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Abstract

No matter how well a learning system is designed, it becomes irrelevant when students

quit; once learners disengage, learning ceases. It is therefore paramount to understand why

students quit. To answer this question, we leverage intensive longitudinal practice data from over

200 000 primary-school students in a large-scale online learning environment. First, we show that

sequential errors strongly increase the probability of quitting from learning. Second, we find large

variability in this effect, ranging from no or small tendencies to quit to high sensitivities to quit

following sequential errors. Third, the effect of errors on quitting differed across age, difficulty

level, time of day, and response times. We validate these results in an independent dataset and

show that individual differences are stable across two arithmetic practice domains. While the

threat of disengagement is real, our results provide actionable insights that can both help identify

undesirable sources of disengagement and ultimately help counter it.

Keywords student engagement, quitting, online learning, errors, Markov models, individual differ-

ences
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1 Introduction

The topic of engagement, and its counterpart, disengagement, is central to educational psychol-

ogy (Sinatra et al., 2015). The ultimate form of disengagement from learning is quitting, deliberately

removing oneself from the learning process before its intended end. This may be in the form of

dropout, as often seen in informal learning environments such as Massive Open Online Courses

(MOOCs), where quitting is notably high (e.g., Borrella et al., 2022). In formal learning environments,

particularly on a primary-school level, quitting less often takes the form of course dropout. Rather, it is

more often characterized by a state of short-term disengagement from the current learning task. Con-

ceptualizations of engagement and quitting at this finer grain size have become increasingly common

in the literature, albeit under slightly different labels, including stopout (Botelho, Varatharaj, Inwegen,

& Heffernan, 2019), level quitting (Karumbaiah et al., 2018), micro-persistence (Israel-Fishelson &

Hershkovitz, 2020; Klein-Latucha & Hershkovitz, 2024), and momentary engagement (Symonds

et al., 2024). In this paper, we refer to it as soft-quitting.

While soft-quitting does not directly imply withdrawal from schooling, it is nonetheless conse-

quential. Educational resources—money and effort spent on instruction, curriculum materials, and

digital learning platforms—can only generate their desired value when students enage with them suf-

ficiently. Inefficient use of educational resources not only poses financial threats on society (Botelho,

Varatharaj, Inwegen, & Heffernan, 2019; Brunello & Paola, 2014), they also imply consequences

for individual learning outcomes (Fredricks et al., 2004), employability (Saqr & López-Pernas, 2021;

Symonds et al., 2023), and well-being (Martins et al., 2022; Wong et al., 2024). On top of that, when

quitting is systematic and unevenly distributed due to individual differences within and across schools,

structural inefficiency in how educational resources are converted into learning is created, which risks

widening educational inequalities in society at large (Bryan et al., 2021).

Soft-quitting can also be seen as an early warning sign for larger, more persistent, forms of quitting.

Quitting in online learning has been found to dynamically change over time (López-Pernas & Saqr,

2024; Saqr & López-Pernas, 2021; Saqr et al., 2023; ten Broeke et al., 2022), and different students

have been found to portray different patterns of soft-quitting behavior (Botelho, Varatharaj, Patikorn,

et al., 2019; Karumbaiah et al., 2018; Klein-Latucha & Hershkovitz, 2024). Importantly, students who
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have made more soft-quits in the past are more likely to continue soft-quitting (Karumbaiah et al.,

2018), and soft-quitting may predict longer-term quitting, such as staying disengaged for the rest

of the day (ten Broeke et al., 2022, here referred to as hard-quitting). These findings suggest that

quitting is not a one-off behavior but a dynamic process influenced by both contextual and individual

factors.

A central question, therefore, is what experiences push learners toward disengaging rather than

persisting when learning becomes difficult. In learning environments, one of the most immediate

and informative signals of such difficulty is making an error. Errors provide feedback in learning, but

may also function as motivational stressors that gives rise to quitting. In the following sections, we

review theoretical and empirical work on the role of errors in learning and engagement, with particular

attention to how learners differ in their responses to repeated failure, and how these differences may

give rise to systematic variation in quitting behavior.

1.1 Previous Research on Errors and Quitting

There is a paradox to errors in learning. On the one hand, errors are necessary for learning. They

serve as indicators of performance and signal potential flaws that can be analyzed and utilized for

guiding learning (Metcalfe, 2017; Wilson et al., 2019). On the other hand, making errors while learning

can be frustrating, and an adequate level of motivation is crucial to stay engaged (Brophy, 2013). For

this reason, matching the complexity of the instructional material to the proficiency of the learner is a

central goal in any learning environment.

However, educational environments and instructional materials are often developed with the

implicit assumption that this tension, i.e., the amount of error necessary for a student to maintain

learning and simultaneously resist disengaging, is similar across learners. In this paper, we scrutinize

this assumption by investigating how errors influence disengagement from learning, and, importantly,

how this varies between learners. This is a crucial question for informing learning design; disregarding

variability while it is present risks creating a mismatch between instructional challenge and learner

engagement, and may widen existing inequalities between learners (Bryan et al., 2021).

Notably, errors have been shown to predict quitting in online learning environments. Repeated

mistakes are associated with both reduced learning gains and an increased likelihood of disengage-
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ment (Hou, 2015; Kristensen et al., 2024). According to Hou (2015), maintaining an optimal balance

between challenge and success is crucial for sustaining engagement—a state often described as

“flow” (Csikszentmihalyi, 2000). Their study found that students experiencing lower levels of flow in

a learning game were more likely to make repeated mistakes, suggesting that disengagement and

errors may reinforce each other.

Supporting this view, Arztmann et al. (2025) found that students who quit a learning game

prematurely tended to show recurring patterns of mistakes—more so than those who quit simply

because they failed to reach the last level, or those who persisted throughout. Botelho, Varatharaj,

Inwegen, and Heffernan (2019) identified distinct clusters of students who were more likely to soft-quit

immediately following incorrect responses. Similarly, Karumbaiah et al. (2018) and Liu et al. (2024)

found that students who quit more showed more random and irrelevant interactions in a learning

game. Together, these findings point to patterns of errors as a key trigger of quitting behavior.

1.1.1 Sequential Errors and Dynamic Quitting Processes

Recent work suggests that the relationship between errors and quitting is not limited to isolated

responses to failure, but is inherently temporal in nature. In a large-scale online learning context, ten

Broeke et al. (2022) modeled quitting behavior as transitions between engagement states across time:

(1) persisting, (2) quitting an exercise while remaining within the learning environment (soft-quitting),

and (3) quitting an exercise and exiting the learning environment entirely (hard-quitting). Using

Markov models to capture these state transitions, they found that the accumulation of sequential

errors was the strongest predictor of both soft- and hard-quitting. Specifically, making two, three, or

more consecutive errors substantially increased students’ likelihood of transitioning from persistence

to quitting, and this relationship was subsequently shown to be causal.

A similar perspective on quitting is advanced by López-Pernas and Saqr (2024) and Saqr and

López-Pernas (2021), who conceptualize engagement and disengagement as processes that develop

across time and depend on learners’ prior states. Using longitudinal transition and Markov-based

models, these studies demonstrate that engagement tends to show continuity, such that prior

engagement or disengagement increases the likelihood of remaining in similar states in subsequent

learning moments. Crucially, López-Pernas and Saqr (2024) found that students who experienced
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higher previous success were more likely to transition to more engaged states.

Taken together, it is likely that quitting can emerge through the accumulatation of micro-level

disruptions that gradually weaken engagement and increase the likelihood of disengaging. From this

perspective, repeated errors can be understood as local pertubations that increase the likelihood of

disengagement, and eventually trigger quitting behavior. These studies strengthen the understanding

of quitting as a state-dependent, dynamic process that unfolds over time, and demonstrate the use of

transition-based modeling approaches to capture this process.

1.1.2 Individual Differences

Productively persevering after errors requires a range of adaptive traits, including self-regulation and

meta-cognitive skills. Skinner et al. (2020) offer a comprehensive developmental and social-contextual

framework for understanding motivational resilience—patterns of engagement and effort across

episodes of success and failure. Students who rebound after difficulty exhibit adaptive motivational

responses, whereas those who disengage, for example, by quitting a task prematurely, show signs of

motivational vulnerability.

