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Abstract 
Persistence after failure is critical for learning—but when students 
make mistakes in intelligent tutoring systems, they often choose 
not to try again. How can digital platforms encourage students to 
persist at these moments? We conducted a randomized controlled 
trial in an intelligent tutoring system for math and science, in-
volving 164,532 students (Grades 8-12) who completed 17 million 
practice problems. We tested two scalable interventions: a brief 
persuasive prompt encouraging students to try again, and a visual 
default nudge that highlighted the retry option. Both interventions 
increased persistence after failure, and when combined, their effects 
were additive—suggesting they operate through distinct psychologi-
cal mechanisms. The nudge had a much larger immediate effect, but 
the prompt showed proportionally greater spillover to untreated 
problems. These findings advance theories of persuasive design, 
demonstrating that implicit, interface-level nudges and explicit mo-
tivational prompts can be combined to avoid redundancy while 
amplifying impact. 

CCS Concepts 
• Applied computing → E-learning; Interactive learning en-
vironments; Computer-assisted instruction. 
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1 Introduction 
Intelligent tutoring systems have become a core component of 
instruction in many classrooms, offering students self-paced prac-
tice, immediate feedback, and on-demand support [1, 23, 30, 60]. 
In these systems, the immediate feedback is critical for learning: 
real-time corrections allow students to identify misconceptions and 
learn from mistakes [22, 24, 40]. However, it comes with a tradeoff: 
students disengage at higher rates after making mistakes in dig-
ital environments—precisely when persistence is most beneficial 
[3, 14, 35]. A critical challenge, therefore, is to design intelligent 
tutoring systems that promote persistence after failure. 

While many intelligent tutoring systems personalize content de-
livery, they rarely capitalize on their adaptive potential to maintain 
engagement over time. Interface features often remain static and 
one-size-fits-all, even at moments when students are most at risk 
of disengaging. As a result, the potential for these platforms to fos-
ter persistence through psychologically-informed design remains 
largely untapped. 

In this paper, we examine two psychologically informed, adap-
tive interface features for promoting persistence after failure in a 
digital learning platform: default-based nudges, which subtly shape 
behavior by making retrying more visually salient, and persua-
sive prompts, which explicitly encourage students to try again. 
Although nudges and prompts are both applications of persua-
sive design—the intentional use of interactive systems to influ-
ence user attitudes and behaviors without coercion or deception 
[28, 47]—they operate through distinct psychological mechanisms. 
Whereas nudges reshape the structure of a choice by leveraging au-
tomatic, perception-driven processes, prompts influence behavior 
through explicit messaging that engages deliberate evaluation. 

One might expect that combining two persuasive design fea-
tures would amplify their effectiveness. However, research in social 
psychology suggests that simultaneous interventions operating 
through similar psychological mechanisms may produce redun-
dant effects [32, 49]. Given that nudges and prompts both aim to 
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promote persistence but potentially engage different processing 
pathways—automatic versus deliberative—a critical question about 
persuasive design emerges: can interventions that target different 
persuasive pathways operate independently? And more practically, 
can combining these interventions increase the rate that students 
retry problems, beyond what either achieves alone? 

To answer these questions, we collaborated with Siyavula, a 
South African non-profit that develops educational technology, to 
conduct and analyze a large-scale randomized controlled trial. This 
study involved 164,532 students who completed approximately 17 
million mathematics and science problems during the 2024 aca-
demic year. 

This work makes three primary contributions. First, we present 
a large-scale, causal investigation about whether implicit (nudges) 
versus explicit (persuasive prompts) approaches to persuasive de-
sign can combine to increase student persistence after failure in a 
real-world, digital learning environment. 

Second, by directly comparing these implicit and explicit strate-
gies, we test how distinct elements of persuasive design influence 
behavior when they are combined. Whereas combining interven-
tions with similar mechanisms can lead to redundancy and dimin-
ishing returns [32, 49], we examine whether pairing strategies with 
distinct psychological foundations can produce additive or even 
synergistic effects. 

Third, we move beyond immediate effects to examine the longer-
term consequences of these interventions, assessing whether they 
generalize to future problems, fade over time, and ultimately im-
prove downstream learning outcomes. 

We pursue these goals through minimal but psychologically 
informed technology-based interventions that target the critical 
moment after failure—an approach inspired by research on wise 
interventions showing that small, well-timed changes can produce 
substantial effects [33, 61, 64] while remaining readily scalable 
across educational platforms. 

2 Related Work 

2.1 Persistence and Productive Struggle 
Persistence, the willingness to sustain effort in the face of difficulty, 
is a cornerstone of effective learning. Although learners can some-
times acquire knowledge through carefully scaffolded “errorless 
learning,” a large body of research demonstrates that more durable 
and transferable understanding emerges when learners actively 
grapple with challenging material [44]. Decades of work on topics 
like the testing effect, deliberate practice, and active learning con-
verge on the conclusion that students learn best when they are given 
opportunities to test their understanding, make mistakes, and refine 
their performance through practice and feedback [18, 27, 29, 52]. 

Research on productive failure illustrates this dynamic. Kapur 
[38] found that groups of students who were asked to collabo-
ratively solve complex and unfamiliar, “ill-structured” problems 
achieved stronger conceptual understanding than peers who were 
given simpler, better-scaffolded versions of the same material . Al-
though the ill-structured problems led to high rates of initial failure, 
the process of struggling with multiple potential solutions pre-
pared students to recognize underlying structure when it was later 
introduced. 

Other lines of research highlight similar benefits of struggle be-
fore instruction. Studies on pre-questioning and practice-centered 
instruction suggest that the challenge of upfront practice ques-
tions can pique curiosity and direct attention, making learners 
more likely to retain key ideas from subsequent lectures or read-
ings [20, 41, 48]. For example, Carpenter and colleagues [19] found 
that when participants completed a set of short-answer practice 
questions before watching a history lecture, this helped them re-
member key details. Asher et al. [6] showed that learners who 
solved problems and received elaborated feedback—without any 
prior instruction—improved their memories and generalization abil-
ities more efficiently than those who watched a lecture on the same 
content. Follow-up studies indicate that such practice enhances 
metacognitive calibration, helping learners identify gaps in their 
knowledge [4]. 

