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THE RELATIONS BETWEEN HELP AVOIDANCE AND PERFORMANCE 1

Not All Who Avoid Help Are Lost: The Relations Between Help

Avoidance and Performance in a Digital Learning Platform

Abstract

Although digital learning platforms (DLPs) provide students with corrective feedback, hints,
and scaffolds, learners differ substantially in whether and when they use these supports. While help
seeking has been extensively studied, there is little consensus on how to define and operational-
ize help avoidance (i.e., when students bypass available supports like hints) in online settings,
hindering efforts to reliably identify, measure, and address it. This study revisits an established op-
erationalization of help avoidance using fine-grained interaction logs from middle school students
(N =348) in ASSISTments, a digital math learning platform. Building on prior work, we refine the
measure by leveraging detailed temporal interaction data to characterize help avoidance as unas-
sisted answer attempts by students with low prior knowledge before accessing available support.
We then examine how these behavioral patterns relate to proximal outcomes (i.e., within ASSIST-
ments) and distal math achievement (i.e., on a standardized math test). Our analyses identify dis-
tinct subgroups of students classified as help avoidant, suggesting that existing operationalizations
combine qualitatively different behaviors, including patterns consistent with productive struggle
and unproductive persistence. These findings demonstrate that help avoidance is not a homoge-
neous construct and suggest that more behaviorally nuanced measures are necessary to differentiate

productive struggle from a genuine need for intervention, thus guiding adaptive support in DLPs.

Keywords: Educational Technology; Help Avoidance; Hints; Mathematics; Performance; Learn-

ing; Middle School
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Introduction

While feedback is widely recognized as a driver of learning (Hattie and Timperley, 2007;
Tricomi and DePasque, 2016), its effectiveness depends on how learners navigate difficulty and
use available supports (Daumiller and Meyer, 2025; Kluger and DeNisi, 1996). Choosing to use
these supports is associated with improved student outcomes (Boud and Molloy, 2013; Nelson-
Le Gall, 1981). However, many students avoid or delay help even when it is available (Aleven and
Koedinger, 2000), a behavior previously linked to poorer learning gains (Ryan and Pintrich, 1997).

The decision to seek or avoid help is grounded in self-regulated learning (SRL), by which stu-
dents plan, monitor, and evaluate their learning (Zimmerman, 2002). Therefore, help avoidance
may serve as a behavioral indicator of differences in SRL processes such as comprehension mon-
itoring and error analysis (Karabenick and Berger, 2013). Digital learning platforms (DLPs) that
provide on-demand support (i.e., hints and scaffolds) make these processes visible. Yet, there is no
consistent approach to measuring help avoidance as a proxy for SRL in these environments, and
the timing of these decisions, including how long students persist and when avoidance becomes
detrimental, has received limited attention.

This study addresses this gap by defining and measuring help-avoidance behaviors in ASSIST-
ments (www.assistments.org), a widely used DLP for math education, and examining how the
timing of avoidance relates to student performance. We combine fine-grained log data from a
large-scale efficacy study (Roschelle et al., 2016) with TerraNova scores (i.e., a standardized math
achievement sub-test) to analyze temporal patterns of help avoidance in the classroom. The analy-
sis focuses on whether persistence without support reflects productive self-regulation or behavioral

patterns associated with lower performance.
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Literature Review

Help Seeking

Help seeking is a social-cognitive process involving a more knowledgeable other, which may
be either human or non-human (Lee and List, 2023; Makara and Karabenick, 2013; Zimmerman,
2000; Zusho and Barnett, 2011). It begins when a learner encounters an impasse, recognizes
they cannot solve the problem independently, identifies the need for support, seeks assistance, and
reflects on the outcome (Karabenick and Berger, 2013; Nelson-Le Gall, 1981; Newman, 2002).

Within SRL, help seeking is understood as a metacognitive strategy that connects internal mon-
itoring to external action (Ryan and Pintrich, 1997; Schunk and Zimmerman, 1998; Zusho and
Barnett, 2011). Learners must recognize gaps in understanding and respond by accessing avail-
able resources to continue progress (Karabenick and Berger, 2013; Schenke et al., 2015; Zusho
and Barnett, 2011). Because this process depends on accurately identifying when assistance is
needed, effective help seeking requires active engagement. Prior work has linked help seeking
to improved comprehension and academic performance (Ryan and Pintrich, 1997), as well as the
development of independent problem-solving skills (Nelson-Le Gall, 1981), transfer (Hattie and
Timperley, 2007), and self-confidence (Butler, 1998).

Despite these benefits, some learners avoid available support by bypassing resources such as
hints in DLPs or the opportunity to ask questions in class. Decisions to seek or avoid help re-
flect a combination of individual, environmental, and cognitive factors (Ryan and Pintrich, 1997;
Schenke et al., 2015; White and Bembenutty, 2013). Classroom context plays a role in shaping
these decisions. When errors are treated as failures, students may avoid help to protect their social

standing (Turner et al., 2002; Yang et al., 2025). A parallel pattern appears in feedback research;
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when feedback draws attention to the self rather than the task, students disengage and learn less, es-
pecially after repeated negative feedback (Fyfe et al., 2026). Similarly, studies of medical students
interacting with a DLP show that learners may persist with incorrect reasoning rather than use
available support, even when they recognize gaps in their understanding (Fischer et al., 2002). In
many cases, students with the greatest need for assistance are the least likely to seek it (Karabenick
and Knapp, 1991; Ryan and Pintrich, 1997).

Social relationships and motivational factors further influence help-seeking behavior. Students
may seek help to strengthen relationships with supportive instructors (Karabenick and Berger,
2013), or avoid it to maintain peer acceptance in contexts where help seeking is stigmatized (Butler,
1998). Motivational orientation also shapes these decisions. Learners with a mastery orientation
are more likely to view help seeking as part of the learning process, whereas those with a perfor-
mance orientation may avoid it to protect self-perception (Zusho and Barnett, 2011). To address
these patterns, Aleven et al. (2006) proposed a framework for operationalizing help avoidance as

an observable behavior within DLPs.

Help Avoidance

Prior work defines help avoidance as instances in which a student attempts a step without
sufficient mastery, makes an error, and does not use available support (Aleven et al., 2003; Ryan
et al., 2005). The consequences of this behavior depend on when it occurs, as persistence without
support can hinder learning when students internalize misconceptions and fail to correct errors
(Butler, 1998; Karabenick and Knapp, 1991).

