
Intraindividual Variability in Self-reported 
Energy as a Contextual Factor 

for  Learning  Outcomes  in  a  K–12  Math  
Digital Learning Game

Marshall An1(B ) , Mahboobeh Mehrvarz1 ,  Hayden  Stec1 , 
Esma Nur Kahveci2 , John Stamper1 , and Bruce M. McLaren1

1 Carnegie Mellon University, Pittsburgh, P A 15213, USA
{haokanga,hstec,jstamper,bmclaren}@andrew.cmu.edu 

2 University of Massachusetts Dartmouth, Dartmouth, MA, USA
ekahveci@umassd.edu 

Abstract. Digital learning games and intelligent tutoring systems 
(ITSs) have demonstrated educational benefits, yet substantial variabil-
ity in learning outcomes persists. While log-based behavioral signals are 
often used to identify students at risk, they offer limited visibility into 
the fluctuating internal states that condition learning. This study exam-
ines how a log-based signal and learners’ self-reported energy jointly pre-
dict immediate and delayed posttest performance (retention) in a K–12 
mathematics digital learning game with an underlying ITS. The signal is 
operationalized as the total incorrect step-level attempts during game-
play, including repeated attempts, and self-reported energy is measured 
repeatedly across sessions. Data were collected from 319 students across 
25 classrooms in five schools. Learning outcomes were assessed using a 
pretest, an immediate posttest, and a one-week delayed posttest. Despite 
overall significant and sustained performance improvements, incorrect 
attempts emerged as a consistent negative predictor of both immedi-
ate and delayed posttest performance, even after controlling for prior 
knowledge. Notably, intraindividual variability in self-reported energy 
moderated the relationship between incorrect attempts and reten tion:
higher numbers of incorrect attempts were more strongly associated with
poorer retention for learners whose self-reported energy fluctuated more
across sessions. In plain terms, frequent mistakes were a stronger warning
sign of weaker one-week retention for students whose self-reported energy
fluctuated more across days. Robustness checks indicated that these pat-
terns were consistent across experimental contexts. These findings sug-
gest that intraindividual variability in self-reported energy, captured via
lightweight measures, can provide contextual value for interpreting log-
based signals associated with poorer retention in authentic classroom
settings.
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1 Introduction 

Meta-analyses support the overall promise of digital learning games [12,23], 
but outcomes are not uniform: effect sizes v ary across studies and game
designs [12], and even successful deployments can benefit some learners much
less than others [16,40]. One line of work in technology-enhanced learning (TEL) 
research addresses this variability by accommodating heterogeneous learner 
needs through intelligent tutoring systems (ITSs), which use techniques such as
learner modeling, adaptive problem selection, and targeted feedback [3,33,40]. 
Despite ITSs’ strong record of improving average learning outcomes [30,46], out-
come variability remains pronounced. Meta-analyses report substantial hetero-
geneity across ITS deployments [34], and K–12 syntheses show that benefits may 
differ for higher- versus lower-achieving students [10,43], motivating research 
that moves beyond average effectiveness t o examine within-system divergence.

One established approach to understanding such variability is to analyze 
interaction logs for behavioral signals associated with weaker outcomes [6]. How-
ever, logs provide limited visibility into learners’ internal states that may condi-
tion how observable behaviors relate to outcomes. Attentional control and cog-
nitive resource framew orks emphasize that learning depends on cognitive and
metacognitive resources that can fluctuate over time [25,28]. These theoretical 
accounts are supported by large-scale field-based evidence from K–12 educational 
contexts showing systematic within-day variation in students’ cognitive perfor-
mance, including performance d eclines over the school day and partial restora-
tion after breaks [41]. Beyond momentary performance, such fluctuations may 
also affect how learners monitor their understanding and regulate their responses
to difficulty across sessions [5,11,15], suggesting a potential link between inter-
nal resource variability and retention. However, repeatedly measuring internal 
states in authentic classroom settings p oses practical challenges, particularly
when measures must be scalable and minimally disruptive [8]. To address this 
constraint, we introduce a lightweight, classroom-deployable self-report of learner 
energy administered in situ across multiple days. We use repeated energy self-
reports as a pragmatic indicator of learners’ subjective experience of fluctuation 
across learning sessions, and examine whether this signal provides contextual 
value when modeled jointly with behavioral logs for p redicting immediate learn-
ing outcomes and retention. We conducted the investigation using data from the
Fall 2025 deployment of Decimal Point , a K–12 mathematics digital learning
game with an underlying ITS.

