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Abstract. Ordered Network Analysis (ONA) helps us to understand the dynam-
ics of specific events over time. Recent work has leveraged these benefits of ONA
to study affect dynamics, the shifts in emotions over time, theorizing differences
that might be driven by both motivational factors and even learning experiences.
This study uses ONA to investigate these relationships within the context of the
affective transitions made by students of four behavioral archetypes—Scanners,
Worksheet Users, Conversers, and Roamers—in Crystal Island, a game designed
to support inquiry-based learning in microbiology. Results indicate that while
both Scanners and Worksheet Users exhibited more positively valenced affect
dynamics, only Worksheet Users showed measurable learning gains—likely due
to their greater engagement in systematic exploration and reflection, particularly
while experiencing and regulating confusion and frustration. In contrast, Con-
versers and Roamers experienced persistent boredom and prolonged confusion,
accompanied by low motivation and poor performance. These findings suggest
that successful learning in game-based environments depends not only on posi-
tive affect but also on the presence of productive struggle and effective emotional
regulation, demonstrating the potential of an analytical approach centered around
ONA to elucidate the relationships between behavior and affect during learning.

Keywords: Affect Dynamics, Ordered Network Analysis, Player Archetypes,
Game-based learning, Educational Games.

1 Introduction

Affect dynamics can shape students’ learning experiences. Prior research has shown
that affect within digital learning environments is correlated with a range of important
constructs, including self-efficacy [1], analytical reasoning [2], learning outcomes [3,
4], and even college enrollment years later [5]. However, most of this work has focused
on correlations between the overall proportion of an affective state during learning and
single outcomes or motivational measures. This approach often overlooks two critical
aspects of affect dynamics: the role of transitions between emotional states—particu-
larly how students resolve negatively-valenced states—and the specific behavioral pat-
terns associated with these dynamics.
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Some affective states—such as engaged concentration and boredom—have consist-
ently been associated with positive and negative learning outcomes, respectively (see
review in [3]). However, other states typically considered negative, such as confusion
and frustration, have shown mixed effects [3]. Some researchers suggest that a moder-
ate amount of these emotions is actually beneficial (e.g., [4]), while others argue for
multiple types of frustration and confusion with different impacts on learning [6, 7].

Another perspective is that some students manage these emotions more positively
than others—reframing difficulty as a challenge rather than an insurmountable obsta-
cle—which may mediate their impact on learning. The dynamics of how and when af-
fect occurs also matter for outcomes. For example, Liu et al., [4] showed pretest scores
and learning gains were positively correlated with confusion and frustration that were
distributed across the learning experience (as opposed to experiencing longer episodes).

Recently, researchers have used Epistemic Network Analysis (ENA [8]) and Or-
dered Network Analysis (ONA [9]) to investigate these issues [10, 11]. In particular,
ONA difference models have been applied to compare affect dynamics among students
with different levels of situational interest and learning gains [10], and to track how
these dynamics change over time in relation to students’ self-efficacy—yielding in-
sights that have advanced affective theory [11].

This paper builds on that work by using ONA to connect affective and behavioral
patterns in Crystal Island, an open-world educational game designed to foster interest
and support inquiry-based learning in microbiology [12]. Specifically, we investigate
the main differences in the affect dynamics of four player/behavioral archetypes—
Scanners, Worksheet Users, Conversers, and Roamers—previously identified through
clustering and ONA in earlier research [13]. By studying these differences, we aim to
deepen our understanding of how affect dynamics relate to students’ behavioral patterns
and, ultimately, their learning outcomes and motivation. Such insights can inform the
design of more targeted and effective interventions that respond not only to students’
observed behaviors or affective states in isolation, but to the interplay between the two.

2 Related Work

D’Mello and Graesser’s [14] highly influential Theory of Affect Dynamics describes
how students transition between multiple epistemic emotions (e.g., engaged concentra-
tion < confusion < frustration < boredom). Drawing from Control-Value Theory
[15], this model proposes that learning is most likely when an impasse is detected and
successfully resolved. However, if the impasse remains unresolved, students may tran-
sition into frustration and eventually boredom, which can hinder learning.

