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Abstract. Understanding the sequence of player decisions in open-ended educa-
tional games provides insight into how those decisions influence player persistence 
or readiness for later challenges. This study uses Ordered Network Analysis to 
examine how players move between jobs of varying difficulty in the educational 
game Wake. To scaffold players, Wake breaks down multi-phase scientific inves-
tigations into smaller “jobs”. Each job is manually coded based on its difficulty 
level in Experimentation, Modeling,  or  Argumentation. We use these difficulty rat-
ings, along with whether the player completed or quit it, as codes to model player 
progression. We see that players who completed a job with a high quit rate on their 
first attempt more often followed paths with gradually increasing difficulty prior 
to accepting that job. In contrast, other players who quit the same job with a high 
quit rate on their first attempt were more likely to have failed prior jobs requiring 
basic skills in Experimentation or Modeling when moving from jobs that did not 
involve such components. They also tended to remain within jobs without such 
components across multiple transitions, which may reflect lower preparedness or 
content knowledge compared to those who completed the later difficult job. Find-
ings also show that players who completed the difficult job on their second attempt 
spent the time between attempts completing jobs with lower difficulty, which may 
have helped strengthen foundational skills relevant to the target job or restore con-
fidence. These findings point to opportunities for progression-aware intervention 
design based on how successful and unsuccessful players move through different 
types of jobs.

Keywords: Ordered Network Analysis · Educational Games · Player 
Progression · Quitting Behavior 

1 Introduction 

Designers of educational systems often make deliberate choices about how to structure 
and order learning tasks to help students build understanding in a manageable way 
[6]. Controlling the order in which students encounter new content can support the 
gradual development of relevant skills and lower the risk of confusion or failure [14].
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Educational games, on the other hand, are often designed to give students more freedom 
than traditional instruction [1]. Instead of progressing through a fixed sequence, players 
may choose which tasks to pursue and in what order (e.g., [16]). This freedom supports 
autonomy and interest-driven exploration [5], but it also leads to wide variation in the 
kinds of experiences students bring to later challenges [20]. As a result, players can 
arrive at the same complex task with very different histories of practice, exposure, and 
skill development. Prior research has examined player engagement [10], learning gains 
[24], motivational dynamics [7], and affect states [3] in games and simulations, but 
analysis on how the structure of player-chosen sequences—especially sequences that 
vary in cognitive demand—may shape persistence or quitting on difficult tasks affect 
their readiness for later challenges is less common. In particular, it remains unclear 
whether the order and difficulty of previously chosen tasks relate to whether a student 
persists or quits when facing a high-demand scientific problem. 

These questions matter in systems where students are expected to manage their own 
learning trajectories. In open-ended educational games, this risk is especially visible. 
Struggling or quitting a complex task may reflect not a student’s capability, but differ-
ences in their preparation stemming from the kinds of prior experiences they bring to 
that task [22]. Understanding how different sequences of tasks relate to persistence can 
help identify when and why players are likely to struggle, and what kinds of supports 
might be introduced in response. In this study, we investigate these questions through an 
analysis of player behavior in Wake: Tales from the Aqualab, a science game that gives 
students considerable freedom in choosing which research jobs to complete and when 
to take them on. We focus on one job with an unusually high quit rate and trace the 
sequences of jobs players take before and between attempts. This selected focus allows 
us to investigate whether differences in the order and difficulty of prior jobs help explain 
which players persist and which ones quit. The research questions ask: 

– RQ1: What explains why some players quit a challenging job (Hunting Lions)  on  
their first attempt, while others complete it?

– RQ2: What explains why some players who quit Hunting Lions on their first attempt 
are able to complete it when they return to it later? 

2 Related Work 

Researchers have long argued that agency can increase motivation and engagement by 
meeting learners’ need for autonomy and active participation [4]. [13] found that giving 
students choices to choose their own teams, suggest rule tweaks, or decide on tactics, 
encouraging self-direction, and minimizing pressure increased children’s motivation. 
Moreover, meaningful choices, such as selecting between two equally effective tools, 
has been shown to restore a sense of control and motivation after frustrating experiences 
[21]. Providing players the freedom to choose whether or not to solve programming 
puzzles in order to remove enemies in a game improves game enjoyment and intrinsic 
motivation to learn, without reducing learning outcomes [8]. Similarly, the option to 
choose a non-player character guide has been found to produce better learning outcomes 
and higher motivation [11]. 