This work makes two contributions to research on TEL in authentic class-
room settings. First, we introduce a lightweight daily self-report energy probe 
suitable for in-vivo K–12 classroom use and provide initial evidence of its internal 
consistency and low time cost. Second, we show that intraindividual variability 
in self-reported energy provides contextual value for interpreting a common log-
based behavioral risk signal: frequent incorrect attempts were more strongly
associated with poorer retention when learners’ self-reported energy fluctuated
more across days. Together, these findings contribute to understanding when
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common behavioral indicators are more strongly linked to o utcomes in TEL
environments.

2 Related Work 

2.1 Digital Learning Games with Intelligent Tutoring Systems 

Prior work shows that integrating ITS components into digital learning games
can support learning [3,40]. ITSs are a well-established application of artificial 
intelligence in education, designed to provide adaptive, one-on-one instruction 
that approximates the support of a human tutor [2,10]. Meta-analytic evidence 
indicates that these environments improve learning beyond typical classroom 
instruction, with effect sizes comparable to those of human tutors [30,46]. How-
ever, even effective ITSs do not benefit all learners equally: learning outcomes 
depend both on instructional design choices and on how individual l earners inter-
act with those designs, which can vary substantially across learners [9,32,45]. 
In particular, meta-analytic work on ITSs in K–12 mathematics suggests that 
learning benefits are not uniform across achievement levels [43], underscoring 
the need to examine who benefits and under what conditions. In this context, 
our work moves beyond overall ITS efficacy to examine o utcome variability by
combining behavioral logs with self-reported learner energy.

2.2 Log-Based Signals in ITSs Associated with Outcome Variability 

Prior ITS research uses interaction logs to derive signals linked to learning out-
come variability, including indicators based on frequent incorrect attempts [7,47]. 
Such signals are also used for real-time detection and instructional tools, s uch
as the teacher-facing Lumilo [21], which employs error rates to help prioritize 
students needing assistance. Informed by this line of work, we use the frequency 
of incorrect attempts as a commonly available log-based indicator. Our con-
tribution is not to propose a new b ehavioral metric, but to examine how this
indicator’s meaning changes when interpreted alongside repeated, low-burden
self-reports from authentic classroom settings.

2.3 Intraindividual Variability (IIV) 

Learner energy fluctuations connect to the concept of intraindividual variabil-
ity (IIV), which captures within-person changes in cognitive or behavioral per-
formance across time and contexts that are relatively fleeting and reversible
over moments or days [22,35,38]. Empirical work shows that IIV accounts for 
a substantial share of observed performance differences across populations. For 
example, research with older adults found that IIV accounted for approx imately
half of the variance in everyday cognitive performance across repeated assess-
ments [19]. Similarly, studies of children using repeated working memory assess-
ments in school contexts report that IIV accounts for 48%–65% of total variance
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across measures [18]. Although prior IIV research has primarily examined cogni-
tive performance, the same within-person logic can also be applied to repeated 
self-reports collected in classroom settings. Methodologically, within-person vari-
ability can be preferable to between-person comparisons of mean self-reports 
because stable individual differences (e.g., resp onse styles or scale-use tenden-
cies) can distort between-person differences, whereas within-person deviations
capture change relative to an individual’s own typical level [14]. 

Accordingly, we use .IIVenergy to denote within-learner variability in daily 
self-reported energy, operationalized as the standard deviation of repeated probe 
responses across classroom sessions. We treat this measure as a pragmatic con-
textual signal derived from repeated classroom self-reports, rather than as a 
fully validated psychological construct, and examine whether it interacts with a
common log-based behavioral risk signal in relation to learning outcomes.