D’Mello and Graesser’s [14] model has inspired numerous empirical studies. How-
ever, its use of the L-statistic [16] for analyzing affective transitions may have led re-
searchers to ignore other important affective transitions since it normalizes transition
probabilities based on the base rate of each affective state, simultaneously inflating the
frequency of transitions involving rare affective states [17], and obscuring transitions
involving more common ones [18]. Concerns have also been raised about how the L-
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statistic handles self-transition [17, 18], which could be important for improving our
understanding of the duration of various affective states.

Unlike the base-rate normalization employed by the L-statistic, ENA applies cosine
normalization across each student’s affective transitions [8], including self-transitions
in the case of ONA [9], emerging as alternatives to address L-statistic’s limitations [10,
11, 18]. This approach highlights the most prevalent transitions within students’ affec-
tive sequences rather than amplifying those that appear notable due to low base rates.

Following this methodological shift, Ocumpaugh et al. [11] used ONA to analyze
affective labels obtained through machine learning-based detectors to develop the
Skills, Difficulty, Value, Efficacy, and Time (SDVET) model. The model proposes that
boredom is most likely when a student’s skill level greatly exceeds the task’s difficulty.
Boredom or canonical (unpleasant) frustration can occur when the task is far more dif-
ficult than the student’s skill level. Canonical frustration may also arise when skill and
difficulty are matched, but the student places low value on the task. Positive affective
states, including Gee’s [7] pleasurable frustration, emerge when skill and difficulty are
well matched and task value is high or when a high self-efficacy student faces a task
slightly above their current skill level and feels momentarily confused. However, even
when the perceived value of a task is high, students with low self-efficacy may experi-
ence intolerable confusion if the task greatly exceeds their perceived skill level, increas-
ing the likelihood of transitioning to boredom or canonical frustration.

Although ENA and ONA have been applied to investigate affect dynamics for stu-
dents with different motivational traits or levels of learning gains [10, 11] and have also
been applied to analyze action sequences in game-based learning environments [19,
20], research has not yet used these methods to connect specific behavioral patterns to
sequences of student affect. Instead, previous studies have used regression and correla-
tion analyses to examine associations between aggregated affective states and individ-
ual actions within educational games (e.g., [21, 22]). These approaches treat the data as
isolated events, rather than as sequences of strategic behaviors or affect. In this study,
we use ONA to analyze how affect dynamics relate to specific behavioral patterns—an
important next step for identifying the behavioral profiles that may underlie or co-occur
with specific affective states and transitions.

3 Methods

3.1  Context and Participants

This study analyzes data from 122 middle school students in the southeastern United
States played the educational game Crystal Island as part of their standard science cur-
riculum. The group was gender-balanced (52 male, 65 female, and 5 self-describing in
another way). The sample reflected substantial demographic diversity, including his-
torically underrepresented groups (43% Black, 24% Latinx, 5% Asian, and 4% from
other racial backgrounds).

Crystal Island is a single-player, open-world game designed to promote interest and
support inquiry-based learning in microbiology [12]. Players adopt the role of investi-
gative scientists, diagnosing the pathogen causing a disease outbreak at a remote
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research station and identifying its mode of transmission. Gameplay begins in a tutorial
area where students learn game mechanics, including how to interact with non-player
characters (NPCs), collect and analyze objects, read scientific texts, and complete con-
cept matrices summarizing findings. Upon completing the tutorial, players are directed
to the infirmary for additional guidance but are free to explore the island at will. To test
hypotheses about possible viral or bacterial agents, players collect and scan items in a
virtual laboratory and record their findings in a digital worksheet designed to encourage
reflection and support more strategic decision-making in future gameplay.

