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Abstract: Learning involves challenge, and students respond to challenging content in
different ways. This study investigates the antecedents and contexts of downshifting: seeking
out easier questions while using a digital learning platform. We study this behavior using
student data from Rori — a chatbot-based math intelligent tutoring system that operates over
WhatsApp and is widely used in several African countries. Specifically, we use Sequential
Pattern Mining to study the behaviors that immediately precede and follow downshifting and
Bayesian Knowledge Tracing to evaluate students' mastery of the content prior to
downshifting. Results show that the behavior is often preceded by sequences of incorrect
answers, suggesting that some students may be adaptively downshifting to avoid failure.
However, some students seem to downshift despite being on track to master the current
content. We also find that students using Rori in schools as part of their regular curricula are
likelier to downshift than those who access Rori independently. We position downshifting
within a general taxonomy of behaviors related to persistence in ITSs and suggest further
research into the causes of the behavior.

Introduction

Learning often requires struggle through difficulty and even failure (Bjork & Bjork, 2020; Kapur, 2012;
VanLehn, 1988). However, failure can lead students to disengage in a variety of ways. For example, Baker et al.
(2008) hypothesized that gaming the system — exploiting system features to progress without learning — might
be used to avoid failure when problems feel too difficult. There is also evidence that students tend to game the
system more while working on ambiguous and abstract content, both features likely associated with problem
difficulty (Baker et al., 2009). Similarly, stopout — early quitting of a learning activity — tends to be preceded by
failure (Botelho et al., 2019). These examples suggest that experiences of failure may cause students to stop
meaningfully engaging with the material.

Failure may lead a student to seek easier learning activities as an alternative to disengagement and,
possibly, as a form of self-regulation (Higgins & Spiegel, 2004). Some platforms allow students to switch to
easier content during a learning activity — a behavior we call downshifting. Various motivations may explain
downshifting. In some cases, students may avoid challenging tasks (Baker et al., 2010), whereas in others, they
choose not to persist in the face of difficulty (cf. Botelho et al., 2019). However, in other cases, students may
recognize that they are not ready for the current content and choose more appropriate content (Zimmerman &
Moylan, 2009). As such, downshifting behavior is not necessarily maladaptive or clear evidence of
disengagement, as it could be an appropriate response to a misalignment between student abilities and content
difficulty.

This study explores the contexts in which students downshift to understand the circumstances in which
they exhibit the behavior and identify when it is likely adaptive or maladaptive. We examine downshifting in a
chatbot-based, math-focused intelligent tutoring system, Rori (described below), which allows students to
switch the grade level of content at any time. Specifically, we explore how students use this agency to navigate
problem difficulty and respond to patterns of success and failure. First, we use Sequential Pattern Mining (SPM)
to explore the behaviors that precede and follow downshifting. Next, we use Bayesian Knowledge Tracing
(BKT) estimates to explore the relationship between downshifting and learning trajectories, allowing us to
distinguish between students on track to have mastered the material had they continued with the lesson and
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those who were struggling to a greater degree. Finally, we examine the differences in the prevalence of
downshifting between students using the Rori voluntarily (in independently chosen activities) and students using
Rori as part of their regular school curriculum.

Background

Challenges and failure often benefit learning (Bjork & Bjork, 2020; Kapur, 2012; VanLehn, 1988). Therefore,
persistence — the drive to continue a task until its completion in the face of challenge or failure — is generally
considered the optimal response to failure (DiNapoli et al., 2023; Ryan, 1938; Peterson & Seligman, 2004).
However, students react differently to difficulty, negative feedback, and failure, with some students taking steps
to avoid further failure (avoidance motivation) and others strategizing for future success (approach motivation)
(Elliot, 2013). Avoidance may manifest in gaming the system (Baker et al., 2009) or stopout behaviors (Botelho
et al., 2019). From this perspective, not all persistence is productive (Krumm et al., 2015); sometimes, students
persist even when they are not on track to succeed during the learning activity (e.g., wheel-spinning; Beck &
Gong, 2013). In these cases, the learner is unprepared for the current activity and may need to learn more
foundational content first (e.g., Falmagne & Doignon, 2012).

