Investigating Learner Interest and Observation Patterns
in a Minecraft Virtual Astronomy Environment
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Abstract. This study explores how student actions in Minecraft-based virtual
environments designed to simulate astronomical phenomena shift over time, as
their interest in astronomy changes. We analyze observations made by middle
school learners participating in the What-if Hypothetical Implementations in
Minecraft (WHIMC) project, which adapts the game to immerse learners in
scenarios exploring scientific concepts. Combining manual and automated cod-
ing techniques, we classify these observations and use epistemic network anal-
ysis to investigate how they relate to changes in interest levels as measured by
pre- and post-surveys. Our findings show that learners who maintain or increase
their astronomy interest produce more complex observational behaviors, such
as hypothesis generation and comparisons. Conversely, learners whose interest
declines produce more surface-level, factual observations. Results suggest ways
to identify and support long-term interest in science education.
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1 Introduction

Ongoing calls for a more STEM-literate workforce [6], coupled with increasing demand
for STEM college graduates in astronomy-related fields [25], have prompted educators
to seek innovative ways to engage learners and ignite their interest in science. Despite
various initiatives, capturing and sustaining student interest remains a significant chal-
lenge. One promising approach lies in leveraging popular games and simulated envi-
ronments [5, 12] like Minecraft [14] to create immersive learning environments that
encourage exploration and critical thinking about complex scientific concepts.
Considerable effort has sought to optimize simulations and games to support learner
interest [17, 25]. Recently, educators and researchers have investigated ways to lever-
age the flexibility and immersive nature of simulations in the popular game Minecraft
to present learners with STEM-related questions and encourage their overall engage-
ment with scientific content [23, 36, 39]. This study investigates how changes in student
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interest (from the beginning to the end of a Minecraft learning activity) relate to changes
in their behavior, using text-based observational data produced by learners in the What-
if Hypothetical Implementations in Minecraft (WHIMC) environment [22]. WHIMC is
designed to teach learners about astronomy [23]. Therefore, we investigate the research
question of how different patterns of in-game observations (made by learners) correlate
with changes in learners' interest in astronomy, as measured by the astronomy subscale
of Gadbury & Lane's STEM interest survey [11]. By examining these patterns using
Quantitative Ethnographic techniques, we hope to identify key factors that contribute
to learners maintaining or increasing interest in STEM.

2 Related Works

This study examines the relationship between student interest and their interactions
with the WHIMC system. Considerable research indicates that interest positively influ-
ences student perceptions, beliefs, attitudes, and willingness to learn more about that
topic [15, 19, 32, 33, 38]. Learners with high interest tend to engage more deeply with
material, improving their conceptual understanding [3, 31]. Conversely, learners with
low interest are typically less likely to persist with the material [26, 35]. As such, inter-
est is often predictive of future academic choices [18].

Early investigations of interest tended to describe it as an emotion [2, 28], but more
recent work notes that interest has a longer duration than most emotions, with Ren-
ninger and Hidi [32], noting that a purely affective description does not capture inter-
est's cognitive components [33]. Hidi & Renningers' four-phase model of interest de-
velopment posits that interest emerges as a product of environmental features in its
early phases, referred to as situational interest [16]. As learners' knowledge of a topic
increases, individual interest emerges as a self-motivating and enduring state.

Phase 1: - Phase 2: ‘ Phase 3: —pp  Phases:
Triggered Sit Int \ Maintained Sit Int | Emerging Ind Int Well-Dev Ind Int
Externally-Driven Situational Interest (Sit Int) Internally-Driven Individual Interest (Ind Int)

facilitated by the environment facilitated by prior knowledge

Fig. 1. The Four-Phase Model of Interest [16].

Importantly, research suggests that situational interest is best triggered by novel and
attention-getting experiences [13, 30] that lead learners to generate questions [1].
Learners who are in phases 1- 2 are still developing a sense of the value of that content
and need support to connect new material to their prior knowledge and skills [29]. As
individual interest emerges (phase 3), they become more likely to engage inde-
pendently, but may see little use in feedback or in the canon of the field; it is not until
the interest becomes well-developed that learners effectively manage frustration and
actively seek feedback [29].