A central mechanism underlying motivational resilience is self-regulated learning (SRL), which

can be described as the learner’s ability to monitor performance, sustain goal-directed effort, and

regulate emotions under challenge (Zimmerman, 2002). This involves meta-cognitive processes

such as error monitoring, which helps students detect performance mismatches and adjust behavior

accordingly (Dent & Koenka, 2016; Pintrich, 2000; Zimmerman, 2002). Importantly, lower error

monitoring has been linked to reduced conscientiousness and lower persistence (Hill et al., 2016;

Miller et al., 2012). Similarly, individual variation in post-error slowing (PES)—a cognitive control

mechanism in which students momentarily slow down after errors to adjust their behavior—has been

associated with better performance in adaptive learning environments (de Mooij et al., 2022).

A large body of work has examined how learners respond to failure. Dweck’s Implicit Theories of

Intelligence explain that people hold implicit beliefs about whether their intelligence is a fixed trait or a

malleable quality which can be developed through learning and growth (Dweck, 1986). Learners with

a fixed mindset about intelligence tend to interpret errors as signs of personal inadequacy, leading to

avoidance and withdrawal, while students with a growth mindset view errors as learning opportunities,
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fostering persistence (Dweck, 2013; Moser et al., 2011; O’Rourke et al., 2014).

While Implicit Theories of Intelligence provide a framework for understanding the global traits

that lead learners to appraise their errors differently, Tulis et al. (2016) define two momentary error-

related reactions, affective-motivational and action-based, which can be adaptive or maladaptive.

Having adaptive affective-motivational reactions, which involve maintaining confidence and regulating

frustration, has been positively linked to persistence and engagement, while maladaptive reactions

predict disengagement and reduced effort (Grassinger et al., 2018). These forms of adaptivity

operate via different mechanisms and may be unequally distributed across students; learners with low

affective-motivational adaptivity may quit tasks prematurely even if they possess the cognitive skills to

correct errors, because they are unable to tolerate or recover emotionally from failure. Similarly to

Dweck (2013), these momentary error reactions are guided by whether the learner believes they can

learn from the error in the first place: holding positive beliefs about errors as learning opportunities

has been shown to promote emotional stability, increased task engagement, and persistence in

academic settings (Tulis et al., 2018).

Taken together, these theories and findings suggest that there are individual-level variances in the

ability to adaptively detect and respond to errors, giving rise to differences in the effect that sequential

errors have on quitting between students. In this study, we model each student’s tendency to quit

after making errors as a reflection of this variability.

1.1.3 Group Differences

Apart from individual-specific effects, there may be group-level factors that influence engagement. For

example, the characteristics needed to successfully cope with negative feedback and stay persistent

on a task increase with age (Oeri et al., 2024). Furthermore, success rate plays a role in engagement:

experiencing early success predicts that students will stay motivated for a task (Leonard et al., 2023;

Lomas et al., 2013; Toste et al., 2020; Vu et al., 2022), and theories such as Expectancy-Value

Theory (Eccles & Wigfield, 2002) and the Expectancy-Value-Cost Model (Barron & Hulleman, 2015)

highlight that students’ motivation to complete a task is aided by their confidence in succeeding in it

and hindered by emotional and cognitive stressors such as unexpected failure. Thus, the expected

success rate, influenced by e.g. the difficulty of the learning material, may also influence error-induced
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quitting behavior. Another contextual factor is the setting in which the student practices the learning

material. For example, students playing at home may rely more on intrinsic motivation and experience

less influence from social factors, such as fear of negative evaluation after repeated errors which may

occur in a classroom setting. Finally, patterns of quitting may shift over time, as repeated exposure to

the learning material and its feedback mechanisms could build tolerance to it.

Recognizing these influences, we not only examine variability in error-induced quitting on an

individual level, but also explore how these contextual and temporal factors shape the relationship

between sequential errors and quitting.

1.2 Research Aims

The reviewed body of work suggests that understanding quitting requires modeling how repeated

errors influence engagement over time, and how this process varies across learners and contexts.

The present study aims to model the effect of sequential errors on the likelihood of quitting online

learning, and extend this relationship by accounting for individual variability.

We do this by analyzing learning data from Prowise Learn, a large-scale adaptive learning system

for Dutch primary school students to practice language and mathematics (Brinkhuis et al., 2018;

Klinkenberg et al., 2011; Vermeiren et al., 2025). Computerized adaptive learning platforms are

increasingly being used in all levels of education (NCES, 2021; OECD, 2025), and offer promising

tools to tailor instruction and track the engagement of learners in real time (Roschelle et al., 2020;

Toomla et al., 2025). Crucially, the scale of the data provided by this online learning platform

offers a unique opportunity to study heterogeneity across a wide sample of learners interacting with

educational material in a real-world context. Obtaining a representative sample is a crucial condition

to properly assess deviations from mean-level effects (Bryan et al., 2021), making our data ideal for

this goal. Also, the scale of the data enables us to take an exploratory approach and validate those

explorations in an independent dataset. As such, we make no specific predictions on the size or

direction of effects, but adopt a training/testing approach, elaborated in Section 3.

Our analyses proceed in three steps:

1. We assess whether the effect of sequential errors on quitting is moderated by age, difficulty,
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error speed, and context (in vs. out of school). Following from the reviewed literature, we
expect: that younger learners to quit more following errors; when playing on a more difficult
level increases quitting following errors; playing in school, compared to at home, increases the
risk of quitting following errors; and making fast, compared to slow, errors is associated with a
higher probability of quitting.

2. We investigate how quitting patterns change over time, and expect that, with repeated exposure
to the learning environment and errors therein, learners are less likely to quit after errors.

3. Using mixed-effects modeling, we estimate individual-level effects of sequential errors on
quitting. We also assess their stability across two domains (addition and subtraction). That is,
what is the association between individual learners’ post-error quit probabilities in addition and
subtraction? We expect stable individual differences, where individual learners range from low
to high likelihoods of quitting after making repeated errors.

By combining large-scale behavioral data with a focus on within- and between-subject variability,

this study aims to illuminate how students differ in their motivational responses to failure—a key

consideration for both adaptive system design and theories of individual learning differences.

2 Methods

2.1 Online Learning Environment

We use online learning data from the application Prowise Learn (Klinkenberg et al., 2011). In this OLE,

children can choose to enter the Math Garden (for mathematics practice), Language Sea (for language

practice), or Words and Birds (for English language learning). Figure 1 shows a screenshot of the

addition game in the math garden environment. The program utilizes computer-adaptive practice

(CAP), which means that it selects the appropriate difficulty level of the item given each player’s

estimated ability level. The algorithm is a combination of the Elo algorithm (for more information,

see Vermeiren et al. (2025)) and the explicit scoring rule proposed by Maris and Van der Maas

(2012). Importantly, the games are time-limited and ratings increase when a student performs above

expectation (typically accurate and fast), and decrease if the student performs below expectation

(typically incorrect and/or slow). The use of CAP allows us to interpret the findings in the context of

students practicing within their optimal learning level.
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Figure 1: A screenshot of the addition game in Prowise Learn.

Each game that the user can choose to start consists of 10 items. The time given to respond

to an item is shown on the screen in the form of coins, which decrease by one coin per second,

until the time is up or a response is submitted. If the item is answered correctly, the user receives

the number of coins that are left. If the user gives an incorrect response, a fixed number of coins

is subtracted from their total. The next item is selected according to the expected probability that

the user will answer it correctly, which is based on the current item difficulty and user ability rating.

This probability can be manipulated by the difficulty level that the user plays on, and can be 0.90

(easy), 0.75 (medium), or 0.60 (difficult). The difficulty level is set at medium as a default unless

the player chooses otherwise. Apart from difficulty selection, the player can manipulate whether

they can see the disappearing coins at each item, and they can retrieve the answer for the item by

clicking a question mark. In the latter case, the player receives a null score, and the item is skipped.