Thus, there may be times when it is ideal to switch to an easier or prerequisite activity (i.e.,
downshifting). In other words, downshifting may often be an appropriate self-regulatory learning strategy in
which students evaluate their performance and respond with foresight about whether to persist (Zimmerman &
Moylan, 2009). Research on problem difficulty in intelligent tutoring systems demonstrates that providing
students with problems with optimal difficulty can increase engagement and improve learning outcomes
(Papousek et al., 2016; Zhang & Goh, 2021). It is, therefore, plausible that students downshift to find problems
that align with their ability to optimize learning. Furthermore, downshifting may signal appropriate emotional
self-regulation as psychological factors (i.e., frustration, anxiety, fatigue) can inhibit their readiness to learn
from more complex problems, even if they have the cognitive capacity to succeed (Boekaerts, 2011).

Therefore, the decision of whether or not to downshift is complicated not only by the challenge of a
student inferring their readiness and predicting whether persistence will be fruitful, but also by the psychological
experiences associated with struggle. For example, Zhang et al. (2021) found that students who reported feelings
of difficulty while using a computer-based learning platform were less likely to use strategic behaviors in the
learning activity. Furthermore, some students may experience failure aversion, leading them to avoid tasks when
they believe they may not succeed (Zhang et al., 2022). Other students seek to avoid effort (Skaalvik, 1997),
which could also lead to downshifting when a student perceives that the current content is difficult. In order to
fully understand downshifting, we must account for the possibility that students may choose this behavior for a
variety of reasons, from maladaptive failure aversion or limited motivation to persist, to adaptive and positive
self-regulation strategies.

Method
Study Context

Rori is a free intelligent tutoring system, administered through WhatsApp and accessible with a 2G internet
connection, developed to provide students with one-on-one math instruction (Henkel et al., 2024). Unlike many
intelligent tutors, Rori interacts with students using natural language processing methods, including large
language models. These methods allow students to have an open-ended conversation about math concepts and
specific math problems, which Rori presents to students during micro-lessons (short problem sets) on specific
topics. These lessons are based on the Global Proficiency Framework, an internationally recognized set of math
learning standards (Ovsyannikova, 2019), and content is available for grades 1-10. Each micro-lesson provides
instruction, tailored scaffolding, and worked examples. Figure la presents an example of Rori's interactions
during a lesson on statistics. When students start interacting with Rori, they are placed into difficulty levels
based on a system-administered pretest assessment. However, they have the agency to choose which topics to
study and to adjust their grade level anytime by asking Rori for the menu. Rori reminds them of this option each
time they start a lesson (Fig. 1b). Within this study, we define downshifting as a student moving to a different
knowledge component in a lower grade level of content (e.g., 6™ to 5™).

Rori is open and free to anyone using WhatsApp. However, it was specifically developed for use in
Africa and is currently used by over 60 thousand users in Ghana, Kenya, Liberia, Nigeria, Rwanda, Sierra
Leone, and Tanzania. Some students use Rori in conjunction with their curriculum, while others use it
independently. A recent randomized control trial conducted in 11 Rising Academy schools in Ghana showed that
using Rori during study halls significantly positively impacted math learning outcomes (Henkel et al., 2024).
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Throughout this paper, we will refer to those in Ghana’s Rising Academies as the Rori In-School sample and all
others as the Rori Open sample.

Data

The current study uses problem-level log-file data, which include the lessons and topics students worked on, the
grade level of the content, students' responses to Rori math questions, and whether those responses were correct
or incorrect. The sample comprises 8,125 students, 5.86% Rori In-School and 94.14% Rori Open. These data
were collected between May 2023 and October 2023. Within that time, students submitted 506,858 attempts to
30,5198 questions across 40,149 microlessons.