At the same time, delaying support does not always indicate ineffective behavior. While early

intervention can reduce unproductive persistence (Beck and Gong, 2013), there is also evidence
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that delayed support can promote deeper engagement (Clark and Bjork, 2014). Struggling before
receiving assistance can lead to improved outcomes compared to immediate help, a pattern de-
scribed as productive failure (Kapur, 2008). In these cases, learners use errors to identify gaps in
understanding and adjust their approach before seeking support (Zimmerman, 2002). This pattern
of sustained engagement suggests that some behaviors classified as help avoidance may reflect
purposeful persistence rather than ineffective regulation (Mullet et al., 2014).

These contrasting patterns indicate that help avoidance, as currently defined, may capture mul-
tiple forms of behavior. Some cases reflect persistence without sufficient knowledge, while others
reflect deliberate effort prior to seeking support. This distinction raises concerns about whether

existing measures accurately represent the underlying processes they are intended to capture.

Feedback, Additional Supports, and Self-Regulated Learning

Seeking help in a physical classroom differs significantly from seeking help in DLPs. In a
classroom setting, seeking support is heavily mediated by social and contextual dynamics (e.g.,
peer evaluation, classroom culture) (Ryan et al., 2001; Turner et al., 2002). In contrast, DLPs
mitigate these social threats by shifting help seeking from a public interpersonal interaction into a
private, low-stakes individual decision (Makara and Karabenick, 2013)

Within DLPs, instructional assistance often consists of a combination of automated and elective
supports. Narciss and Huth (2004) define feedback as information provided after a response to
support the development of cognitive, behavioral, or attitudinal strategies. Some elective supports
(e.g., hints, scaffolds) are context-sensitive instructional interventions (Aleven et al., 2006) that
learners choose to access (Price et al., 2017). These supports guide students through the problem-

solving process by reducing the gap between current understanding and task demands (Hattie and
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Timperley, 2007), while also providing an observable record of when assistance is used.

Automated feedback and elective supports shape how students engage with problem solving.
Feedback supports knowledge acquisition through error correction, while hints and scaffolds pro-
vide structured guidance that can support metacognitive processes (Puustinen, 1998; Zusho and
Barnett, 2011). This distinction allows for the analysis of how students navigate difficulty during
problem solving, including cases in which available supports are not used.

Although both feedback and elective supports are widely available in DLPs, they have been
studied differently. Feedback has been extensively examined, including work on how its content
and timing affects learning (Fong, 2025; Fyfe et al., 2021; Mullet et al., 2014). In contrast, less

attention has been given to when and how students choose to use elective supports.

ASSISTments: A Shared Research Infrastructure

ASSISTments (Heffernan and Heffernan, 2014) is a K-12 mathematics digital learning plat-
form used primarily for classwork and homework. It can be used to supplement curricula or inte-
grated into teachers’ existing curricula and learning management system. ASSISTments provides
students with a variety of practice and assessment activities, with automated scaffolding, grading,
and performance reports for teachers and students. Used widely across the United States and inter-
nationally, its integration has been associated with improvements in mathematics learning relative
to typical classroom practices (Feng et al., 2023; Murphy et al., 2020).

As a shared research infrastructure, ASSISTments records time-stamped student actions dur-
ing regular classroom use. Routinely available data consist of fine-grained interaction logs (e.g.,
attempt sequences, hint requests, duration, and correctness), which are de-identified and made

available to external researchers through open-access repositories or research collaborations under



THE RELATIONS BETWEEN HELP AVOIDANCE AND PERFORMANCE 7

institutional review board protocols. In particular, ASSISTments provides E-TRIALs to support
external research studies embedded within the platform (Ostrow et al., 2017). Within the broader
educational research ecosystem, ASSISTments data have traditionally been used to study knowl-
edge tracing (Koedinger et al., 2010; Wang and Heffernan, 2011), cognitive modeling (Feng and
Heffernan, 2006), pedagogical scaffolding (e.g., immediate vs. delayed feedback) (Smith et al.,
2025), behavioral patterns such as wheel spinning (Beck and Gong, 2013), and large-scale efficacy
trials (Roschelle et al., 2016). Non-behavioral measures, self-report surveys, or district-provided
measures (such as the TerraNova assessment scores used here) are not natively embedded in stan-
dard logs and must be merged or collected separately through specific research protocols.

While completing practice problems, students can regularly request hints, attempt solutions,
and access scaffolded sub-problems, with a bottom hint providing the correct answer when needed.
Mastery-based skill builders (i.e., problem sets designed for targeted skill acquisition) require stu-
dents to demonstrate proficiency through consecutive correct responses. These features generate
consistent records of how students engage with problems, including the timing and sequence of
attempts and support use.

Skill builders offer optimal conditions for studying constructs such as help avoidance, where
the same observable behavior may reflect different underlying processes. In skill builders, students
know that the objective is to answer three or more problems in a row correctly in order to complete
(or "master") the assignment and hints are available within most problems. The process-level data
from these activities provide a basis for examining how students’ choices about when to select
(or avoid) help through hints is related to their performance on proximal and distal outcomes.
We chose this dataset because its fine-grained granularity allows us to closely examine student

interactions with hints and scaffolds, revealing distinct behavioral patterns. Beyond the current
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analytic sample (N = 348), leveraging such an expansive infrastructure creates opportunities to

extend this research and evaluate its generalizability across varied educational settings.

Current Study

This study examines how help-avoidance behavior is defined and measured in ASSISTments
and how the timing of these behaviors relates to student performance. Using a publicly available
dataset from a large-scale efficacy study (Roschelle et al., 2016), we analyze data from 348 middle
school mathematics students in the Northeastern United States. The analysis uses problem-level
records of student interactions, including time-stamped actions, prior knowledge estimates, and
hint request behavior. Prior knowledge is incorporated using a mastery threshold of 0.43 (i.e., the
likelihood a student has mastered a skill) motivated by Aleven et al. (2006). Mastery threshold was
operationalized as a prior knowledge proxy using Bayesian Knowledge Tracing (BKT). Because
BKT estimates latent skill mastery while accounting for guess and slip probabilities, crossing the
mastery threshold provides a mathematically reliable indicator of established domain competency.
These data allow us to examine how students persist, when they request support, and how these
patterns relate to proximal outcomes within the platform and distal outcomes on standardized tests.

