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ABSTRACT
Intelligent Tutoring Systems often grant learners shared con-
trol over skill and problem selection. This choice brings mo-
tivational and metacognitive benefits. At the same time,
past literature suggests that learners exhibit diverse pref-
erences and strategies in selecting tasks, for instance, by
avoiding challenge. Although underexplored, differences in
learner task-selection strategies may interact with mastery
learning systems that optimize task-selection based on esti-
mated knowledge, potentially leading to undesirable student-
level differences in learning outcomes. Algorithmic con-
straints on problem selection may help mitigate this issue.
However, this possibility has not been comprehensively ex-
plored in prior work, in part because testing such constraints
in real-world classrooms is costly. We propose a simulation-
based framework to observe how varying learner task-selection
strategies combined with system constraints shape mastery
learning efficiency. Using interaction data from 261 stu-
dents across two mathematical domains with different prob-
lem structures (equation solving, graph interpretation), we
simulate common task-selection strategies such as Weakness
Targeting and Interleaving, grounded in prior literature. We
then evaluate how these strategies affect overpractice as a
common measure of mastery learning efficiency. Results
show substantial variability in efficiency across strategies,
with risk-averse strategies producing higher levels of over-
practice, especially for more complex multi-step problems.
Targeted system constraints significantly reduce these inef-
ficiencies for maladaptive strategies while having minimal
impact on already efficient strategies. Together, these find-
ings demonstrate how simulation grounded in real student
data can support data-driven redesign of shared-control tu-
toring systems by identifying when and where constraints
are most beneficial prior to classroom deployment.
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1. INTRODUCTION
Mastery-based learning is widely adopted in Intelligent Tu-
toring Systems (ITS) to personalize instruction and ensure
learners demonstrate proficiency in prerequisite skills be-
fore advancing [14, 19]. Although ITS typically do not in-
volve learners in the adaptive task-selection process, prior
work has shown that involving learners by allowing them to
express or act on task-selection preferences can yield mo-
tivational and metacognitive benefits, including increased
engagement, perceived autonomy, and reflection on learn-
ing progress [5, 8, 17, 20]. However, differences in learner
task-selection strategies can introduce substantial inefficien-
cies in mastery-based learning, particularly when learners
choose problems that involve skills they have already mas-
tered or avoid challenging ones [19, 23]. Prior research has
shown that learners adopt diverse task-selection strategies
such as Strength Targeting, Weakness Targeting, Interleav-
ing, or Blocking [6, 10, 17]. While some strategies align well
with mastery-based learning objectives, others can result in
excessive overpractice and delayed progression, particularly
in domains with multi-step problem structures where mas-
tered skills frequently reappear.

Studying how different learner strategies paired with task-
selection constraints through classroom experiments is costly,
time-consuming, and may expose learners to suboptimal
learning experiences. Alternatively, simulation studies with
real learner interaction data enable systematic and efficient
comparison of learner strategies and instructional design
choices before deployment [16, 19, 23]. By modeling how
different forms of learner control and system guidance shape
learning trajectories, simulation offers a scalable method for
identifying inefficiencies and testing corrective mechanisms
before they affect real students.

We present a simulation-based framework for analyzing how
learner task-selection strategies interact with system con-
straints to shape mastery-based learning efficiency in ITS.
Using interaction data from two mathematical domains (equa-
tion solving and graph interpretation), we simulate common
learner strategies and evaluate their effects using measures of
overpractice. This approach enables controlled comparison
of learning control and system-control configurations, pro-
viding insights into when targeted scaffolding is necessary
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to mitigate inefficiencies while preserving learner choice. In
sum, our research question is as follows:

RQ. How do different learner task-selection strategies, com-
bined with system constraints, affect the efficiency of mastery-
based learning in ITS?