However, higher levels of player autonomy in games may lead to highly individual-
ized sequences of choices that pose a challenge for analysis. Epistemic Network Analysis
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(ENA) and Ordered Network Analysis (ONA) are well-suited to address this challenge 
because these methods model patterns of connections among coded elements, such as 
decisions, actions, or discourse, over time. They have been widely used in the quanti-
tative ethnography (QE) community to study learning processes in educational games. 
One of the earliest examples is [15]’s study of the epistemic urban-planning game Urban 
Science, which showed that players who imitated mentors’ modeled thinking internal-
ized an epistemic frame that persisted even after the game. [2] used ENA to analyze 
student discourse in the collaborative mobile game School Scene Investigators, finding 
that communal language and engaged responses supported the development of scientific 
practices. [18]  used  ENA  in  Lakeland, designed to teach students about nutrient cycles, 
to track how players responded to feedback across sessions. They observed a shift from 
short-term, reaction-based decisions to more forward-thinking, system-oriented actions.

More recently, researchers have also turned to ONA, which extends ENA by modeling 
directional transitions between actions or states. [23] used ONA to identify productive 
behavior patterns and unproductive wheel-spinning in the narrative-based learning game 
Crystal Island.  [19] also used ONA to study self-regulated learning in the sustainable 
development educational game Futureworld and found that students who used a planning 
tool more frequently showed more learning behaviors during gameplay. We extend prior 
research on directional behavior modeling by applying it to a game with an open-ended 
structure that allows players to select their own sequences of game tasks (termed jobs). 
Our study specifically examines how a player’s earlier choices impact later completion 
outcomes on a high-difficulty job. We use this in turn to study how the order of transitions 
between self-selected jobs relates to persistence in open-choice learning environments. 

3  Metho  d

3.1 Context 

Wake: Tales from the Aqualab is a science education game designed for middle school 
students in grades 6–9. In the game, players take on the role of a young marine biologist 
named Olivia to learn more about four biomes (Kelp Forest, Coral Reef, Bayou, and 
the Arctic) and their respective ecological systems. Each ecosystem includes multiple 
research sites where players take on “jobs.” A “job” represents a broader scientific 
assignment or mission within the game, such as studying the impact of an invasive species 
or monitoring biodiversity in a specific habitat. To complete a job, players perform 
several smaller “tasks,” which may include collecting data, conducting experiments, or 
analyzing models. They are then expected to construct an argument and report their 
findings back to the researcher (i.e., the job provider). For example, a job might require 
players to estimate a species population, simulate environmental changes, or construct 
food web models, each broken down into discrete tasks. 

The game is built around three key scientific practices: Experimentation (Exp; the 
difficulty of observing and measuring relationships of the species collected), Modeling 
(Mod; the difficulty of constructing, using, or refining models to simulate environmental 
processes), and Argumentation (Arg; the difficulty of synthesizing evidence and reporting 
conclusions back to the researcher to complete the job). Players use tools like a digital 
tablet to document species and ecosystems, experimentation tanks to test variables and
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species interactions, and modeling labs to visualize ecological relationships. Upgrades 
to the ship and equipment provide access to additional tools and research areas, which 
allow players to tackle more complex jobs (requiring more advanced scientific skills) 
over time. The design introduces scientific tools and methods incrementally in a way 
that provides opportunities for students to learn new skills without being overwhelmed. 
Before accepting any job, players can view a short description, the required upgrades, 
and a difficulty rating (from 0 to 4) to help guide their decision. To scaffold players, 
Wake also offers a guiding character, V1ct0r, whom players can summon at any point 
during gameplay for help. V1ct0r provides contextually relevant guidance based on the 
current task, available tools, and recent discoveries through dialogue with the player. 

Wake is implicitly structured into 54 jobs. Students have the freedom to select from 
available jobs in any order, though some jobs remain locked until specific prerequisites 
are met, such as completing earlier jobs or acquiring ship and tool upgrades from the 
shop. Once a job has been started, players can leave it and switch to another job before 
completing the original one. Before players are able to choose jobs independently, they 
are required to complete a fixed sequence of three tutorial jobs that introduce the basic 
game mechanics. 