Lastly, the player can continue to the next item or quit the game by clicking an exit button between the

presentation of items. If no choice is made, the game moves automatically to the next item.

2.2 Data

2.2.1 Ethics

This work was approved by the Ethics Review Board of the Psychological Methods department at

the University of Amsterdam (reference number 2022-PML-15260), and is in accordance with the
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Declaration of Helsinki. Schools or families signing up for Prowise Learn provide informed consent for

their data’s scientific use. Agreements between Prowise Learn and individual schools ensure that

parents are informed about data usage and that participation is voluntary. Data from children without

parental consent were not included, and all data were anonymized before researchers accessed

them.

2.2.2 Inclusion criteria

Users who show non-deliberate gameplay were excluded from all datasets, according to the following

criteria: (1) sessions where the game was started but exited immediately; (2) sessions with sequences

of only incorrect responses; or (3) sessions with three fast incorrect responses in a row (as detected

by the system, resulting in an automatic ending of a game). We also excluded users in grades 1 and

2, as most games are not suited for children in this age; thus, they provide too little data.

2.2.3 Statistical Analyses

All data analyses were conducted using R Statistical Software (R Core Team, 2024, version 4.3.2).

Fitting procedures for the Markov Models were carried out using the msm package (Jackson, 2011,

version 1.7). These models were chosen as they allow for longitudinal modeling of transitions into

multiple states, which fits into the nature of the learning data at hand. The significance of these results

was assessed by deriving confidence intervals using bootstrap methods provided in the msm package.

Confidence intervals for the transition intensity matrix and its covariate values were computed from

10 000 bootstrap samples, assuming a symmetric distribution on the log scale. The 2-State Markov

Model was fitted on 105 864 observations in the training dataset, and 105 733 observations in the

testing dataset.

Mixed-effects logistic regressions were fitted using the glmer function from the lme4 pack-

age (Bates et al., 2015, version 1.1.35.1). This method is suited for the analysis of variability in the

effect of sequential errors on quitting, as it allows us to adhere to a nested structure in the data. In

this way, each individual is treated as a separate level in the analysis and thus their individual effect

of sequential errors on quitting can be estimated. We fit this model on 3998 users in the training data,

and 4091 users in the testing data. All tests were two-tailed with an alpha level of .05.
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2.3 Measures

Quitting A soft-quit is defined as when the learner exits a game before it’s intended end (i.e., before

completing 10 items), within the current learning session. A learning session ends if the learner exits

the learning environment and is inactive for at least 30 minutes.

Sequential Errors This variable denotes how many errors a student has made in a row, directly

before the current item. When the user makes a correct response, the variable is reset to 0. For

the 2-state Markov Models, the variable is discretized and can take on the values 0, 1, 2, 3, or >3.

For the mixed-effect models, the variable is continuous and can take on any value between 0 (no

error made) and 10, which is the maximum amount of sequential errors possible before a game is

complete.

Difficulty setting We measure whether the student chooses to play on the easy, medium, or difficult

setting.

Speed of responding We include a binary response time variable, where a response is considered

fast if the response time is faster than the median response time, and slow if it is slower than the

median response time.

Playing inside or outside school hours Additionally, we measured whether students play during

school hours or not, as a proxy for the context in which they were practicing. School hours were

considered to fall between 07:00 and 15:00 on weekdays. This is a binary variable and takes on the

values 0 (in school) or 1 (outside school).

User ability To estimate user ability, we extracted the last user rating estimate (determined by the

Elo Rating System and Explicit Scoring Rule, described above) for each user within the relevant

domain and data collection period.
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3 Results

In this section we first show that, in general, making sequential errors substantially increases the risk

of quitting from learning. We then demonstrate wide individual differences in this effect; while some

students have a very high risk of quitting after errors, some are resilient. We showcase these results

within two popular arithmetic games in Prowise Learn: addition and subtraction. Prior to narrowing

down the analyses to these domains, we examined the dynamics of quitting across all games on

the platform. In addition to estimating transition probabilities between persisting and soft-quit states,

this allowed us to include a hard-quit state (i.e., the student leaves the platform entirely), as has

been done previously by ten Broeke et al. (2022), and served as a baseline measurement of quitting

behavior across all domains in the current data. Analysis procedures and all estimated transition

rates can be found in the Supplementary Material, Section 1.

For the subsequent analyses, we used log data from users playing the addition and subtraction

games within the Math Garden environment in Prowise Learn. Both games consist of arithmetic

items suited for students with a wide range of addition and subtraction ability. We chose data from

the addition game spanning a three-year period between 2020-09-01 and 2023-07-31, resulting in

more than 25 million responses from 255 568 unique learners. We followed the same procedures

for data from the subtraction game (n = 196 895). Here, we report results from the addition game;

findings from the subtraction game were comparable and are reported in the Supplementary Material,

Section 2.

Furthermore, given the size of our data, we took a data-driven approach, exploring model

parameters in a training dataset (n = 105 864 in the addition game), and later validating our models

on an untouched testing dataset (n = 105 733). Grade, gender, ability, and choice of difficulty level

were equally distributed across both datasets (Supplementary Materials Section 3.2). Here, we report

results from the training dataset; results from the testing data set are reported in the Supplementary

Material, Sections 2 and 3.
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3.1 Sequential Errors Increase the Risk of Quitting from Learning

Across training and testing datasets, about 31% of sessions ended prematurely. To estimate the

general probability of switching between a persisting to a quitting state, three 2-state Simple Markov

Models were defined. First, a model estimating baseline transition rates without the influence of any

covariates. Second, we model the likelihood of a state transition, while controlling for the following

covariates: gender (male vs. female), age (3–4 vs. 7–8 and 5–6 vs. 7–8 years old), difficulty level

(easy vs. medium, hard vs. medium), playing outside vs. inside school hours, and sequential errors (1,

2, 3, and >3, each level compared to making no error). Lastly, we fit a model including an interaction

term between sequential errors and all other covariates. That is, we estimated how the effect of

quitting following sequential errors differs across grade, difficulty level, response time, and playing

during or outside school hours. These three models are hereafter referred to as the constrained,

covariate, and interaction models, respectively.

The interaction model provided the best fit to the data, according to AIC (AICbaseline = 2835833;

AICcovariate = 2367165; AICinteraction = 2359080) and likelihood ratio test (ω2(35) = 8133, p <

.001.) measures. Results of this model are displayed in Figure 2. In this model, users transitioned

between a persisting to quitting state at an instantaneous rate of 0.018. Hazard ratios demonstrated

that 1, 2, 3, and >3 sequential errors had a considerable effect on the likelihood of transitioning from

a persisting to quitting state: learners were 6.45 to 14.62 times more likely to quit when encountering

one or more errors in a row while practicing addition (Figure 2, left).

Main effects of difficulty level, speed of errors, and playing inside or outside school hours were

small, but significant (Figure 2, left). When compared to the default medium difficulty level, learners

were slightly more likely to quit when playing on an easy (5% increased risk) and hard (8% increased

risk) difficulties. Similarly, fast responding slightly reduces (around 5%) the quitting risk, compared to

slow responding. Younger students have a progressively higher risk of quitting compared to older

age-groups (there is 15% increased risk of quitting for 5–6 year old children, and 44% for 3–4 year

old children, compared to 7–8 year old children). Lastly, practicing during school hours is associated

with a 38% decrease in the risk of quitting, compared to practicing outside school hours.
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Figure 2: Hazard ratios for the main (left) and interaction (right) effects derived from the 2-state
markov model on the addition game. Main effects are on a log scale. Each hazard ratio for the
interaction effects represents the relative increase or decrease in the likelihood of transitioning into a
quitting state for each covariate across each level of sequential error. For example, the transitioning
into a quitting state when making more than 3 sequential errors is approximately 1.35 times more
likely if the response was fast, compared to slow. Lines represent the 95% confidence interval.