2. RELATED WORK
2.1 Task-Selection Strategies in ITS
Mastery learning frameworks advance students only after
demonstrating mastery of prerequisite skills, using criteria
based on performance [19]. This ensures competence but
can create inefficiencies, as some skills become overpracticed
while others are neglected [23]. In many modern ITS, learn-
ers are increasingly involved in selecting which skills or prob-
lems to practice, often supported by learning analytics and
open learner models (OLMs) that make progress and mas-
tery visible [5, 17]. Allowing learners to make such choices
is motivated by self-determination theory, which emphasizes
autonomy as a key driver of intrinsic motivation, engage-
ment, and persistence in learning [22]. Prior work in educa-
tional data mining and ITS shows that learners adopt diverse
task-selection strategies [6]. Studies show that when learn-
ers freely select skills or problems, they pursue strategies
of uneven effectiveness, indicating that control alone rarely
improves outcomes and can even hinder them if left unsup-
ported [20]. Some choose familiar tasks, others target weak-
nesses [6]; some interleave across skills, while others block
practice within a single skill, often shaped by confidence and
goals [10]. These strategies can nurture persistence and re-
flection, but also cause inefficiencies, such as overpractice of
mastered skills or avoidance of challenges. Understanding
how learners naturally manage practice is therefore essen-
tial, both to amplify productive strategies and to counter
maladaptive ones. Despite this, little research has system-
atically examined how such strategies interact with system-
level supports like constraints, guidance, or explanations.

2.2 System Constraints and Simulation
To address variability in learner behavior, ITS increasingly
combines learner choice with system-level constraints that
guide task-selection while preserving agency, a paradigm of-
ten described as shared student-system control over task-
selection. Prior work shows that constrained problem-selection
and guided choice can reduce overpractice and improve ef-
ficiency without fully removing learner control [17, 23, 24].
However, evaluating how different learner strategies interact
with such constraints through classroom studies is costly and
risks exposing students to suboptimal learning conditions.

Simulation studies have therefore become increasingly valu-
able in education research, especially where in vivo exper-
imentation is infeasible or cost-prohibitive [18]. In addi-
tion, deploying poor algorithms can be harmful to partic-
ipants. Simulation enables systematic exploration of both
learner strategies and shared-control mechanisms, such as
weightings, recommendations, and explanation styles, in a
controlled environment. Prior research demonstrates that
simulated learners can reproduce realistic learning trajec-
tories and support the development of novel optimization
techniques for tutoring systems [23]. Rather than aiming
to predict individual learning outcomes, simulation enables

comparative analysis of alternative design configurations un-
der consistent assumptions [16, 19]. In this work, we build
on this line of research by using simulation to examine when
shared-control constraints are necessary to mitigate ineffi-
ciencies arising from specific learner task-selection strate-
gies.

3. METHODS AND MATERIALS
3.1 Datasets
We used two datasets to specify model parameters and en-
hance validity. Following [23], we defined the most common
solution pathways in the data and based the simulations
on them [13]. The first dataset is on equation-solving and
used an open-source dataset available on PSLC DataShop
(datasets #5549 and #5604), collected from IRB-approved
middle school studies using the APTA ITS for linear equa-
tion solving [1, 15]. The dataset includes students in grades
6–8 attending two public schools in the eastern United States
and contains over 10,000 step-level interactions with multi-
step equation problems [14]. To model authentic first-attempt
problem solving, only initial responses were retained, and
steps involving hints were treated as incorrect [14]. The
step-level structure and repeated use of skills enable recon-
struction of typical solution paths, which form the basis for
simulating learning trajectories and task-selection strategies.
This dataset contains 58 problems and 10 skills. The average
number of skills that appeared in a problem was 5.67±2.47.