3.2 Data Collection, Preparation, and Automated Code Application 

Wake uses the Open Game Data infrastructure to track and log player activities. The 
opengamedata-unity package connects the game to a cloud-based server, which records 
player actions throughout each session. Each player receives a unique login that allows 
tracking across multiple sessions and days. This setup produces a dataset of individual 
player interactions collectively referred to as telemetry data. 

The game organizes telemetry data into three categories: Player Actions (e.g., visiting 
research sites, entering data into scientific tools, selecting evidence during argumenta-
tion), System Events (e.g., feedback from the game, introduction of guiding characters, 
narrative elements), and Progression Events (e.g., completing tasks, discovering new 
species for a particular job). Each event includes metadata that specifies the timing, 
sequence, player identification, and game state at the time of the event. These events are 
transmitted to the Open Game Data server in real time, creating a chronological log of 
gameplay, articulated in the game’s specific language. 

The study includes players who started the game in January 2024, as indicated by 
their completion of the three required tutorial jobs. We retrieved log data for each of 
these players from January through May 2024. We restricted the sample to those who 
started in January to reduce confounding factors related to differences in when and how 
the game is introduced across schools. The five-month window was selected to allow 
sufficient time for players to progress through the game. A shorter period might exclude 
players who are still actively progressing, while a longer period could introduce variation 
in the data due to players pausing and resuming the game after long gaps, which makes 
it harder to interpret patterns of engagement consistently across participants. For our 
analysis, we segmented the chronologically organized log data into distinct jobs, with 
each job representing a player working on a single job until they either completed it or 
switched to another. We then aggregated the data into a single row per job, which includes 
the player’s username (i.e., the user login assigned to them), the job they accepted,
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whether they completed the job (determined by the presence of a complete_job event 
in the logs), and the difficulty ratings for the three dimensions associated with the job: 
Experimentation, Modeling, and Argumentation. We limited the analysis to players who 
completed all three tutorial jobs, which led to a sample of 482 users. 

The difficulty ratings for each job were developed using a predefined set of criteria 
(see Table 1) and were assigned through human coding based on how each job is played 
in the game. Although the original scale ranged from 1 to 5, ratings of 4 and 5 are both 
shown as 4 in the game, due to the limited number of level-5 jobs. We applied the same 
adjustment in our analysis to match the difficulty levels as presented to players. Coders 
independently applied the criteria, and any disagreements were resolved through social 
moderation. This process involves human judgment and interpretation, but it differs from 
most qualitative analysis (cf. [17]), where coding typically occurs after data collection, 
is closely tied to the research question, and often evolves through iterative analysis. 
The difficulty ratings used here were created prior to data collection and independent 
of the specific analytic goals of this study. As such, these difficulty ratings can be seen 
as design-time aspects of the game’s structure rather than as being initially intended as 
interpretive codes. 

Even though these codes might initially have been designed for analysis, these ratings 
can still be used as meaningful codes for quantitative ethnography analysis because they 
reflect systematic human judgments about core features of the tasks players’ encounter. 
The ratings are grounded in the mechanics and goals defined by the game designers and 
capture variation in the cognitive and procedural complexity across jobs. This variation 
shapes how players experience and navigate the game. These codes do not necessarily 
represent actual difficulty and do not infer meaning from behavior after the fact; rather, 
we use these codes to model how different players respond to structured elements that 
are present in the design of the game levels. 

For the Argumentation dimension, we simplified the five original levels into three 
broader categories. This decision was based on the observation that transitions between 
the original Levels 2 and 3 did not consistently reflect increased difficulty. Instead, 
they only indicated a longer or more elaborate argument process without a meaningful 
increase in the complexity of thinking or reasoning. As such, we found it insufficient to 
separate these levels within the analysis. 

3.3 Selecting a Job for Analysis 

Among all jobs, Hunting Lions showed the highest quit rate. It was accepted 151 times by 
87 players, but the completion rate is only 21%-3% lower than the next most frequently 
quit job and 20% lower than the third. Even when including players who quit and later 
returned to complete it, the completion rate only reached 36%, compared to an average 
completion rate of 70% across the next ten most frequently quit jobs. This observation 
matches the finding in [12]. 