The study is guided by the following research questions: (1) How can help avoidance be op-
erationalized in online learning environments and how does students’ probability-of-knowledge
estimate affect this measure? (2) How often do students exhibit help avoidance under a probability-
of-knowledge threshold-based definition? (3) What patterns of time and problem-solving behavior
are observed within help-avoidance cases? (4) How are help-avoidance behaviors, including their
timing and structure, related to proximal and distal performance outcomes?

Prior work suggests help-avoidance behavior may not be fully captured by existing definitions.
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We expect that current measures may group together behaviors that differ in how students engage
with problems. Particularly, persistence without support may reflect sustained effort or a failure to
recognize the need for help. By incorporating measures of time, attempts, and prior mastery, this

study examines whether these differences can be distinguished and how they relate to performance.

Methods

Compliance with Ethical Standards

All procedures were conducted in compliance with relevant laws and institutional guidelines
and were approved by [Institution blinded for review] Institutional Review Board on 10/24/2025

(Protocol blinded for review).

Dataset

This study uses ASSISTments log data collected during the 2013-2014 and 2014-2015 aca-
demic years from students who participated in the Maine ASSISTments efficacy trial (Roschelle
et al., 2016). Students and teachers participated for one academic year within one of two cohorts,
each situated in seventh-grade math classrooms. The data reflect regular in-classroom platform
use rather than a short-term research intervention. This context is relevant because the present
study examines how an operationalization of help avoidance behaves under typical instructional
conditions, where students encounter varied problem types and teachers determine assignments.

Teachers used ASSISTments for required classwork and homework alongside their existing
curricula, which drew from multiple textbooks. The platform delivered content aligned with
these materials, allowing teachers to assign problems corresponding to ongoing instruction. Skill

Builders (mastery-focused problem sets requiring a series of consecutive correct answers to prove



THE RELATIONS BETWEEN HELP AVOIDANCE AND PERFORMANCE 10

skill mastery) were not required by the study protocol, and teachers varied in how frequently they
assigned them. This detail is relevant as the analyses depend on students encountering problems
with available hints. Although assignment was discretionary, many teachers used Skill Builders
regularly, resulting in a sufficient number of hint-enabled problem interactions for analysis.

Platform data were linked to end-of-year TerraNova math assessment scores, which serve as
the distal outcome measure. The TerraNova is a widely recognized, nationally norm-referenced
standardized assessment used to evaluate overall student achievement in core subject areas, in-
cluding middle school math. These scores do not capture immediate problem-level performance
or help-seeking behavior directly. Instead, they provide a common external measure of academic
performance that can be compared with student-level summaries of platform interactions.

From an initial dataset of 12,857 students with 29,659 completed problems, filtering for match-
ing start-end dates and hint availability yielded 7,985 students and 13,825 problems. A second
filter restricted interaction time to under 20 minutes (e.g., attempt or hint-request clicks), target-
ing actions immediately preceding help requests. This step retained all 7,985 students and 13,825
problems. Finally, merging these platform logs with non-null TerraNova assessment records pro-
duced an analytic sample of 348 unique students and 1,802 problems, with interaction times under
20 minutes. TerraNova raw scores had a mean of 692.4 and a median of 698.0, with an interquar-
tile range from 677.8 to 721.0 and a range from 487 to 848. The distribution was approximately

normal.

Problem-Level Measures and Preprocessing

The data consist of action-level ASSISTments logs, where each record represents a single stu-

dent action on a problem. These actions include answer attempts and requests for help in the form
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of on-demand hints. Because the operationalizations examined in this study depend on whether a
student attempts a problem before requesting help, the action-level records provide the temporal
detail needed to recover this sequence. The data were aggregated to the student—problem level,
which serves as the unit of analysis for all subsequent measures.

To study help avoidance, the dataset was restricted to problems with hints available. This re-
striction ensures that help-seeking is possible and that comparisons can be made between instances
where students request support and those where they do not. The retained observations therefore
correspond to student—problem instances in which help could be accessed.

Aggregation to the student—problem level produced measures of how a student engaged with a
problem prior to, or in the absence of, a help request. For each instance, we retained whether a hint
was requested, the number of attempts made before the first hint request, the elapsed time before
the first hint request, and total time on the problem. For problems in which no hint was requested,
the attempt and time variables correspond to total attempts and total elapsed time. This approach
preserves information about persistence and latency even when students do not seek help, which is
central to evaluating whether similar classifications reflect different patterns of behavior.

Each student—problem instance was associated with a probability-of-knowledge estimate, de-
noted P(Know). This measure was derived from a Bayesian Knowledge Tracing model (Corbett
and Anderson, 1994) fit in prior work and applied to the present data (Botelho, 2019). Concep-
tually, P(Know) represents the estimated likelihood that a student has mastered the relevant skill
prior to beginning the problem. This allows for distinction between cases in which a student at-
tempts before seeking help while likely lacking knowledge and those in which similar behavior
may reflect greater preparedness. Because P(Know) is continuous, identifying instances of “low

knowledge” depends on the choice of a threshold. Prior work has shown that this choice affects



THE RELATIONS BETWEEN HELP AVOIDANCE AND PERFORMANCE 12

how help avoidance is measured (Almeda et al., 2017), which motivates our approach.

Replication of Threshold-Based Help Avoidance

Aleven et al. (2006) introduced a problem-level operationalization of help avoidance intended
to capture cases in which a student who likely needs help does not seek it before attempting a
problem. Under this definition, help avoidance occurs when a student’s estimated probability of
knowledge falls below a specified threshold and the student makes an attempt before requesting
help. In Aleven et al., the threshold was set at P(Know) < 0.6 . This operationalization is
simple and interpretable, but the choice of threshold is consequential because it determines which
student—problem instances are treated as cases where help should have been sought.

Almeda et al. (2017) revisited this by treating the threshold as an empirical choice rather than
a fixed constant. Using the same general problem-level rule, they varied the threshold across var-
ious candidate values. For each, they aggregated problem-level labels to the student level as the
proportion of problems on which each student was classified as exhibiting help avoidance, and
then examined how that student-level measure correlated with several outcome variables. Their
interpretation focused not on the threshold yielding the largest correlation, but on how the correla-
tion pattern changed across thresholds. They observed that correlations appeared more variable at
lower thresholds and more stable above approximately 0.6. On that basis, they argued a threshold
near 0.6 was a reasonable choice.