We additionally used another DataShop dataset based on
graph interpretation (#5360) [15]. This dataset consisted
of classroom transaction data from the Mathtutor ITS, col-
lected through IRB-approved studies with 97 ninth-grade
students in a U.S. high school. Students alternated between
paper practice and Mathtutor across three units on linear
graphs, with the problem decomposed into step-level inter-
actions (though we only used data from the ITS condition).
The dataset represents another domain of multi-step prob-
lem solving where students may engage in overpractice to
improve generalizability beyond the equation-solving data.
This dataset contains 31 problems and 13 skills. The average
number of skills that appeared in a problem was 8.57±8.41.

The datasets differ in problem length and problem-skill com-
position: graph interpretation involves more skills and steps
per problem than equation solving. Because these factors
affect overpractice [23], this enables evaluation of skill and
problem-selection strategies across varied problem types.

3.2 Learner Simulation Methods
We use a simulation-based approach to model student learn-
ing under different task-selection strategies in a mastery-
based ITS. We specifically use two widely used student mod-
eling approaches in educational data mining research. We
use the Additive Factors Model (AFM; [7]) to simulate step-
level performance and Bayesian Knowledge Tracing (BKT;
[9]) to model knowledge evolution over time. The simu-
lation framework is built on real student interaction data
using open-source learner simulation libraries described in
Xia et al. [23].

To estimate skill difficulty and learning parameters for our
two datasets, we fit both AFM and BKT to the PSLC
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DataShop and MathTutor ITS data collections and use the
learned parameters to drive the student simulations. Each
problem is associated with a typical solution path derived
from the most frequent skill-application sequences in the
data [21]. During simulation, student responses are sampled
at each step according to the AFM-predicted probability of
correctness, and both AFM and BKT states are updated af-
ter each interaction. The resulting BKT mastery estimates
are then used to guide subsequent problem-selection. Our
simulation and analysis code is open-source.1.

AFM models the probability of a correct response as a logis-
tic function of a global intercept, a student ability term, and
additive skill-specific difficulty and practice effects. Specif-
ically, calculations are made using information such as the
set of skills associated with a problem step, the difficulty
of these skills, and the attempts the student has previously
made for these skills. BKT models student learning as a hid-
den Markov process in which each skill has a binary latent
state: either learned or unlearned. The model updates mas-
tery using observed responses and four parameters: Prior
knowledge estimates (pinit), learning rate (plearn), guess rate
(pguess), and slip rate (pslip).

Upon receiving a student response, BKT updates the esti-
mated mastery level using Bayes’ rule. A correct answer in-
creases the mastery probability, which adjusts the potential
for guessing, while an incorrect answer decreases the prob-
ability, accounting for possible slips. A skill is considered
mastered once the posterior probability surpasses a prede-
fined mastery threshold, in our case 95%, consistent with
prior ITS research [2]. The initial values of the BKT param-
eters are based on the following default values in TutorShop:
pinit = 0.25, plearn = 0.22, pguess = 0.2, and pslip = 0.1.

3.3 Simulation Overview
Each simulation allows 1,000 learners to progress through a
set of skills until mastery is achieved. The simulation is de-
signed to support controlled comparison of learner strategies
and system constraints under standardized conditions. The
simulation models mastery learning as a repeated problem-
level decision cycle. The iterative cycle of task-selection,
problem-solving, and mastery updating defines a learning
path for each simulated learner. Specifically, a learning path
is represented as the sequence of skills selected and problems
attempted over time in combination with the changing mas-
tery estimates. As task-selection decisions are made based
on the learner’s current knowledge state and updated after
each simulated problem attempt, the resulting trajectories
reflect the learner’s emergent path through an adaptive task
sequence. Between problems, a simulated learner selects a
skill to practice based on a predefined task-selection strat-
egy, optionally shaped by system-imposed constraints on the
available skill choices. Once a skill is selected, the system
chooses a problem that uses that skill, potentially apply-
ing additional problem-selection constraints. This modeling
choice reflects a common shared-control setup in mastery-
based ITS, where learners select skills, and the system selects
corresponding problems, but does not capture all possible
forms of task-selection [2, 12].