Eberbach and Crowley emphasize that observational skills develop over time and
may require scaffolding [7]. Specific frameworks have been developed to classify and
interpret learners' observations in different educational contexts. For example, Yi's
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framework for coding textual observations made by student includes relevant observa-
tions, questions, hypotheses, and texts that might indicate lower engagement with as-
tronomy or the Minecraft platform [42]. Other frameworks consider whether observa-
tions made by learners are disengaged [21]. Building on these studies, we expand Yi's
system to analyze learners' engagement and learning processes within the WHIMC plat-
form, adding codes relevant to both engagement and off-task behavior [42].

We use Epistemic Network Analysis (ENA) and difference models to compare the
connections between different types of observations at the beginning and end of the
learning activity. Previous studies have applied ENA specifically in game-based learn-
ing environments to analyze player behavior and cognitive skills. For example, Scianna
et al. use ENA to visualize player log files and identify variations in how learners re-
sponded to game events [37], while Foster et al. explored patterns in learners' identity
exploration within play-based environments [9]. Bressler et al. analyzed the conversa-
tional discourse of game teams to explore the connections between communication re-
sponses, language style, and scientific practice [4].

3 Methods

3.1 Research Context

We conduct this research in the context of WHIMC [23], which exploits the widespread
appeal of Minecraft to create scenarios and experiences that stimulate interest in astron-
omy, Earth science, and other STEM fields related to space exploration. Utilizing Mine-
craft's Java Edition, WHIMC offers learners simulation environments where they can
explore hypothetical astronomy scenarios, addressing what-if questions (e.g., What if
Earth had no moon? or What if the sun was cooler?). During informal learning settings
(e.g., summer camps), learners are guided by pedagogical agents and human facilitators
to make scientific observations that assess each world's potential for human habitation.

In addition to these hypothetical worlds, the WHIMC server features a NASA-
inspired launch site, a lunar base, a space station, a Mars map based on real Martian
terrain data, several known exoplanets, and phenomena such as black holes and quasars.
Learners can access various science tools that support their investigations, enabling
them to measure critical habitability factors (i.e., temperature, air pressure, radiation,
gravity, and atmospheric composition). Learners are taught to use these measures as
evidence by making descriptive, comparative, and inferential observations that under-
pin testable hypotheses. As part of their game exploration, players record their obser-
vations on wooden signs that are displayed to other players and collected with our data.

Previous WHIMC research used association rule mining to examine the ways in
which a more limited range of learner behaviors is correlated with learner interest [10],
as the open-ended nature of this environment provides many opportunities for support-
ing student STEM interest development [41]. This study analyzes data collected in 2022
from 76 learners (49 male, 20 female, and 7 who either reported a third option or pre-
ferred not to answer) across 5 locations in 3 states. Participants were drawn from pop-
ulations rural, suburban and urban populations and represented a wide range of racial
backgrounds (12 Black/African American, 3 American Indian, 2 Asian/Pacific
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Islander, 10 Hispanic/Latino, 22 White/Caucasian, 1 multiple categories, 6 other, and
19 who preferred not to answer). Socio-economic backgrounds varied considerably be-
tween locations, with nearly half of the learners coming from two of the wealthiest
counties in the US and the remainder coming from mixed or lower income areas. Dis-
ability status was not consistently captured, but some learners reported receiving ac-
commodations. Data was collected during 12—15-hour informal learning camps hosted
at planetariums, libraries and community centers. Recruitment was run with community
partners as part of their regular programming, with sign-ups occurring online. Partici-
pation in the research was entirely optional. Written consent was obtained from all par-
ents, and participants assented on the first day.

3.2  Codebook Development

This study expands on Yi's initial efforts to code the observations learners make while
exploring WHIMC (Table 1) [42]. Yi's work classified observations into only 4 codes
(Noun, Measure/Descriptive, Comparison, Hypothesis), which were designed to cap-
ture observations that closely align with WHIMC's learning goals [42]. We augment
this framework using an inductive thematic analysis approach to select themes [40].
This process involved identifying and iteratively refining topics that emerged from an
open-ended review and discussion of the data. New codes include several constructs
that reflect other forms of game-related interactions that were not fully captured by the
coding schemes used in [42] and social communication. Finally, codes reflecting non-
game interactions (i.e., random characters, unrelated content, or off-topic conversa-
tions) were coded separately (to facilitate accurate automatic coding) but then collapsed
because they all appear to reflect off-task conversations. As codes are not mutually
exclusive, observations may be labeled more than once.