A complementary perspective comes from mastery learning, 
which assumes that—with sufficient time, feedback, and support— 
most students can achieve mastery of nearly any skill [12, 13]. 
This approach relies on an instructional structure that requires 
learners to demonstrate proficiency in prerequisite skills before 
advancing to new ones [13], a process that depends on repeated 
opportunities to practice and correct errors. However, prior research 
shows that students in digital environments are especially likely 
to disengage after making mistakes—precisely when persistence 
would be most beneficial [3, 14, 35]. If a learner routinely skips 
ahead after an error, the promise of mastery learning is undermined. 
Digital platforms, with their ability to deliver unlimited practice 
and immediate feedback, are well-positioned to support mastery at 
scale—but only if students are willing to use these opportunities. 

In summary, struggling with difficult problems—whether through 
ill-structured tasks, prequestions, or practice with feedback— ac-
tivates prior knowledge, improves metacognitive calibration, and 
sensitizes learners to the critical features of subsequent instruction. 
Persistence in the face of initial failure therefore is not merely about 
endurance; it is a process that prepares learners to integrate new 
information, encode it more deeply, and apply it flexibly to new 
situations. 

2.2 Persuasive Design Through Choice 
Architecture and Nudges 

Fogg’s Behavior Model [28] provides a helpful framework for un-
derstanding persuasive design—how to intentionally shape user 
behavior in digital environments. According to the model, three 
elements must converge for a target behavior to occur: the user 
must be motivated to perform the behavior, able to do so, and the 
behavior must be triggered by the environment. Triggers can vary. 
Sometimes, when a user is already motivated and able, a simple 
“signal” can prompt them to act. If a user lacks ability, a "facilitator" 
can make the behavior easier. If a user lacks motivation, a "spark" 
can provide it. 

One powerful way to facilitate behavior is through "choice ar-
chitecture"—the way options are presented and structured in an 
environment [56]. Choice architecture is effective because people 
rarely weigh all available information carefully when making deci-
sions. Instead, when faced with complex choices, they frequently 
apply mental shortcuts to contextual cues [37, 58]. For instance, 
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people often exhibit a status quo bias, assuming that whatever op-
tion is presented as the default must be the recommended or best 
choice [43, 53]. To capitalize on this, a persuasive designer can set 
the desired behavior as the default option, leveraging status quo 
bias to make the behavior easier. 

Interventions like this have been called "nudges" by behavioral 
economists [56]. By reducing cognitive effort or highlighting certain 
options, nudges can steer behavior while preserving individual 
autonomy to choose. 

Digital environments are particularly well-suited for implement-
ing nudges because designers have precise control over the choice 
architecture, allowing them to carefully engineer how decisions 
are framed [17, 62]. Digital platforms also create new possibilities 
for how nudges can be implemented. For example, while defaults 
traditionally involve pre-selecting an option [36, 55], in digital plat-
forms designers can convey the principle of defaults—presenting 
one option as the standard path—through visual salience. Visual 
features such as button size, color, contrast, or position can high-
light a particular option, subtly guiding user attention and shaping 
choice [34]. Digital designers frequently use this principle to dis-
tinguish between primary and secondary actions—for example, by 
presenting a bright "Save" button next to a muted "Cancel." 

Digital nudges have raised ethical concerns when used to manip-
ulate users against their interests—for instance, exploitative "dark 
patterns" in cookie consent designs that prioritize data collection 
over user privacy [31, 42, 59]. Berdichevsky and Neuenschwander 
[9] distinguish ethical persuasion, which respects user autonomy 
and benefits users, from unethical persuasion, which deceives or 
manipulates users to act against their best interests. When nudges 
meet these criteria of user benefit and respect for autonomy, they 
can support beneficial outcomes. For example, changing the de-
fault setting on campus copiers to double-sided printing reduced 
paper use by 15% [26], and setting renewable energy as the default 
for electricity contracts increased green energy purchases nearly 
tenfold [25]. 

Educational contexts offer a similarly clear case for ethical per-
suasive design: when platforms guide students toward persistence 
and deeper engagement, the interests of designers and learners 
align. Moreover, in educational technology where many platforms 
fully control problem selection and remove student agency entirely 
[39, 60], well-designed nudges can actually increase autonomy by 
introducing meaningful choices—for instance, a highlighted "Try 
Again" button after failure communicates a recommended path 
while preserving student choice about how to proceed. 

While the effects of default nudges are well established in con-
sumer domains, often in the context of online privacy decisions 
[8, 10, 59], their application in education remains underexplored. 
This gap presents both a theoretical and practical opportunity to 
examine whether small adjustments to interface design can guide 
learners toward deeper engagement at moments when persistence 
is at risk. 

2.3 Persuasive Prompts 
Unlike nudges, which facilitate behavior by reducing friction with 
choice architecture, persuasive prompts work as motivators—ex-
plicitly encouraging learners to persist after failure by supplying 

reasons, offering support, or reframing the meaning of trying again. 
In Fogg’s Behavior Model [28], when users have the ability to 
perform a behavior but lack motivation, a "spark" can provide the 
necessary impetus to act. Persuasive prompts serve this function: 
rather than altering the structure of the choice itself, they aim to 
increase students’ willingness to retry by making re-engagement 
feel more worthwhile, supported, or aligned with their goals. 

The Persuasive Systems Design (PSD) model [47] extends Fogg’s 
framework by identifying specific design principles organized into 
four categories: primary task support, dialogue support, system 
credibility, and social support. Persuasive prompts draw primarily 
on principles of dialogue support—features that provide feedback to 
guide users toward target behaviors—including praise, reminders, 
and suggestions to motivate continued engagement. They may 
also leverage social support through appeals to peer behavior and 
system credibility principles such as authority and expertise. 

Consider, for example, this message: 

“Why not try again? Our questions have worked 
solutions to help you learn. Work through the 
solution, then try the question again! Many stu-
dents perform better on their second try–you 
can do it! 