1https://github.com/conradborchers/
sim-skill-selection

Figure 1: Simulation Methodology Summary.

The simulated learner then attempts the selected problem,
which may consist of multiple steps, each mapping to at least
one skill. The steps are simulated sequentially, with per-
formance generated probabilistically based on the learner’s
current knowledge state and step difficulty. Mastery esti-
mates are updated after each step, but the learner does not
make additional choices until the entire problem has been
completed. After the problem attempt concludes and mas-
tery estimates are updated, the learner again selects a skill
for the next problem based on their updated skill mastery
estimates, and the cycle repeats.

This structure mirrors the way that learners can select tasks
when interacting with shared-control mastery-based ITS,
where strategic decisions are made between problems rather
than within them [2, 17]. By grounding step-level perfor-
mance and mastery updates in parameters estimated from
real student data, the simulation produces realistic learn-
ing trajectories while enabling controlled comparison of how
different learner task-selection strategies and system con-
straints affect mastery learning efficiency. Figure 1 summa-
rizes this iterative problem-selection-practice loop.

Below, we elaborate on the individual components of the
simulation framework:

1. Open Source Learner Data We begin by using open-source
log data from both middle school and high school math
ITS, which contains detailed records of student interac-
tions and performance across a range of equation-solving
and graph-interpretation skills, respectively (see Section
1).

2. Current Mastery Estimation The estimated mastery levels
for each skill present in the dataset are calculated after
every practice opportunity.
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3. Outcome Estimates For strategies that specifically rely on
outcome-estimations, we compute the projected mastery
outcomes under three scenarios: best case, usual case,
and worst case.

4. Task-Selection Guidance Front-end task-selection guidance
simulates UI cues by restricting the pool of selectable
skills to those closer or further from the mastery thresh-
old, shaping learner decisions without altering algorithms.

5. Task-Selection A skill is selected using either a general
strategy (e.g., Strength Targeting, Interleaving) or an
Outcome-informed strategy (e.g., Maximize Usual Case,
Minimize Worst Case Loss), simulating different learner
decision-making behaviors.

6. Problem-Selection Constraint Once a skill is selected, a
system control constraint introduces bias in the subse-
quent problem-selection process based on problem diffi-
culty, modeling how backend design influences the learn-
ing path.

7. Problem-Selection A specific problem is randomly drawn
from the available pool associated with the selected skill,
either randomly or following any imposed system control
constraints.

8. Learner Simulation The simulated student attempts the
selected problem step, and performance is determined
probabilistically using AFM, based on current skill mas-
tery and step difficulty.

9. Update Mastery Level Following the simulated attempt,
mastery estimates are updated using BKT, and the sim-
ulation loop repeats until all skills reach mastery or a
stopping condition is met.

3.4 Task-Selection Strategies
We model learner task-selection using predefined decision
rules that determine which skill a simulated learner chooses
to practice at each step. The eight selected strategies are
designed to reflect commonly observed patterns of learner
behavior in mastery-based tutoring systems and are applied
consistently across all simulation conditions.

3.4.1 Baseline Task-Selection Strategies
We implement four baseline strategies drawn from prior work
on learner practice behavior. Strength Targeting prioritizes
skills that are close to mastery, while Weakness Targeting
prioritizes skills with the lowest estimated mastery. Inter-
leaving alternates practice across multiple skills, whereas
Blocking concentrates practice on a single skill until mas-
tery is achieved. These strategies capture a range of com-
mon learner approaches to managing practice and have been
widely studied in educational psychology and ITS research.
Finally, a Random strategy selects skills at random and
serves as a control condition.

3.4.2 Outcome-Informed Strategies
In addition to baseline strategies, we model decision rules
that select skills based on projected mastery outcomes under
different assumptions about performance. Maximize Usual
Case Improvement selects the skill with the greatest ex-
pected mastery gain, while Maximize Usual Case Outcome

selects the skill with the highest projected post-practice mas-
tery. Minimize Worst Case Loss represents a risk-averse
strategy that selects the skill with the smallest potential
decrease in mastery under unfavorable performance. This
strategy is risk-averse because it prioritizes minimizing po-
tential negative mastery outcomes over maximizing expected
gains.