3 Research Questions 

We formulate the following research questions: RQ1: How effective is the K– 
12 mathematics game with an underlying ITS in supporting learning overall? 
RQ2: Is a log-based behavioral indicator (number of incorrect attempts) asso-
ciated with immediate posttest and d elayed posttest scores, after controlling
for pretest? RQ3: Are a learner’s mean level of self-reported energy and their
.IIVenergy associated with immediate posttest and delayed posttest scores, after 
controlling for pretest? RQ4: Do mean energy and .IIVenergy moderate the asso-
ciation between incorrect attempts and immediate posttest and delayed p osttest
scores, after controlling for pretest?

3.1 Materials 

Our study used Decimal Point , a digital learning game with an underlying ITS 
developed with CTAT [1]. As shown in Fig. 1, students “travel” through a theme 
park and play 24 mini-games, each with two problems, to learn decimal concepts 
and operations. Fantasy non-player characters (NPCs) encourage students, con-
gratulate correct solutions, and provide feedback on mistakes.

Fig. 1. Decimal Point and an example mini-game.
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3.2 Design and Participants 

In Fall 2025, Decimal Point served as a shared research platform supporting two 
concurrent randomized experiments with distinct independent variables (one 
with two conditions and one with three), such that each learner was assigned to 
one of five platform conditions. These conditions varied in surface-level design 
features, including storytelling, visual theme, assessment presentation, and self-
explanation orchestration. Despite different surface features, all c onditions used
practice and assessment items that were aligned at the item level, such that
corresponding problems and test items targeted the same underlying mathe-
matical skills, modeled as knowledge components [27]. Gameplay mechanics and 
logging structures were likewise held constant. The daily energy probe, cen-
tral to this study, was also administered identically. Because the experimental 
manipulations themselves are not the focus of this study, we do not detail them 
here. Meanwhile, these experimental contexts provide an opportunity to examine 
whether observed associations are consistent across conditions, motivating the 
robustness checks reported in each research question. Learning outcomes were 
assessed with three decimal tests: pretest, immediate posttest, and one-week 
delayed posttest. To control for practice effects and test difficulty, three test 
versions (A, B, C) were counterbalanced across the s ix possible test sequences,
with each version appearing equally often at each occasion. Each test contained
43 items, some with multiple components, for 52 possible points. To support
attribution of delayed posttest performance to retention rather than additional
instruction, no additional whole-class decimal instruction occurred during the
study period.

A total of 481 students from 25 classrooms across five schools participated. 
We excluded 156 students who did not complete all required materials (pretest, 
immediate posttest, delayed posttest, and at least o ne daily energy probe).
Following the outlier-exclusion procedure used in prior research with Decimal
Point [36], we excluded 6 additional students with extreme learning gains, 
defined as immediate posttest minus p retest or delayed posttest minus pretest
scores exceeding .±2.5 standard deviations from the corresponding sample mean. 
The final a nalytic sample included 319 students.

Demographic data were collected via an embedded survey, with 315 partici-
pants providing demographic i nformation. Participants were primarily in grades
5–7 (5th: .n = 101; 6th: .n = 168; 7th: .n = 44), with very few o utside this range
(4th: .n = 1; 8th: .n = 1). Ages were predominantly 10–12 years (10: .n = 62; 
11: .n = 140; 12: .n = 98), with fewer older learners (13: .n = 13; 14: .n = 1); 
one learner reported being younger than 10. Gender was self-reported as open-
ended responses; after consolidating equivalent labels, 158 participants identified 
as female and 151 as male. 5 responses were off-topic or invalid, and 1 partic-
ipant entered “prefer not to say.” Race and ethnicity were self-reported with 
multiple selections allo wed. 68 learners selected “I’m not sure / Prefer not to
say,” and 35 selected multiple categories. Among single-category responses, the
largest group identified as White or Caucasian (.n = 113), followed by Black or 
African American (.n = 49), a race/ethnicity not listed by the survey (.n = 14),
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Native American or Alaskan Native (.n = 8), Hispanic or Latino (.n = 7), and 
Asian or Pacific Islander (.n = 3). 