Although it is brief, this message operationalizes several PSD 
principles simultaneously. It employs dialogue support through sug-
gestion (recommending use of worked solutions), personalization 
(“to help you learn”) and praise ("you can do it!"). It invokes system 
credibility through authority cues (positioning the platform as an 
effective learning tool). It also leverages social support via social 
comparison (referencing peer performance). These design choices 
also align with broader principles from the social psychology of 
persuasion [46]. The inclusion of a rationale supports central-route 
processing [50], where individuals are persuaded by the content of 
a message rather than by superficial features, and the reference to 
peer behavior serves as social proof (signaling that a behavior is 
common or normative) [21]. 

Prior work supports the effectiveness of brief, persuasive mes-
sages in digital learning contexts. Yeomans and Reich [65] found 
that short prompts encouraging students to reflect on goals and 
strategies improved online course completion, particularly when 
messages emphasized autonomy and capability. Dozens of stud-
ies show that prompting learners to periodically explain things 
to themselves (e.g., as they complete readings or math problems) 
can improve learning outcomes [2, 11, 51]. Growth mindset inter-
ventions have demonstrated that prompting students to reframe 
mistakes as opportunities to learn can increase their willingness to 
persist through difficult tasks [16, 63]. 

Taken together, this body of work suggests that persuasive 
prompts can increase the likelihood that learners persist through 
failure by directly addressing motivation—supplying rationales, pro-
viding affective support, and encouraging re-engagement. Whereas 
nudges operate through implicit, perception-driven mechanisms 
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that facilitate behavior, persuasive prompts engage deliberate rea-
soning to spark motivation. Given their distinct psychological mech-
anisms, an important question is whether these intervention ap-
proaches can be complementary when used together—each address-
ing a different element in Fogg’s behavioral framework [28]—or 
whether they might overlap or interfere. 

3 The Present Research: Combining Persuasive 
Prompts with Default Nudges 

Because persuasive prompts and default nudges rely on distinct 
psychological mechanisms, dual-process models of persuasion [50] 
offer a useful lens for thinking about their combined effects. Vi-
sual salience functions peripherally: it captures attention quickly, 
reduces cognitive effort, and implicitly signals endorsement. Persua-
sive prompts, by contrast, engage central processing by providing 
reasons and explicitly encouraging persistence. In behavioral eco-
nomics, this contrast has been described as the difference between 
fast, effortless “System 1” responses and slower, more effortful “Sys-
tem 2” thinking [37]. 

But what happens when these automatic and deliberative inter-
ventions are deployed together? One possibility is redundancy: if 
either intervention is already sufficient to guide behavior, their joint 
use may offer little additional benefit. For example, a salient visual 
cue and a motivational message might each independently increase 
the likelihood that a student retries a problem, but combining them 
may not produce further gains. 

A second possibility is additivity: because the interventions act 
on different cognitive routes, their effects may accumulate. In this 
case, learners might be most likely to persist when their attention 
is captured by a salient cue and they simultaneously receive a 
rationale that encourages effort. 

A synergistic result may also occur if many students lack both 
the motivation and ability to repeat problems: in this case a nudge 
may lower friction (making the behavior easier) but students may 
still avoid repeated problems if they do not see the value. This is the 
prediction that emerges from Fogg’s Behavioral Model of persuasive 
design, as well as expectancy-value theories of motivation, which 
suggest that students need both ability and motivation to persist 
[5, 45, 57]. 

A final possibility is interference: rather than boosting each other, 
the prompt and nudge could inadvertently undermine each other. 
For instance, if the presence of both creates cognitive overload, 
the combined experience might feel confusing or overwhelming, 
leading learners to ignore the interventions altogether. Although 
we expect that this possibility is unlikely because the nudge should 
be subtle and processed unconsciously, it is important to monitor 
for potential interference. 

Understanding whether default nudges and persuasive prompts 
are redundant, additive, synergistic, or interfering would advance 
theory by clarifying how central and peripheral pathways jointly 
shape student decision-making. It would also inform the persuasive 
design of digital learning platforms that aim to support persistence 
using both interface-level cues and motivational messaging. 

We investigate these possibilities through a randomized con-
trolled trial involving 164,532 students, conducted in partnership 
with Siyavula, a South African educational technology provider. 

The interventions were deployed across Siyavula’s mathematics 
and science platforms (Grades 8–12) during the 2024 academic year, 
taking place in real classrooms with authentic coursework, occur-
ring across millions of learning interactions. To our knowledge, this 
represents one of the largest experimental studies of educational 
technology conducted to date. 

Our study was guided by five research questions (RQs): 

• RQ1: Can visual default nudges and/or persuasive prompts 
encourage students to repeat challenging problems after 
failure in an online learning environment? 

• RQ2: Are the effects of these interventions additive, redun-
dant, synergistic, or interfering? 

• RQ3: Do the effects of the interventions generalize to prob-
lems where the nudges are not shown (i.e., are there spillover 
effects)? 

• RQ4: Do the interventions lose effectiveness with repeated 
exposures over time? 

• RQ5: Do the interventions, individually or in combination, 
have downstream effects on student learning? 

We hypothesized that both interventions would increase persis-
tence following failure (RQ1). However, we did not advance a direc-
tional hypothesis regarding RQ2, as theoretical arguments support 
the possibility of redundancy, additivity, synergy, or interference. 
For RQ3, we expected that visual nudges would have little to no 
spillover effect because their influence is likely non-conscious and 
context-bound. In contrast, we predicted that persuasive prompts 
could yield spillover effects by shaping students’ conscious beliefs 
and learning strategies—encouraging persistence even in the ab-
sence of a prompt. 

Regarding RQ4, we anticipated different patterns of fade-out 
across the two interventions. Because visual nudges operate through 
low-effort mechanisms, we expected minimal fatigue. Persuasive 
prompts, however, might become less effective over time if stu-
dents experience motivational depletion or cognitive fatigue from 
repeated effort regulation. 

Finally, for RQ5, we hypothesized that persistence following 
failure—encouraged by either intervention—would enhance learn-
ing outcomes by increasing exposure to corrective feedback and 
practice opportunities aligned with the relevant learning objectives. 