This pattern may be explained by the nature of the Hunting Lions job. The job 
requires players to investigate food web relationships involving lionfish at the Coral 
Reef site, conduct experiments, and then construct a predictive model of the future of 
that ecosystem if human hunting is permitted. The job carries the maximum difficulty 
rating (5) across all three dimensions and involves 11 detailed tasks and the collection of
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Table 1. Coding Scheme for Job Difficulty Ratings Across Three Dimensions 

Dim. Definition and Example 

Experimentation Level 0: No experimentation component is present in the job. 

Level 1 (Observe): Identify species behaviors and direct interactions by 
observing static or dynamic visualizations (e.g., urchins eat kelp). 

Level 2 (Relate-scaf.): With guidance, identify relationships between 
species and abiotic factors by comparing outputs across conditions (e.g., the 
coral needs more light to photosynthesize) 

Level 3 (Relate-unscaf.): Same process as Level 2, but without guidance. 

Level 4 (Quantify): Measure interactions among species and between 
species and abiotic factors (e.g., eating rate, reproduction rate, 
environmental impact, etc., of a microorganism). 

Modeling Level 0: No modeling component is present in the job. 

Level 1 (Recreate): Use a provided concept map and predefined starting 
conditions to recreate known facts (e.g., the food web of a turtle species). 

Level 2 (Simulate-scaf.): With guidance, build a simulation model showing 
interactions between species that cannot be confirmed by existing data or are 
not yet known (e.g., model interactions between species in a specific site). 

Level 3 (Simulate-unscaf.): Same process as Level 2, but without guidance. 

Level 4 (Predict): Use the model to explore how changes in starting 
conditions affect or predict future outcomes (e.g., whether the rig disrupts 
the reef ecosystem and should be removed). 

Argumentation Level 1 (Respond): Respond to a single question using a single type of 
evidence. 

Level 2 (Given Claim): Use multiple types of evidence or respond to 
multiple related questions in order to support a given claim. 

Level 3 (Choose Claim): Compare and evaluate multiple competing claims 
using multiple types of evidence. 

32 necessary facts. A more detailed description of Hunting Lions and other jobs in the 
game can be found in the Wake Teacher Guide (sites.google.com/wisc.edu/waketeach 
erguide). Due to its particularly high quit rate, Hunting Lions was selected as the target 
job for subsequent analysis. 

3.4 Player Grouping Based on Target Job Completion 

Among the 87 players who accepted Hunting Lions, 17 completed it on their first attempt, 
19 completed it on their second attempt, and 2 required more than two attempts to finish 
the job. To answer the first research question (i.e., why some players are able to complete 
Hunting Lions the first time they accept it), we grouped the 87 players into two categories: 
Complete (17 players who completed the job on their first attempt) and Quit (70 players 
who did not).

http://sites.google.com/wisc.edu/waketeacherguide
http://sites.google.com/wisc.edu/waketeacherguide
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To address the second research question (i.e., why some players who quit Hunting 
Lions on their first attempt are able to complete it when they return), we looked more 
closely at players who accepted the job at least twice. We identified two groups: (1) 
players who quit Hunting Lions the first time and completed it on their second attempt 
(Quit–Complete), and (2) players who quit both times (Quit–Quit). We included only 
those who played at least two other jobs between their first and second Hunting Lions 
attempts. This filter allowed for at least one job-to-job transition for meaningful ONA 
modeling (details in Sect. 3.5). It also helps exclude cases where players who may have 
been adequately prepared from the first attempt but left the job for unrelated reasons, 
such as random distraction. This filtering resulted in 14 players in the Quit–Quit group 
and 8 players in the Quit–Complete group. 

3.5 Ordered Network Analysis 

To model how players progress through the game, we constructed ordered networks 
based on sequences of accepted jobs. Ordered Network Analysis (ONA) models the 
directional transitions between coded events—in this case, difficulty codes tied to each 
accepted job. To capture transitions between two consecutive jobs, we set the moving 
stanza window size to 2. This configuration captures how players progress from one job 
to the next and makes it possible to identify which difficulty codes tend to follow others, 
and in what direction, across individual play sequences. ONA is particularly suitable for 
this study because it preserves the order of consecutive job transitions and supports direct 
comparison between groups based on the structure of those transitions. This allows us to 
examine whether certain patterns of progression are more common among players with 
different outcomes on the selected high-difficulty job. 