This progression from Aleven et al. to Almeda et al. is central here as it identifies the thresh-
old as a substantive component of the operationalization rather than an arbitrary implementation
detail; also suggesting a particular selection logic. Rather than identifying the threshold that max-

imizes predictive association with an outcome, the goal is to identify a threshold above which the
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resulting measure behaves consistently. This ensures threshold changes no longer materially alter
the observed relationship with outcomes. That logic motivated our replication analysis.

To operationalize help avoidance, we evaluated candidate knowledge thresholds across the
probability scale from 0.05 to 1.00 in increments of 0.01. For each candidate threshold, problem-
level help avoidance was defined following Aleven et al. (2017), and we aggregated to the student
level as the proportion of hint-enabled problems on which the student exhibited help avoidance.
We then computed the Pearson correlation between these student-level proportions and TerraNova
scores across candidate thresholds, producing a correlation profile. A complete summary of all
variables, log metrics, and operational decision rules is provided in Table 1.

To select the threshold, we formalized Almeda et al.’s (2017) stability logic by identifying the
cut point in the correlation profile that best separated a variable lower region from a stable upper
region. Specifically, candidate thresholds were scored by evaluating the ratio of variance in corre-
lations below versus above the cut point, combined with a balance penalty to avoid extreme edge
partitions. The selected threshold was the candidate value that maximized this stability criterion,
yielding an optimal threshold of 7 = 0.43, which was then used to instantiate the help-avoidance
measure in subsequent analyses. Full formal definitions, aggregation equations, and scoring crite-

ria are provided in Appendix A.

Application of the Derived Measure and Analytic Strategy

Following the replication analysis, the threshold of 7 = 0.43 was applied to the ASSISTments
data to generate a problem-level help-avoidance label for each student—problem instance. Terra-
Nova scores were standardized using a z-score transformation to place the outcome on a common

scale. This facilitates comparison of coefficients across models and simplifies interpretation of
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direction and relative magnitude.

To examine the behaviors surrounding this measure of help avoidance in the context of student
performance we conduct two exploratory analyses. The first evaluates whether the derived measure
is associated with student performance. This assesses whether the measure captures information
beyond general patterns of engagement or correctness. The second examines whether behaviors
classified as help avoidance form a homogeneous population. This follows from the concern that
the operationalization may group together student actions that differ in how learners engage with

problems prior to or instead of requesting support.

Analysis 1: Outcome Relevance at the Student Level

The first analysis examined the association between student-level help avoidance and standard-
ized TerraNova performance. For each student, we computed the proportion of problems classified
as help avoidance, along with total problems, total attempts, and total log-transformed time. From
these, we derived average attempts and average log time per problem. These measures were com-
bined with TerraNova scores and additional behavioral summaries, including average hint usage
and correctness. These variables serve as alternative indicators of student engagement and perfor-
mance, allowing the analysis to assess whether the help-avoidance proportion captures information
beyond broader patterns of platform use.

We estimated a sequence of linear regression models predicting standardized TerraNova scores.
The first model included only the help-avoidance proportion. The second model added average hint
usage and average correctness. The third model further included average log time per problem, av-
erage attempts per problem, and the total number of problems completed. This staged approach

allows for evaluation of whether the association between help avoidance and TerraNova perfor-
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mance persists after accounting for more general measures of engagement and performance. In
this context, regression is used to assess the explanatory contribution of the derived measure rather

than to optimize prediction.

Analysis 2: Behavioral Heterogeneity Within Help Avoidance

The second analysis examined whether observations classified as help avoidance form a be-
haviorally consistent category. This follows from the concern that a threshold-based measure may
group together students whose behaviors differ in how they engage with problems prior to or
instead of requesting support. To examine this possibility, we restricted the dataset to problem
instances labeled as help avoidance and summarized each student’s behavior within that subset.

For each student, we computed the mean and variance of P(Know), number of attempts, and
time spent on help-avoidance problems. We also calculated the proportion of problems falling into
coarse categories, such as multiple attempts or longer time on task. These summaries capture both
typical behavior and variation within help-avoidance cases, allowing for assessment of whether
these instances are consistent or reflect mixed patterns of engagement.

The resulting student-level summaries were merged with standardized TerraNova scores and
used to fit a regression tree. The tree was used as a subgroup discovery tool rather than a predictive
model. This approach allows for identification of behavioral configurations that may arise through
interactions among time, attempts, and estimated knowledge without requiring specification of
these interactions in advance.

After identifying tree-defined subgroups, we examined them in two ways. First, we inspected
the partition structure to characterize the behavioral profiles present among students whose cases

were classified under the same rule. Second, we estimated linear regression models that included
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subgroup indicators along with selected continuous behavioral predictors. This step evaluates
whether the identified subgroups differ in their association with TerraNova performance. Together,
these analyses assess whether the threshold-based operationalization captures a single form of

behavior or a set of distinct patterns with different outcome relationships.

Results

Replication of threshold-based help avoidance

Applying the replication procedure described in Replication of Threshold-Based Help Avoid-
ance, the variance-based selection criterion identified P(Know) = 0.43 as the threshold in the
present dataset, which resulted in 128 identified help-avoiders within the analytic sample (N =
348). Figure 2 shows the correlation between the student-level proportion of help avoidance and
TerraNova score across candidate thresholds, along with the variance-balance score used to select
the threshold. The score reaches its maximum at 0.43, indicating that this value separates a lower-
threshold region with greater variation in correlations from a higher-threshold region with more
stable patterns.

The correlation profile in the top panel of Figure 2 is consistent with the pattern described
by Almeda et al. (2017). Correlations to the right of the selected threshold vary within a narrow
range and remain close to zero, suggesting that increases beyond 0.43 produce little change in
the relationship between help avoidance and TerraNova score. The selected threshold therefore
corresponds to a transition between a region of higher variability and one of relative stability.