(a)
@ Rori

The mean of 20, a, 25, 30, 40, and 45
is 35.
What is a?

(b)

@ Rori

Remember that you can always use
the following keywords:

Great job, you gotit! 1:54 pm menu (open menu and choose a new
topic)

help (speak to the people who made
Rori)

stop (finish for the day) 1:47 PM

The mean of 4 scores; b, 85, 90, and
95 is 882
how much is b?

Start lesson!

Almost. Try it again. 1:56 pM

Mean = 88
(b+85+90+95)/4 = B8

can always use the
Solve for ¢ 1:56 PM u and choose a new t...
B 56 PM

Start lesson! 1:47 PM

The mean of 4 scores; b, 85, 90, and
95 is 882

how much is b? 1:56 PM Let's do some math together! .47 pm

Good job fixing that!

+ (I

Figure 1

Example chats with Rori. Fig. 1a (left) shows how Rori presents problems and responds to correct
and incorrect answers. Fig. 1b (right) shows a message the student receives at the beginning of each
lesson, reminding them that they can use the keyword “menu’ to choose other topics, including
those with different levels of difficulty.

Analyses

Our analyses are primarily exploratory and descriptive as we seek to understand the patterns and frequencies of
behaviors surrounding downshifting. We evaluate this behavior using Sequential Pattern Mining (SPM) and
Bayesian Knowledge Tracing (BKT).

SPM is a data mining technique that identifies patterns or trends that occur in a specific order over
time. It aims to identify more frequent sequences or subsequences of events while maintaining their order of
occurrence. SPM is particularly helpful for understanding temporal data, such as a series of actions. In SPM,
each data instance consists of an ordered list of items or events. The goal is to discover recurring subsequences
that meet certain prevalence (referred to as “support” in SPM) thresholds, indicating that these patterns occur
frequently enough across multiple sequences in the dataset. Our analysis used the SPADE algorithm,
implemented through the arulesSequences package (Buchta, 2023) in R (Ihaka & Gentleman, 1996). The



SPADE algorithm was chosen for its efficiency and ease of implementation for real-world applications (Zaki,
2001). When implementing SPM, we restricted our data in three ways. First, we only looked at actions of
correct or incorrect attempts on a problem. Multiple attempts on the same problem were included in the analysis.
Second, we only examined sequences of actions immediately before and after students switched content — three
attempts before the content change and two after. Thus, all the patterns were mutually exclusive. Third, we only
examined sequences where the maximum time between problem attempts was less than 30 minutes to avoid
considering sequences that span multiple learning sessions.

BKT is a modeling method that tracks a learner's mastery of specific skills or knowledge — known as
knowledge components — over time (Corbett & Anderson, 1995). It applies a Hidden Markov Model to estimate
the probability that students know a particular concept based on their performance on related tasks. The model
uses four key parameters: the probability of learning on the first attempt, the probability of acquisition, the
probability of making correct guesses, and the probability of making mistakes despite already having learned the
knowledge components (i.e., a slip). BKT is widely used in ITSs to predict future performance (Abdelrahman et
al., 2023). The BKT model used in this analysis performed satisfactorily with an AUC of 0.74 when predicting
whether students get the next problem correct in a sequence of problems on the same topic, in line with or
moderately higher than BKT's typical performance (Mao et al., 2018; Lee et al., 2023). Fifteen (8.33%)
micro-lessons had insufficient data for training BKT models (Slater & Baker, 2018) and were excluded from
BKT-related analyses.

In our application, we used BKT parameters to predict the likelihood that each student knows the
knowledge component during each problem before and after downshifting. We then convert this likelihood to a
binary label (“mastery”) using a liberal threshold of 0.80. Although the original use of Bayesian Knowledge
Tracing used a threshold of 0.95 to indicate mastery (Corbett & Anderson, 1994), subsequent work in some
platforms has chosen a threshold of 0.80 (e.g., Wang et al., 2022). This liberal threshold can be seen as
distinguishing between whether students are close to mastering the knowledge component, as opposed to more
stringent thresholds used to determine with more certainty that the student has mastered the knowledge
component. BKT estimates at or above this threshold are designated as instances in which students either
mastered the knowledge component or are likely to master it within the next few problems (likely mastered).
When estimates are below this threshold, students have not reached mastery (not mastered) and may need
multiple subsequent problem attempts or alternative instruction to reach mastery.