Table 1. Inductive Themes/Constructs Derived from Observations Made by Learners

Code Name Definition/Example

Noun Def: Stating nouns without any elaborations. (Previously labeled as "factual"
in [42].) Ex: "I see trees"

Measure/ Def: Related to measures of physical attributes that learners are encouraged to

Descriptive take in each of the different planets and moons they visit, including color,

(Meas) temperature, quantity, weight or size, radiation, temperature, airflow, pres-
sure, altitude, etc [42].Ex: "the temp is -20.6 C, -5.1 F, 252.5 K"

Comparison Def: Observations that compare/contrast conditions either (a) among in-game

(Comp) worlds (e.g., 2 planets they've explored) or (b) their real-life experiences on

Earth to the in-game worlds. Also inc. examples that suggest their expecta-
tions were violated [42]. Ex: "the grass is greener in the habitable strip."

Hypothesis Def: Making hypotheses or guesses, showing speculative thinking, forming

(Hypo) conjectures, or making predictions or explanations [42]. Ex: "this world is
probably closer to the sun"

Questioning Def: Asking questions about game mechanics or world elements; Seeking to

(Quest) understand the game better, showing curiosity. Ex: "Why is there no grass?"

Exclamations  Def: Pure exclamations without any accompanying explanation of observa-
(Exc) tions, including exclamatory grammatical markers or words. Ex: "Wow!"
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Continuing Dis- Def: The same user's observations are not syntactically exact, but they repre-

cussion sent the continuation of discussion around a specific topic. Ex: "Can't find

(ContDisc) [NAMEL," "[NAME] where are you?".

Repetition (Rep) Def: A student repeats the exact same observations 3 or more times w/o re-
spect to case sensitivity. Ex: "temperature," "temperature," "temperature."

Social Comuni- Def: Interactions with other players through observations: communication or

cation (Soc) shared exploration. Ex: "[NAME] Hello!"

Non-game: Def: A sequence of characters, emojis, or symbols repeated excessively, in-

True Nonsense cluding random numbers or letters without associated explanations or obser-
vations. Ex: "AAAAAAAAAAAAAAAAAAAAAAAA"

Non-game: Un- Def: Sentences or phrases unrelated to the purpose of making observations

related Phrases during Minecraft gameplay. Ex: "this will expire in a week"

Non-game: Out- Def: References to movies, books, celebrities, etc., without relevance to the

of-Context Ref. game. Ex: "Subscribe to Mr.Beast Gaming"

Two researchers independently coded 200 lines of data for the presence or absence of
each construct using these definitions. After each researcher coded approximately 100
lines, interrater reliability (IRR) was checked; those constructs that did not reach suffi-
cient Kappa were discussed before additional data were coded and interrater reliability
was re-checked. All discrepancies between the two human coders were resolved using
social moderation before evaluating the performance of the automated coding models.

3.3 Automated Coding of Observation Data

To effectively scale the coding of this data for real-time analysis, we automated our
codebook using Python scripts and GPT-4 [27]. Table 2 also provides Kappa between
the 2 human coders before resolving disagreements, and the performance metrics for
each code, including Kappa, Precision, and Recall scores between GPT and human
coding. Kappas between GPT and human coders ranged between 0.72 to 0.95, and
Shaffer's rtho was sufficient for all codes (p<0.05) [8].

Table 2. Performance Metrics for Each Automated Model

Hum-Hum Hum-GPT

Construct Freq. Method Kappa Kappa __ Prec. Recall
Noun 17% Zero-shot 0.85 0.84 0.88 0.83
Measure/Descriptive (Meas) 36% Few-shot 0.80 0.78 0.88 0.83
Comparison (Comp) 14% Few-shot 0.73 0.74 0.73 0.79
Questioning (Quest) 9%  Zero-shot 0.96 0.95 09 1.00
Hypotheses (Hypo) 6%  Zero-shot 0.73 0.77 0.81 0.76
Exclamation (Exc) 6%  Zero-shot 0.95 0.86 0.81 0.96
Continuing Discussion (ContDisc) 13%  Embed. 0.88 0.93 097 0.95
Repetition (Rep) 9% Python 1.00 1.00 1.00 1.00
Social (Soc) 3% Python 0.95 0.94 1.00 0.9
NonGam: True Nonsense 4%  Zero-shot 0.97 0.95 094 0.97
NonGam: Unrelated Phrases 7%  Few-shot 0.75 0.77 0.82 091