The lower portion of the threshold range exhibits two additional patterns. First, the strongest
negative correlations occur at the smallest threshold values. This pattern is consistent with the

interpretation that very low thresholds isolate students with particularly low estimated knowledge,
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where help avoidance is more likely to reflect unmet need for support and is associated with lower
performance. Second, correlations become positive over a portion of the range immediately below
the selected threshold. This pattern should be interpreted cautiously, but it suggests that behaviors
captured in this region may differ from those implied by the original operationalization. One
possible interpretation is that some students delay help while remaining engaged with the problem.
Because these results are correlational, they do not support causal claims about the benefits of
avoiding help, but they indicate that the meaning of the measure varies across the P(Know) range.

In this dataset, 0.43 provides a separation between a region in which the measure is sensitive
to threshold choice and one in which it behaves more consistently. This threshold was used in all

subsequent analyses.

Results of Analyses Examining Help Avoidance Behavior

Applying the threshold from the replication analysis, we computed the student-level proportion
of help avoidance across hint-enabled problems and examined its association with standardized
TerraNova performance.

Table 2 presents the regression models described in Section Replication of Threshold-Based
Help Avoidance. In the first model, the help-avoidance proportion was not significantly associated
with TerraNova score, b = —0.024, p = .685, with an effect close to zero. Adding average hint
usage and average problem correctness in Model 2 did not change this result. The coefficient for
help avoidance changed sign but remained small and non-significant, b = 0.043, p = .457. In the
fully specified model 3, the coefficient remained non-significant, b = 0.040, p = .503.

Across models, average problem correctness was the strongest and most consistent predictor of

TerraNova scores, and average hint usage was positively associated with performance in Models 2
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and 3. The help-avoidance measure did not account for additional variation in the outcome beyond
these variables. The full model explained approximately 12% of the variance in TerraNova scores,
with an adjusted R? of approximately .11, indicating that most variation remains unexplained by
the behavioral summaries included here. These results do not provide evidence that the threshold-
based help-avoidance measure is associated with student-level TerraNova performance.

This null result can be interpreted in two ways. One possibility is that the behavior captured by
this measure is not strongly related to distal performance in this dataset. Another possibility, which
aligns with the motivating argument of the study, is that the measure combines different behavioral
patterns whose associations with performance differ and may offset one another when aggregated.
The following analysis examines this possibility by evaluating behavioral heterogeneity within
help-avoidance cases.

To examine whether students classified as help avoidant formed a behaviorally consistent
group, we restricted the dataset (N = 12,857) to help-avoidance cases (n = 128) under the de-
rived threshold and summarized each student’s behavior within that subset. Figure 1 shows the
regression tree fitted to these student-level summaries. The tree partitions students primarily based
on mean P(Know), with additional splits on average time and number of attempts. Even under a
binary label, students differ along these dimensions, indicating variation in how they engage with
problems prior to or instead of requesting support.

The regression tree identified nine terminal groups representing distinct combinations of mean
knowledge, time, and number of attempts. Most groups are associated with negative predicted
TerraNova values relative to the standardized mean, indicating that many patterns captured by the
help-avoidance label are associated with lower performance. This pattern is most evident on the

left side of the tree, where students with higher mean P(Know) within their help-avoidance cases
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(n = 24) consistently show below average predicted outcomes, a trend that is most severe for those
who also spend longer time on problem (n = 7).

The right side of the tree shows a smaller set of groups with positive predicted outcomes.
These groups are concentrated among students with mean P(Know) between approximately 0.29
and 0.38 and fewer than 3.3 attempts per problem (n = 56). Within these groups, longer time
on problem is associated with higher predicted performance (n = 42). This pattern suggests that
some behaviors classified as help avoidance differ from those typically associated with ineffective
persistence. In particular, a subset of students combine moderate estimated knowledge, fewer
attempts, and sustained time on task in ways associated with stronger outcomes (n = 73).

To examine whether these subgroup differences persist after accounting for continuous be-
havioral measures, we estimated a regression model including group indicators along with mean
attempts and mean time, shown in Table 3. The model was statistically significant, F'(10,117) =
5.24, p < .001, and explained approximately 31% of the variance in TerraNova scores, with an
adjusted R? of .25. Mean attempts was not significantly associated with the outcome, while mean
time showed a positive trend.

These results indicate that the threshold-based operationalization does not identify a single be-
havioral pattern. Most groups classified as help avoidant are associated with lower performance,
but a subset shows more positive relationships with the outcome. These groups may include stu-
dents whose behavior is more consistent with sustained engagement prior to seeking support.
These students appear to spend more time on problems while making relatively few attempts,
within a range of estimated knowledge that meets the threshold criterion but does not reflect the
lowest levels of proficiency. The findings indicate that the operationalization aggregates multiple

behavioral patterns with different relationships to performance.
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Discussion

This study examined how help-avoidance behavior is operationalized in ASSISTments, a widely
used digital learning platform (DLP) for middle school mathematics, and how these definitions re-
late to performance. Building on the threshold-based framework of Almeda et al. (2017), we
introduced an empirical procedure to select probability-of-knowledge threshold. Across two anal-
yses, the results indicate that current operationalizations capture a set of behaviors that exhibit
inconsistent associations with distal outcomes.

The replication analysis identified P(Know) = 0.43 as the point that separates regions of
greater sensitivity from those in which the correlation profile is more stable. This value is lower
than the 0.60 threshold used in prior work (Aleven et al., 2006; Almeda et al., 2017). While Almeda
et al. (2017) relied on visual inspection of correlation patterns, the variance-based criterion applied
here produces a comparable but more explicit selection rule. Differences in the resulting threshold
likely reflect differences in the datasets, including population, domain, and model parameters.
Prior studies examined university students in a genetics context, whereas the present data come
from middle school mathematics classrooms. These differences support treating the threshold as
an empirical quantity that may vary across contexts. In addressing RQ1, these findings show that
the measurement of help avoidance is sensitive to the choice of probability-of-knowledge threshold
and that different values can produce substantively different classifications.

Accordingly, P(Know) = 0.43 should be interpreted as a dataset-specific estimate rather than
a general recommendation. The variance-based approach formalizes the identification of stable
regions in the correlation profile, but it also depends on analytic choices, such as the form of the

balance term. These choices influence the selected value, which should therefore be viewed as one
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estimate within a broader range of plausible thresholds.

