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Abstract 

Introductory computer science education often emphasizes 
watching experts write and explain code. We investigate 
whether practice-based instruction improves programming 
skills relative to traditional lectures and which features of 
practice make it effective. In this preregistered experiment (N 
= 250), we compared three approaches for an introductory 
programming lesson: watching a video, code tracing 
visualizations, and writing code with immediate, AI-generated 
feedback. Participants who engaged in practice-based 
instruction performed significantly better than those who 
watched the video on a novel code-generation test, with the 
highest performance among learners who practiced writing 
code. Practice-based instruction also resulted in reduced 
distraction and increased interest. Whereas video and code 
tracing conditions led to overconfidence about programming 
abilities, code writing led to underconfident self-assessments. 
These findings suggest that active practice, particularly 
generative practice with feedback, supports learning with 
advantages in cognitive processing, metacognition, and 
interest in programming. 

Keywords: computer science education; practice-based 
learning; motivation; metacognition 

Introduction 
Imagine learning to play piano by watching a concert while 
an expert explains chord progressions. This approach seems 
obviously ineffective for learning an instrument; yet, this is 
how computer programming is often taught. Whether in 
traditional classrooms or through online tutorials, many 
novices start by watching experts write and explain code, 
with little opportunity to practice before being asked to 
generate programs on their own (Lyon et al., 2023; Rubin, 
2013; Stains et al., 2018). This contrast highlights a 
fundamental problem in computer science (CS) education: if 
we would not expect someone to acquire complex motor 
skills without practice, why do we expect students to learn 
complex computational skills this way? 

Active Learning is Effective and Efficient 
A large body of research demonstrates that active 
learning—engaging learners in retrieval, problem solving, 
or application—improves performance outcomes and 
reduces failure rates, compared to passive instruction 
(Carpenter et al., 2022; Freeman et al., 2014; Roediger & 
Butler, 2011; Roediger & Karpicke, 2006). The “doer 
effect” similarly shows that practice-based activities are 
associated with better learning outcomes than passive 

activities, such as reading or watching lectures (Koedinger 
et al., 2016; Van Campenhout et al., 2023). 

Recent work further suggests that active practice may not 
only be more effective but also more efficient. For example, 
in a statistics lesson, learners who engaged in practice alone 
achieved comparable learning outcomes in less time than 
those watching an instructional video (Asher et al., 2025). 

Despite growing evidence in favor of active learning in 
STEM domains, CS instructional settings still rely on expert 
code demonstrations and explanations (Berger et al., 2025; 
Grissom et al., 2018; Lyon et al., 2023). At the same time, 
CS courses exhibit high failure and dropout rates (30–50%; 
Maksimova et al., 2022), with online CS courses showing 
even higher attrition (over 90%; Jordan, 2014). These 
patterns raise concerns about whether watching others 
explain code is effective, or whether early practice is 
essential for learning to program.  

What Type of Practice Matters? 
If practice does improve learning in CS, what type of 
practice is most effective? In CS education, practice formats 
vary widely: students may trace worked examples, complete 
scaffolded code, or write programs from scratch 
(Brusilovsky et al., 2014). Distinguishing among these 
forms of practice, and the mechanisms through which they 
support learning, can help clarify what makes practice 
effective and inform instructional design (Li et al., 2024). 

One possibility is that the advantage of practice over 
lecture instruction is simply from its generative nature, 
requiring learners to produce responses through effortful 
retrieval and error correction (Brod, 2021; Bjork, 1994; 
Bjork & Bjork, 2011; Carpenter, 2009). Related work on 
productive failure argues that attempting solutions before 
instruction can promote understanding, particularly when 
followed by feedback that helps learners identify 
misconceptions (Kapur, 2008; Kapur, 2015). Alternatively, 
learners may acquire procedures by mentally rehearsing 
actions. Processing worked examples by predicting outputs, 
tracing execution, or explaining reasoning can build internal 
representations without requiring overt generation (Chi, 
2009). 