3.3 A Lightweight Classroom Self-report of Perceived Energy 

Learners provided brief, in-situ self-reports of their perceived energy u sing a 6-
item probe (Fig. 2) at the start of each daily session. The probe was intended as a 
low-burden measure for capturing day-to-day variation in self-reported energy in 
K–12 classrooms, rather than as a validated measure of a psychological c onstruct.
Item wording was informed by the exhaustion subscale of the Maslach Burnout
Inventory for Students (MBI-SS) [39] and reworded to support brief repeated 
self-report in K–12 classrooms. For example, the original item “I feel tired when 
I get up in the morning and I have to face another day at the university” was 
reworded as “When I wa ke up for school, my brain still feels sleepy,” alongside a
parallel reverse-coded item (“feels awake and ready”).

Fig. 2. The six-item daily energy p robe.

This probe was designed to be lightweight and classroom-compatible, reflect-
ing the practical constraints of an in-vivo, multi-school study conducted during 
regular K–12 math classes, where more intrusive or time-intensive measures (e.g., 
lengthy surveys or physiological sensors) were not feasible at scale. It was embed-
ded directly into Decimal Point and presented automatically at the start of each
session, requiring no separate materials or workflow transitions.

Consequently, the number of repeated measurements per learner was deter-
mined by the duration and instructional structure of the classroom deployment, 
which unfolded across the scheduled decimal class sessions over approximately 
one week. As a result, the present measure captures within-learner fluctuation 
across the available learning sessions in this instructional context, rather than
a more extended, trait-like estimate of variability. Across all administrations,
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participants (.N = 319, .n = 1,810 responses) spent an average of 30.1 s per d aily
session completing the probe (.SD = 30.8 seconds). Given typical class peri-
ods ranging from approximately 45 to 85 min across participating schools, this 
represents well under 2% of instructional time per session.

4 Results 

4.1 RQ1: Significant Overall Learning Gains from Decimal Point 

Mean scores increased from pretest (.M = 23.04, .SD = 10.18) to immedi-
ate posttest (.M = 26.24, .SD = 9.82) and delayed posttest (.M = 27.23, 
.SD = 10.15). A one-way repeated-measures ANOVA showed a significant 
effect of test phase. Because M auchly’s test indicated a violation of spheric-
ity (.W = 0.965, p = .003), Greenhouse–Geisser–corrected results are rep orted
(. = .966), .F (1.93, 612.94) = 105.22, p < .001. Post-hoc paired .t-tests with 
Bonferroni correction indicated significant differences between all test phases: 
scores improved from pretest to immediate posttest, .t(318) = 10.30, .padj < .001, 
.dz = 0.58, and from pretest to delayed posttest, .t(318) = 13.09, .padj < .001, 
.dz = 0.73, both reflecting substantial improvements. Delayed posttest scores 
were modestly higher than immediate posttest scores, .t(318) = 3.62, .padj = .001, 
.dz = 0.20. Because the Fall 2025 deployment spanned multiple experimental con-
texts, we examined whether overall learning outcomes differed by experimen t or
platform condition. Mixed ANOVA revealed no Test Phase . × Experiment inter-
action (.F (2, 634) = 0.11, .p = .896) and no Test Phase .× Condition interaction 
(.F (8, 628) = 0.40, .p = .923), indicating that performance improvements were 
consistent across contexts. Despite overall effectiveness, learner outcomes showe d
substantial variability. Mean learning gains were .M = 3.20 (.SD = 5.55)  on  the  
immediate posttest and .M = 4.19 (.SD = 5.72) on the delayed posttest, with 
standard deviations exceeding the corresponding means. This variability moti-
vated analysis of factors underlying divergent outcomes.

4.2 RQ2: Incorrect Attempts as a Behavioral Risk Signal 

RQ2 tests whether incorrect attempts, treated as a log-based behavioral risk 
signal, are negatively associated with immediate and delayed posttest scores. 
We operationalized incorrect attempts as the total number of logged step-level
attempts marked incorrect during gameplay across all mini-games, using interac-
tion logs collected through DataShop [26]. This count includes repeated attempts 
on the same step. Incorrect attempts were strongly right-skewed (mean .= 352, 
median .= 273;  skewne  ss .= 2.07), with substantial variability a cross learners
(IQR .= 175–.466; range .= 17–.1987). 11 learners (3.4%) made at least 1000 incor-
rect attempts. To examine the association between incorrect attempts and learn-
ing outcomes, we used OLS linear regression, with all numeric predictors and 
outcomes standardized (z-scores) to make coefficients comparable across mea-
sures on different scales. Reported coefficients therefore represent the expected
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SD change in the outcome per 1 SD increase in the predictor; substantive con-
clusions were unchanged with unstandardized variables.