3.2 Error-induced Quitting Differs Across Age, Response Time, Difficulty, and Time

of Day

All interaction effects were significant (Figure 2, right). The interaction effect between sequential

errors and response time revealed that users were less likely to quit after making 1 error with a fast

response time, but more likely to quit after 2, 3, and >3 sequential errors when they have a fast,
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compared to a slow, response time. Further, users playing on the easy difficulty level were more

likely to quit following 2, 3, and >3 sequential errors, while users playing on the difficult level were

less likely to quit following all levels of sequential errors. Effects of grade reveal that younger users

were less likely to quit after 1 error, but more likely to quit after 2 sequential errors, compared to

older users, with no difference in quitting for 3 or > 3 sequential errors across grades. Lastly, playing

during school hours led to less quitting following 2, 3, and > 3 sequential errors, compared to playing

outside school hours.

3.3 Error-Induced Quitting Reduces over Time

Within Prowise Learn, there is a large variance in the amount of sessions that players have played.

This also means that some users encounter errors more often than others. To explore whether the

amount of sessions a user has played affects their tendency to quit, we looked at the average quitting

rate across sessions. Specifically, we examined how the probability of quitting after an incorrect

versus a correct response changes as a function of the number of sessions a user has played. We

separated these analyses by difficulty level and prior experience with the platform. Prior experience

was necessary to control for, as some learners played their first ever session within the collected

data (labeled new user) while some already had experience with the platform before data collection

(labeled existing user). This exploratory analysis revealed two important trends in our data: (1)

post-error quitting decreases with more playing experience, while post-correct quitting does not, (2)

post-error quitting is more likely while playing easy and difficult levels, but not post-correct quitting.

These longitudinal effects are displayed in Figure 3.
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Figure 3: Post-error vs. post-correct quit probabilities, separated across difficulty levels and new
vs. existing users. A user was classified as a new user if their first experience in the addition game
occurred during the period of data collection, and existing user if they had played the addition game
before the start of data collection. Ribbons around the estimates represent a 95% confidence interval.

3.4 Error-induced Quitting Differs Across Individuals

Finally, to examine the variability in the effect of sequential errors on quitting across users in the

OLE, we performed a mixed-effects logistic regression. Importantly, in order to have enough data to

estimate individual effects, we excluded users who had played less than 50 sessions and made less

than 10 quits in total. This resulted in a sample of 3998 users. 1

We fit three separate mixed-effects models. In all models, we used a student identifier as the

grouping variable and modeled the fixed effect of sequential errors on quitting. In this case, sequential

errors was treated as a continuous variable, ranging from 0 to 10. The first model estimated quitting

predicted by sequential errors and included a random intercept term allowing for the baseline quit rates
1Due to the relatively low base rate of quitting in our data, these stringent selection criteria were necessary for proper

convergence of our logistic models. To investigate potential bias due to these selection criteria, we fitted glmer models
where we only removed extreme cases from our sample (students who either never quit or always quit), as these cases
cause the convergence issues. This resulted in a sample size of 77 873, from which we randomly sampled 2000 students
and performed the same mixed-effect model (including a random intercept and slope). For robustness, we reiterated this
process 10 times. The effect size of sequential errors on quitting ranged from 1.14 (SE = 0.021) to 1.18 (SE = 0.022), which
is larger than the originally reported 0.84 (SE = 0.007). This ensured that our selection criteria did not bias the results in a
positive direction.
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(at 0 sequential errors) to vary across users. Second, we modeled quitting predicted by sequential

errors, including a random intercept and a random slope, allowing the effect of sequential errors on

quitting to vary across individual users. Lastly, we fit a model including a random intercept, a random

slope, and fixed effects of user ability and grade, thus allowing these two variables to be controlled for.

2

The third model provided the best fit to the data (Table 1). There was a significant fixed effect of

sequential errors (ε = 0.81; SE = 0.001; p < .001) on quitting. This is equivalent to an odds ratio (OR)

of about 2.25, meaning that for every sequential error committed, the risk of quitting increases by about

2.25. There was a significant effect of user ability (ε = →0.10;SE = 0.01; p < .001;OR = 0.90) and

grade (ε = →0.05;SE = 0.004; p < .001;OR = 0.95) , meaning that the risk of quitting is higher for

users with lower ability ratings and in lower grades. Correlation estimates between fixed effects can

be found in Supplementary Table S10.

Adding random person variance to the fixed effect of sequential errors on quitting resulted in a

substantially better model fit (Table 1). The variance estimate for the intercept was 0.39 (ϑ = 0.62)

and for the effect of sequential errors was 0.14 (ϑ = 0.38), signaling a large variance around the fixed

effect of sequential errors on quitting. This can also be demonstrated by the variance in odds ratios:

a student who lies 1 standard deviation below the average effect is 1.53 times more likely to quit per

sequential error, whereas a student who lies 1 standard deviation above the average effect is 3.28

times more likely to quit per sequential error that they have committed. There was a weak negative

correlation between random intercept and slope estimates (r = →.10), implying that users who quit

less after a correct response are slightly more likely to quit when faced with errors. All glmer model

estimates are reported in Table 2.

Results on Test Data The testing dataset consisted of 4091 users. Despite random sampling to

training and testing datasets, and identical data selection across both datasets, model fitting proce-

dures on the testing data had poorer convergence rates compared to the training data. Nevertheless,

BIC values and a likelihood ratio test provided evidence that the model including fixed effects of
2In light of the previous results that tendency to quit differs across difficulty levels, we aimed to fit a model also including

difficulty level as a covariate, but due to our stringent data selection criteria, each difficulty group was too small for the
model to fit adequately.
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Table 1: GLMER Model Fit Indices

Training Data Testing Data

Model Params (N) AIC BIC Log-Likelihood AIC BIC Log-Likelihood

1. 3 1047301 1047340 -523647 1041610 1041649 -520802
2. 5 1032731 1032796 -516360 1027581 1027646 -513785
3. 7 1013950 1014041 -506968 1027433 1027525 -513710

Note. All models include a fixed intercept, and fixed effect of sequential errors on probability of quitting.
Random effects are modeled across individual users. Models 1, 2, and 3 are ordered by increasing
complexity: Model 1 = Model with random intercept; Model 2 = Model with random intercept and random
slope; Model 3 = Model with random intercept, random slopes, and covariates grade and user ability ratings.

sequential errors, user ability, and grade, a random intercept and random effect of sequential errors

on quit probability fit the data best, similar to the training data (Table 1). BIC values were similar

across datasets. Full model comparison results and estimated model parameters in the testing data

are reported in Table 2, as well as Supplementary Tables S8–S11.

Table 2: GLMER Effect Estimates

Training Data Testing Data

Addition Subtraction Addition

Fixed effects ε SE p ε SE p ε SE p

(Intercept) -3.48 0.023 <.001 -3.59 0.025 <.001 -3.57 0.024 <.001
Sequential errors 0.81 0.007 <.001 0.74 0.007 <.001 0.81 0.006 <.001
Ability rating -0.10 0.011 <.001 -0.07 0.011 <.001 -0.09 0.011 <.001
Grade -0.05 0.005 <.001 -0.07 0.004 <.001 -0.03 0.004 <.001

Random effects ϑ
2 SD cor ϑ

2 SD cor ϑ
2 SD cor

(User) intercept 0.39 0.62 0.39 0.62 0.41 0.64
(User) sequential errors 0.14 0.38 -0.10 0.12 0.34 -0.09 0.13 0.36 -0.10

Note. cor denotes the correlation between the random intercept and random effect of sequential errors. SE
= Standard Error; SD = Standard Deviation.

3.5 Individual Differences are Stable Across Two Arithmetic Domains

The aforementioned findings reveal individual differences in the extent to which quitting rates of users

playing the addition game within Prowise Learn are affected by sequential errors. In this final step of

the analysis, we sought to examine the robustness of these findings by extracting individual effects

of sequential errors on quitting from the same users, but in a different domain, namely, subtraction.
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Here, we included users who played at least 50 sessions and made a minimum of 10 quits in both the

addition and subtraction game within the given data collection period; n = 1765.