NonGam: Out-of-context Reference 3%  Few-shot 0.88 0.86 0.93 0.81
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Coding using GPT-4. We used gpt-4-turbo-2024-04-09, which was the latest available
version, through OpenAl's application programming interface (API). We adhered to
default hyperparameter settings throughout our analysis, except for setting the temper-
ature hyperparameter to 0 to ensure the consistency of the output. Because the stochas-
tic nature of GPT models can produce variable outputs even with temperature set to 0,
we replicated each input configuration three times during model evaluation.

Coding with Zero-Shot Prompting. In the zero-shot prompting approach, we present the
GPT-4 model with definitions of each construct without examples and query the model
to code across the full 200-line dataset. This approach achieved good IRR for constructs
with well-defined definitions that could not be readily associated with keywords.

Coding with Few-Shot Prompting. This method builds on the foundation laid by zero-
shot prompting but adds illustrative examples to improve the model. This approach
performs better than zero-shot for more nuanced constructs that may require more so-
phisticated contextual interpretations. To ensure generalizability, we limit training ex-
amples to instances that model is not asked to code during the validation process.

Coding with Embedding Models. Embedding is a process that converts words, phrases,
or larger texts into numerical vectors that can be compared. We used OpenAl's text
embedding model ext-embedding-3-small to code the construct Continuing Discussion,
which identifies observations that are not syntactically identical but represent the on-
going discussion of a specific topic. In this method, each observation is first converted
into embeddings using OpenAl's text embedding model. Next, we compute the cosine
similarity in the spatial domain between the current observation's embedding and the
embedding of the previous line. Similarity scores greater than 0.6 (selected based on
experimental performance) are coded as 'l"; otherwise, it is coded as '0".

Coding with Python Programs. Two constructs—Social and Repetition—are coded
using Python, due to their specific coding criteria. For the Social construct, coding in-
volves identifying keywords such as identity pronouns or other players' username. The
Repetition construct requires a systematically defined rule; it is coded when the same
student in the same context repeats the same observation more than three times.

3.4  Analysis of Student Interest

This study analyzes existing data on astronomy interest, using a subscale of Gadbury
& Lane's STEM interest survey [11]. Gadbury & Lane's [11] subscale contains items
that closely reflect the learner characteristics of Hidi & Renninger's [16] stage 3 of
interest development—emerging individual interest (as described in [29]). As such, this
subscale differentiates those with emerging individual interest from those more likely
to need support in developing astronomy interest.

We first validated Gadbury & Lane's STEM survey using a confirmatory factor anal-
ysis (CFA) using the data from all 76 learners in the study [11]. Item loadings
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demonstrated that the items reflect the same latent variable: emerging individual inter-
est in astronomy (pre-survey loadings: 0.57-0.83; post-survey loadings: 0.64-0.84).
This survey utilizes a Likert scale (1=not at all interested, 5=extremely interested). We
use a S-item subscale to assess learners' interest in astronomy (e.g., I search for infor-
mation about space in my free time) with questions that are compatible with emerging
individual interests [29]. We then classify learners into 4 groups based on their relative
interest in the pre and post surveys (above/below median for each).

3.5 Epistemic Network Analysis

Epistemic networks were generated with the ENA Web Tool [24]. Specifically, we use
difference models to compare learners who started with a similar level of astronomy
interest but who finished the camp with a different interest gain (HiHi vs HiLo, and
LoHi vs LoLo). For these difference models, observations made by each learner were
coded temporally, with observations split into thirds. Difference models compare learn-
ers with different interests during the initial and final third of each student's observa-
tions. Doing so offers a detailed view of how initial and final interest levels interact
with game elements and how these interactions might influence the development of
astronomical interest.