4 Methods 
Siyavula is a South African non-profit that develops educational 
technology to support math and science learning. Its core product 
is an intelligent tutoring system (ITS) that serves secondary school 
students in Grades 8 through 12 for math and Grades 10 through 
12 for science. For these subjects, Siyavula provides curriculum-
aligned exercises that are automatically scored and accompanied 
by worked solutions. The present research took place in the context 
of the Siyavula ITS and these curricula. The research was covered 
by Siyavula’s terms of service, in compliance with South Africa’s 
Protection of Personal Information Act (POPIA). Direct consent for 
this research was not collected from participants by the authors. 
The relevant IRB at Carneige Mellon University deemed analysis of 
this data to be exempt research with non-identifiable participants. 
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4.1 System Design 
Within Siyavula’s ITS, practice problems are organized into chap-
ters by general topic (e.g., factorization of algebraic expressions), 
and further grouped into narrower sections with more specific 
learning objectives (e.g., identifying common factors or factoriz-
ing quadratic expressions). Within sections, each practice exercise 
is based on a template that allows surface features of the prob-
lem and solution (e.g., numbers and names) to be automatically 
generated. This design enables students to repeatedly practice “iso-
morphic” versions of the same problem, which are nearly identical 
in structure but vary in surface details. Figures 1A and 1B show 
two isomorphic versions of an algebra problem with the learning 
objective “factorizing quadratic expressions.” 

A 

Factorise the following expression into two binomials: 

Your answer should look something like this: 

x2 + 13x + 42 

(x + 1)(x + 7) 

Answer: 

2 attempts remainingCheck Answer 

B 

Factorise the following expression into two binomials: 

Your answer should look something like this: 

x2 + 5x + 6 

(x + 1)(x + 7) 

Answer: 

2 attempts remainingCheck Answer 

Figure 1: Isomorphic versions of a Siyavula factorization 
problem 

After completing each practice exercise, students receive feed-
back about the correctness of their answer as well as a worked 
solution that explains how the correct answer was obtained. Stu-
dents are then presented with two options (Figure 2): advance to the 
next exercise (typically a related problem) or repeat an isomorphic 
version of the problem they just completed. 

Try an exercise like this again Go to next exercise 

Figure 2: The standard options shown to students after each 
practice exercise 

4.2 The Randomized Controlled Trial 
To examine how visual default nudges and persuasive prompts 
could affect students’ persistence after failure (and their subsequent 
mastery of the associated objectives), Siyavula conducted a ran-
domized controlled trial (RCT) with new users in its mathematics 
and science curricula during the 2024 school year. 

The experiment used a between-subjects, 2 x 2 factorial design to 
test the independent and combined effects of visual default nudges 
and persuasive prompts. Upon sign-up, all participants were ran-
domly assigned to one of four experimental conditions: (1) a control 
group that received no intervention, (2) a visual default nudge-only 
group, (3) a persuasive prompt-only group, and (4) a combined 
“prompt + default” group that received both interventions. Students 
remained in their assigned condition for the duration of the study. 

4.2.1 Design of the Visual Default Nudge and Persuasive Prompt. 
The default nudge was implemented as a visual design cue in the 
choice students saw after each practice exercise. When students 
were eligible, the button labeled “Try an exercise like this again” 
was highlighted in bright orange to draw attention and implicitly 
recommend this option. Otherwise, students saw the version of 
the buttons shown in Figure 2, in which “Go to next exercise” was 
highlighted in purple as the default. 

The persuasive prompt was implemented as a text box that ap-
peared at the bottom of the screen (above the “try again” and “next 
exercise” buttons) after an incorrect attempt, encouraging students 
to examine the solution and try again. To reduce repetitiveness, 
the prompt’s exact wording varied, but it consistently included 
three components: a reminder, a rationale, and encouragement. Fig-
ure 3 illustrates the visual nudge and provides an example of the 
persuasive prompt. 

4.2.2 Eligibility for the Interventions. Students became eligible for 
an intervention when they made a fully incorrect first attempt on 
a practice exercise (i.e., a templated item with randomly gener-
ated values). For exercises with multiple questions on the same 
page, students were only eligible when all questions were answered 
incorrectly. Eligibility was determined at the level of the individ-
ual practice session, and students could re-enter eligibility if they 
revisited the same templated item in a new session (e.g., after log-
ging out or returning to the main dashboard and then re-entering 
a section). Overall, students made 2,398,813 eligibility-qualifying 
mistakes during the study. 

For the students who were assigned to conditions with visual 
default nudges, the nudges were shown consistently whenever 
eligibility criteria were met. In contrast, prompts were shown prob-
abilistically to reduce fatigue from excessive pop-up messages. On 
a learner’s first day on the platform, prompts appeared on 60% of 
eligible exercises. This probability declined by 10 percentage points 
each day until reaching 20% on day 5, and then it dropped to a 
stable floor of 5% from day 6 onward. A subset of students (the 
control group) did not receive nudges or prompts when they were 
otherwise eligible. 

4.3 Measures 
4.3.1 Repeated problems. To examine whether students chose to 
repeat problems, we analyzed time-stamped log files of all responses 
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Try an exercise like this again 

WHY NOT TRY AGAIN? 

Our questions have worked solutions to help you learn. Work through the 
solution, then try the question again! You can do it! 

Go to next exercise Buttons with Visual 
Default Highlighting 

Persuasive Prompt 

Figure 3: Intervention visuals for the nudge and prompt. 

submitted between January 1 and October 5, 2024. We defined a 
“repeated” attempt as one in which a student chose to solve another 
problem generated from the same template as the problem they had 
just completed. In other words, if two consecutive responses came 
from isomorphic problems—different in surface details but identical 
in structure—the second was coded as a repeat. For example, if a 
student first solved Question A in Figure 1 and then immediately 
attempted Question B, the second attempt would be considered a 
repeated problem. 

Because the Siyavula platform’s practice algorithm is designed to 
avoid presenting the same template twice in a row unless a student 
actively clicks the “Try Again” button, repeated attempts provide 
a clear behavioral signal of persistence: they reflect a deliberate 
decision to revisit the same type of problem. During the study, 
students submitted 16,999,381 responses to 4,499 distinct problem 
templates, including 14,199,246 first attempts and 2,800,135 repeated 
attempts. 