First, students completed a series of established, validated surveys including a sci-
ence knowledge pre-test (scored from 0 to 17), and Britner & Pajares’s [23] Self-Effi-
cacy survey and Linnenbrink-Garcia et al.’s [24] Situational Interest survey. Next, stu-
dents engaged with Crystal Island over two class periods. Upon completing the game,
they responded to a post-test (identical to the pre-test) to measure knowledge gains and
multiple motivational scales designed to assess student perceptions of the game, includ-
ing five subscales from the Intrinsic Motivation Inventory [25].

3.2 Player Archetypes Identification

The player archetypes in this study were first identified in [13] using ONA and cluster-
ing on behavioral data from Crystal Island. In that study, we identified several behav-
ioral codes within students’ logs (e.g., interacting with an NPC) to generate an ONA
model with the students as the unit variable. We then applied K-means clustering to the
model’s connection weights (CW), revealing four distinct player archetypes (see [13]
for further details).

Table 1. Knowledge assessment and motivational measures across the four behavioral arche-
types. Standard deviations are shown in parentheses. Significant differences are shown in bold.
Table adapted from Zambrano et al. [13].

Instrument Timing Scanners Worksheet Conversers Roamers
N Students Pre- 29 25 50 18
Post- 12 12 21 3
Knowledge Scores Pre- 6.58 (2.42) 5.92(2.34) 6.02(2.80) 5.44(2.17)
Post- 6.42 (4.25) 6.83(2.92) 4.81 (1.72) 4.33 (2.17)
Linnenbrink-Garcia’s SI Pre 4.21 (1.11) 4.47(1.17) 3.73 (1.01) 3.37 (1.00)
Britner & Pajares’ SE Pre 3.99 (0.87) 4.11 (0.87) 3.65(1.16) 3.40 (1.15)
Value-utility (IMI) Post 4.12 (2.06) 3.44(1.36) 3.44 (1.65) 2.57(1.26)
Effort-importance (IMI) Post 4.15(1.37) 3.98(0.86) 3.66 (1.42) 2.96 (0.84)
Pressure-tension (IMI) Post 3.67(1.17) 3.44(0.88) 3.35(1.16) 3.20(0.81)

Interest-enjoyment (IMI)  Post 4.26 (1.02) 4.14 (1.18) 3.31(1.29) 3.09 (0.58)
Perceived Competence (IMI) Post 4.36 (1.81) 4.01 (1.23) 3.41(1.36) 2.87(0.74)

These archetypes included two groups who appear disengaged from science-related
activities—Roamers and Conversers—and two with stronger engagement—Scanners
and Worksheet Users. Roamers primarily wandered through the game environment
without interacting with key elements, while Conversers engaged in extended dialogues
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with NPCs but neglected core science tasks. In contrast, Scanners actively tested hy-
potheses to solve the game’s central mystery, but failed to systematize their findings
and relied on a more trial-and-error approach, while Worksheet Users tested fewer hy-
potheses but systematically recorded their findings throughout gameplay. These arche-
types not only differed in gameplay behaviors but also showed statistically significant
differences in situational interest, self-efficacy, perceived enjoyment, and post-test per-
formance. The science-engaged groups—Scanners and Worksheet Users—achieved
the highest motivational scores, and notably, the Worksheet Users were the only group
who achieved positive learning gains (Table 1).

3.3 Coding Affective States

The affect codes used in this study are based on previously published interaction-based
affect detectors [26], which model what students do within a system when experiencing
specific emotions, allowing researchers to infer affective states in real time (see [27]).
These detectors were developed using labels derived from (a) in-game self-reports (SR)
and (b) BROMP-based classroom observations. For the SR-ground truth, students iden-
tified one of six affective states: boredom, focus, confusion, happiness, frustration, or
nervousness [26]. BROMP observations [28] included boredom, engaged concentra-
tion, confusion, delight, and frustration. Nervousness was excluded, as it is difficult to
observe directly. To align the SR labels with the standard BROMP framework, child-
friendly terminology was used—for example, focus for engaged concentration and hap-
piness for delight.