Help Avoidance and Distal Performance

The absence of a significant association between the student-level help-avoidance proportion
and standardized TerraNova scores across all three regression models is an important null result. In
addressing RQ2, the student-level proportions indicate that help-avoidance behavior occurs with
measurable frequency across learners, although its prevalence varies by student and does not, on
its own, distinguish differences in distal performance. This relationship remained non-significant
after optimizing the threshold and controlling for correctness, hint usage, time, and number of
problems completed. Average problem correctness was the strongest and most consistent Terra-
Nova score predictor, followed by average hint usage, which was positively associated with distal
performance. This pattern is consistent with prior work showing that effective use of available sup-
ports is associated with improved outcomes (Aleven et al., 2006; Baker et al., 2011). The contrast
between the positive association for hint usage and the null result for help avoidance suggests that
engaging with support may be more relevant to performance than persistence without it.

There are at least two interpretations of this result. One possibility is that help-avoidance
behavior may not have a strong relationship with distal performance in this dataset. TerraNova
scores reflect cumulative performance over an academic year and are influenced by factors beyond
platform interactions. This is consistent with prior work showing that fine-grained behavioral
measures often account for a limited portion of variance in standardized assessments (Baker et al.,
2011). A second interpretation, which aligns with the theoretical motivation of this study, is that
the null result reflects the aggregation of different behavioral patterns within a single measure.

Students who persist without seeking help may differ in whether that persistence reflects sustained
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engagement or a failure to recognize the need for support. When these patterns are combined into a
single proportion, their associations with performance may offset one another. In addressing RQ4,
these results indicate that help-avoidance behavior, when aggregated, does not show a consistent
relationship with distal performance. The heterogeneity analysis was designed to examine this

possibility directly.

Behavioral Heterogeneity Among Help Avoiders

The regression tree analysis demonstrates that help-avoidant students do not form a behav-
iorally uniform group. The tree partitions students primarily by mean P(Know) within help-
avoidance cases, with secondary splits on time on problem and attempt count. These distinctions
confirm that students matching the same problem-level rule differ in their problem-solving behav-
ior. In addressing RQ3, these results indicate that help avoidance encompasses multiple behavioral
patterns rather than a single, consistent form of engagement.

Most terminal nodes were associated with below-average predicted TerraNova scores, consis-
tent with prior work characterizing help avoidance as maladaptive (Almeda et al., 2017; Baker
etal., 2011). This pattern is most evident among students with higher mean P(Know) within their
help-avoidance cases, particularly when combined with shorter time on problem. This profile sug-
gests a pattern of limited engagement, where students make rapid attempts without sufficient time
or knowledge to make progress. Such behavior is consistent with prior descriptions of disengaged
or superficial interaction (Baker et al., 2010) rather than deliberate avoidance of support.

A smaller set of groups shows a different pattern. Students with mean P(Know) between ap-
proximately 0.29 and 0.38, fewer than 3.3 attempts, and longer time on problem were associated

with more positive predicted outcomes. The follow-up regression indicates that several of these
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subgroups differ from the reference group even after accounting for time and attempts. One inter-
pretation is that these students engage in sustained effort prior to seeking help (Kapur, 2008). In
this case, behavior classified as help avoidance may reflect continued engagement with the problem
rather than a failure to seek support. Because the analysis is observational and the regression tree is
used for subgroup discovery, this interpretation should be treated with caution. However, the pat-
tern is consistent with the possibility that the current operationalization groups together behaviors
that differ in how students respond to difficulty.

This finding presents a broader challenge in measuring student behavior using interaction data.
Prior work shows that students may appear to be engaged from observable actions while making
limited progress (Baker et al., 2011). Our results suggest that behaviors associated with persistence

and disengagement may not be easily distinguished within the current operationalization.

Toward a More Granular Operationalization

These findings indicate a need to reconsider how help avoidance is defined and measured in
DLP research. Even with threshold refinement, the current operationalization remains limited in
capturing differences in how students engage with problems and decide whether to seek support.

A more granular operationalization may incorporate additional dimensions of student behavior.
First, time on problem prior to a help request, or in the absence of a request, provides information
about the level of engagement before deciding not to seek help. Second, the number of attempts
made before a hint request reflects how many opportunities a student has had to adjust their ap-
proach before bypassing available support. Third, consistency in behavior across help-avoidance
cases may distinguish students who delay help in some instances from those who exhibit more

consistent patterns of avoidance. In addressing RQ3 and RQ4, these dimensions help explain the
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varying relationships with performance.

Each of these dimensions was reflected in the regression tree analysis, where differences in
time, attempts, and estimated knowledge were associated with different outcome patterns. These
findings suggest that incorporating multiple behavioral features may provide a more accurate rep-

resentation of help-avoidance behavior than a single threshold-based measure.

Limitations

Several limitations should be considered. First, the distal nature of the TerraNova assessment
introduces variation that the behavioral summaries are unlikely to fully capture. End-of-year stan-
dardized tests reflect a broad range of competencies influenced by factors beyond students’ interac-
tions within ASSISTments, including instructional context, motivation, and test-taking strategies.
The weak association between the help-avoidance proportion and TerraNova scores may therefore
reflect the difficulty of linking fine-grained behavioral measures to aggregate outcomes.

Second, the analytic sample was limited to 348 students with linked TerraNova records. This
restriction reduces statistical power and may introduce selection bias if these students differ sys-
tematically from those without linked outcomes. Future work should examine whether the ob-
served patterns replicate in samples with more complete outcome data.

Third, the P(Know) estimates used in this study were derived from a larger auxiliary dataset
and applied to the present sample. The extent to which these estimates reflect student knowledge
in this context is uncertain, and any inaccuracies will affect the resulting help-avoidance classifica-
tions. This limitation is common to approaches that rely on Bayesian Knowledge Tracing (Corbett
and Anderson, 1994) and applies to prior work in this area.

Finally, the structure of ASSISTments shapes how students interact with problems. Features
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such as on-demand hints, scaffolded sub-problems, and immediate feedback influence when and
how students seek support. As a result, patterns of help avoidance observed in this setting may dif-
fer from those in other DLPs with different support structures. Generalization beyond this context
should therefore be made with caution. Similarly, information regarding how teachers implement
ASSISTments within their instructional routines is unavailable. Classroom use may vary, such as
the relative proportion of classwork to homework, introducing unobserved behavioral differences
across the dataset. Contextual factor details could provide crucial insights into how instructional

settings mitigate help avoidance and encourage timely help-seeking.