While writing code from scratch imposes higher cognitive 
load, code tracing reduces this effort by providing a 
complete solution and asking learners to focus on 
understanding execution (Xie et al., 2018). Therefore, code 
tracing may serve as an important intermediate step between 
passive learning and fully generative practice. 
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The Role of Errors in Practice 
In addition to active processing, practice can provide 
opportunities to be wrong. Different practice formats vary in 
the likelihood of errors and nature of feedback learners 
receive. These differences may have downstream 
consequences for not only learning outcomes but also 
motivation and metacognitive calibration, the ability to 
accurately judge what one knows (Dunlosky & Metcalfe, 
2009; Schraw, 2009). 

Practice that involves generation necessarily creates 
opportunities for errors, and errors themselves may play a 
role in learning. Making and correcting errors can 
strengthen memory for correct information (Maraver et al., 
2022; Potts et al., 2019). Errors, followed by feedback, can 
also highlight gaps in understanding that might remain 
hidden during passive study or certain practice formats 
(Metcalfe, 2017). On the other hand, errors can be 
discouraging, reducing motivation and persistence  
(Eskreis-Winkler & Fishbach, 2019).   

The Current Study 
In the current study, we explore two central questions: (1) to 
what extent does active learning improve programming 
outcomes compared to watching lectures, and (2) what 
features of practice make it effective. Specifically, we 
investigate two types of practice to compare the role of 
actively responding to questions and making errors in 
supporting learning, and we propose that practice has 
cognitive processing, metacognitive, and performance 
advantages compared to watching videos.  

We compared three instructional approaches: (a) watching 
a video, (b) code tracing visualizations, and (c) writing code 
from scratch with immediate, elaborated feedback. Code 
writing represents the most open-ended form of 
programming practice, requiring learners to generate code 
without scaffolds. Feedback is essential for learning from 
generative practice. However, providing detailed, real-time 
feedback on open-ended programming tasks has 
traditionally been difficult for instructors (Messer et al., 
2024; Mirhosseini et al., 2023). To address this limitation, 
we leveraged AI-generated feedback to offer learners 
immediate guidance on their code and enabled 
individualized support without requiring human graders. 

Active Processing and Attention. From a cognitive 
processing perspective, the benefits of practice may arise 
from active engagement itself, regardless of whether 
learners construct full solutions. The ICAP framework 
categorizes student engagement into four modes: 
Interactive, Constructive, Active, and Passive (Chi & Wylie, 
2014). Lecture-based instruction primarily supports passive 
engagement, whereas code tracing supports active 
engagement and code writing supports constructive 
engagement. Both forms of practice require learners to 
interact with the material, which may help sustain attention 
and reduce distraction. 

If learning gains are primarily driven by active 
processing, we would expect learners in the lecture 
condition to exhibit greater distraction than those in either 
practice condition, but relatively small differences in 
distraction between code tracing and code writing. 

Metacognition and Error-Based Learning. Another goal 
of effective instruction is to help learners develop accurate 
self-assessment. Metacognitive calibration—predicted 
performance compared to actual performance—is critical 
for self-regulated learning (Dunlosky & Metcalfe, 2009; 
Schraw, 2009). Learners who are poorly calibrated may stop 
studying too early, avoid practice they need, or persist with 
ineffective strategies (Bjork et al., 2013; Foster et al., 2017).  

For example, passively watching a lecture can lead to 
illusions of fluency, when material feels easy to process and 
learners may infer that they understand it, even when they 
cannot apply it (Alter & Oppenheimer, 2009; Finn and 
Tauber 2015; Reber and Greifeneder 2017; Koriat & Bjork, 
2005; Schmidt & Bjork, 1992). Further, this can lead to 
overconfidence and poor self-regulation (Hartwig & 
Dunlosky, 2012).  

By contrast, generative practice with feedback may be 
especially valuable for calibration because it forces learners 
to test their understanding (Roediger & Karpicke, 2006). 
Making errors, and receiving informative feedback about 
them, may be a key mechanism through which practice 
improves learning. If this account is correct, learners who 
engage in more error-prone, open-ended practice (e.g., code 
writing) should exhibit more accurate calibration than those 
who engage in less generative practice (e.g., code tracing), 
and both should outperform lecture-based instruction.  