The SR- and BROMP-based detectors were developed independently. Each data
source was used to train a distinct suite of machine learning—based affect detectors,
which were cross-validated to ensure generalizability to new student populations. Fol-
lowing prior work using BROMP data (see [26, 27]), both detector suites were trained
using 20-second clips of students’ interaction logs. Each suite was then applied and
analyzed separately, assigning one label per clip from each detector (the SR-based and
the BROMP-based) with the highest predicted probability. Prior research suggests that
SR- and BROMP-based detectors capture complementary aspects of students’ affective
states [26], making the differences between them potentially meaningful.

3.4  Ordered Network Analysis and Affect Dynamics

Building on prior work that used ENA and ONA to examine affective transitions in
game-based learning environments [10, 11, 18], we use ONA [9] to analyze the affect
sequences of the four player archetypes identified in [13]. ONA was chosen for its abil-
ity to capture both directionality and self-transitions between affective states. Each line
of data corresponds to a 20-second segment of gameplay and includes two labels—one
from each suite of affect detectors. Inter-rater reliability was not computed because
these labels were assigned by detectors already shown to agree with human coders or
self-report, on data not used to develop the detectors.

The unit and conversation variables are defined as the full gameplay session
(mean=41.6 min., SD=15.6), since there were no natural breaks during the session. A
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moving stanza window of size two is used, so that only transitions between consecutive
lines (i.e., affective states) are considered—a standard approach in affective transition
analysis [10, 11, 18]. Students were grouped into the four identified archetypes: Roam-
ers, Conversers, Scanners, and Worksheet Users.

A Kruskal-Wallis test was conducted to assess whether individual connection
weights in the epistemic network models—representing transitions between different
affective states or persistence within the same affective state—differ significantly
across the four archetypes. These weights were extracted from the WebENA tool [29].
We applied the Benjamini—Hochberg (BH) procedure [30] to control for the false dis-
covery rate resulting from multiple comparisons. Additionally, a Monte Carlo (MC)
analysis [31] with 10,000 iterations was employed to determine whether the overall
number of significant results was more likely than chance.

4 Results

4.1  Affect States Across Archetypes

This study examines significant differences across four archetypes based on BROMP-
and SR-based detectors and ONA. Table 2 presents the distribution of affective states
detected using both suites of detectors for each behavioral group. Overall, notable dif-
ferences in the base rates of affective states can be observed between the two ground
truth sources—a finding that aligns with previous analyses [32]. Statistically significant
differences across groups occur for five affective states-ground truth pairs after apply-
ing the BH correction. Within the suite of BROMP-based detectors, boredom, delight,
and confusion show significant differences, while for SR-based detectors, only bore-
dom and concentration show differences. Distributional differences emerged between
students who were more engaged in scientific behaviors and showed the highest moti-
vational measures (Scanners and Worksheet Users) and those who were less engaged
(Conversers and Roamers).

Table 2. Comparison of affect detection across the four behavioral archetypes for each ground
truth label (BROMP and SR). Boldface shows statistically significant differences after applying
BH correction.

Scanners Worksheet Conversers Roamers p-values

BROMP SR BROMP SR BROMP SR BROMP SR BROMP SR
Concent. 89% 37% 85% 34% 84% 27% 76% 15% 0.314<0.001
Boredom 0% 21% 2% 25% 7% 39% 7% 56% 0.005 <0.001
Del./Happ. 3% 23% 1% 16% 0% 12% 0% 9% 0.007 0.350
Confusion 3% 13% 5% 15% 6% 12% 15% 11% 0.008 0.483
Frustration 5% 5% 7% 9% 3% 9% 2% 9% 0.101 0.261
Nervous 2% 2% 1% 1% 0.763

In the BROMP-based detection, delight is observed more frequently among Scan-
ners and Worksheet Users (over 1% for both) than among Conversers and Roamers
(less than 0.5% for both). Boredom, by contrast, was significantly more frequent among
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Conversers and Roamers (7%), compared to 2% for Worksheet Users and no instances
for Scanners. Significantly higher rates of confusion were also observed among Con-
versers and Roamers (6% and 15%, respectively), suggesting that these students,
mainly Roamers, may be struggling. Scanners and Worksheet Users only experienced
confusion in less than 5% of their gameplay.