Together, these strategies enable systematic comparison of
how different decision-making behaviors interact with system-
level constraints to influence learning efficiency in mastery-
based tutoring systems.

3.5 System Constraints
To examine how system design interacts with task-selection
strategies, we introduce two system constraints that shape
learning while preserving learner control over skill prioriti-
zation.

3.5.1 Task-Selection Constraints
Task-selection constraints limit the set of skills available
for selection at each decision point based on current mas-
tery estimates. We implement two variants. The closer-
to-mastery constraint restricts selection to skills with pro-
ficiency levels nearest to, but below, the mastery thresh-
old. The further-from-mastery constraint restricts selection
to skills with lower proficiency levels, representing a weaker
understanding. These constraints reduce learners’ choice
set without prescribing a specific selection strategy, allowing
learners to retain control within a bounded decision space.
We also simulate learners’ interactions under unconstrained
task-selection to provide a baseline for comparison.

3.5.2 Problem-Selection Constraints
Problem-selection constraints influence which problem is de-
livered after learners select a skill. Rather than selecting
problems uniformly at random, the system applies biased
sampling within the chosen skill. Problem difficulties are
determined using a weighted average of the learners’ past
performance with skills present in problem steps. Under
the prefer-easier constraint, problems associated with lower
difficulty skills are assigned higher weight, while under the
prefer-harder constraint, problems associated with higher
difficulty skills are given higher weight. Once all the problem
difficulty scores are assigned, they are normalized to form a
multinomial distribution from which weighted random sam-
pling is used to select a problem. These constraints operate
independently of task-selection and affect only the execution
of practice within a chosen skill.

3.6 Metric: Overpractice
We evaluate the impact of system constraints in ITS using
overpractice as the primary outcome. Overpractice refers to
continued practice of skills that have already reached mas-
tery, a phenomenon that commonly arises in mastery-based
tutoring systems [19, 23]. This particularly occurs when
problems involve multiple skills or steps, as problems pri-
marily based on already proficient skills may be chosen for
including an unmastered component [14]. Overpractice has
been studied as an inefficiency in mastery-based ITS, as it
increases time on task without proportional learning bene-
fits and can slow progression through the learning process
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Figure 2: Baseline Average Overpractice Across Strategies
for Both Datasets. MWL denotes the Minimize Worst Case
Loss strategy.

[16, 19, 23]. For each strategy-constraint condition, simu-
lation runs produced data on the overpractice aggregated
across all skills present in the dataset, yielding descriptive
statistics, including mean and standard deviation. In ad-
dition to comparing means and effect sizes using Cohen’s
d, the analysis focused on determining which strategies and
constraints resulted in the most efficient mastery learning,
indicated by reduced overpractice. The findings helped iden-
tify optimal combinations of strategies and constraints that
minimized unnecessary practice while maintaining mastery.

4. RESULTS
The results presented in Figures 2 and 3 summarize the
average overpractice observed under different task-selection
strategies and system constraint conditions. These values
are computed by aggregating overpractice across all simu-
lated learners and skills. This allows for direct comparison
of learning efficiency across strategies and datasets.

4.1 Performance Across Strategies
Figure 2 compares baseline overpractice levels across all task-
selection strategies without system constraints. Across both
datasets, minimizing worst case loss was a clear outlier in
terms of its average amount of overpractice. Without sys-
tem constraints, using the Minimize Worst Case Loss strat-
egy produced overpractice levels of 30.28 times in equation-
solving and 28.93 times on average in graph-interpretation
(Figure 2). In contrast, the average of the other seven strate-
gies’ overpractice amounts were 1.733 ± 0.383 and 3.223 ±
0.050 for the equation-solving and the graph-interpretation
data sets, respectively. Additionally, the second-worst per-
forming strategy for the equation-solving dataset was the
Strength Targeting strategy. This indicates that informed
risk-averse strategies are substantially less efficient than other
strategies in self-guided systems.