Our choice of a window size of 2 is inspired by the approach in [9], where the authors 
used Epistemic Network Analysis (ENA) to model learner affect transitions in ASSIST-
ments, prior to the development of ONA. To represent directionality in transitions, they 
modified the coding scheme by manually appending sender and receiver suffixes to 
each code. ONA, on the other hand, supports directionality as a built-in feature and was 
designed to model ordered transitions explicitly. It also restricts connections to codes 
that appear within the same line of data, which is particularly important in this study, 
as difficulty codes within one job do not follow a temporal sequence and should not 
be treated as transitions. Since our analysis focuses on how players move from one job 
to the next, ONA captures transitions across distinct jobs in the order players accepted 
them and produces a more accurate representation of sequential gameplay. 

Ordered networks were generated using the ENA Web Tool. We created two sets of 
difference models to compare player behavior in relation to the job Hunting Lions. First, 
we compared players who completed Hunting Lions on their first attempt (Complete) 
to those who quit the job on their first attempt (Quit). This model includes only the 
jobs each player completed prior to their first Hunting Lions attempt (See discussion in 
5.1). Second, we compared players who initially quit Hunting Lions but completed it 
on a second attempt (Quit-Complete) to those who quit it both times (Quit-Quit). This 
comparison is based on only the jobs they completed between their first and second 
attempts at Hunting Lions (See discussion in 5.2).
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Data were segmented by player ID so that job sequences were tracked only within 
individual players. Separate ONA models were created for each of the three difficulty 
dimensions by including only the relevant codes from that dimension in each network. 
To improve interpretability, transitions with line weights less than 0.02 (lw < 0.02) were 
excluded from the visualizations. 

4 Results 

In this paper, we model player progression in the educational game Wake using job 
difficulty ratings paired with completion or quitting outcomes as the codes in Ordered 
Network Analysis to track transitions between jobs. In this section, we present the results 
of the ordered network models and the differences in observed transition patterns for the 
player groups defined in Sect. 3.4. 

4.1 Difference Models for Quit and Complete Groups 

Figure 1 presents the difference models comparing players who completed Hunting Lions 
on their first attempt (Complete) to those who did not (Quit), based on the jobs accepted 
prior to their first attempt. Across all three difficulty dimensions, Mann-Whitney tests 
reveal significant differences between the two groups along the X-axis (Experimentation: 
U = 1016, p < 0.01, r =  −0.71; Modeling:  U  = 985, p < 0.01, r = 0.66; Argumentation: 
U = 324, p < 0.01, r = 0.46). These results suggest that the two groups followed 
significantly different progression patterns before their first attempt at Hunting Lions, 
which may have contributed to whether they were able to complete the job.

Descriptive statistics show that players in the Quit group accepted a mean of 28 jobs 
before their first Hunting Lions attempt, four fewer than the Complete group, but this 
difference was not significant (U = 685, p = 0.33). The two groups also spend a similar 
amount of time on average per job (Quit group: 19 min; Complete group: 17 min; U 
= 576, p = 0.84), after excluding jobs where students spent more than three hours, 
as these instances more likely reflect idle time rather than active gameplay. However, 
the proportion of prior jobs completed was significantly higher in the Complete group 
(92.7%) than in the Quit group (86.9%) (t = 2.2, p = 0.03). 

The difference network for Experimentation indicates that players who completed 
Hunting Lions (Complete group) show stronger and more frequent transitions from 
completing Level 0 to completing Level 1 (line weight difference lwDiff = 0.06), from 
completing Level 2 to completing Level 3 (lwDiff = 0.06), and from completing Level 
3 to completing Level 4 (lwDiff = 0.02), although the last transition is not shown in the 
difference plot due to its lower weight. These transitions indicate that, compared to the 
Quit group, Complete players more frequently completed sequences of jobs where each 
new job represented an adjacent increase in Experimentation difficulty. We also observe 
stronger transitions from completing Level 0 to Level 2 (lwDiff = 0.06) and from Level 
1 to Level 3 (lwDiff = 0.05). While these involve increases of two difficulty levels rather 
than one, they still reflect relatively gradual shifts and can be considered incremental 
progressions along the Experimentation dimension—especially the latter transition, as 
Level 3 requires identifying the same types of relationships across conditions as Level
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2, with the primary difference being the removal of scaffolding. Descriptive statistics 
further support these findings. Among Complete players, 25% had at least 20% of their 
transitions between completed jobs involve a one- or two-level increase in Experimenta-
tion difficulty, compared to 14.8% among Quit players; at the 75th percentile, the rates 
were 33% and 25%, respectively. These results suggest that gradual progression through 
increasing levels of difficulty was more characteristic of players in the Complete group. 