Similar to the addition game, there was a significant main effect of sequential errors (ε = 0.74;

SE = 0.007; p < .001), user ability (ε = →0.07; SE = 0.011; p < .001), and grade (ε = →0.07; SE

= 0.004; p < .001; Table 2). The random variance estimate for the intercept was 0.39 (ϑ = 0.62)

and for the effect of sequential errors was 0.12 (ϑ = 0.34; Table 2). Importantly, to estimate the

stability of individual differences across the two domains, we computed correlations between the

random intercepts and random slopes extracted from users’ data for both the subtraction and addition

games. Figure 4 (left) shows individual effect estimates in both domains from 300 randomly sampled

users. There was a strong correlation between users’ individual effects of sequential errors on quitting

(random slopes) in the addition and the subtraction game (r = .64; p < .001). Likewise, there was a

strong correlation between users’ baseline quitting rates in both domains (r = .80; p < .001; Figure 4,

right).
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Figure 4: Left: Baseline quitting rates (intercept) and effects of sequential errors on quitting (slope)
for 300 randomly sampled users, across both the addition and subtraction domain. Datapoints are
ordered from lowest to highest effect estimate in both graphs. Horizontal lines denote the fixed effect.
Vertical lines represent the 95% confidence interval of each user’s effect, estimated from repeated
resampling (n = 200) from the posterior distribution of the random effects. The REsim function from
the package merTools (v. 0.6.2; Knowles et al. (2016)) in R was used to achieve this. The points of
users whose effect estimate is not significantly different from the average main effect has a more
transparent color. Right: Scatterplots representing the correlation between random effects in the
addition and subtraction game. The shaded region represents the 95% confidence interval.

4 Discussion

Disengagement is detrimental for learning. While a central goal of all learning environments is to

match the complexity of the learning material to the proficiency of the learner, there are substantial

individual differences in how learners deal with the frustrations of failure. The increasing popularity of

online adaptive learning software, coupled with a growing awareness that one size does not fit all in

learning, demands research that pinpoints what elements make OLEs effective, and for whom that is

the case. In this study, we have combined both urgencies by investigating predictors of quitting, and
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the variability thereof, in a large-scale OLE. Results support previous findings that sequential errors

predict quitting and add to these findings that errors do not affect quitting equally across students.

Our results demonstrate that, when faced with repeated mistakes, students are highly likely to

quit the learning session. We have demonstrated this effect using data from diffrent time periods,

learning domains, and statistical methods. Moreover, the effect is in line with previous research

highlighting repeated mistakes as a factor disrupting flow (Hou, 2015) and increasing the likelihood of

disengagement in learning (Arztmann et al., 2025; Lomas et al., 2013; ten Broeke et al., 2022; Vu

et al., 2022). These findings emphasize errors as a key trigger in momentary quitting behavior.

Crucially, we extend from this effect and find considerable inter-individual variability: students

differ both in their general likelihood of quitting a learning session, and in their tendency to quit

following errors. These findings suggest that students vary in how they adaptively regulate behavior

in response to failure. From the perspective of motivational resilience (Skinner et al., 2020), such

variability may reflect differences in learners’ ability to sustain goal-directed effort, manage emotions,

and monitor errors (Dent & Koenka, 2016; Hill et al., 2016; Miller et al., 2012). It is likely that

there are students who are better able to tolerate frustration and maintain confidence after errors,

displaying adaptive motivational responses (Grassinger & Dresel, 2017; Grassinger et al., 2018;

Tulis et al., 2016) and thus higher persistence, whereas those who experience stronger negative

affect in the face of failure are quicker to disengage. Likewise, learners who are more likely to

perceive errors as learning opportunities as opposed to a reflection of low ability may be better

able to persist after errors (Dweck, 1986, 2013; Moser et al., 2011; Tulis et al., 2018). Overall, our

findings are consistent with frameworks that view engagement as the outcome of dynamic interactions

between cognitive, emotional, and motivational regulation processes and underscore the importance

of considering individual differences in adaptive regulation when examining persistence in digital

learning environments.

Furthermore, we identified group-level variables which impact the tendency to quit after errors.

First, compared to those playing on the default medium level, users on an easy level were more likely

to quit, while those on a difficult level were less likely to quit following errors. This pattern aligns with

expectancy-value theory (Eccles & Wigfield, 2002) and the expectancy-value-cost model (Barron &

Hulleman, 2015). Players on an easier level may have a higher expectancy of success, making errors
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more surprising and emotionally impactful, increasing the likelihood of quitting. Conversely, players on

a difficult level may anticipate errors, reducing their emotional impact and fostering persistence. This

explanation is particularly strengthened by the fact that difficulty level, on its own, did not influence

quitting. Rather, errors played an especially important role for engagement in the respective difficulty

levels. The ability to measure reactions to errors in varying degrees of difficulty presents a unique

potential to further explore how students’ expectancy beliefs and the structure of their environment

impact their persistence.

Second, while the previously discussed research indicates that children’s tolerance to errors

should increase with age, our results are less straightforward. Younger children (6–7 years) were

more likely to quit after a single error compared to older children (8–9 and 10–11 years). This

aligns with research indicating that younger children have less developed emotional regulation and

metacognitive strategies, making them more reactive to failure (Bjorklund, 2022; Cole et al., 2004;

Oeri et al., 2024). Younger students may also be less able to stay engaged on a task in general, due

to e.g., lower sustained attention (Betts et al., 2006), which is also reflected in small, but significant,

main effects of age on quitting. However, after two errors, this pattern reverses: younger children

who persist past the initial failure are less likely to quit than older children. This suggests that these

students may be a more resilient subset. In contrast, older children may initially tolerate failure but

reach a breaking point after repeated errors. After three or more errors, quitting rates stabilize and

are likely better explained by general individual differences. In fact, developmental research points to

increasingly complex and individualized motivational profiles as children advance through primary

school (Guay et al., 2010; Hornstra et al., 2023; Skinner et al., 1998; Wan et al., 2021)

Third, in line with the intuition that when students engage with learning material in their free time,

compared to during school hours, they are more motivated to learn and thus less likely to quit, we

see less baseline quitting when students practice mathematics outside school hours. However, the

interaction effects show that error-induced quitting is more likely outside school hours, compared

to during school time. These effects signal that while the home environment might be generally

protective against disengagement, students may feel more prone to frustration following errors, as

they are less likely to feel the social evaluation from peers taking place in the classroom. Another

account may be a more positive error climate induced by teachers in the classroom (Steuer et al.,
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2013), or a social contagion effect where motivation is passed on through peer relationships (Burgess

et al., 2018). In any respect, these accounts are speculative and demand further research.

Lastly, looking at error-induced quitting over time revealed that the average probability of quitting

reduces with more sessions played. Thus, it may be fruitful to intervene on error-induced quitting

early in the playing process, and decrease the strength of intervention as users gain more experience.

These results suggest that there is an experience-related build-up of tolerance to errors, which should

be studied in more detail in the future.

4.1 Limitations

There are several limitations and potentials for future research. First, the addition and subtraction

domains are very close in relation to each other. Recent research has shown that motivation likely

differs across broader learning domains, such as between mathematics and language (Gaspard et al.,

2018). Thus, it is possible that the stability of individual differences in error-induced quitting does

not generalize across broader learning domains. Investigating how stable individual error-induced

quitting effects are over domains with varying degrees of difference would have large implications for

whether engagement in online learning is domain- or user-specific.

Next, our inferences are arguably limited to a population of children that are naturally more

persistent. This in an inherent issue when researching quitting behavior; children who begin inter-

acting in the system but quit very early are left unstudied due to their lack of data. With regard to

disengagement and drop-out, the behavioral patterns of these students, and whether they differ

from students who stay in the system for a longer time, may be particularly interesting to investigate.

Therefore, future research should find ways to model this quitting behavior, for example, by defining

quitting on a longer-term basis, as opposed to a session level. However, for the purpose of the current

research, defining quitting on a session level is beneficial as it elucidates finer-grained behavioral

dynamics.

Relatedly, this study has focused on the effects of errors on exiting a session, but has not studied

whether it affects the time taken before starting a new session. Such findings would further elucidate

the dynamics of student quitting behavior.