Results

Frequency and context of downshifting

On average, students downshifted in 15.06% of the micro-lessons. A substantial minority (18.65%) of students
downshifted at least once while using the platform. Nearly half (48.05%) of these students downshift more than
once. Those who downshifted at least once averaged 3.99 switches. However, this distribution was positively
skewed (SD = 5.57; skew = 2.82), indicating that some students were downshifting substantially more
frequently. Downshifts per micro-lesson was positively correlated with the number of micro-lessons students
completed (Spearman's rho = 0.42, p < 0.001).

Table 1 presents the ten most common sequences identified by the SPM. As stated above, we restricted
the sequences to five actions: three problem attempts before and two after each downshift. These ten sequences
represent 74% of the patterns surrounding the behavior of downshifting. All but one of the sequences included
at least one incorrect response before the downshift. In eight of the sequences, the downshift is immediately
preceded by an incorrect response. After downshifting, students are more likely to answer more questions
correctly. However, some patterns suggest continuing struggles. Even though students are successful directly
after they begin easier content in seven of the top ten sequences, students still gave an incorrect answer within
the next two problems in half of these sequences. These patterns reveal that, in most cases, students struggle to
produce correct answers before downshifting, and they generally, though not always, perform better after this
switch.
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Table 1
SPM Results of actions before and after switching to an easier level

Action Relative to Easier Level Change

Prevalence Action -3 Action -2 Action -1 Action 0 Action +1 Action +2
0.19 correct incorrect incorrect downshift correct correct
0.13 incorrect incorrect incorrect downshift correct correct
0.12 correct correct correct downshift correct correct
0.05 correct incorrect incorrect downshift correct incorrect
0.05 incorrect incorrect incorrect downshift correct incorrect
0.04 correct correct incorrect downshift correct correct
0.04 incorrect incorrect incorrect downshift incorrect incorrect
0.04 correct incorrect incorrect downshift incorrect incorrect
0.04 incorrect correct correct downshift correct correct
0.04 incorrect incorrect incorrect downshift incorrect correct

These trends can also be seen in the overall average correct/incorrect rates for each action relative to
the level change, as presented in Table 2. During the three actions preceding the incorrect response, students’
accuracy decreases from 0.60 (Action -3) to 0.37 (Action -2) to 0.32 (Action -1). After switching to easier
content, accuracy increases to 0.76 (Action +1) and 0.71 (Action +2).

Table 2

Performance on actions before and after switching to an easier level
Action Relative to Downshift Correct Incorrect
Action -3 0.60 0.40
Action -2 0.34 0.66
Action -1 0.32 0.68
Action +1 0.76 0.24
Action +2 0.71 0.29

Overall, these results show that although most students never downshift, the behavior is hardly rare;
nearly one-fifth of learners exhibit the behavior. The SPM and descriptive statistics of correct and incorrect
responses demonstrate that switching to lower levels is typically a response to failure and often multiple
subsequent failures. Although these students are not quitting the system entirely (unlike in the stopout behavior
reported in Botelho et al., 2019), they are quitting the current problem set and moving to easier content.
Interestingly, students who downshift tend to complete more micro-lessons overall, perhaps indicating that
downshifting is not a reflection of overall disengagement with the content.

Relation between downshifting & knowledge component mastery

While patterns of downshifting are a part of some users’ experiences, it is unclear whether the behavior is
harmful. Downshifting could represent a maladaptive avoidance of difficult problems from which the student
could benefit. Alternatively, it may be an adaptive response to a lesson that is too difficult for the student. To
differentiate between these two possibilities, we evaluate the behavior based on the probability that the student
has mastered the lesson’s knowledge component before downshifting, using the BKT estimates from the activity
prior to downshifting.
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The density plot of the student's probability of mastery during actions preceding and
after switching to easier content.