Fig. 1. Difference models for the Quit group (blue) and the Complete group (red) across the 
three difficulty dimensions: Experimentation (top left), Modeling (top right), and Argumentation 
(bottom). (Color figure online) 

In the Experimentation plot, we see that players who quit Hunting Lions on their first 
attempt (Quit group) show only two connections with higher weights than those seen in 
the Complete group. That is, transitions from completing a job with no experimentation 
component (Level 0) to quitting a job at Level 1 (lwDiff = 0.02), which suggests that 
moving from jobs with no experimentation to those requiring basic observation might 
have presented a point of difficulty for the Quit players. Similarly, transitions from 
quitting a Level 2 job to completing a Level 0 job are also more prominent (lwDiff = 
0.02), which indicates that, after not finishing a task with moderate experimentation 
demands (e.g., identifying relationships between species and environmental factors), 
Quit players more often selected subsequent jobs with no experimentation requirements. 
These patterns suggest that providing additional scaffolds as players move from jobs 
without experimentation to those involving basic observation might help reduce the 
chances of quitting later on a harder job. More guidance to help players persist with 
jobs that involve interpreting species-environment relationships, rather than returning 
to jobs with no experimentation component after an unsuccessful attempt, might also 
support their progression toward completing harder jobs later on. Players in the Quit
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group also show a stronger self-connection at Level 0 (Diff = 0.08), which indicates that 
they tend to complete multiple jobs with no experimentation component in sequence 
without moving on to jobs at higher experimentation levels. This pattern may suggest 
that players are at risk of struggling later; recognizing it as it emerges could create an 
opportunity to prompt players to begin practicing collecting and interpreting evidence 
before they encounter more difficult tasks. For example, in the Quit group, 2 players 
completed six jobs with no Experimentation component in a row; 4 players completed 
seven such jobs, and one player even completed eight in a row. 

In the difference network for the Modeling dimension, the only transition that appears 
more frequently in the Quit group is from completing a Level 0 job to quitting a Level 
1 job (lwDiff = 0.03). The fact that this transition stands out for the Quit group sug-
gests that they were more likely to quit when moving from completing a job with no 
modeling component to a job that required basic modeling (i.e., recreating known rela-
tionships). The Quit group also shows a stronger self-connection at Level 0 (Diff = 0.03), 
which, similar to what was observed for Experimentation, indicates that they frequently 
completed several jobs that did not include any modeling components. 

In contrast, the Complete group shows stronger transitions from completing Level 0 
to completing Level 1 (lwDiff = 0.03), as well as from completing Level 3 to completing 
Level 4 (lwDiff = 0.04), which reflects more frequent movement between adjacent levels 
of modeling difficulty. Direct transitions from completing Level 0 to completing Level 
3 (lwDiff = 0.08) also appear in the Complete group. However, upon inspection of the 
data, these transitions typically occur later in gameplay, after players in the Complete 
group have already accepted a number of other jobs and just before they attempt Hunting 
Lions (this is possible because Level 0 jobs can reappear later in the game or in biomes 
the player has not yet explored). Such a connection does not suggest that they were able 
to take on complex modeling jobs without intermediate steps. Rather, it points to the 
possibility that earlier experiences, such as completing jobs at consecutive modeling 
levels, may have contributed to their ability to complete higher-level modeling jobs later 
in the game, even when not preceded immediately by lower-level ones. 