To analyze the observations for each learner in the order they were produced, data
was sorted by world (i.e., the order used in camps), username, and timestamp. Data was
segmented by both user and world because the last observation a learner makes in one
world is unlikely to influence the first observation made in the next. Several moving
stanza window sizes were tested before selecting 4. This decision was made by ran-
domly selecting 20 lines from the observation data to determine how far back connec-
tions extended (i.e., 3 was the most common number). ENA models were generated
from all 10 codes, with smaller line weights (LW=<0.04) excluded for visual clarity.

4 Results

This study groups leaners by pre and post measures of interest to explores how astron-
omy interest reflects changes in learner observations within the WHIMC learning sys-
tem. ENA difference models are then used to compare the networks of these different
groups between the first third and last third of the observation period, looking for pat-
terns that might signal the need for interventions.

4.1  Descriptive Statistics

This study explores the differences between groups that began with relatively similar
levels of interest but diverged in their final level of interest. Therefore, our difference
models (sections 4.2-4.3) compare the LoLo group to the LoHi group, and the HiHi
group to the HiLo group. Table 3 shows the descriptive statistics for the interest surveys
for each of the four groups of learners: (a) those who started and ended with astronomy
interest that was above the median (HiHi), (b) those who started above but ended below
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the median (HiLo), (c) those who started below but ended above the median (LoHi),
and (d) those who started and ended below the median (LoLo). Table 4 shows frequency
statistics for each code across the 4 groups of learners for the initial and final third of
their observations. As this shows, Measurement is the most common code across all
groups and times (23-49%), but Nongame codes are surprisingly high among the early
gameplay of the HiHi group (24%). Comparison codes also emerge relatively often
across this data (12-15%).

Table 3. Pre- and Post-Interest Scores and Gains for Each Interest Groups

Interest Group N Pre, Med. (Std) Post, Med. (Std) Gains, Med. (Std)
High-High (HiHi) 15 4.00 (0.45) 4.20 (0.50) 0.00 (0.43)
High-Low (HiLo) 13 3.40(0.34) 3.00 (0.35) -0.40 (0.38)
Low-High (LoHi) 12 3.00 (0.23) 3.40 (0.48) 0.50 (0.44)
Low-Low (LoLo) 12 2.30 (0.48) 2.20 (0.38) 0.00 (0.33)

Table 4. Frequencies of Codes Across Learner Groups

Initial Third of Observation Final Third of Observation

Code HiHi HiLo Diff LoHiLoLo Diff |HiHi HiLo Diff LoHi LoLo Diff
Total (N) 168 93 75 149 123 26 |152 100 62 128 123 5§

Quest 4% 1% 3% 12% 12% 0% |23% 5% 18% 12% 11% 1%
Hypo 4% 6% 2% 2% 6% -4%|9% 2% 7% 4% 6% -2%
Soc 5% 3% 3% 2% 16% -14%| 0% 0% 0% 0% 0% 0%
Noun 7% 25% -18% 18% 17% 1% |22% 21% 2% 17% 14% 3%
Rep 7% 0% 7% 0% 3% -3%|8% 3% 5% 3% 2% 1%
ContDisc 9% 6% 3% 7% 6% 1% |11% 3% 8% 11% 3% 7%
Exc 11% 0% 11% 6% 2% 5% | 5% 3% 3% 6% 1% 5%
Comp 12% 19% -7% 12% 13% 0% |15% 14% 2% 9% 9% 1%
Meas 23% 28% -5% 32% 28% 4% |32% 49% -17% 42% 39% 3%
NonGam 23% 8% 17% 10% 7% 3% | 4% 5% -1% 13% 3% 10%

Other codes vary more between groups or across time. Exc codes are considerably more
common in the initial third of the HiHi group's observations (11%) than they are in the
final third (5%) or for any other group/time combination (0-6%). Conversely, the Noun
codes are relatively infrequent for the initial third of the HiHi group's observations (7%)
compared to all other group/time combinations (18-25%), including their own. Moreo-
ver, Meas codes increase sharply for the HiLo group from 28% to 49%, which shows a
more pronounced shift towards making observations involving quantitative measures
for learners in this group towards the later part of the game. Notably, Quest codes rise
4% to 23% for the HiHi group and 1% to 5% in the HiLo group, but remain stable
across time for both the LoHi and LoLo groups (11-12%). Social codes are infrequent
overall, but the LoHi group decrease sharply (16% initial to 0% final).
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4.2  Temporal Changes in the Difference Models for HiHi and HiL.o Groups