On the other hand, in the equation-solving dataset, Weak-
ness Targeting and Maximize Usual Case Improvement per-
formed slightly better than other strategies, yielding the low-
est overpractice of 1.26 and 1.29 average practice opportuni-
ties, respectively (Figure 2). This suggests that prioritizing
less-mastered skills is a comparatively efficient approach.

4.2 Incorporating System Constraints
Figure 3 illustrates how task-selection and problem-selection
constraints affect overpractice for the Minimize Worst Case

Figure 3: Average Overpractice for the Minimize Worst Case
Loss Strategy with Task-Selection and Problem-Selection
Constraints.

Loss strategy. Introducing task-selection constraints signif-
icantly moderated outcomes for otherwise inefficient strate-
gies. Most notably, when the risk-averse strategy (Mini-
mize Worst Case Loss) was guided toward skills closer to
mastery, the excess overpractice was sharply reduced from
30.28 to 1.83 times in equation-solving and 28.93 to 3.22
times in graph-interpretation relative to the unconstrained
baseline, with large respective Cohen’s d effect sizes of 1.87
and 1.86 (Figure 3). Task-selection constraints that prior-
itized skills further from mastery also improved efficiency,
reducing overpractice to 12.88 and 14.46, respectively. By
contrast, most other strategies were relatively unaffected by
these constraints. Blocking, Interleaving, Strength Target-
ing, and Weakness Targeting all maintained stable levels of
overpractice across conditions. Overall, the results indicate
that specific forms of system control exert their strongest ef-
fects on risk-averse learners, while already efficient strategies
show minimal change.

Problem-selection constraints also had a considerable effect
on reducing inefficiencies in simulated learning. When paired
with the Prefer Harder constraint, Minimize Worst Case
Loss showed a greatly reduced overpractice value from 30.28
to 1.98 times in the equation-solving dataset, a large Co-
hen’s d effect size value of 1.86, leveling the other strategies
without the constraint (Figure 3). This suggests that sys-
tem control constraints can help counterbalance risk-averse
tendencies by increasing exposure to more challenging prob-
lems. The equation-solving dataset, where multi-step struc-
tures magnified redundancy, produced a stronger corrective
effect when paired with the Prefer Harder constraint com-
pared to graph-interpretation.

5. DISCUSSION
As learner control becomes increasingly common in ITS and
other adaptive learning environments [4, 8, 20], understand-
ing how differences in task-selection behavior affect learn-
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ing efficiency is critical. Rather than assuming that learner
choice uniformly benefits all students, our results demon-
strate substantial variability in outcomes across task-selection
strategies. Using a simulation derived from real student in-
teraction data, this study shows how certain learner deci-
sions can systematically hinder mastery learning, while oth-
ers align well with learning objectives.

5.1 Strategy Variability and Validation
Across both datasets, weakness-targeting strategies consis-
tently produced efficient learning paths with minimal over-
practice. In contrast, the risk-averse strategy that minimizes
worst case loss, which tends to prioritize skills with already
high estimated mastery, emerged as a clear outlier and re-
sulted in substantially higher levels of overpractice. This
pattern may be explained by the fact that stronger skills are
closer to mastery and involve lower expected errors and mas-
tery loss, leading the risk-averse strategy to favor already
well-practiced skills and thereby induce redundant practice.
Notably, this form of risk aversion has been documented in
real learners and is therefore likely to generate meaningful
differences in learning efficacy across students, depending on
whether they exhibit this behavior [2]. Next we discuss how
constraints on task-selection can mitigate these differences.