The difference plot for Argumentation shows that players in the Quit group were 
more likely to return to and complete jobs at the same argumentation difficulty level 
after previously quitting jobs at that level, compared to those in the Complete group. 
For example, we observe heavier transitions from quitting a Level 2 job to completing 
a Level 2 job (lwDiff = 0.04), and from quitting a Level 1 job to completing a Level 1 
job (lwDiff = 0.01). Even if they did not succeed on a specific difficulty level, players 
in the Quit group are relatively likely to attempt the same difficulty level again and 
successfully complete it on a subsequent try. At the same time, the plot reveals a pattern 
where Quit players completed a higher-level job but then quit a job at a lower level. 
For instance, transitions from completing a Level 2 job to quitting a Level 1 job (lwDiff 
= 0.02), and from completing Level 3 to quitting Level 2 (lwDiff = 0.02), appear more 
prominently in the Quit group. This indicates that completing more challenging jobs did 
not necessarily support success on jobs requiring less argumentation—for example, the 
ability to use multiple types of evidence to construct one’s own claim did not always 
translate to using multiple types of evidence to respond to a given prompt, and using 
multiple types of evidence to respond to a given prompt did not necessarily support the
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ability to use a single type of evidence when required for a similar prompt. In other 
words, different argumentation jobs, even at lower levels, posed distinct challenges that 
were not addressed through prior completion of more difficult ones. 

4.2 Difference Models for Quit-Complete and Quit-Quit Groups 

Of the 22 players who accepted the Hunting Lions job at least twice, 8 completed it on 
their second attempt. We constructed a difference-ordered network showing transitions 
between jobs accepted between the two attempts for the Quit-Complete and Quit-Quit 
groups (see Fig. 2) to examine differences in their progression. 

Across all three difficulty dimensions, Mann–Whitney tests reveal significant differ-
ences between the two groups along the X-axis (Experimentation:  U  = 98.5, p < 0.01, 
r =  −0.76; Modeling:  U  = 96.5, p = 0.01, r =  −0.72; Argumentation:  U  = 26, p = .04, 
r = 0.54). On average, players in both groups accepted 8 jobs between their first and 
second Hunting Lions attempts. Quit-Complete players spent less time per job (9 min) 
than Quit-Quit players (18 min), though this difference was not significant (U = 45, p = 
0.48). The Quit-Complete group also completed a higher percentage of these jobs (95%) 
compared to the Quit-Quit group (81%), but this difference was also not significant (t =
1.9, p = 0.07).

When examining the three difference plots together, one unexpected pattern stands 
out: the nodes representing the highest difficulty levels in each dimension are more 
strongly connected for players in the Quit-Quit group than for those in the Quit-Complete 
group. Specifically, transitions from completing a Level 3 Modeling job  to  a  Level 4 Mod-
eling job (lwDiff = 0.07), and from completing a Level 2 to a Level 3 Argumentation job 
(lwDiff = 0.07), appear more frequently in the Quit-Quit group. This insight prompted 
us to examine the distribution of difficulty levels among the jobs accepted by the two 
groups. The data shows that 27% of the jobs accepted by Quit-Quit players had a Level 
3 Argumentation rating, compared to only 17% for the Quit-Complete group. Similarly, 
13% of the jobs accepted by the Quit-Quit group were rated Level 4 in Modeling, com-
pared to just 4% in the Quit-Complete group. This indicates that players who eventually 
completed Hunting Lions were not necessarily taking on more of the most difficult jobs.

Instead of progressing through more difficult jobs, the Quit-Complete group shows 
more transitions between jobs at similar or lower difficulty levels. For example, from 
Level 2 to Level 1 in both Argumentation (lwDiff = 0.08). Revisiting less complex jobs 
may have helped reinforce earlier skills or improve fluency with the core demands of 
each dimension. In other words, Quit-Complete players’ ability to complete Hunting 
Lions on the second attempt may have come from consolidating prior knowledge or 
rebuilding confidence. 

Another pattern we observe is the stronger self-connection of nodes representing 
quitting at Level 1—for example, quitting Level 1 Modeling, which involves replicating 
known relationships (Diff = 0.04), and quitting Level 1 Argumentation, which involves 
selecting one piece of evidence to answer a given question (Diff = 0.04)—in the Quit-
Quit group. Quitting at Level 1 reflects difficulty with jobs that involve only the most 
fundamental elements of each dimension. This suggests possible continued uncertainty 
about the basic ecological content (e.g., species interactions), confusion about task expec-
tations, or difficulty identifying relevant information and deciding how to apply it. In
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Fig. 2. Difference models for the Quit-Quit group (blue) and the Quit-Complete group (red) 
across the three difficulty dimensions: Experimentation (top left), Modeling (top right), and 
Argumentation (bottom). (Color figure online) 

some cases, this may also reflect their disengagement from the job. Without the neces-
sary foundational knowledge, skills, or motivation to complete these early-stage jobs, 
players may not gain the clarity or confidence needed to return to and complete more 
complex tasks like Hunting Lions. This may both hold back their immediate progress in 
the game and also make it harder for the player to successfully complete later tasks that 
build on earlier understandings. 