Figure 2 presents the probability distributions that students had mastered the knowledge component on
each action preceding and following their downshifting. A visible bimodal distribution is present for the actions
preceding the shift, showing that some students downshift when they are unlikely to have mastered a knowledge
component, but others do so even when mastery is likely. If we threshold the BKT data by 0.80, as explained in
the Method section, almost a third (32%) of these students were likely to master the lesson's knowledge
commons on subsequent attempts.

Table 3 shows the prevalence of incorrect responses by the binary mastery estimates after the last
action before downshifting (Action -1). The overwhelming majority (96%) of the students with lower mastery
levels had at least one incorrect response within the previous three actions. However, even for students with
higher mastery levels (over 0.80), downshifting is often preceded by errors; a majority of these students (63%)
submitted at least one incorrect response. Thus, some students downshift after failure, even though they appear
to be likely to know the skill and are likely to get the next problem correct.

Table 3

Prevalence of the number of failures by mastery estimates

Mastery N Number of Incorrect Responses in the Last Three Actions
Action -1 0 1 2 3
Likely Mastered 967 0.37 0.24 0.33 0.06

Not Mastered 1474 0.04 0.14 0.45 0.37

Differences in downshifting between school implementation and open access

So far, we have focused on factors within the Rori platform associated with downshifting behavior, such as
failure and probability of mastery; however, external contextual factors are also likely to play a role in this
behavior. Although we do not have extensive information about each student's learning environment, we can tell
whether students are in the Rori In-School or Rori Open populations. This is an important distinction, because
most Rori Open students are studying independently and likely of their own volition, whereas Rori In-School
students were required to use Rori as part of their normal school day. These contextual differences may result in
student samples with different levels of motivation, which may impact when and how downshifting occurs. For
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example, students who opt-in to using Rori may have more intrinsic motivation to persist compared to those
with required usage.

Table 4 presents the average percentages of micro-lessons in which students downshifted across the
two populations. Students in the Rori In-School sample downshifted more frequently than those in the Rori
Open sample (p < 0.001). As Table 4 shows, this result was consistent regardless of whether students were likely
or unlikely to master the knowledge component before downshifting.

Table 4
Means (standard deviations) and Mann-Whitney test of differences in the percent of micro-lessons in
which students downshift behaviors between Rori populations

Rori In-School Rori Open p-value
Downshifting 29.38% (19.95%) 4.00% (11.47%) <0.001
Downshifting - likely mastered 8.00% (8.51%) 1.37 (6.37%) <0.001
Downshifting - unlikely mastered 16.47% (14.88%) 2.19% (8.40%) <0.001

Discussion

This paper examines downshift — moving to easier content during a learning activity — which has been
underexplored in learning sciences. Almost a fifth of our sample downshifted at least once, often after strings of
incorrect responses. According to knowledge tracing estimates, most of these students had less than an 80%
likelihood of mastering the knowledge component on which they were working. However, in almost one-third of
these instances, knowledge tracing estimates indicated that students had mastered or were close to mastering the
lesson’s skill. These findings, considered together, suggest that although downshifting behaviors are likely a
low-persistence response to failure, the behavior may be adaptive for some and maladaptive for others.
Furthermore, downshifting prevalence also varied based on whether students accessed Rori as part of their
regular curriculum, suggesting that external contextual factors influenced this behavior.