We first assessed standard OLS diagnostic checks for both models to sup-
port the use of linear regression. Multicollinearity was low based on variance
inflation factors (VIFs; all VIFs .< 3,  max .= 1.56), and residuals showed no 
major departure from normality (Jarque–Bera .p = .30 for posttest; .p = .13 for 
delayed posttest). Because Breusch–Pagan tests suggested mild heteroscedastic-
ity (posttest .p = .048; delayed posttest .p = .018), we report heteroscedasticity-
robust (HC3) standard errors for all inferences. Controlling for prior knowledge, 
incorrect attempts were negatively associated with both immediate and delayed 
learning outcomes. F or the immediate posttest, prior knowledge was a strong pos-
itive predictor (.β = 0.726, .p < .001), and incorrect attempts showed a significan t
negative association (.β = −0.202, .p < .001). The model explained a substantial 
proportion of variance in posttest performance (.R2 = .742, .F (2, 316) = 535.9, 
.p < .001). A parallel pattern was observed for delayed posttest performance: 
prior knowledge remained a strong predictor (.β = 0.726, .p < .001), and incor-
rect attempts continued to show a significant negative association (.β = −0.193, 
.p < .001). The model explained a comparable proportion of variance (.R2 = .733, 
.F (2, 316) = 471.5, .p < .001). Robustness checks examined whether the associ-
ation between incorrect attempts and learning outcomes differed across experi-
mental contexts. For immediate posttest performance, the association between 
incorrect attempts and performance was not moderated by experiment (joint
Wald test, .p = .159). However, modest variation in the strength of this asso-
ciation was observed across conditions n ested within experiments (joint Wald
test, .p = .036). Condition-specific regressions indicated that incorrect attempts 
significantly predicted worse immediate performance in four of the five condi-
tions (.p < .001; .p = .043; .p < .001; .p = .007); in the remaining condition, the 
effect was also negative but did not reac h conventional statistical significance
(.p = .082). For delayed posttest performance, no evidence of moderation was 
observed, either between experiments (joint Wald test, .p = .524) or across condi-
tions nested within experiments (joint Wald test, .p = .876). Overall, these results 
indicate a largely consistent negative association between incorrect attempts and 
both immediate and delayed posttest scores across experimental contexts, after
accounting for prior knowledge.

4.3 RQ3: Mean Energy, .IIVenergy, and Learning Outcomes 

Before testing energy as a contextual moderator, we examined whether self-
reported energy directly predicted learning outcomes. This step distinguishes 
models in which self-reported states have independent associations with learning 
from models in which they primarily condition how behavioral patterns relate 
to outcomes. As this daily energy prob e was newly adapted for this study, we
first examined its internal consistency. Across all completed responses from the
319 participants (excluding 82 incomplete responses, resulting in . N = 1,810
responses), the six items demonstrated good internal consistency (Cronbach’s
.α = 0.85). The items were aggregated into a single composite energy score per
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learner per daily session. Although our primary interest lies in .IIVenergy,  mean  
energy is included as a complementary summary of a learner’s typical reported 
state, allowing us to distinguish between average levels and fluctuations in self-
reported energy without assuming that mean energy is itself a direct driv er of
learning outcomes. Accordingly, for each learner, we computed (a) mean energy
as the within-learner average of daily composite scores and (b) .IIVenergy as the 
within-learner standard deviation of those daily scores. To reduce the risk of 
unstable estimates of variability, analyses involving .IIVenergy were restricted to 
learners with at least four completed daily energy probe responses, as variability 
estimates based on fewer observations are highly sensitive to single extreme 
values and may reflect measurement noise rather than meaningful within-learner 
v ariation. This criterion reduced the analytic sample in RQ3 and RQ4 from 319
to 309. As a threshold sensitivity check for computing .IIVenergy, we repeated 
the RQ3–RQ4 models using alternative minimum-probe requirements (.≥ 2, .≥ 3, 
and .≥ 5 completed probes). The .≥ 2 threshold corresponds to the minimum 
required to compute a within-learner standard deviation, while the .≥ 5 threshold 
corresponds to learners who completed daily energy probes on all instructional 
days during the one-week intervention. Results were substantively unchanged.