SR-based results also revealed similar patterns. For example, while self-reported
boredom is relatively more frequent than observed boredom, both Scanners and Work-
sheet Users report lower boredom rates (20% and 25%, respectively) than Conversers
and Roamers (39% and 56%) as observed according to the BROMP-based detection.
Similarly, Scanners and Worksheet Users exhibit significantly higher concentration
rates (37% and 34%, respectively) than Conversers and Roamers (26% and 15%), alt-
hough self-reported engaged concentration was much less common than for BROMP
observations, where engaged concentration remains above 75% across all students—a
pattern commonly reported in BROMP studies (e,g, [33]). No significant group differ-
ences were found for frustration or nervousness across both suites of detectors—alt-
hough notably, Worksheet Users, the group with the highest learning gains, also showed
the highest frustration rate according to the BROMP-based detectors and the second
highest according to the SR-based detectors, a finding we consider later in the context
of frustration-related transitions.

4.2  Affect Sequences Detectors

Figure 1 compares the affect dynamics experienced by the four player archetypes based
on BROMP-based detectors and ONA models. Using the Kruskal-Wallis test, we iden-
tified ten transitions with p < 0.05—substantially more than the maximum of four tran-
sitions expected by chance according to MC simulations (95% CI: 0—4). As shown in
Table 3, these include six cross-affect transitions (Conc — Conf, Frus — Conc, Del —
Conc, Conc — Del, Conc — Bor, and Del — Conf) and four of the five self-transitions
(sustained frustration, confusion, boredom, and delight). Although only one transition
(Conc — Del) remained significant after applying the BH correction, the MC results
suggest that the overall pattern of findings is unlikely to be due to chance—some of
these additional findings are likely to be genuine but we cannot be certain as to which.

Likewise, the ONA models based on SR-based detectors for the same archetypes are
shown in Figure 2. Only two transitions were statistically significant after applying the
BH correction (sustained concentration and boredom; Table 4). Two others (Conf —
Del, Del — Conf) initially appeared significant but did not hold after the BH correction.
However, these transitions mirror patterns observed in the BROMP-based models, in-
dicating they may still represent meaningful group-level differences even if they remain
tentative and uncertain.

The primary source of group differences across both suites of detectors involves re-
current experiences of boredom (i.e., Bor — Bor). According to the SR detectors, Work-
sheet Users and Scanners show lower levels of sustained boredom (CW=0.384 and
0.320, respectively) compared to Roamers and Conversers (CW=0.785 and 0.592;
p<0.001). The BROMP detectors reveal a similar pattern. Recurrent boredom is highest
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among Roamers (CW=0.106) and Conversers (CW=0.095), whereas Scanners do not
exhibit a single instance of boredom (p=0.014).
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Fig. 1. ONA models of BROMP-based affective transitions for the four behavioral archetypes.
A) Scanners (green); B) Worksheet Users (purple); C) Conversers (blue); D) Roamers (red).

Table 3. BROMP-based self-transitions and transitions with CWs showing differences across
the four archetypes at p < 0.05. Transitions shown in bold are statistically significant after ap-
plying the BH correction.