While we unveil quitting as an important trigger for quitting, it is important to consider whether
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this form of momentary quitting has consequences on learning: is quitting after errors necessarily

maladptive, and should it always be counteracted? Our findings suggest that, albeit small, there is

a subgroup of students who are more prone to persisting in the face of errors. While this may be

considered very perseverant, research on wheel-spinning suggests that perseverance is not always

productive for learning. Rather, when a student wheel-spins, they show a form of unproductive

persistence: spending too much effort in persisting with a task despite a lack of progress (Beck

& Gong, 2013). Likewise, some of these students may already be cognitively disengaged before

quitting—employing strategies to game the system (Baker et al., 2004; Baker et al., 2010; Nagy et al.,

2023). While the goal of the current work was not to delineate students who are productively and

unproductively quitting after errors, a possible next step in this research is to relate error-induced

quitting behaviors to learning gains. This way, it could be possible to differentiate between different

types of productive and unproductive persistence. This would also open research questions about

whether there is a “sweet-spot” in the error rate for tasks, which promotes productive persistence

while simultaneously leading to optimal learning gains (Wilson et al., 2019).

4.2 Implications

As demonstrated in the current work, errors can serve as motivational triggers that produce momentary

lapses in engagement. This sensitivity to errors implies that the design of errors in learning systems

is not neutral: repeated failure systematically increases disengagement risk. Thus, errors should

be understood not only as signals of cognitive ability, but also as patterns of failure which shape

learners’ motivation to persist. Ignoring this dual role risks overlooking a key mechanism through

which difficulty translates into disengagement. Crucially, our findings do not challenge the pedagogical

value of errors for learning, but highlight that their motivational consequences must be managed in

instructional design. This can be done, for example, by regulating task difficulty, varying feedback

after errors, or providing adequate room for recovery following unsuccessful attempts.

On top of that, the fact that learners respond differently to repeated errors has significant im-

plications for both adaptive learning systems and educational design more broadly. It is crucial to

recognize that students do not respond uniformly to errors; instead, if the goal is to optimize motivation

and retain students in the learning process, their individual tolerances for error must be considered.
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Adaptive learning systems can achieve this by dynamically adjusting the difficulty level of future

items based on individual students’ quitting patterns. Similarly, because post-error quitting patterns

are strongly correlated between addition and subtraction games, learning environments can use

individual patterns of behavior in one domain to design individualized interventions in the other.

If individual differences in error-induced quitting are ignored, learning environments risk con-

founding ability with motivation and may put students who are better able to tolerate errors at an

unfair advantage. From the perspectives of online learning environments, students who are more

able to cope with a higher error rate are more likely to be retained in the system for longer. This

leads to more precise ability estimates, and give the student more opportunities to learn at their

optimal level. Similarly, in classroom contexts, such dynamics may contribute to self-reinforcing

motivation–achievement cycles: students who cope effectively with errors are more likely to persist,

leading to greater learning gains and enhanced self-efficacy, whereas those who are more sensitive

to failure may disengage earlier, constraining both achievement and motivation (Vu et al., 2022).

Over time, these processes can amplify initial individual differences, creating cumulative disparities

in performance and engagement. Consequently, it is essential that both adaptive learning systems

and educational practices explicitly account for individual variability in error tolerance. Although a

complete disentanglement of motivation and performance is likely not realistic, doing so can help to

reduce the conflation between ability and perseverance and ensure that learners are evaluated and

supported on a more equitable basis.

4.3 Conclusion

Effective learning relies on engaged learners. Behavioral patterns in giving up from learning, and the

role of errors therein, provide a novel way to study children’s motivational variability in an increasingly

digital world. This study elucidates individual differences in perseverance and paves the way for

future research on interventions to keep children motivated to learn.
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5 Data Availability

The data that support the findings of this study are available from Prowise Learn but restrictions apply

to the availability of these data, which were used under license for the current study, and so are not

publicly available. Data are, however, available from the authors upon reasonable request and with

the permission of Prowise Learn.
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1 Multi-State Survival Model

1.1 Analysis

Fitting procedures for the Multi-State Markov Models were carried out using the msm package (Jack-
son, 2011, version 1.7). These models were chosen as they allow for continuous-time modeling of
transitions into multiple states, which fits into the nature of the learning data at hand. The significance
of these results was assessed by deriving confidence intervals using bootstrap methods provided
in the msm package. Confidence intervals for the transition intensity matrix and its covariate values
were computed from 10,000 bootstrap samples, assuming symmetric distribution on the log scale.
The replication analysis was performed on a dataset with n = 23, 459 observations.

The procedures outlined below match those specified in ten Broeke et al. (2022). See Figure
S1 for a schematic representation of the MSSM. Survival models were originally developed for the
modeling of disease progression in three states: health, illness, and death. Here, we apply it to
data from Prowise Learn and define three quitting states: persisting (user is playing), soft-quitting,
and hard-quitting. Hard-quitting is considered an absorbing state because it cannot be left once
entering (the student has logged out of the learning environment). The model allows us to estimate
the probability of transitioning between one state, h, at time t into another state, j, at time t+!t.

Figure S1: A schematic representation of the continuous Multi-State Survival Model. The model
depicts the transitions between each possible state in continuous time: the student is playing and
then soft-quits (q12); the student completes a full session after soft-quitting (q21); the student exits
the OLE entirely following a soft-quit (q23) or a completed session (q13).

The MSSM assumes that the probability of transitioning from one state to another is dependent
on the current state and time, regardless of the history of the system, and in doing so fulfills the
Markov property. This allows the probability of transitioning between states, P (t), to be defined by
a state transition intensity matrix, Q, in the form:

Q =




→(q12 + q13 q12 q13

q21 →(q21 + q23) q23
0 0 0





Another important characteristic of the model is that it allows the effects of covariates, z(t), on
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transition intensities qhj to be estimated. This is done by calculating hazard ratios, which denote
how much each covariate increases or decreases the likelihood of a state transition. Hazard ratios
are computed with the proportional hazards model:

qhj(z(t)) = q0hj exp(ω
→
(z(t)))

in which the baseline transition rate is modified by the exponentiated effect of each covariate’s
influence, represented by the product of the covariate’s corresponding ω parameter and its value.

The MSSM is fitted to the data using a maximum-likelihood algorithm. The individual likelihood
of transitioning from one state, Stj , to another state, Stj+1, for student i, is:

Li,j = pS(tj)S(tj+1)(tj+1 → tj)

This represents the entry of the transition matrix at the S(tj)th row and S(tj+1)th column at
t = tj+1 → tj . Consequently, the full likelihood is the product of all Lij terms over all students and
all transitions.

1.2 Transition Intensities

To investigate the baseline transitions between persisting, soft-quitting, and hard-quitting, and the
effects of sequential errors thereof, we fit two different Multi-State Survival Models (MSSM) to the
data. This was a direct replication of the analyses of ten Broeke et al. (2022). We included data
from all domains in the Learning Sea and Math Garden environments spanning the 2-month period
between 2023-05-29 and 2023-07-30 from which users had played a total of at least 5 games. This
resulted in a sample size of 24,859 users, across grades three (n = 4343), four (n = 4816), five (n
= 4770), six (n = 4304), seven (n = 3869), and eight (n = 2787). The first model was a constrained
model, which estimated the rates of transitioning between persisting, soft-quit, and hard-quit states
without controlling for any extraneous variables. The second model, the proportional hazards model,
controlled for the effects of 6 covariates: gender, grade, difficulty level, speed of error, playing within
or outside school hours, and sequential errors.

The proportional hazards model contributed to a significantly better model fit compared to the
constrained model, ε2(44) = 1 238 246, p < .001. This model provided evidence for the existence of
quitting states across time. The rate of transitioning from a persisting state to a hard-quit state was
0.0227 (95% CI [0.022; 0.023]), whereas the transition rate between a soft-quit state to a hard-quit
state was 0.0384 (95% CI [0.037; 0.040]). Thus, users are approximately 1.7 times more likely to
transition into a hard-quit state when they are in a soft-quit state compared to a persisting state. All
transition intensities can be found in Table S1.