Fig. 1 shows the difference models for learners who started with high astronomy inter-
est, and Table 5 shows the corresponding line weights for these models. Both difference
models compare learners who start and end with high interest (HiHi) to those who starts
high but ends low (HiLo). Fig. 1a (left) shows the observations that were made early in
the learners' game play, while Fig. 1b (right) shows the same learers' observations later
in the game. For both models, a Mann-Whitney test shows a significant difference be-
tween the two groups along the X-axis (initial: U=141.00, p<0.01, effect size of r=-0.68
at 0=0.05; final: U=23.50, p<0.01, effect size of r=0.76 at a=0.05). That is, the two
groups start and end their gameplay with differences in their observation patterns.

Non.Game.Content

Repetition
Continue.Discussion 0
Noun Non.Game.Content
- °
& Noun
5999 tion ) Corfiparison Quastion
Comparison
&
Continue.Discussion
Measure & ‘ °
@ HiHi ;
-
Question . HiLo @ Hypothesi ® Excl

Hypothesis

Fig. 1. Difference models for the HiHi group (blue) and the HiLo group (red).

Table 5. Line Weights for Epistemic Visualization in Fig 1.

Initial Third of Observation Final Third of Observation
Transition HiHi HiLo Diff HiHi HiLo Diff
Meas <> Noun 0.14 0.25 -0.11 0.10 0.35 -0.25
Meas <> ContDisc 0.09 0.18 -0.09 0.07 - 0.07
Comp < Hypo 0.01 0.08 -0.07 0.03 - 0.03
Noun < ContDisc 0.02 0.08 -0.06 0.03 0.03 -
Comp <> NonGam 0.02 0.08 -0.06 0.04 0.03 0.01
Meas <> Comp 0.19 0.23 -0.04 0.2 0.38 -0.18
Meas < Hypo 0.08 0.11 -0.03 0.07 0.02 0.05
Noun < Comp 0.04 0.08 -0.03 - 0.05 -0.05
Comp «> ContDisc 0.01 0.04 -0.03 0.05 - 0.05
Exc <> Quest - - - 0.05 - 0.05
Hypo < Quest 0.02 0.01 0.01 0.12 - 0.12
Exc <> NonGam 0.05 - 0.05 0.02 - 0.02
Comp < Exc 0.05 - 0.05 0.02 - 0.02

Rep <> NonGam 0.05 - 0.05 0.03 - 0.03
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Noun < Quest 0.05 - 0.05 0.05 0.08 -0.03
Rep < ContDisc 0.05 - 0.05 0.10 0.03 0.07
Quest «> NonGam 0.06 - 0.06 0.03 - 0.03
Meas <> Exc 0.08 - 0.08 0.08 - 0.08
Meas < Quest 0.11 0.02 0.09 0.12 0.06 0.06
Meas <> NonGam 0.17 0.06 0.11 0.03 0.10 -0.07

In the initial third of observations, both HiHi and Hil.o groups start with connections
between a wide, evenly-distributed range of observational categories. However, HiLo
learners increasingly produce 2 specific connections (Meas«>Comp and Meas<«>Noun),
which rise in the final third of observations. This shift suggests that HiLo learners' en-
gagement pattern becomes more focused and potentially less exploratory.

HiLo learners also show more connections between continuous discussions and
other types of content-related observations in the initial third of their observations, as
indicated by higher line weights associated with this construct (i.e., Meas«>ContDisc,
Noun«ContDisc, and Comp«>ContDisc). However, these connections decreased in
the final third and became more prevalent for the HiHi group. This decline suggests
that sustaining these discussions might be an important factor for maintaining a high
level of interest among learners started with high astronomy interest.

Interestingly, instead of predominantly making meaningful observations, the HiHi
group shows higher levels of excitement (i.e., Meas«<>Exc, Exc<»NonGam) and curi-
osity (i.e., Meas«<>Quest, Quest«>NonGam) in their observations about the game
throughout the study. They also occasionally go off-task to discuss topics unrelated to
the game (i.e., Meas<>NonGam, Quest—~NonGam). These findings highlight that sus-
tained interest in astronomy may be linked to a more enthusiastic and inquisitive ap-
proach to observations, rather than just making the most meaningful observations.