. Scanners Worksheet Conversers Roamers
Transition (N=29) (N=25) (N=50) (N=18) p-val
Concentration — Concentration 0.992 0.965 0.941 0.907 0.271
Frustration — Frustration 0.050 0.090 0.030 0.018 0.037
Confusion — Confusion 0.026 0.048 0.064 0.198 0.007
Boredom — Boredom 0.000 0.030 0.095 0.106 0.014
Delight — Delight 0.028 0.011 0.004 0.003 0.021
Concentration — Confusion 0.013 0.021 0.015 0.026 0.030
Frustration — Concentration 0.007 0.009 0.002 0.004 0.016
Delight — Concentration 0.004 0.003 0.001 0.001 0.033
Concentration — Delight 0.007 0.003 0.001 0.002  <0.001
Concentration — Boredom 0.000 0.001 0.003 0.005 0.005
Delight — Confusion 0.001 0.000 0.000 0.001 0.013
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Fig. 2. ONA models of SR-based affective transitions for the four behavioral archetypes. A)
Scanners (green); B) Worksheet Users (Purple); C) Conversers (Blue); D) Roamers (Red).

Table 4. SR-based self-transitions and transitions with CWs showing differences across the
four archetypes at p <0.05. Transitions shown in bold are statistically significant after applying
the BH correction.

Transition Scanners Worksheet Conversers Roamers p-val
(N=29) (N=25) (N=50) (N=18)
Concentration — Concentration 0.573 0.518 0.395 0.213 <0.001
Boredom — Boredom 0.320 0.384 0.592 0.785 <0.001
Confusion — Confusion 0.210 0.245 0.179 0.182  0.580
Happiness — Happiness 0.372 0.242 0.177 0.135  0.178
Frustration — Frustration 0.071 0.138 0.142 0.148 0.358
Nervousness — Nervousness 0.028 0.025 0.013 0.008 0.746
Confusion — Happiness 0.015 0.021 0.006 0.005 0.020
Happiness — Confusion 0.016 0.017 0.004 0.007 0.016

Another important difference involved recurrent engaged concentration, where these
dynamics are reversed. In the SR detector data, Scanners and Worksheet Users
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exhibited significantly higher levels of recurrent concentration (CW=0.573 and 0.518,
respectively) compared to Conversers and Roamers (CW=0.395 and 0.213; p<0.001).
Scanners and Worksheet Users also appear to show higher recurrent concentration
(CW=0.992 and 0.965) than Conversers and Roamers (CW=0.941 and 0.907; p=0.271)
within the BROMP data. Although this difference is not statistically significant, this is
quite possibly due to the high base rate of engaged concentration in the BROMP data.

These findings suggest that the persistence of boredom—and the disruption of con-
centration—plays a central role in differentiating the affect dynamics of the four be-
havioral archetypes. In line with these results, Roamers and Conversers also show more
frequent transitions from concentration to boredom (CW=0.005 and 0.003, respec-
tively) than the other two groups (CW<0.001; p=0.005).

Differences are also seen in confusion and frustration, but only when considering
BROMP-based detectors. In the SR data, recurrent confusion and frustration are nearly
identical across the four archetypes, and cross-affect transitions are also not significant.
However, in the BROMP-based data, both sustained frustration and sustained confu-
sion showed substantial differences across groups, with Worksheet Users showing
higher sustained frustration than the other three archetypes (CW = 0.090 vs CWs =
0.050, 0.030, 0.018; p=0.037), and with Roamers showing much higher rates of sus-
tained confusion than the other archetypes (CW =0.198 vs CWs = 0.026, 0.048, 0.064;
p=0.007). These differences were also observed in several transitions involving confu-
sion and frustration (Conc — Conf, Frus — Conc, Del — Conf).

In the BROMP detectors, additional differences emerge in the transitions involving
delight. Recurrent delight was highest among Scanners (CW=0.028), and Worksheet
Users (CW=0.011), while Conversers and Roamers (CW=0.004 and 0.003) displayed
much lower persistence in this positive state (p=0.021). Likewise, the transition from
concentration to delight is more likely among Scanners and Worksheet Users
(CW=0.007 and 0.003, respectively) than for Conversers and Roamers (CW=0.001 and
0.002; p<0.001).