1.3 The Proportional Hazards Model

The proportional hazards model revealed that sequential errors predict transitions to both soft-quit
and hard-quit states (Figure S2; Table S2). The pattern of effects of 1, 2, 3, and >3 sequential
errors was similar to ten Broeke et al. (2022), with particularly strong similarities for persisting to
soft-quit transitions across both learning applications. These findings reflect strong effects of all
levels of sequential errors on the risk of transitioning from persisting to soft- and hard-quitting states,
respectively. For example, when practicing within Language Sea, a student is 10 times more likely
to transition into a soft-quit state after having made three errors in a row, compared to no error.
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Table S1: Transition Intensities for the Covariate MSSM

Estimate SE 95% CI Probability

Persisting ↑ Persisting -0.057 < .001 [→0.058;→0.056] 0.948
Persisting ↑ Soft-Quit 0.034 < .001 [0.034; 0.035] 0.029
Persisting ↑ Hard-Quit 0.023 < .001 [0.022; 0.023] 0.023
Soft-Quit ↑ Persisting 0.241 0.002 [0.238; 0.245] 0.204
Soft-Quit ↑ Soft-Quit -0.280 0.002 [→0.283;→0.276] 0.759
Soft-Quit ↑ Hard-Quit 0.038 0.001 [0.037; 0.040] 0.036

Note. 95% confidence intervals are computed using normal approximation methods, assuming normality
of the log effect. Transitions from the hard-quit state are not included as this is an absorbing state, thus
all estimated transitions from this state are zero, and the probability of staying in the hard quit state is 1.
MSSM = Multi-State Survival Model; SE = Standard Error.
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Figure S2: Hazard Ratios derived from the Multi-State Survival Model. Each hazard ratio
represents the relative increase or decrease in risk of a state transition for each covariate value
compared to its reference category. Hazard ratios are presented on a logarithmic scale. Lines
represent the 95% confidence interval.
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Table S2. Hazard Ratios and 95% Confidence Intervals for Language Sea and Math Garden

Transition Type Covariate Hazard Ratio 95% CI
La

ng
ua

ge
S

ea

P ↑ HQ

1 Seq error vs. No error 1.812 [1.626, 2.019]
2 Seq errors vs. No error 1.907 [1.676, 2.170]
3 Seq errors vs. No error 1.517 [1.279, 1.798]
>3 Seq errors vs. No error 1.956 [1.620, 2.361]
Fast error vs. No error 1.937 [1.730, 2.169]
Slow error vs. No error 1.183 [1.061, 1.319]
During school vs. Outside school 3.231 [2.790, 3.741]
High diff vs. Medium diff 1.216 [1.112, 1.330]
High diff vs. Low diff 1.028 [0.927, 1.140]
Higher grades vs. Lower grades 1.348 [1.250, 1.453]
Girls vs. Boys 0.919 [0.853, 0.991]

P ↑ S-Q

1 Seq error vs. No error 2.962 [2.736, 3.207]
2 Seq errors vs. No error 4.699 [4.318, 5.115]
3 Seq errors vs. No error 10.221 [9.410, 11.101]
> 3 Seq errors vs. No error 6.52 [5.888, 7.220]
Fast error vs. No error 3.387 [3.160, 3.631]
Slow error vs. No error 1.014 [0.941, 1.092]
During school vs. Outside school 1.372 [1.283, 1.467]
High diff vs. Medium diff 1.195 [1.127, 1.266]
High diff vs. Low diff 1.123 [1.052, 1.199]
Higer grades vs. Lower grades 1.288 [1.228, 1.350]
Girls vs. Boys 0.98 [0.935, 1.027]

M
at

h
G

ar
de

n

P ↑ H-Q

1 Seq error vs. No error 2.493 [2.345, 2.649]
2 Seq errors vs. No error 2.699 [2.501, 2.913]
3 Seq errors vs. No error 2.038 [1.829, 2.271]
> 3 Seq errors vs. No error 1.989 [1.748, 2.265]
Fast error vs. No error 2.064 [1.932, 2.205]
Slow error vs. No error 1.013 [0.951, 1.078]
During school vs. Outside school 2.584 [2.344, 2.848]
High diff vs. Medium diff 1.032 [0.971, 1.097]
High diff vs. Low diff 1.082 [1.019, 1.149]
Higer grades vs. Lower grades 1.252 [1.197, 1.309]
Girls vs. Boys 0.893 [0.854, 0.934]

P ↑ S-Q

1 Seq error vs. No error 4.666 [4.455, 4.887]
2 Seq errors vs. No error 7.768 [7.386, 8.171]
3 Seq errors vs. No error 13.341 [12.652, 14.068]
> 3 Seq errors vs. No error 8.462 [7.923, 9.039]
Fast error vs. No error 3.092 [2.969, 3.220]
Slow error vs. No error 0.846 [0.811, 0.882]
During school vs. Outside school 1.39 [1.321, 1.462]
High diff vs. Medium diff 1.093 [1.049, 1.138]
High diff vs. Low diff 1.215 [1.167, 1.265]
Higer grades vs. Lower grades 1.324 [1.285, 1.364]
Girls vs. Boys 1.021 [0.990, 1.052]
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2 Model Statistics from the 2-State Markov Model

2.1 Main effects.

Main effects of all covariates from the 2-State Markov Model, for training and testing data. Estimates
represent the associated risk of transitioning from a persisting to quitting state, and their associated
95% confidence interval.

Table S3: 2-State Markov Model: Main effects.

Training Data Testing Data

HR 95% CI HR 95% CI

1 vs. 0 Sequential Errors 6.45 [6.29 ; 6.61] 6.98 [6.81 ; 7.16]
2 vs. 0 Sequential Errors 14.62 [14.24 ; 15.02] 16.08 [15.64 ; 16.51]
3 vs. 0 Sequential Errors 12.34 [11.83 ; 12.88] 13.46 [12.90 ; 14.04]
>3 vs. 0 Sequential Errors 10.76 [10.18 ; 11.37] 11.90 [11.26 ; 12.56]
Fast vs. Slow Response Time 0.95 [0.93 ; 0.96] 0.93 [0.91 ; 0.94]
During vs. Outside School Hours 0.62 [0.61 ; 0.63] 0.62 [0.61 ; 0.64]
Grade 5-6 vs. Grade 7-8 1.13 [1.11 ; 1.15] 1.24 [1.23 ; 1.28]
Grade 3-4 vs. Grade 7-8 1.44 [1.42 ; 1.47] 1.55 [1.53 ; 1.58]
Easy vs. Medium Difficulty Level 1.05 [1.03 ; 1.07] 1.02 [1.00 ; 1.04]
Difficult vs. Medium Difficulty Level 1.08 [1.07 ; 1.10] 1.10 [1.08 ; 1.11]

Note. 95% confidence intervals are computed using normal approximation methods, assuming normality
of the log effect. HR = Hazard Ratio.
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2.2 Interaction effects.

Interaction effects of all covariates from the 2-State Markov Model, for training and testing data.
Estimates represent the change in associated risk of transitioning from a persisting to quitting state
for levels of sequential errors, given the relevant covariate, and their associated 95% confidence
interval.

Table S4: 2-State Markov Model: Interaction effects.