5.2 System Constraints Mitigate Inefficiencies
Our findings show that system constraints on task-selection
are more effective when applied selectively. Task-selection
and problem-selection constraints substantially reduced in-
efficiencies for the risk-averse strategy, bringing its perfor-
mance to levels similar to those of other, more efficient strate-
gies overall. At the same time, these constraints had little
to no effect on strategies that were already efficient, such
as Weakness Targeting or Interleaving. This asymmetry
suggests that applying the same constraints to all learner
types is unnecessary (and that student preferences for spe-
cific skills can be honored for some students more than oth-
ers without sacrificing mastery efficiency). Instead, simula-
tion enables identification of which learner behaviors war-
rant targeted system constraints, allowing system designers
to intervene only where inefficiencies are likely to arise. Such
selective constraint application aligns with common practice
in ITS [12, 19], where system constraint is routinely adapted
based on learner state rather than applied uniformly. An
open question for future work is whether students would be
able to recognize different levels of system constraints on
task-selection (some being invisible to them but potentially
felt during problem completion). Overly prominent system
constraints may undermine student autonomy perceptions
and thereby lower motivation, ultimately hindering learn-
ing [3]. However, because our constraints are designed to
preserve shared control by bounding rather than removing
learner choice, they are intended to mitigate inefficiencies
while maintaining the motivational benefits associated with
autonomy.

5.3 Equity and Shared Control
Prior work based on large-scale evidence has shown that stu-
dents exhibit large differences in their level of engagement
and persistence in various adaptive learning systems [11, 16].
Here, we turn to another, underinvestigated aspect of stu-
dent outcomes in mastery learning: the impact of decision-
making strategies when choosing tasks. While our findings

suggest that constraining control may lead to more equitable
benefits of mastery learning, it is also worth highlighting
that there are benefits to student control, particularly with
regards to the aforementioned persistence differences high-
lighted in prior work [11, 16]. In particular, past research
notes motivational benefits of control related to engagement,
motivation, and metacognitive development. By contrast,
targeted system constraints offer a middle ground where pre-
serving learner choice while mitigating extreme inefficiencies
that disproportionately affect certain learners [8, 17, 20].

5.4 Simulation to Close the Loop
More broadly, this work contributes a novel framework and
evidence of how simulations can support close-the-loop ex-
perimentation in educational data mining by serving as a
bridge between data analysis and learning system redesign
[12]. Grounded in real student interaction data and using
standard EDM models such as AFM and BKT, our simula-
tion enables systematic evaluation of how alternative design
choices, specifically different levels of learner control and
system constraints, shape learning efficiency prior to class-
room deployment. This aligns with prior work on design-
loop adaptivity, which emphasizes using data-driven analy-
ses to inform and prioritize redesign decisions that can later
be validated through in vivo experimentation [12]. We treat
simulation as a complementary pre-deployment tool that re-
duces risk and helps identify which learner behaviors and
system interventions warrant targeted classroom evaluation.

Additionally, the simulation was reproducible across datasets
of student interaction data spanning different problem do-
mains. Common anticipated trends—such as inefficiencies
arising from risk-averse strategies—were consistently observed
across both datasets. Notably, overpractice outcomes for
equation-solving tasks exhibited greater variability than those
observed in other domains. This finding aligns with the no-
tion that equation-solving problems often admit multiple so-
lution paths involving distinct underlying skills, in contrast
to graph-interpretation tasks. Moreover, equation-solving
problems frequently exhibit highly recursive structures with
greater skill repetition, which may further contribute to the
observed variability [23].