To test whether mean energy and .IIVenergy are associated with immediate 
and delayed learning outcomes, we employed OLS regression. Consistent with 
RQ2, all numeric predictor and outcome variables were standardized. We esti-
mated two models: one predicting standardized immediate posttest performance 
and one predicting standardized delayed posttest performance. In both models,
standardized pretest score was included as a control for prior knowledge.

We assessed standard OLS diagnostic checks for both models. Multicollinear-
ity was low, with VIFs close to 1 (maximum VIF = 1 .05). Residuals showed
no major departure from normality based on Jarque–Bera tests (.p = .85 for 
posttest; .p = .08 for delayed posttest). As a conservative measure, all reported 
inferences are based on heteroscedasticity-robust (HC3) standard errors.

For immediate posttest performance, the model explained a substantial pro-
portion of variance (.R2 = .707, .F (3, 305) = 290.2, .p < .001). After controlling 
for prior knowledge (.β = 0.836, .p < .001), neither mean energy nor .IIVenergy was 
significantly associated with immediate performance (both .p > .10). For delayed 
posttest performance, the model similarly accounted for a large proportion of
variance (.R2 = .715, .F (3, 305) = 277.5, .p < .001). After controlling for prior 
knowledge (.β = 0.838, .p < .001), .IIVenergy was not significantly associated with 
delayed performance (.β = −0.014, .p = .709). In contrast, mean energy showed a 
small but statistically significant ne gative association with delayed performance
(.β = −0.074, .p = .016). 

A robustness check examined whether the association between mean energy 
and delayed posttest performance varied across experimental contexts or con-
ditions nested within experiments. No evidence o f moderation was observed by
experiment (joint Wald test, .p = .266) or by condition nested within experiment 
(joint Wald test, .p = .819).
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4.4 RQ4: Interaction Between .IIVenergy and Incorrect Attempts 

To examine whether self-reported energy states condition the relationship 
between behavioral risk indicators and outcomes, we extended the RQ3 models 
by adding incorrect attempts and interaction terms between incorrect attempts
and (a) mean energy and (b) .IIVenergy. As before, all continuous predictors 
and outcomes were standardized, pretest score controlled for prior knowledge, 
and heteroscedasticity-robust (HC3) standard errors we re used. Multicollinear-
ity remained low in all models (max VIF .= 1.59), indicating no evidence of 
problematic multicollinearity with added predictors and interaction terms.

For immediate posttest performance, the interaction model explained a sub-
stantial proportion of variance (.R2 = .740, .F (6, 302) = 162.5, .p < .001). 
Compared with the corresponding main-effects model, adding the two inter-
action terms produced a small increase in explained variance (.ΔR2 = .006), 
and the joint Wald test of the interaction terms w as not statistically signifi-
cant, .χ2(2) = 4.83, .p = .089. Neither the interaction between incorrect attempts 
and mean energy (.β = −0.064, .p = .148) nor the interaction betw een incorrect
attempts and .IIVenergy (.β = −0.047, .p = .094) reached conventional statistical 
significance, indicating no clear evidence that self-reported energy conditioned 
the asso ciation between incorrect attempts and immediate performance.

The key interaction effect was observed for delayed posttest performance. 
The interaction model accounted for a large proportion of variance (.R2 = .750, 
.F (6, 302) = 162.2, .p < .001). Compared with the corresponding main-effects 
model, adding the two interaction terms increased explained variance by . ΔR2 =
.010, and the joint Wald test of the interaction terms was statistically signifi-
cant, .χ2(2) = 15.08, .p < .001. The interaction between incorrect attempts and
.IIVenergy was statistically significan t (.β = −0.093, .p < .001), indicating that the 
negative association between incorrect attempts and retention was stronger for 
learners whose self-reported energy fluctuated more across sessions. In contrast, 
the interaction between incorrect attempts and mean energy was not significant
(.β = −0.036, .p = .345). 