4.3  Temporal Changes in the Difference Models for LoHi and LoLo Groups

As the difference models in Fig. 2 show, the observation patterns of players in the LoHi
and LoLo groups are noticeably different in both the initial and final thirds of observa-
tions. For both models, a Mann-Whitney test shows significant differences along the
X-axis (initial third: U=24, p=0.01, effect size of r=0.64 at 0=0.05; final third: U=109,
p=0.03, effect size of r=-0.51 at a=0.05). Like the HiHi and HiLo groups, the LoHi and
LoLo groups start and end their gameplay with different patterns of observations.

During the initial third of the observations, the LoLo group shows more connections
involving social communication (i.e., Quest—>Soc; Meas«<>Soc), which may indicate a
tendency to focus more on interactions with others than on the game content itself
(though note exception, Comp<>Soc). Conversely, the LoHi group shows more con-
nections involving exclamations (i.e., Exc»NonGam, Noun<Exc) than the LoLo
group, implying higher initial levels of excitement and perhaps greater interest.

In the initial set of observations, the LoLo group also shows stronger connections
between Noun—Hypo and Hypo«<>Quest than the LoHI, but this difference diminishes
in the final third of their observations. This early link between questions and hypothesis
generation might suggest that situational interest is not being properly supported.
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Fig. 2. Difference networks for the LoHi group (purple) and the LoLo group (orange).

Table 6. Line Weights for Epistemic Visualization in Fig 2.

Initial Third of Observation Final Third of Observation

Transition LoHi LoLo Diff LoHi LoLo Diff
Quest < Soc - 0.11 -0.11 - - -
Meas < Soc 0.04 0.10 -0.06 - - -
Hypo <> Quest - 0.06 -0.06 0.08 - 0.08
Noun < Comp 0.04 0.09 -0.05 0.03 0.03 -
Noun < Hypo 0.02 0.07 -0.05 - 0.01 0.01
Meas < Rep - 0.04 -0.04 0.07 - 0.07
Meas < Hypo 0.03 0.06 -0.03 0.07 0.01 0.06
Hypo <> NonGam 0.01 0.03 -0.02 0.05 - 0.05
Noun < Quest 0.08 0.09 -0.01 0.07 0.02 0.05
Hypo < ContDisc - 0.01 -0.01 0.04 - 0.04
Quest <> NonGam 0.07 0.07 0 0.05 - 0.05
Meas <> ContDisc 0.15 0.14 0.01 0.13 0.04 0.09
Comp <> Quest 0.02 0.01 0.01 0.06 - 0.06
Meas <> Quest 0.07 0.05 0.02 0.18 0.09 0.09
Comp <> Soc 0.04 - 0.04 - - -
Exc <> NonGam 0.05 - 0.05 - 0.05 -0.05
Comp < NonGam 0.05 - 0.05 - - -
Meas < Comp 0.2 0.13 0.07 0.23 0.13 0.1
Meas < Noun 0.31 0.14 0.17 0.35 0.33 0.02
Noun < Exc 0.17 - 0.17 0.03 - 0.03

We also observed that, in the final third of observations, the LoLo group shows a
markedly less diverse interaction network, characterized by fewer connections and
lower interaction intensity compared to the LoHi group. Conversely, the LoHi group
demonstrates substantial growth in network density and interaction diversity from the
initial to the final third of observations. As illustrated in Table 6, only two connections
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in the LoLo group are stronger than those in the LoHi group during the final third of
observations. The observation data also shows that in the final third of observations
made by players in the LoLo group, more than 8% of these observations were non-
game-related exclamations (e.g., "TECHNOBLADE NEVER DIES!").

These findings indicate that players in the LoHi group not only increase their fre-
quency of interactions but also diversify the types of interactions they engage in. This
diversification may be contributing to the increase in their interest levels. In contrast,
the LoLo group shows minimal change in observation patterns, and may benefit from
interventions that encourage more diverse and interactive observations.

5 Discussion & Conclusion

This study used ENA difference models to explore how learners with varying levels of
interest interact with an online learning system early and late in their usage of a Mine-
craft learning activity. The goal was to identify how qualitative characteristics related
to students’ text-based observations--may be used to identify learners who are in need
of additional support. By identifying the initial observation patterns of learners with
low interest, we hope to provide actionable insights for educators and facilitators to
design targeted interventions and effective education programs.