5.5 Limitation and Future Work
This study models a limited set of learner task-selection
strategies and system constraints grounded in prior empir-
ical work, and does not capture the full range of motiva-
tional, metacognitive, or affective factors that may influ-
ence learner behavior. Our simulation focuses on a task-
selection-first setup and does not model alternative task-
selection paradigms (e.g., direct problem-selection, multi-
task-selection, or fully system-driven sequencing), though
the framework could be extended to support these regimes.
Learner strategies are modeled as static, whereas real learn-
ers adapt their strategies over time in response to feedback
or outcomes. We leave the investigation of dynamic com-
binations of strategies to future work. Future work could
also extend our framework by incorporating models of moti-
vation and self-regulated learning to examine how different
forms of shared control affect engagement and metacogni-
tive processes. Finally, the simulation-based approach can
inform iterative, close-the-loop system redesign by identi-
fying promising constraint strategies prior to classroom de-
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ployment and refining models using additional learner data
across domains [12].

6. CONCLUSION
This study contributes a novel simulation-based educational
data mining framework for examining how learner task-selection
strategies and system constraints jointly shape mastery learn-
ing efficiency in ITS. Grounded in real student data and
implemented using standard EDM models, our simulations
reveal substantial variability in the efficiency of different
learner task-selection strategies. In particular, while some
strategies align with mastery learning objectives, others can
lead to extreme inefficiencies in practice. Our results show
that targeted system constraints can mitigate these ineffi-
ciencies without removing learner control, while having min-
imal impact on strategies that are already effective. This
highlights the value of selectively deploying scaffolding mech-
anisms rather than adopting uniform control policies, and
underscores the importance of accounting for learner strat-
egy diversity in the design of adaptive learning systems.
Broadly speaking, this study demonstrates how simulation
can support close-the-loop data-driven redesign in educa-
tional data mining. By enabling systematic evaluation of
alternative design choices prior to classroom deployment,
simulation helps reduce risk, accelerate iteration, and priori-
tize which interventions merit further classroom testing. As
learner-controlled systems become more widespread, these
methods will be increasingly important for ensuring that the
benefits of educational technology are distributed equitably
without amplifying disparities in learning outcomes. Practi-
cally, this work suggests that ITS designers seeking to imple-
ment shared control should move toward selectively or adap-
tively applying constraints that target inefficient learner task-
selection strategies. Our findings highlight the value of sim-
ulation as a low-cost and scalable tool for evaluating ITS
design choices, enabling researchers to test and refine po-
tentially inequitable or suboptimal interventions before de-
ploying them in real learning environments.
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Van Merriënboer. Selecting learning tasks: Effects of
adaptation and shared control on learning efficiency and
task involvement. Contemporary educational psychol-
ogy, 33(4):733–756, 2008. doi: 10.1016/j.cedpsych.2008.
02.003.

[9] Albert T Corbett and John R Anderson. Knowledge
tracing: Modeling the acquisition of procedural knowl-
edge. User modeling and user-adapted interaction, 4(4):
253–278, 1994. doi: 10.1007/BF01099821.

[10] Nathaniel L Foster, Michael L Mueller, Christopher
Was, Katherine A Rawson, and John Dunlosky. Why
does interleaving improve math learning? the contribu-
tions of discriminative contrast and distributed prac-
tice. Memory & Cognition, 47(6):1088–1101, 2019. doi:
10.3758/s13421-019-00918-4.

[11] Laurence Holt. The 5 percent problem. Education Next,
24(4):26–31, 2024.

[12] Yun Huang, Vincent Aleven, Elizabeth McLaughlin,
and Kenneth Koedinger. A general multi-method ap-
proach to design-loop adaptivity in intelligent tutor-
ing systems. pages 124–129, 2020. doi: 10.1007/
978-3-030-52240-7 23.

[13] Tanja Käser and Giora Alexandron. Simulated learners
in educational technology: A systematic literature re-
view and a turing-like test. International Journal of Ar-
tificial Intelligence in Education, 34(2):545–585, 2024.
doi: 10.1007/s40593-023-00352-1.

530



[14] K. Koedinger, Sidney K. D’Mello, Elizabeth Mclaugh-
lin, Zachary A. Pardos, and Carolyn Penstein Rosé.
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