A robustness check detected no differences across experimen ts (joint Wald
test, .p = .965) or across conditions nested within experiments (joint Wald test,
.p = .778). To evaluate whether this focal finding was robust to the nested 
structure of the data (students within classrooms within schools), we also re-
estimated the delayed posttest interaction model using a linear mixed-effects 
model. The model included a random intercept for school and an additional 
classroom-level variance component nested within school. Because all continu-
ous predictors and outcomes were standardized prior to analysis, the resulting
coefficients are directly comparable to the OLS estimates. The mixed-effects
model was fitted using restricted maximum likelihood (REML). The substantive
pattern of results remained unchanged. In particular, the interaction between
incorrect attempts and .IIVenergy remained negative and statistically significant
(.β = −0.090, .p = .002), closely matching the OLS estimate (.β = −0.093, 
.p < .001). Other coefficients were also similar in magnitude and significance.
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These results suggest that the key finding was not materially altered after 
accounting for c lassroom- and school-level clustering.

Together, these findings suggest that while frequent incorrect attempts are 
consistently associated with poorer outcomes, .IIVenergy amplifies this associa-
tion for retention, serving as a contextual factor that helps characterize when 
behavioral risk indicators are more strongly linked to poorer retention.

5 Discussion 

This study examined variability in learning outcomes within an overall effec-
tive K–12 mathematics digital learning game with an underlying ITS. Incorrect 
attempts w ere consistently associated with poorer immediate and retained out-
comes, and .IIVenergy amplified this association for retention. We interpret this 
moderation effect through a cognitive resource and attentional control perspec-
tive, in which attention and cognitive control can fluctuate with mental effort and
fatigue across learning sessions [25,28]. Field-based evidence in K–12 contexts 
suggests meaningful within-learner variability in cognitive performance associ-
ated with time of day, sleep quality, and tiredness [17,29,41]. Within this frame-
work, .IIVenergy may function as a contextual indicator of instability in atten-
tional and cognitive control resources. When perceived energy is less consistent, 
higher frequencies of incorrect attempts may more often co-occur with more 
superficial processing or less consistent p ersistence through impasses, patterns
that have been linked to poorer learning and retention in ITS contexts [7,47]. 
Self-regulated learning (SRL) theory complements this account by emphasizing 
that effective learning depends on main taining monitoring and regulation pro-
cesses over time [4,37,48]. From this perspective, instability in perceived energy 
may disrupt these regulatory processes across sessions, strengthening the link 
b etween error-prone behavior and weaker retention.

5.1 Implications for Classroom TEL 

The findings reinforce that incorrect attempts remain an informative behavioral 
signal, while also suggesting that repeated, lightweight self-reports can help con-
textualize when this common indicator is more strongly associated with poorer 
retention. Rather than treating log-based risk signals as having a fixed meaning 
across learners and sessions, the present results point to the value of interpreting 
such signals in relation to low-burden measures of learner state collected under 
authentic classroom constraints. In this s ense, the contribution of the present
work is less about proposing a new adaptive model and more about clarifying
when a widely available behavioral indicator may be more or less meaningful in
classroom TEL environments.

These findings also have implications for real-time classroom awareness and 
orchestration tools. Systems such as Lumilo [21] address a central challenge 
in authentic classrooms—supporting teachers’ help-giving decisions under time
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constraints—by augmenting instructors’ real-time perceptions of students’ learn-
ing, metacognition, and behavior. The present work points to a natural extension 
of such systems: incorporating self-reported learner energy as a contextual signal 
for interpreting l og-based indicators. For example, Lumilo’s “struggling” indica-
tor incorporates recent error rates; contextualizing this signal with . IIVenergy
may yield a more nuanced picture of student need, particularly for anticipating 
weaker retention. Future work could prototype dashboards that surface t hese
integrated signals and test whether they improve teachers’ support targeting.