Training Data Testing Data

HR 95% CI HR 95% CI

1 SE * Fast RT 1.34 [1.31 ; 1.36] 1.36 [1.34 ; 1.39]
2 SE * Fast RT 1.89 [1.85 ; 1.92] 1.87 [1.83 ; 1.91]
3 SE * Fast RT 1.91 [1.85 ; 1.97] 1.90 [1.84 ; 1.96]
>3 SE * Fast RT 1.63 [1.57 ; 1.70] 1.60 [1.54 ; 1.66]
1 SE * Easy Level 0.98 [0.95 ; 1.00] 0.97 [0.95 ; 0.91]
2 SE * Easy Level 1.11 [1.08 ; 1.14] 1.18 [1.15 ; 1.21]
3 SE * Easy Level 1.13 [1.08 ; 1.19] 1.18 [1.13 ; 1.24]
>3 SE * Easy Level 1.10 [1.03 ; 1.18] 1.21 [1.14 ; 1.30]
1 SE* Difficult Level 0.85 [0.83 ; 0.87] 0.83 [0.82 ; 0.85]
2 SE * Difficult Level 0.95 [0.93 ; 0.97] 0.91 [0.89 ; 0.93]
3 SE * Difficult Level 0.89 [0.86 ; 0.92] 0.90 [0.87 ; 0.93]
>3 SE * Difficult Level 0.90 [0.87 ; 0.94] 0.94 [0.90 ; 0.97]
1 SE* Grade 3-4 1.28 [1.25 ; 1.31] 1.18 [1.15 ; 1.21]
2 SE * Grade 3-4 0.78 [0.76 ; 0.80] 0.71 [0.70 ; 0.73]
3 SE * Grade 3-4 0.91 [0.87 ; 0.94] 0.82 [0.78 ; 0.85]
>3 SE * Grade 3-4 0.98 [0.93 ; 1.03] 0.87 [0.82 ; 0.91]
1 SE * Grade 5-6 1.12 [1.10 ; 1.16] 1.02 [1.00 ; 1.05]
2 SE * Grade 5-6 0.89 [0.87 ; 0.92] 0.80 [0.78 ; 0.82]
3 SE * Grade 5-6 0.96 [0.92 ; 1.01] 0.84 [0.81 ; 0.88]
>3 SE * Grade 5-6 0.99 [0.94 ; 1.05] 0.89 [0.84 ; 0.95]
1 SE * During School Hours 1.01 [0.98 ; 1.05] 1.04 [1.01 ; 1.08]
2 SE * During School Hours 1.41 [1.37 ; 1.46] 1.33 [1.28 ; 1.37]
3 SE * During School Hours 1.27 [1.20 ; 1.34] 1.32 [1.25 ; 1.40]
>3 SE * During School Hours 1.48 [1.38 ; 1.58] 1.39 [1.29 ; 1.49]

Note. 95% confidence intervals are computed using normal approximation methods, assuming normality
of the log effect. HR = Hazard Ratio; SE = Sequential Error; RT = Response Time.
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2.3 Fit Estimates.

AIC and Log Likelihood estimates across all three Markov Models, for training and testing data.

Table S5: 2-State Markov Model: Fit Estimates.

Training Data Testing Data

Model AIC -2Log-Likelihood AIC -2Log-Likelihood

Baseline 2835833 2835831 2848723 2848721
Covariate 2367165 2367143 2378413 2378391
Interaction 2359080 2359010 2370467 2370397
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3 Model Statistics from the Mixed Effects Logistic Regression

All model estimates related to the mixed-effects logistic regression fitted on the addition and sub-
traction data.

3.1 Data Selection Effects

Due to the relatively low base rate of quitting in our sample (approximately 0.03), the level 1 sam-
ple sizes need to be larger to ensure reliable estimated individual quitting probability. This is also
reflected in convergence issues in the glmer models if we loosen the selection criteria. However, to
investigate potential bias due to these selection criteria, we performed glmer models where we only
removed extreme cases from our sample (students who either never quit, or always quit), as these
cases cause the convergence issues. Following this approach, we did not constrain a minimum
amount of sessions completed. This resulted in a sample size of 77 873, compared to 3998 following
the previous criteria. To speed up computation, we randomly sampled 2000 students ten times and
performed the same glmer model (including a random intercept and slope) on each subsample. The
effect size of sequential errors on quitting ranged from 1.14 (SE = 0.021) to 1.18 (SE = 0.022), which
is larger than the reported effect of the original model (0.81 (SE = 0.007)). Figure S3 displays the
difference in the distribution of effects estimated by the model with the original data selection criteria
and the model with only extreme cases removed. All estimated fixed (Table S6) and random (Table
S7) effects from one randomly sampled subset are reported below.

Figure S3: Distribution of random slope estimates, comparing the glmer model with the original
data selection criteria (pink), and the glmer model were only extreme cases were removed (purple).
Veritcal lines display the fixed effect of sequential errors on quitting in each model, with 95%
confidence bounds.
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Table S6: GLMER Fixed effect estimates on data selection subset

Estimate SE z value p value

Intercept -3.71 0.021 -170.90 ¡.001
Sequential Errors 1.16 0.022 52.40 ¡.001

Rating -0.26 0.025 -10.34 ¡.001
Grade 0.03 0.014 2.46 .014

Note. Fixed effects estimated in one of 10 subsets (N = 2000) of the addition data, where only
extreme cases were removed from the data. SE = Standard Error.

Table S7: GLMER variance estimates of random parameters on data selection subset

Estimate Std. Deviation

Intercept 0.29 0.54
Sequential Error 0.37 0.60

Note. Variance estimates of the random parameters, estimated in one of 10 subsets (N = 2000)
of the addition data, where only extreme cases were removed from the data.
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3.2 Descriptive statistics across training and testing data.

Histograms for the training data is shown in orange, testing data in purple, and their overlap in pink.
A: Distribution of grades. B: Distribution of sequential errors. C: Distribution of ability (user ratings).
D: Distribution of accuracy (binary variable). E: Distribution of chosen difficulty setting (categorical
variable with levels 1 (easy), 2 (medium), 3 (hard).
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Figure S4: Descriptive statistics across training and testing data.
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3.3 GLMER model estimates on the addition data.

Table S8: Fixed effects on the addition data.

Training Data Testing Data

Estimate SE z value p value Estimate SE z value p value

Intercept -3.48 0.02 -152.11 <0.001 -3.57 0.02 -149.97 <0.001
Sequential Error 0.81 0.01 119.57 <0.001 0.81 0.01 125.46 <0.001
Rating -0.10 0.01 -8.83 <0.001 -0.09 0.01 -8.09 <0.001
Grade -0.05 0.00 -12.07 <0.001 -0.03 0.00 -7.30 <0.001

Note. SE = Standard Error.

Table S9: Random Effects on the Addition Data

Training Data Testing Data

Variance Std. Deviation Variance Std. Deviation

Intercept 0.39 0.62 0.41 0.64
Sequential Error 0.14 0.38 0.13 0.36

Table S10: Correlation between fixed effects

Training Data Testing Data

1. 2. 3. 4. 1. 2. 3. 4.

1. Intercept 1.000 -0.073 0.281 -0.886 1.000 -0.095 0.263 -0.891
2. Sequential Errors -0.073 1.000 0.007 -0.018 -0.095 1.000 -0.005 0.006
3. User Rating 0.281 0.007 1.000 -0.286 0.263 -0.005 1.000 -0.269
4. Grade -0.886 -0.018 -0.286 1.000 -0.891 0.006 -0.269 1.000
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Table S11: Correlation between random effects.

Dataset Variance-Covariance Std. Correlation p value

Training -0.02 -0.10 <0.001
Testing -0.02 -0.10 <0.001

References

Jackson, C. H. (2011). Multi-State models for panel data: The msm package for R. Journal of Statis-
tical Software, 38(8), 1–28. https://doi.org/10.18637/jss.v038.i08

ten Broeke, N., Hofman, A., Kruis, J., de Mooij, S., & van der Maas, H. (2022). Predicting and
reducing quitting in online learning [Preprint]. https://doi.org/10.31219/osf.io/htzvm

14

https://doi.org/10.18637/jss.v038.i08
https://doi.org/10.31219/osf.io/htzvm

	Introduction
	Previous Research on Errors and Quitting
	Sequential Errors and Dynamic Quitting Processes
	Individual Differences
	Group Differences

	Research Aims

	Methods
	Online Learning Environment
	Data
	Ethics
	Inclusion criteria
	Statistical Analyses

	Measures

	Results
	Sequential Errors Increase the Risk of Quitting from Learning
	Error-induced Quitting Differs Across Age, Response Time, Difficulty, and Time of Day
	Error-Induced Quitting Reduces over Time
	Error-induced Quitting Differs Across Individuals
	Individual Differences are Stable Across Two Arithmetic Domains

	Discussion
	Limitations
	Implications
	Conclusion

	Data Availability