Implications for Research and Practice

One of the most notable findings of this study is that help avoidance is not a homogeneous
trait. Our analysis reveals that within the same aggregate classification, delaying assistance may
manifest as productive struggle for some learners and unproductive persistence for others. In
traditional physical classrooms, help-seeking is heavily influenced by social dynamics; students
may avoid asking questions to protect their social standing, avoid negative peer evaluation, or
manage how their errors are perceived (Ryan et al., 2001; White and Bembenutty, 2013). Yet, our
findings hint that in DLPs, where these social threats are minimized, avoiding immediate support
may reflect a strategic effort to understand the problem rather than a failure to engage. Fostering
true self-regulated learning requires giving students the space to navigate difficulty independently.
Therefore, teachers should interpret persistence cautiously, recognizing that a student delaying
help-seeking might be engaging in a productive, self-regulated choice.

Similarly, DLPs that rely on binary detection of help avoidance based on a knowledge threshold

risk failing to distinguish between students who need immediate support and those engaged in pro-



THE RELATIONS BETWEEN HELP AVOIDANCE AND PERFORMANCE 26

ductive struggle. Incorporating additional behavioral indicators, such as time on task and attempt
sequences, can better identify when intervention is needed without disrupting cognitive process-
ing. Building on this, our study shows that how help avoidance is operationalized, specifically
the threshold used to define when help should be sought, directly affects the behavioral categories
identified and their relationship with outcomes. Using a data-driven threshold selection procedure,
we identified a threshold that differs from prior work and yields a help-avoidance measure not asso-
ciated with distal performance at the aggregate level. However, heterogeneity analysis reveals that
this null result conceals underlying variations in metacognitive processes among students classified
as help avoiders.

For researchers, these findings highlight the critical need to move away from treating help
avoidance as a single, homogeneous behavioral construct. As DLPs become increasingly central
to educational practice, the validity of the behavioral measures derived from their interaction logs
becomes increasingly important. More behaviorally nuanced operationalizations of help avoid-
ance have the potential to improve learning analytics, inform adaptive instructional systems, and
advance theories of self-regulated learning by more accurately identifying when students are en-
gaging productively and when they require additional support. To achieve this, researchers can
leverage ASSISTments and similar digital learning platforms with shared research infrastructures
to reproduce our operationalization across different samples. Doing so establishes a foundation
for testing theoretically meaningful questions about persistence and the underlying drivers of help
avoidance. Rather than asking whether students avoid help, future research should focus on under-
standing how, when, and why students choose to persist independently before seeking assistance.
That shift in perspective may ultimately lead to more effective educational interventions and a

richer understanding of how learners regulate their own learning.
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Conclusions

This study revisited the operationalization of help avoidance in a DLP by examining how prior
knowledge thresholds and fine-grained behavioral data influence the identification of help-avoidant
behavior. Although we identified an empirical threshold that differed from previous work, refin-
ing the threshold alone did not produce a measure that consistently related to distal mathematics
achievement. Instead, the findings indicate that help avoidance, as currently operationalized, en-
compasses multiple behavioral patterns that differ in their relationships with student performance.
Notably, they suggest that help avoidance should be understood as a heterogeneous construct rather
than a single maladaptive learning behavior. Observable actions, such as delaying or foregoing
available support, may reflect different forms of self-regulation, ranging from productive persis-
tence to unproductive struggle. Distinguishing among these behaviors is essential for developing
measures that more accurately represent how students engage with challenging learning tasks.

Acknowledging the complexity of help avoidance is an important step toward building more
responsive educational practices. By continuing to refine how we measure and interpret pauses in
help-seeking, DLPs can better support the independence and strategic problem-solving they aim
to cultivate. This ensures that adaptive environments respect productive persistence, intervening
primarily when a learner’s struggle is no longer beneficial. Ultimately, this nuanced approach has
the potential to foster deeper understanding and stronger self-regulatory skills.

Declaration of generative AI and Al-assisted technologies in the manuscript preparation
process During the preparation of this manuscript, the authors used generative Al tools (specif-
ically Gemini and ChatGPT) to improve the clarity and conciseness of the writing. The authors
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Figure 1
Regression Tree for Students Classified as Help Avoidant
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Figure 2
Threshold Replication Analysis
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Table 1

Replication of Threshold-Based Help Avoidance: Concepts Definitions and Operationalizations

Variable/ Measure  Operational Definition Source Data / Log Met- Thresholds/ Decision Rules
ric
Help Avoidance A student lacks sufficient knowl- ~ASSISTments logs: Classified as help avoiders
(HA) edge to solve a problem and makes accuracy, hint requests, based on Almeda et al’s
an attempt without asking for help.  attempts prior to hint, threshold. Evaluated under
BKT P(Know), Terra- baseline benchmark (r =
Nova scores, and action 0.60) and empirical stability
timestamps threshold (7 = 0.43).
Probability- The likelihood that a student knows ~ ASSISTments BKT Continuous (0.0 to 1.0).
of-Knowledge the underlying skill prior to at- model log outputs Thresholds tested: 7 = 0.60
P(Know) tempting the problem, derived (Almeda et al. benchmark)
from Bayesian Knowledge Tracing and then 7 = 0.43 (empirical
(BKT). cut-off).
Hint-Enabled Prob- Problems that offer on-demand ASSISTments problem Binary (1 = hints available, O

lem

hints to support students.

configuration logs (prob-
lem metadata)

= no hints available). Used
as a filter: non-hint problems
excluded from HA analysis.

Hint Request Whether a student requested a hint ASSISTments event logs Binary (1 = Hint requested,
on a problem. (hint button click) 0 = No hint). Aggregated at
student level as average hint
usage.
Attempts Before Number of attempts made before Timestamped response Ratio variable (0, 1,2, ...).
First Hint Request seeking a hint. logs prior to hint request
Total Attempts Total number of attempts on a prob-  ASSISTments response Ratio variable (0, 1, 2, ...).
lem when no hint was requested. logs Aggregated at student level
as average attempts per prob-
lem.
Elapsed Time Before Time spent before a student re- Timestamp during prob- Time since last action was 20
First Hint Request quested a hint. lem (minutes) minutes or less.

Total Time on Prob-
lem

Total time taken to complete the
whole problem.

Timestamp during prob-
lem (minutes)

Includes problem sessions
completed within the same
day. Aggregated at student
level as average log time per
problem.