5.2 Limitations and Future Work 

Several limitations should be considered when interpreting the findings. First, 
our behavioral analyses focused on a single log-derived indicator (incorrect 
attempts). Although this measure is informed by prior work and has the strength 
of be ing commonly available across systems, which supports replication, it can
arise from various mechanisms (e.g., decimal misconceptions [24,42], slips [13], 
frustration [8], wheel-spinning [47], and “gaming the system” [7]). Accordingly, 
we interpret incorrect attempts as a behavioral risk signal rather than a diagnos-
tic measure. Future work could examine w hether additional log-based features
(e.g., response timing, help-seeking behaviors, etc.) interact with .IIVenergy in 
ways that further refine risk identification.

Second, learners’ behaviors and self-reported energy unfolded within socially 
organized classroom contexts [20,31], which were not systematically measured. 
Variation in instructor monitoring and one-on-one guidance may have influenced 
both learners’ reported energy states and error patterns in wa ys our operational-
izations cannot capture. In particular, a large-scale study in K–12 classrooms
(.N = 1116) suggests that the meaning and consequences of making errors depend 
on instructional norms surrounding help-seeking and responses to mistakes [44]. 
Thus, our findings characterize relationships within the instructional ecology of 
the Fall 2025 Decimal Point deployment. Future research could examine w hether
these patterns generalize across classrooms with different instructional norms.

Third, the daily probe captured learners’ self-reported energy rather than 
objective cognitive states. Because mean self-reports a re sensitive to stable
between-person differences [14], our primary investigation centered on within-
person variability (.IIVenergy). The observed negative association between mean 
self-reported energy and retention should therefore be interpreted cautiously as
a secondary finding that motivates further examination.

Fourth, .IIVenergy was estimated over a relatively short observation win-
dow spanning the available classroom sessions within the instructional unit. 
This design reflects the duration of the deployment and the goal of preserving 
classroom-feasible, low-burden measurement under authentic conditions, rather 
than extending the study solely to obtain more repeated observations. Thus, 
the present analysis shows that short-horizon fluctuation in self-reported energy
can be meaningfully examined within an authentic classroom deployment, not
that the measure captures a stable longer-term trait. Future work could examine
whether similar patterns hold across longer instructional windows.
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Fifth, delayed posttests in classroom settings reflect performance after a 
naturalistic interval during which learners may encounter content through 
unmeasured channels (e.g., individual study or incidental practice). While we 
ensured that no additional whole-class instruction occurred, these results repre-
sent performance under natural learning conditions rather than pure r etention
attributable solely to the intervention. Future work could incorporate ecologi-
cally feasible measures of intervening exposure, such as low-burden learner self-
report.

Sixth, the analytic sample was nested within 25 classrooms across five schools, 
so classroom- and school-level context remains relevant. Teacher practices, class-
room norms, and school-level factors could influence both engagement with the 
game and test performance. We addressed the nested structure of the data by re-
estimating the focal delayed-posttest interaction model using a multilevel speci-
fication with a random intercept for school and a classroom-level variance com-
ponent, which yielded the same substantive conclusion. However, the limited 
number of schools constrains the precision of school-level variance estimates.
Future work with more schools and richer classroom-level measures could better
examine contextual heterogeneity and potential cross-level moderators.

Finally, this study identifies conditions under which incorrect attempts are 
more strongly associated with poorer retention, but does not test whether adap-
tive support integrating .IIVenergy improves outcomes. Future work should exam-
ine whether such context-ric her adaptations enhance retention.

5.3 Conclusion 

This study examined why learning outcomes vary across individuals even within 
an overall effective K–12 mathematics game with an underlying ITS. A key
finding is that .IIVenergy amplified the negative association between a behavioral 
risk signal (incorrect attempts) and retention: frequent errors were more strongly 
associated with poorer retention for learners whose self-reported energy fluctu-
ated more across sessions. This result suggests that repeated, lightweight self-
report measures can provide contextual value for interpreting log-based behav-
ioral indicators in authentic classroom settings. More broadly, this work helps 
characterize when a common behav ioral signal is more strongly associated with
poorer retention, highlighting how low-burden classroom measures can support
more context-aware interpretation of learner behavior in TEL environments.
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