4.3.2 Mastery of Associated Practice Problems. To examine the 
downstream effects of the interventions on learning, we examined 
whether students eventually solved at least one isomorphic problem 
(generated from the same template as the original exercise) correctly. 
Overall, after making 2,398,813 initial errors that qualified students 
for an intervention, students eventually solved 60% of the associated 
problems correctly. 

4.4 Participants 
To determine the sample for the study, we began with all 164,697 
students in Grades 8 - 12 who enrolled in a Siyavula math or sci-
ence course, completed at least one grade-level practice problem, 
and were assigned to an experimental condition between January 
1st 2024 (when the study began) and October 5th 2024 (when the 
Siyavula team concluded the study and shared their data). While 
the majority of students in the dataset submitted a modest number 
of responses during this study period (the median was 37 problems 
and 99% submitted fewer than 1,470 responses), a small number sub-
mitted implausibly large totals (e.g., one account submitted more 
than 70,000 problems), suggesting that an account may have been 
shared. To address these extreme cases, we applied a conserva-
tive statistical cutoff at the 99.9th percentile of the distribution of 
practice problems completed. This threshold corresponded to 3,819 
problems submitted by a student. Students above this cutoff (N = 

165) were excluded from analyses, leaving a final analytic sample of 
164,532 students: 41,156 in the control group, 41,178 in the prompt 
group, 40,976 in the nudge group, and 41,222 who received both 
interventions. 

Among students in the final sample, 94% (N = 154,690) were 
enrolled in Siyavula’s mathematics courses and 35% (N = 57,172) 
were enrolled in science courses (47,330 students, or 29%, were 
enrolled in both). Overall, the largest proportion of students was 
in Grade 10 (28%), followed by Grades 8 (27%), 9 (19%), 11 (15%), 
and 12 (11%). Other demographic data (e.g., gender, race) were not 
collected. 

5 Results 
To address research questions 1-5, we estimated two types of mixed-
effects models in R (version 4.5; [54]) using the glmmTMB package 
[15]. For continuous outcomes, we fit linear mixed-effects models 
with Gaussian errors and an identity link. For dichotomous out-
comes, we fit generalized linear mixed-effects models with binomial 
errors and a logit link (i.e., logistic mixed-effects models). All mod-
els included three between-subjects predictors: a contrast-coded 
Default Nudge vs. No Nudge variable (Nudge = .5, No Nudge = -.5), 
a contrast-coded Persuasive Prompt vs. No Prompt variable (Prompt 
= .5, No Prompt = -.5), and their interaction. 

To address research questions 2-5, we also included additional 
moderators in two- and three-way interactions with the interven-
tion contrasts (e.g., an “exposure number” variable to test whether 
intervention effects changed over time). These models are described 
in more detail in their respective sections of the Results. To ac-
count for non-independence due to the nested structure of the data 
(because students completed multiple problems each), all models 
included a by-student random intercept, along with by-student 
random slopes for any predictors that varied within subjects (e.g., 
exposure), following the recommendations of Barr [7]. 

Project data are openly available at https://osf.io/ftzgh, along 
with code to reproduce all analyses. 

5.1 RQ1 and RQ2: Do the interventions work? 
Are the effects additive or redundant? 

To test the independent and combined effects of the two inter-
ventions on the primary outcome of the study (whether students 
chose to repeat math problems after failure), we started with the 

https://osf.io/ftzgh
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2.4 million problem attempts in the dataset where students made a 
mistake that qualified them for an intervention (getting a problem 
in a practice section fully incorrect for the first time) and we used 
our primary regression model to test the likelihood that students 
in each condition chose to repeat the problem. Figure 4 shows the 
results of this analysis. 
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Figure 4: The interventions additively promoted persistence 
after failure 

Overall, both interventions increased the rate at which students 
persisted after failure. In the control condition, participants chose 
to repeat a failed problem 31% of the time. The persuasive prompt 
increased this rate by 2 percentage points (OR = 1.10, z = 10.19, p 
< .001), while the nudge had a larger effect, increasing persistence 
rates by approximately 9 percentage points (OR = 1.65, z = 52.27, p < 
.001). This difference may reflect the interventions’ delivery sched-
ules: the prompt was shown probabilistically—on 60% of eligible 
problems on day 1, declining to a 5% floor by day 6—whereas the 
nudge was shown on all eligible problems. We return to this possi-
bility in our analysis of how effectiveness changed with repeated 
exposures. 

The analysis also revealed no interaction between the two in-
terventions (OR = 1.00, z = -0.17, p = .864), suggesting that each 
influenced persistence independently. 

5.2 RQ3: Do intervention effects generalize 
beyond eligible problems? 

To test whether the interventions had any spillover effects—that is, 
whether they influenced students’ behavior even when a prompt 
or nudge was no longer active—we examined a second category of 
errors: practice exercises in which students were partially correct. 
This analysis was possible because students were only eligible to 
receive an intervention after fully incorrect responses (i.e., when 

all components of a multi-question exercise were answered incor-
rectly). In contrast, with partially correct responses students were 
ineligible for any prompt or nudge. There were 1,123,523 partially 
correct responses that occurred after a student previously received 
an intervention. 

If either intervention had a lasting influence on how students 
responded to failure, we would expect students in the corresponding 
conditions to be more likely to reattempt partially incorrect items, 
even though no intervention was shown. Conversely, if the effects 
of the interventions were entirely contingent on their presence at 
the point of failure, then treatment differences observed for fully 
incorrect responses (Figure 4) should vanish when students made 
only partial errors. Figure 5 plots the rate at which students chose 
to repeat problems following a partially correct response. 
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Figure 5: Limited spillover of intervention effects to non-
intervention problems 

Across all conditions, students were less likely to repeat prob-
lems after partial errors than after complete failure. For example, 
students in the control group reattempted 19% of partially incor-
rect problems, compared to 31% of fully incorrect ones. Treatment 
effects were also substantially attenuated, shrinking to approxi-
mately one percentage point for each intervention individually and 
two points when both were combined. Although these effects were 
statistically significant (for the prompt: OR = 1.03, z = 2.64, p = .008; 
for the nudge: OR = 1.08, z = 5.97, p < .001), their magnitude was 
extremely small. 

