck in the level preceding the Chapter III completed achievement, with
the level duration at 7 h, a major increase when compared to the other levels. The
last game, G4, does not conform to the trend of the first levels’ relatively short
duration that can be observed in the other games. While slightly shorter than
the last level, the first level can also be considered a bottleneck with a median

7 At the time of writing this paper, PM4Py cannot adjust the duration accuracy.
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duration of 20 h. The last level starting with the Terraformer IV achievement
is the largest bottleneck with a 1 day duration.

Correlation with Player Statistics. If the bottlenecks correspond to the
levels where most players left the game, it can signal a bad level design. Cross-
checking the findings with negative reviews offers even more information about
the individual game levels.

Particularly interesting is G4, which breaks the pattern of all of the other
games, specifically the increase of players quitting the game at every further level.
Instead, 30% and 36% of players stopped playing in the first and the last level,
respectively, which is markedly more than the other two levels. This corresponds
exactly to the two bottlenecks found in the process model in the first and the
last level, suggesting that the players experience difficulties in these two levels.

It is further corroborated by the number of negative reviews. More than half
of the players who stopped playing the game in the first level left a negative
review, which is an extreme number compared to the other games. The reviews
from the level mention various bugs and broken storyline, issues that seem to
have been mostly fixed in later patches. The last level also seems to contain
problems, although fewer players that quit the game while passing through it
wrote a negative review.

Fig. 4. Performance model of the last level of the game G4. Discovered as a directly-
follows-graph with 80% of variants shown.

Focusing solely on the last level, the performance model in Fig. 4, the last
bottleneck that the reviews mention corresponds to the achievement Magnetic
Personality, which is a prerequisite of finishing the game and, based on the
model, a clear bottleneck. All this points towards a problem that discouraged a
significant number of players from finishing the game.

5.4 Noise Detection

Following analysis focusing on all anomalous behaviour, regardless of the cause
being bugs or cheating players, makes the anomalies easier to detect. The aim
is finding behaviour that does not represent the common player behaviour.
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However, in cases of having the knowledge of the game and its achievements
more deeply, we can use a similar technique to find behaviour that is not desired,
i.e. caused by bugs or cheating. This would be done by constructing the reference
process model by hand, not discovering it.

Table 2. Fitness of selected process models as discovered by the token replay algorithm.

Fitness

Figure 1(a) 0.798

Figure 1(b) 0.782

Figure 1(c) 0.990

Figure 2 (left) 0.941

Figure 2 (right) 1

The conformance checking is utilized to find inconsistencies in the traces that
might successfully filter out unwanted logged behaviour. In our case, first, the
process model is discovered, using Heuristics miner algorithm, as it filters out
infrequent behaviour [20]. As the token replay algorithm is utilized for confor-
mance, the model must be a Petri net, but a heuristic net can be converted
into one for this purpose. Then, the discovered Petri net and the original event
log are put as an inputs to token replay algorithm, which outputs evaluation of
fitness. Concretely, the values for the models in Figs. 1 and 2 are in Table 2.

To determine the accuracy of the token replay, we can compare its results
with the manually found incorrect traces (described in Sect. 4.5). Ideally, we
want to find a significant overlap between incorrect and unfit traces. Naturally,
no such check can be done for games with no progress achievements.

Out of the total 1,002 traces, we have found 59 unfit traces through confor-
mance checking, while 71 traces are classified as incorrect by manual filtering.
Noticeably, out of the 59 unfit traces, 58 were classified as incorrect manually,
leaving only one unfit trace that was not caught by the manual filtering. In the
case of cheating traces, 5 out of the 6 are classified as unfit. Overall, the confor-
mance checking discovered a large percentage (81.69%) of anomalous traces.

6 Discussion

We have shown how process mining techniques can be utilized in the context of
video game analysis based on achievement data. In this setting, four use cases
were shown. Table 3 shows which categories of games are appropriate for the
specific use case.

The discovery of a process model that shows common player behaviour was
demonstrated as not being limited by the game linearity. We have further shown
that a variety of questions can be answered by examining the process model
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Table 3. Appropriate types of games for specific analyses.

Game linearity

Linear (P+0) Slightly Non-linear

Linear (P+0)

Typical playthrough ✓ ✓ ✓

Comparing player behaviour (Un/finished) ✓ ✓ ✗

Game level analysis ✓ ? ✗

Noise detection ✓ ✓ ?

with the aim of game improvement. For example, if there is a suspicion that
specific activity in the game is causing problems, we can examine the activities
and behaviour that players exhibited after passing it.

Furthermore, we showed usage of process mining for comparing behaviour of
selected player groups. Concretely, players who did and did not finish a game.
While this specific comparison is possible only for games with progress achieve-
ments, there is virtually no limitation on the type of players that can be com-
pared. For example, players who have written a positive/negative review, players
who did and did not unlock a particular achievement in the game, players who
spent more/less time playing than a specified time limit. However, if the pro-
cess model needs to contain all of the behaviour found in the event log, the
dependency threshold should be set to −1.

Conformance checking, specifically token replay, was used to verify the appro-
priate fitness of the discovered process models. We applied token replay to both
the linear and non-linear games. While the approach was sufficiently accurate
for the linear games, there is not enough information about the non-linear games
to determine the accuracy of the approach, mandating further research.

Lastly, we have shown that suggestion to level design can be based on the
bottleneck analysis when the additional player statistics are also considered. The
analysis is also limited to games that contain progress achievements.

7 Conclusion

This paper presented four use cases for process-focused game analytics, based
on game achievement data. Within this setting, the usability of process mining
techniques was demonstrated as a viable way to get much-needed insight for
game design and beyond. Moreover, we categorized the games and showed their
influence on the applicability of process mining.

All analyses were performed with a particular use case in mind, which we
believe will ease possible adoption in the game industry. Specifically, player
behaviour was observed in the process models, together with the demonstra-
tion of the possibility to compare between players groups. Furthermore, aiming
at the purpose to improve level design, bottleneck analysis was performed, with
the possibility of in-depth analysis. Taking the results into account, cross-check



Game Achievement Analysis: Process Mining Approach 81

with other player statistics was recommended. Lastly, conformance checking was
utilized to discover faulty traces in an event log to identify bugs or cheating play-
ers. In summary, the applicability and utility of process mining in game design
were clearly illustrated.
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