5 Discussion and Conclusions 

This study used Ordered Network Analysis (ONA) to model how players navigated jobs 
of varying difficulty in the educational game Wake. Each accepted job is represented in 
the network as a node defined by its difficulty level in one of three dimensions (Exper-
imentation, Modeling,  or  Argumentation), paired with whether the player completed or 
quit the job. ONA models the transition between these codes based on the order in which 
jobs were accepted, with a window size of two to capture immediate sequential shifts in 
player behavior. We compared the resulting trajectory networks across different player 
groups to identify patterns in prior job selection that may explain why some players 
successfully completed the job Hunting Lions (the job with the highest quit rate) while 
others quit on the first attempt, and why some who initially quit were later able to return 
and complete it on a second attempt.
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Our results show that players who completed Hunting Lions on their first attempt 
more often transitioned between jobs with gradually increasing levels of difficulty (espe-
cially in Experimentation and Modeling). While this does not necessarily indicate that 
making such transitions directly causes successful completion of the target job, the 
presence of these patterns suggests that gradual exposure to increasing challenge may 
support the development of relevant skills needed for completing more complex jobs. 
These findings point to potential design strategies for supporting students in the games. 
Systems might encourage players to select jobs that build on previous ones with small 
increases in difficulty or offer additional scaffolds when players shift between discon-
nected difficulty levels. Doing so may help players develop an internal model of how 
scientific practices build in complexity and what it looks like to improve across them. 

In contrast, players who quit Hunting Lions on their first attempt often failed when 
they moved directly from jobs without Experimentation or Modeling components (Level 
0) to jobs that required basic skills in those areas (Level 1). They also repeatedly selected 
Level 0 jobs in both dimensions, which suggests that they more frequently stayed in sim-
pler tasks without building relevant scientific practices. This pattern indicates minimal 
exposure to core scientific practices and suggests that these players may not have received 
adequate preparation for higher-level jobs. The game could respond by identifying play-
ers who complete two or more Level 0 jobs in succession and recommending a Level 
1 job that introduces a foundational skill in a single dimension. When a player quits a 
Level 1 job, the game could direct them to a short, structured task that addresses the same 
core skill with additional guidance. These targeted supports would help redirect players 
toward gradual skill development rather than extended repetition of low-level tasks. 

Interestingly, Players who quit Hunting Lions on their first attempt but completed 
it on their second did not select more difficult jobs between attempts. Instead, they 
more often moved between jobs at similar or lower difficulty levels across all three 
dimensions. These transitions suggest that players in the Quit-Complete group may 
have used the time in between attempts to reinforce or consolidate their foundational 
skills. When a player quits a high-difficulty job, the system could therefore identify the 
primary dimension of difficulty and immediately recommend a set of jobs at lower levels 
within that dimension. The goal is to create multiple opportunities to apply similar forms 
of reasoning within a more manageable context, which may help players internalize 
key strategies and recognize recurring patterns, increasing their readiness when they 
re-encounter high-difficulty jobs later in the game. 

Methodologically, using ONA with a window size of 2 enabled us to straightfor-
wardly identify how players move across difficulty levels within specific dimensions 
and to detect differences in progression strategies between groups. However, the inter-
pretive power of the resultant models remains incomplete. The plots reflect patterns in 
observable job transitions but cannot account for unlogged influences on player choices, 
such as confusion about instructions, external interruptions, or loss of motivation. As 
such, our analysis provides a structured summary of behavioral tendencies, but it does 
not explain why players make particular decisions. Future work should introduce addi-
tional instruments, such as short surveys or post-session check-ins, to ask players about 
their reasons for leaving specific jobs. These self-reports can be combined with behav-
ioral markers from log data, such as time spent idle, repeated failed attempts, or absence
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of tool use, to help infer whether quitting followed a period of difficulty or occurred 
without signs of struggle. With this additional information, we can better distinguish 
between meaningful and incidental quitting and inform the design of more targeted, 
evidence-based support strategies. 
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