Nonetheless, the pattern of attenuation is informative. The ab-
sence of the visual default nudge was associated with a 90% decline 
in repeat rates relative to control (from 9 points when the nudge was 
present to 1 point when it was removed). For the persuasive prompt, 
the reduction was smaller—about 50%—with the treatment-control 
difference dropping from 2 points (on fully incorrect problems) to 
1 point (on partially incorrect problems). 



CHI ’26, April 13–17, 2026, Barcelona, Spain Asher et al. 

This asymmetry suggests that the prompt’s influence may be 
somewhat less dependent on its continued presence than that of 
the nudge, which appeared to have more transient, context-bound 
effects. Again, the interaction between the prompt and the nudge 
was non-significant (OR = 1.02, z = 0.65, p = .513). 

5.3 RQ4: Do visual nudges and prompts lose 
effectiveness with repeated exposure? 

We hypothesized that the effectiveness of nudges and prompts 
might diminish over time, and we considered two distinct mech-
anisms that could contribute to such a fade-out. First, both inter-
ventions might lose their impact as students accumulate exposures. 
With repeated use, the interventions may become less novel or 
engaging, students may grow tired of retrying similar problems, or 
students may become frustrated after retrying some problems but 
continuing to struggle. This form of decline would reflect a general 
waning of responsiveness due to habituation or fatigue. 

Second, we considered whether the prompt’s declining effec-
tiveness might stem from the intervention’s design. To minimize 
disruption, the prompt was delivered with decreasing frequency: it 
was shown 60% of the time on a learner’s first day, decreasing each 
day until it reached a 5% floor on day six, after which the proba-
bility remained constant. In contrast, the visual nudge was shown 
consistently whenever students met the eligibility criteria. This 
difference in delivery raises the possibility that potential reductions 
in prompt effectiveness may reflect differences in exposure, rather 
than a loss of learner receptiveness. 

To test these possibilities, we estimated a mixed-effects model 
including both within-day and between-day exposure terms. The 
within-day variable indexed how many problems a student had 
already attempted on a given day, capturing the effects of repeated 
exposures within a single session. The between-day variable tracked 
how many different days a student had logged in and practiced, 
reflecting longer-term engagement. Interaction terms between each 
intervention and both exposure variables were included to assess 
whether treatment effects declined with time. Because both expo-
sure variables varied within individuals, we included by-subject 
random slopes for each. To aid convergence, we removed correla-
tions among random effects. 

This approach allowed us to distinguish between two types of 
fade-out: one reflecting a general decline in effectiveness over time 
(due to fatigue or habituation), and one specific to the decreasing 
frequency of prompt delivery. If intervention effects decline because 
students become less responsive over time, we would expect dimin-
ishing treatment effects both within and across days. If the decline is 
instead a function of delivery frequency, then we would expect only 
between-day changes for the prompt, and those changes should 
level off beginning on day six, once delivery probability plateaus. 
To test for this leveling-off, we also fit a secondary model using 
only responses submitted after day five (N = 1,276,128). 

5.3.1 Between-Day Changes: Prompt Effectiveness Declines as Deliv-
ery Decreases. Figure 6 shows the predicted probability of students 
reattempting an eligible problem over time in each condition. Pre-
dictions for the first five days (plotted with dotted lines) come from 
the full model fit on all data. This model showed that overall per-
sistence rates declined gradually with each additional day (OR = 

0.97, z = -35.22, p < .001), and that the visual nudges slowed the 
day-to-day decline very slightly (OR = 1.01, z = 6.18, p < .001). In 
contrast, the effectiveness of the prompt decreased modestly over 
time (OR = 0.996, z = -2.93, p = .003). 

Predictions for days six and beyond (plotted solid lines) come 
from the secondary model fit only to data from days six and higher. 
In this interval—after the prompt delivery probability had stabi-
lized—the visual nudges continued to grow very slightly more ef-
fective each day (OR = 1.003, z = 2.06, p = .039), and critically, the 
prompts no longer decreased in their effectiveness with each day 
(OR = 1.00, z = 1.03, p = .304). 
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Figure 6: Between-day changes in intervention effectiveness 

5.3.2 Within-Day Changes: Prompt Effects Remain Stable; Slight 
Decline in Nudge Effects. Figure 7 shows the predicted probability 
of repeating an eligible problem as students encountered multiple 
failures within a single day. As with the between-day pattern, per-
sistence declined over successive errors (OR = 0.94, z = -69.86, p 
< .001). However, the effectiveness of the interventions remained 
largely stable. Relative to control, the effectiveness of the visual 
nudges declined very slightly with repeated within-day exposures 
(OR = .997, z = -1.89, p = .059), and the prompt showed no evidence 
of decline (OR = 1.00, z = 1.07, p = .283). 

Together, these results suggest that the interventions were gener-
ally resilient to fatigue and habituation. Although the nudge showed 
a small decline in effectiveness within sessions, it actually became 
slightly more effective across days. The prompt’s effectiveness also 
declined modestly across days, but this change appears to be driven 
by reduced delivery frequency rather than decreased student re-
sponsiveness. Once delivery stabilized after day six, the prompt’s 
effectiveness did as well—suggesting that persuasive messages may 
retain their impact over time when delivered with consistent prob-
ability. 
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Figure 7: Within-day changes in intervention effectiveness 

5.4 RQ5: Do the Interventions Have 
Downstream Effects on Learning? 

Finally, to investigate whether the persuasive prompts and visual 
nudges had downstream effects on learning, we examined whether 
students in each condition went on to eventually demonstrate mas-
tery of a problem after getting it completely incorrect (and qualify-
ing for an intervention, if eligible). Importantly, although Siyavula’s 
practice system does not serve the same templated problem twice 
in immediate succession unless a student chooses to try again, it 
will often return to that same problem later—particularly when it is 
one of the few remaining problems required for a student to master 
a topic. This means that even learners who did not immediately 
click “Try Again” after an error still had the opportunity to revisit 
and solve that problem later. Figure 8 displays the results of this 
analysis. 