5 Discussion and Conclusion

5.1 Understanding Associations between Affect and Behavioral Dynamics

This study advances our understanding of how affect dynamics interact with behavioral
patterns, motivation, and learning outcomes in game-based learning environments, ex-
tending current models of affect dynamics [11, 14]. By applying ONA and statistical
analyses to player behavior, we identify significant differences in the affect dynamics
of four distinct behavioral archetypes within the game Crystal Island. Among these
groups, Scanners (and, to a lesser extent, Worksheet Users) appeared to have a more
positively valenced affective experience, persisting longer in positive states such as en-
gaged concentration, happiness, and delight. This pattern of positive affective experi-
ences aligns with previous analyses of external motivational measures in this data (Ta-
ble 1). For example, Zambrano et al. [34] showed that higher motivational measures
(situational interest and self-efficacy) are associated with longer episodes of engaged
concentration, greater happiness, and more frequent (but shorter) episodes of delight.
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These findings also align with the SDVET framework [11], which proposes that stu-
dents with high self-efficacy and perceived value—and for whom skill and challenge
are well-matched—are more likely to experience positive affective states.

Although Scanners exhibited the highest overall post-test motivational measures and
the greatest persistence in engaged concentration, happiness, and delight, their post-test
scores were similar to—or slightly lower than—their pre-test scores. In contrast, Work-
sheet Users experienced higher levels of confusion and frustration than Scanners but
also demonstrated greater self-efficacy, which, according to the SDVET model, ena-
bled them to regulate these negative emotions better. They showed stronger transitions
from confusion and frustration to concentration and happiness, and were the only group
to achieve learning gains between the pre- and post-tests.

Understanding the relationships between behavioral archetypes and their affective
patterns is not always straightforward. Scanners reported the highest levels of perceived
competence, had the highest pre-test scores, and exhibited the lowest levels of confu-
sion in the BROMP-based data. It is plausible that some of these students were over-
confident in their trial-and-error strategy—especially when compared to Worksheet Us-
ers, who, experiencing more confusion and frustration, were more systematic in organ-
izing and documenting their findings. This overconfidence and reduced confusion and
frustration could have hindered deeper learning. However, confusion patterns for Scan-
ners are complex, as they exhibited higher (though not significant) rates of sustained
confusion in the SR-based data compared to Roamers and Conversers, but still lower
than Worksheet Users.

Overall, these findings highlight the potential benefits of manageable levels of con-
fusion and frustration (cf. [35]). As seen in the affect dynamics of Worksheet Users,
when these states are not excessive and are effectively managed—particularly by stu-
dents with sufficient self-efficacy or the ability to engage in self-regulatory behaviors
such as externalizing, systematically organizing, and reflecting on their findings (be-
haviors not yet fully integrated into affective models)—they can positively support
learning. However, to fully establish the connection between affect dynamics and spe-
cific in-game behaviors, future research is still needed to understand whether confusion
primarily emerged in response to failure (e.g., among Scanners after scanning the
wrong object or submitting an incorrect solution), and whether, for students with
stronger self-regulatory skills (e.g., Worksheet Users), confusion may play a more gen-
erative role—prompting desirable scientific behaviors such as reflection and the sys-
tematic organization of findings during gameplay. Similarly, it is worth investigating
whether the notably high levels of frustration observed in Worksheet Users reflect ca-
nonical forms of frustration following failure, or instead a more productive (or even
pleasurable; [7]) form of frustration in which students remain engaged, enjoy the chal-
lenge, and are further motivated to reflect and organize their findings.

5.2 Proposing Interventions for Educational Games

This study identifies multiple types of players in educational games, helping research-
ers and designers to tailor interventions to their needs. Some students (e.g., Scanners)
may have the prior knowledge, initial interest, and self-efficacy to engage with and
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enjoy the game, but may not experience enough confusion or frustration to trigger strat-
egy revision and support deeper learning.