Interest was measured using a scale that approximated stage three in Hidi &
Reninger’s four-stage model. To analyze the observational data, a group of researchers
reviewed the data to distill themes inductively, and we then used automated methods
with GPT-4 and Python to qualitatively code the large amount of data. To study how
these patterns evolved, we divided the data into temporal thirds and compared the initial
and final thirds.

ENA results reveal distinct patterns of observation connections among different in-
terest groups. More specifically, learners who maintained or increased their interest
(HiHi and LoHi) tended to make a wider range of types of observations and more fre-
quently posed questions, formed hypotheses, and expressed excitement. These learners
showed higher levels of exploratory behavior and curiosity-driven interactions. These
findings suggest that fostering an environment that encourages curiosity and diverse
observations might help in maintaining or even increasing interest among players.

Conversely, learners whose interest declined or stayed low (the HiLo and LoLo
groups) showed a narrower range of observations in their later activity, increasingly
transitioning between specific observations that involve measurement and comparisons
(i.e., Meas<>Comp, Meas<>Noun). This shift may indicate that they are still working
to obtain the basic knowledge required to move into more advanced stages of interest,
and may require additional scaffolding to facilitate this process. Alternatively, perhaps
they were compliant but not genuinely interested, and needed activities better tailored
to their interests to capture their attention. Interestingly, the HiHi group showed not
only meaningful observations but also moments of excitement (i.e., Meas«<>Exc) and
curiosity (i.e., Meas«<>Quest), with occasional off-task behavior throughout the game.
These trends were also observed in the LoHi group. Future research should investigate
the specific triggers of these learners' exclamations to better understand what captured
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their interest. Since this excitement seems to reflect a more developed individual inter-
est, it may indicate that learners are connecting to prior knowledge. Future research
should consider the degree to which these explanations are doing so, and should explore
the extent to which helping learners with less-developed knowledge and interest might
increase the apparent excitement of those learners who start with lower survey scores.

Meanwhile, these findings also suggest that sustained interest in astronomy might
be linked to balancing structured scientific observations with spontaneous or off-task
moments (e.g., Meas«>NonGam, Exc>NonGam). It is possible that learners may be
regulating their emotions using off-task behavior (e.g., [34]) or that these non-game
observations are showing some sort of social function [20]. Future research could in-
terview learners who are showing these observation patterns; fostering their enthusiasm
and curiosity could play a significant role in maintaining or improving interest.

That said, observations that appear to be more social in nature do not always corre-
spond with higher interest. For example, the LoLo group had more social interactions
during the initial third of their observations (16% vs. 3-5%). This suggests that for
learners with consistently low interest, social interactions may be more distraction than
a support. However, it is possible that the learners regulate this tendency, as these oc-
currences disappear uniformly in the final third of the observations. Facilitators might
consider interventions that refocus these learners on individual exploration or otherwise
encourage them to record and analyze their own observations and insights, but be alert
to ensure that eliminating these experiences does not reduce situational interest.

Some limitations impact what conclusions can be drawn from this study. With fewer
than 15 participants per group, the generalizability of our findings is limited. The small
sample size also limits our ability to account for demographic differences (and the cul-
tural factors that may align with them), which can sometimes be associated with limited
opportunities for learners to interact with these concepts. Because these opportunity
gaps may affect the knowledge development that is critical to the transition between
situational interest and maintained individual interest [16], future research should ex-
amine the degree to which these results may replicate in other populations.

Another limitation is the use of measurements related to individual interest—a more
advanced level of interest found among learners who have preexisting domain
knowledge. Augmenting this analysis with surveys of situational interest would high-
light how learner observations change as they acquire such knowledge, which would
likely help us to better understand our LoLo and LoHi.

This study uses ENA provides insights into the ways different interaction patterns
within a digital learning environment like WHIMC may relate to shifts in learner inter-
est. We identified key patterns that can guide targeted interventions, though future re-
search is still needed to improve our understanding of some of these patterns. Overall,
these findings identify indicators that could help us to develop strategies for interven-
tions that can support the development and maintenance of student interest in STEM.
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