Overall, the effects of both the prompt (OR = 1.02, z = 3.02, p = 
.003) and this nudge (OR = 1.11, z = 14.44, p < .001) were statistically 
significant, but their interaction was not (OR = 1.02, z = 0.60, p 
= .551), suggesting very small and additive benefits of the two 
interventions on learning. In the control condition, students made 
467,551 initial errors on templated problems, and ultimately went 
on to solve 58.7% of these problems correctly. Alone, persuasive 
prompts increased this “solve” rate to 59.2%, the visual default 
nudges increased it to 60.3%, and the combination of prompts and 
nudges increased it to 60.8%. 

6 Discussion 
This study examined whether two lightweight interface design in-
terventions—a visual default nudge and a brief persuasive prompt— 
could promote persistence after failure in a large-scale digital learn-
ing environment. With a randomized controlled trial that included 

59% 59% 61%60% 

0% 

25% 

50% 

75% 

100% 

Control Persuasive 
Prompt 

Visual 
Default 

Prompt + 
Default 

P
ro

bl
em

 M
as

te
ry

 (
%

)
Figure 8: Interventions had statistically significant but very 
small downstream effects on learning 

164,532 students (and analysis of behavior following nearly 2.4 
million errors), we tested whether these interventions increased 
students’ likelihood of repeating challenging problems after failure 
(RQ1), and whether their effects were additive, redundant, syner-
gistic, or interfering when combined (RQ2). We also asked whether 
their influence generalized beyond directly targeted problems to 
affect behavior more broadly (RQ3), whether their effectiveness 
diminished with repeated exposures (RQ4), and whether encourag-
ing persistence ultimately improved students’ learning outcomes 
(RQ5). 

Beyond documenting behavioral effects, our findings advance 
theoretical understanding of persuasive design in interactive sys-
tems—specifically, how implicit and explicit persuasive strategies 
operate independently and in combination. In the sections that 
follow, we discuss what our results reveal about the mechanisms 
underlying persuasive interaction design, articulating generalizable 
design principles for supporting persistence after failure. 

6.1 Independent Mechanisms and Implications 
for Persuasive Design 

Both interventions improved persistence after failure (RQ1), and 
critically, their effects were fully additive (RQ2). The visual de-
fault nudge increased reattempt rates by 9 percentage points, the 
prompt increased them by 2 percentage points, and the combina-
tion increased them by 11 percentage points—with no statistical 
interaction. This pattern of independent, non-overlapping effects 
provides strong evidence that implicit nudges and explicit prompts 
operate through distinct psychological mechanisms. 

This finding has important implications for theories of persuasive 
design. Fogg’s Behavior Model [28] posits that three elements must 
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converge for behavior to occur: motivation, ability, and a trigger. 
According to this model, when users lack ability, "facilitators" make 
behavior easier; when they lack motivation, "sparks" provide it; 
and when both are present, simple "signals" suffice. Our nudge was 
designed to be a facilitator—reducing friction by making the retry 
option visually salient and perceptually easier to select. Our prompt 
was designed as a spark—providing encouragement and a rationale 
to boost motivation. 

The fact that the nudge succeeded equally well without the mo-
tivational prompt raises questions about whether motivation is 
always necessary for behavior change. The nudge was highly effec-
tive on its own, suggesting that implicit strategies operating below 
conscious awareness may influence behavior without the need for 
deliberate motivation. By making the target behavior perceptually 
dominant and cognitively effortless, the nudge may have enabled 
students to persist "automatically"—before conscious motivation 
could become relevant. 

This challenges strict interpretations of the Behavior Model that 
treat motivation as a necessary precondition for action. If students 
can be guided to retry simply by making that option visually salient, 
then perhaps ability (or reduced friction) can sometimes substitute 
for motivation rather than merely complement it. 

At the same time, the prompt increased persistence even when 
the nudge was absent, indicating that motivation can drive behav-
ior independently. Students who read the encouraging message 
consciously decided to retry, despite the visual interface providing 
no special guidance toward that option. This demonstrates that 
explicit motivational appeals can succeed on their own when the 
target action is sufficiently accessible. 

The independence of these effects is particularly noteworthy 
when compared to prior work on combining explicit interventions. 
When researchers layer multiple message-based strategies—such 
as combining growth mindset interventions with belonging inter-
ventions—they often observe diminishing returns [32, 49]. This 
redundancy likely occurs because multiple explicit interventions 
engage overlapping psychological processes, leading to cognitive 
overload, motivational fatigue, or redundant messaging. 

Our results suggest a key design principle: pairing implicit in-
terface-level changes with explicit motivational messaging may 
circumvent the redundancy problem that plagues combinations of 
explicit interventions. Because implicit nudges target automatic, 
perception-driven processes while explicit prompts engage delib-
erate evaluation, they may be able to work in parallel without 
interference. For interaction designers, this implies that layering 
persuasive strategies across cognitive systems—rather than stack-
ing multiple strategies within the same system—may be a more 
effective approach to behavior change. 

This principle extends beyond education. Any interactive system 
seeking to influence user behavior might benefit from combining 
interface-level design choices (visual salience, default settings), with 
targeted messaging (reminders, encouragement, information). Our 
findings suggest these dual-layered approaches are likely to pro-
duce additive rather than redundant effects, maximizing persuasive 
impact without overwhelming users. 

6.2 Comparing Implicit and Explicit Strategies 
By directly comparing a nudge and a prompt within the same 
experimental design, we can assess not only whether they work, 
but how they differ in their effectiveness. Four patterns emerge that 
have implications for interaction design. 

First, there were stark differences in the effect sizes of the two 
manipulations. The visual nudge produced substantially larger 
immediate effects than the prompt—9 percentage points versus 
2 (RQ1). This disparity suggests that when designers seek to in-
fluence split-second decisions in interactive systems, low-friction 
interface design may exert stronger influence than motivational 
messaging. By subtly shifting attention and reducing decision ef-
fort, the nudge likely made retrying feel easier and more automatic. 
In contrast, the prompt required students to read and interpret a 
message; while it offered encouragement and a rationale, its ef-
fects were smaller—possibly because it relied on students’ cognitive 
engagement in the moment. 