Incorporating elements that prompt students to question their current gameplay ap-
proach and reflect on its effectiveness—such as in-game questions that challenge their
apparent trial-and-error strategy or their prior domain-specific knowledge—could in-
troduce mild, productive confusion (cf. [35]), encourage the use of self-regulation tools
(e.g., an in-game worksheet), and promote more systematic exploration. This could in-
volve not only testing hypotheses to solve the game’s mystery but also engaging more
deeply with domain-specific content through interactions with NPCs or gathering ad-
ditional information beyond direct experimentation to address broader scientific ques-
tions posed by the game. Given their already high post-gameplay interest and positive
affect dynamics, these students are likely to respond constructively to such prompts,
viewing them as cognitive challenges rather than emotional burdens. Similarly, facili-
tators could introduce brief, targeted moments of confusion through in-person ques-
tioning followed by guided support, stimulating curiosity and reflection without over-
whelming the learner. By fostering this kind of engagement, these students may become
more aware of the limitations of their current strategies or knowledge and adopt more
structured approaches that are more strongly associated with learning gains.

In contrast, other students (e.g., Roamers) may lack the foundational knowledge nec-
essary to understand the game’s mechanics and learn from the experience or perceive
little value in its content. As suggested by our results and theoretical models [11], these
students tend to show high levels of boredom and confusion, along with low motivation
and limited foundational knowledge. All these factors can hinder meaningful engage-
ment and their ability to regulate negative emotions, reinforcing a negative motivational
outlook toward the game and its subject matter, as reflected in the motivational surveys.

Interventions for these students should focus on scaffolding subject knowledge and
game mechanics to reduce the mismatch between skill and challenge, aiming to en-
hance their engagement. This support could be integrated into the tutorial or early stages
of the game by providing more detailed information about the task, the available tools,
and relevant domain-specific concepts—especially when students display behaviors as-
sociated with confusion, such as wandering or roaming without completing expected
actions. To address potential boredom, interventions should also account for causes
beyond unresolved confusion, misunderstandings, or lack of skill (as theorized by
D’Mello & Graesser [14]), such as low interest, motivation, or perceived value—as
manifested by direct transitions from concentration to boredom without passing through
confusion. In such cases, both the game (e.g., via pop-up messages) and the facilitator
can help students recognize the educational value of the experience and the relevance
of its content. These strategies can boost situational interest to a level that supports
sustained engagement and prevents the prolonged boredom that undermines learning.

Similar interventions could be designed for students with higher prior knowledge
and slightly stronger motivational measures (e.g., Conversers), who nonetheless show
affect dynamics and motivational profiles similar to the most disengaged group. These
students may still engage with certain game mechanics (e.g., interacting with NPCs),
which are important to identify and leverage for delivering targeted messages that ad-
dress motivational, affective, or cognitive challenges. Doing so can help support
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students as they navigate difficulties and reduce the risk of boredom from repeated
struggles. Implementing such interventions early in the game could prevent the devel-
opment of a negative perception of the game, at which point interventions might be-
come less effective.

In conclusion, this study demonstrates the value of ONA to investigate how affect
dynamics in educational games relate to students’ behavioral patterns, motivation, and
learning outcomes. The contrast between Scanners and Worksheet Users highlights the
importance of productive emotional struggle (particularly confusion and frustration) as
a potential driver of deeper learning when effectively regulated. In contrast, the high
levels of unresolved confusion and boredom observed among Conversers and Roamers
show how mismatches between skill and challenge, low perceived value, and insuffi-
cient support can lead to persistent negative affect and disengaged gameplay, ultimately
hindering learning. These findings have important implications for affective research
and the design of adaptive learning environments. Effective interventions should con-
sider students’ cognitive and motivational characteristics, real-time affective states, and
in-game behaviors. By aligning gameplay mechanics, scaffolds, and feedback with stu-
dents’ evolving emotional and behavioral profiles, designers and educators can better
foster both engagement and meaningful learning across diverse learner types.
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