Correctness Whether the student answered the ASSISTments item cor- Binary (0 =no, 1 =yes). Ag-
question correctly on their first at-  rect/incorrect gregated at student level as
tempt. average problem correctness.

Total Number of Total count of hint-enabled prob- ASSISTments problem Count variable. Used as a

Problems lems completed by the student. logs control variable (N problems)

in regression models.

Distal Math  Standardized mathematical TerraNova standardized Standardized scale score.

Achievement (Terra-
Nova Scores)

achievement score.

scores

Note. T denotes the candidate prior knowledge cutoff threshold (P(Know)). Students with P(Know) < 7 on a
given item are classified as lacking foundational knowledge for that skill.
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Table 2
Linear Regression Models Predicting TerraNova Score from the Student-Level Proportion of Help Avoidance and
Additional Behavioral Covariates

Predictor Model 1 Model 2 Model 3
Intercept —0.014(0.058)  —0.018(0.055)  —0.019(0.055)
Help Avoidance —0.024(0.058)  0.043(0.058)  0.040(0.059)
Avg hint usage 0.230%(0.055)  0.182"*(0.060)
Avg correctness 0.297*+*(0.058)  0.301***(0.058)
Avg log time —0.034(0.060)
Avg attempts —0.088(0.059)
N problems 0.1047(0.060)
R? 0.000 0.105 0.122
Adjusted R? -0.002 0.097 0.106

N 348 348 348

tp < .10. *p < .05. *¥¥p < .01, #*¥p < .001.

Note. Outcome variable is standardized TerraNova score. All predictors were standardized prior to
estimation; coefficients are therefore unstandardized in scale but comparable across predictors. Values are
reported as 3 (SE).

Table 3
Regression of Standardized TerraNova Scores on Behavioral Subgroup Membership Among Help-Avoidant Students

Predictor B SE
Intercept (reference group) —1.88"*  (0.57)
Mean attempts —0.11 (0.10)
Mean time 0.002F  (0.001)
Group 1 1.59*  (0.54)
Group 2 0.81 (0.62)
Group 3 1.94*  (0.59)
Group 4 1.067 (0.59)
Group 5 2.007*  (0.52)
Group 6 1.79  (0.62)
Group 7 2.18%  (0.65)
Group 8 2.59*  (0.49)
R? 0.31
Adjusted R? 0.25

N 128

tp < .10. *p < .05. *p < .01. #*¥p < .001.

Note. Outcome variable is standardized TerraNova score. All predictors are computed at the student level
within help-avoidance cases. Group indicators represent terminal nodes from the regression tree.
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Appendix A

Replication of Threshold-Based Help Avoidance For a candidate threshold 7, we defined problem-

level help avoidance as
HA;(1) =T (P(Know);; <7 A attempt before hint,;) ,

where ¢ indexes students and j indexes problems. This preserves the structure of the Aleven def-
inition while allowing the threshold to vary. The threshold was evaluated over the interval from
0.05 to 1.00 in increments of 0.01. This grid spans nearly the full support of the probability scale
while providing sufficient resolution to detect changes in the behavior of the measure across nearby
threshold values.

For each threshold, the problem-level labels were aggregated to the student level as

PropHA,(7) = n E HA;; (1),
n;
j=1

where n; is the number of retained hint-enabled problems for student 7. This aggregation follows
Almeda et al. and is necessary because the outcome examined in the replication, TerraNova score,
is defined at the student level. The resulting quantity represents the proportion of a student’s
observed problems classified as help avoidance by the threshold-based rule.

For each threshold 7, we then computed the Pearson correlation between PropHA,(7) and
TerraNova score across students with non-missing TerraNova data. This produced a sequence
of correlations indexed by threshold. Reproducing this correlation profile was important for two
reasons. First, it allowed us to examine whether our dataset exhibited the same broad pattern
described by Almeda et al. Second, it provided the empirical object on which threshold selection

would be based in the present study.
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Almeda et al. argue that threshold choice should be informed by correlation profile stability,
not merely the magnitude of a single correlation. More explicitly: if small threshold shifts produce
substantial correlation changes, the measure is sensitive and difficult to interpret as its operational
meaning shifts appreciably. Conversely, if the correlation remains consistent across nearby thresh-
olds, the measure behaves more stably. A threshold near the transition from instability to stability
is therefore of particular interest.

To formalize this logic, we treated the threshold-selection problem as identifying a cut point in
the correlation profile that separates a variable region from a stable one. Each candidate threshold
partitioned the correlations into lower and higher threshold segments, from which we computed
the variance within each segment. Variance directly captures how the help-avoidance relationship
fluctuates across thresholds. A candidate threshold aligns with Almeda et al.’s qualitative logic
when the correlations below it are relatively variable and the correlations above it are relatively
stable.

This comparison requires more than maximizing the ratio of lower-to-upper threshold variance.
A threshold near the search ranges edge could produce an extreme ratio from very few points, fail-
ing to represent a meaningful transition. To address this, we introduced a balance term penalizing
thresholds that split the profile too unevenly. This term peaks when the threshold divides candi-
dates into similarly sized segments, ensuring the criterion favors cut points supported by non-trivial
information on both sides.

For each candidate threshold, we therefore computed a score that combined three ideas: high
variability below the threshold, low variability above the threshold, and adequate representation of
thresholds on both sides of the cut. Let V;(7) denote the variance of correlations for thresholds

less than or equal to 7, let Vz(7) denote the variance of correlations for thresholds greater than 7,
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and let B(7) denote the balance term derived from the proportion of evaluated thresholds on the

lower side of the cut. The score was defined as

Vi(r)+e

S(7) =log (7\/3(7) "

)l

where € is a small constant included to avoid numerical instability and « controls the strength of the
balance penalty. In the present study, o was set to 1. The logarithmic ratio ensures that the score
increases when variance below the threshold is larger than variance above it, while the balance
term discounts thresholds that produce trivial partitions.

The selected threshold was the value of 7 that maximized S(7). This procedure retains the
empirical logic underlying Almeda et al.’s analysis, but expresses it in a form that can be repro-
duced, inspected, and applied consistently. The resulting threshold was then used to instantiate the

help-avoidance measure in the subsequent analyses.
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Threshold-based metrics show weak associations with distal outcomes.
Results suggest behavioral diversity within help-avoidance categories.
Low latency and high mastery may indicate passive disengagement.
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Strategic persistence patterns predict higher standardized scores.
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