Second, there were small but theoretically informative differ-
ences in spillover of the two manipulations. While the nudge was 
more powerful in-the-moment, the prompt showed proportionally 
greater spillover to non-targeted contexts (RQ3). When students 
were exposed to prompts on some problems, they became slightly 
more likely to persist on other problems where no prompt was 
shown—maintaining about half the original effect size. In contrast, 
the nudge’s influence appeared tightly bound to the visual context 
in which it was delivered: when the highlighted button was absent, 
its effect size shrank to less than 15% of its original magnitude. 

This pattern reveals an important trade-off: implicit nudges offer 
stronger immediate effects but remain context-bound, while explicit 
prompts produce weaker in-the-moment effects but may reshape 
users’ broader beliefs and behaviors. For interaction designers, this 
suggests that the choice between implicit and explicit strategies 
should depend on design goals. If the objective is to maximize ben-
eficial behaviors at specific decision points (e.g., ensuring users 
enable privacy settings), implicit nudges are likely more effective. 
However, if the goal is to foster more generalizable behavior change 
that extends beyond the immediate interaction (e.g., encouraging 
healthier habits, productive learning strategies, or sustained engage-
ment), our results suggest that explicit prompts may offer greater 
long-term value despite their smaller immediate effects. 

Third, both interventions maintained their effectiveness across 
sessions (RQ4). The nudge remained stable or even slightly in-
creased in effectiveness over time, and the prompt’s initial decline 
was fully explained by its decreasing delivery rate. Once prompt de-
livery stabilized, so did its effect. These results suggest that simple 
interventions can remain effective even with repeated use. In fact, 
maintaining consistent delivery is key to sustaining their impact 

Finally, students who received either intervention were slightly 
more likely to eventually solve problems they initially got wrong— 
approximately 0.6 percentage points for the prompt and 1.6 points 
for the nudge (RQ5). While these gains are modest, they align 
with theories of mastery learning and productive struggle, which 
emphasize that learning depends not just on exposure to content 
but on learners’ willingness to persist through errors and engage 
with corrective feedback [13, 38]. 
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The modest effect sizes also reflect an important boundary con-
dition. In the Siyavula system, even when students chose not to 
repeat a failed problem, they typically advanced to a closely related 
follow-up item. As such, the cost of "disengagement" was low, and 
repeating the original problem offered only marginal additional 
practice aligned with the learning objective. From a theoretical per-
spective, it is notable that repeating the same problem provided any 
benefit above and beyond practicing a related one—suggesting that 
error correction on the specific item may confer unique cognitive 
advantages. However, in interactive systems where the alternative 
to persistence is genuine disengagement—such as self-paced on-
line courses, productivity tools, or applications where users can 
abandon tasks entirely—the impact of persistence-supporting inter-
ventions on outcomes could be substantially larger. The value of 
interventions encouraging persistence should scale with the cost 
of disengagement. 

6.3 Limitations and next steps 
Several limitations suggest directions for future work. First, the 
persuasive prompt was delivered probabilistically (60% of eligible 
moments on Day 1, declining to 5% by Day 6) to prevent user fatigue. 
While this design was intentional, it may have limited the prompt’s 
impact. On Day 1, when exposure was highest, the prompt’s effect 
reached nearly 3 percentage points—suggesting more consistent 
delivery might produce stronger effects. Future work should em-
pirically determine optimal delivery frequencies, potentially using 
adaptive algorithms that adjust based on individual user responses. 

The prompt was also deliberately brief and minimally disruptive 
for scalability. However, "wise" interventions that prompt deeper 
reflection or meaning-making have produced more substantial and 
generalizable effects [61, 64]. Future work could explore hybrid ap-
proaches combining frequent lightweight prompts with occasional 
reflective activities—for example, showing brief encouragement 
after most errors while periodically prompting users to reflect on 
what they’re learning from mistakes. 

Second, while we have argued for the generalizability of our 
findings, our empirical work was conducted entirely within math-
ematics and science learning. Testing these design principles in 
other domains (e.g., coding environments or fitness applications) 
would strengthen claims about generalizability and reveal potential 
boundary conditions. The relative effectiveness of implicit versus 
explicit strategies might differ when persistence requires different 
forms of effort. 

Third, our analysis focused on average effects of the prompt 
and nudge across all classroom contexts, mathematics and science 
subjects, and problem types. In reality, these implicit and explicit 
strategies likely vary in their effectiveness across different contexts. 
For instance, completing an isomorphic problem after failure may 
be more beneficial for certain types of problems—such as those 
requiring procedural practice—than others that involve deeper con-
ceptual reasoning. Similarly, the interventions may have different 
effects in mathematics versus science, where errors reflect different 
underlying challenges (e.g., computational mistakes versus miscon-
ceptions about scientific phenomena). The interventions may also 
vary in their effectiveness for different groups of students, based 

on the background knowledge, prior experience, and motivation-
related beliefs that students have. For example, there may be a 
motivational "sweet spot" for a nudge, if they are unnecessary for 
highly motivated students (who persist in the absence of interven-
tion) and ineffective for particularly unmotivated students (who 
may need a motivational "spark" rather than a facilitating nudge). 
Or perhaps because nudges operate implicitly, students’ baseline 
levels of motivation will be less relevant. By understanding het-
erogeneous treatment effects across problem types, subjects, and 
student characteristics, researchers could enable adaptive, person-
alized systems that deploy the right intervention type for each user 
and context. This is an important future direction for research. 

7 Conclusion 
Across these findings, a consistent picture emerges: implicit and 
explicit persuasive strategies operate through distinct mechanisms, 
produce different behavioral signatures, and can be effectively com-
bined to support persistence after failure. The visual nudge and 
persuasive prompt each increased student persistence, with fully 
additive effects that challenge theories requiring both motivation 
and ability for behavior change. Their contrasting profiles—nudges 
offering larger immediate but context-bound effects, prompts pro-
viding smaller but more generalizable influence—suggest design 
trade-offs that extend beyond educational technology to any inter-
active system where users encounter setbacks. While effect sizes on 
learning outcomes were modest, they were theoretically informa-
tive, revealing that persistence after failure can be shaped through 
interface design at critical moments of potential disengagement. To-
gether, these results advance our understanding of how persuasive 
design elements operate in interactive systems and provide action-
able guidance for designers seeking to support user persistence 
through thoughtful, ethically grounded interface choices. 
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