We propose that downshifting can be integrated into a taxonomy of persistence behaviors in mastery
learning activities, which involves two dimensions: the level of persistence and the probability of mastering the
knowledge component when persisting (see Table 5). Krumm et al. (2016) define productive persistence as a
tendency to continue with a difficult task as well as a "good use of strategies." For strategies to be good, their
application must lead to positive results (e.g., mastery). For example, persistence is likely to be productive if a
student is highly likely to master the knowledge component. Alternatively, high persistence with a low
probability of mastery leads to wheel spinning. Downshifting is positioned as a lower persistence behavior —
between persistence and disengagement -- which can also be divided based on students' likelihood of mastery.
Downshifting with a high probability of mastery is maladaptive, as the student would benefit from persistence.
By contrast, when students have a lower probability of mastery, downshifting may prevent wheel spinning and
improve learning. Notably, downshifting is not the lowest level of persistence, as students are likely still
engaged in the content; students who downshifted more frequently tended to complete more micro-lessons.

Table 5
Taxonomy of persistence behaviors in mastery learning activities

Probability of Mastery of Knowledge Components

Higher Lower
Higher Persistence productive persistence wheel spinning
Lower Persistence maladaptive downshifting adaptive downshifting
Disengagement gaming the system, stopout, etc.

There are many plausible explanations for why students downshift even when they have are close to or
have mastered the content. Our results show that even for these students, downshifting tends to be preceded by
multiple incorrect responses. This aligns closely with the “soft underbelly” conceptualization of downshifting,
where students simply avoid challenging content (Baker et al., 2010). Failure aversion provides a potential
explanation for this behavior (Zhang, 2022); students might switch content to avoid the negative feelings
associated with getting problems wrong. Fear of failure during learning activities is negatively associated with
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metacognitive self-regulation (Bartles & Jackson, 2009), suggesting that failure aversion may disrupt students’
decision-making processes when evaluating whether or not to downshift. Downshifting is also plausibly related
to perfectionism, which is associated with anxiety and maladaptive behaviors such as cheating and
procrastination, particularly when perfectionism is socially prescribed (Bong et al., 2014). This theory may
explain the significant differences in behavior between the mandatory school implementations, where teachers
were monitoring student progress and performance, and the opt-in use of Rori, where students were likely using
the platform independently. At school, students may have responded to pressure to get problems correct by
avoiding micro-lessons where they had previously failed.

Self-regulated learning also provides a framework for understanding downshifting as a learning
strategy. In cases where downshifting is an adaptive learning strategy, students likely reflect on their
performance with appropriate self-evaluations and have the foresight to downshift, allowing them to avoid
unproductive persistence (Zimmerman & Moylan, 2009). However, this process is likely complex, as
self-regulated learning requires students to manage their emotional states and protect their sense of self
(Panadero, 2017). Thus, when appraising a learning experience, the student must apply coping strategies to
handle any negative emotions from failure experiences (Boekaerts, 2011). In the case of downshifting, students
must balance affective and cognitive appraisals to determine whether to proceed with the activity. Although
downshifting may often be a product of failure aversion, in some cases, it can be a strategy for mitigating the
emotional consequences of failure that disrupt the learning process, as well as the prospect of unproductive
persistence.

Future Directions

The prevalence and context of downshifting suggest that it is a nuanced learning strategy with adaptive and
maladaptive applications. Our analyses highlight that future research is warranted to document and understand
the interplay of students’ emotional regulation, self-efficacy, confusion, frustration, and cognitive abilities that
may cause downshifting. Future research should consider variations in when students exhibit this behavior (e.g.,
Is it directly after placement into the content by the initial test or does it occur later, perhaps after wheel
spinning?). More work can be done to differentiate between unproductive failure aversion and more constructive
efforts to avoid wheel spinning. A deeper understanding of why the context of use predicts
downshifting—possibly through methods like immediate post-downshifting interviews (Baker et al., in
press)—could also help to reveal motivational factors driving this behavior. Finally, it is crucial to understand
how downshifting is associated with distal outcomes (e.g., Do students eventually successfully return to the
initial lesson? How do they perform on external learning measures?). With a better understanding of the factors
linked to downshifting and its effects on learners, we can guide them in recognizing when downshifting is
beneficial and when it is counterproductive.
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