Interest and Confidence. For novices, open-ended 
programming practice can have high cognitive demands, 
which may lead to frequent errors and reduce interest. From 
a utility-value perspective, situational interest is affected by 
whether the perceived usefulness of an activity outweighs 
its immediate costs, such as effort, frustration, and the risk 
of failure (Hecht, Grande, & Harackiewicz, 2021). When 
errors occur repeatedly, these costs may become salient and 
ego-threatening, further reducing confidence 
(Eskreis-Winkler & Fishbach, 2019). 

Therefore, practice-based instruction, particularly 
open-ended code writing, may reduce learners’ confidence 
and interest relative to watching a lecture video. 
Lecture-based instruction may feel easier, leading to greater 
ease, enjoyment, and confidence (Deslauriers et al., 2019; 
Toftness et al., 2018). However, code tracing, which 
constrains errors and reduces cognitive load, may mitigate 
some of the motivational costs of practice while still 
requiring active engagement. 

Predictions. Combined, these perspectives suggest that 
practice-based instruction should improve learning relative 
to watching videos through a combination of mechanisms. 
Active processing should reduce distraction and support 
engagement across practice formats. Moreover, error-driven 
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practice should further reduce overconfidence, resulting in 
better calibrated learning that can be sustained.  

Consistent with our predictions, practice-based instruction 
led to better programming performance than lecture-based 
instruction, and participants who wrote code performed 
significantly better than those who had code tracing 
examples. Practice-based instruction was associated with 
lower distraction and reduced overconfidence. Surprisingly, 
participants also reported slightly higher interest after 
practice-based instruction, regardless of increased effort and 
risk of errors. 

Methods 
This study was preregistered at https://osf.io/ftwns. 

Participants 
A total of 266 participants were recruited through Prolific 
who consented to participate  and completed the study. 
Participants were screened to be ≥18 years old and living in 
the United States. Using a keystroke tracking tool, we 
flagged AI use (Asher et al., in press); in total, 16 
participants were excluded and replaced.  

In the final sample (N = 250), the average age was 39.2 
years (SD = 12.7). Of the participants, 45.2% identified as 
female, 54% as male, and gender information was not 
available for 0.8% of participants. In terms of race/ethnicity, 
64.4% identified as White, 5.6% as Asian, 18.8% as Black, 
6.4% as Multiracial, 2.4% as Other, and 2.4% did not have 
ethnicity information available. In terms of CS background, 
65 participants (27.1%) reported having no prior experience, 
38 (15.9%) reported completing a high school-level CS 
class, 65 (27.1%) reported completing a college-level CS 
course, 18 (7.5%) reported having a degree in a CS-related 
field, and 50 (20.8%) reported being self-taught. The study 
took approximately 30 minutes, and participants were paid 
$6.00 for their participation.  

To determine the sample size for this study, we conducted 
an a priori power analysis based on simulated data. We 
planned to recruit 250 participants (50 for the lecture 
condition, 100 per practice condition). With this sample and 
our preregistered contrasts, we estimated >80% power to 
detect an effect size of d = 0.30 at α = .05 (two-tailed). 

Procedure 
Participants were randomly assigned to one of three 
instructional conditions: lecture (N = 50), code tracing (N = 
100), or code writing (N = 100). The study had five different 
sections, which participants completed in sequence: a 
baseline questionnaire, pretest, a brief programming lesson, 
an outcome questionnaire, and a final test. 

At the beginning of the study, participants were informed 
that they would learn about CS and completed a baseline 
questionnaire, rating both their interest and confidence in 
CS. Next, participants took a pretest with multiple-choice 
questions adapted from a CS concept inventory. Then, 
participants  proceeded to the CS lesson that covered four 
learning objectives related to introductory programming 

concepts: declaring and initializing variables, using 
arithmetic operators to perform calculations, understanding 
and applying conditional logic, and using if/else conditional 
statements to control program flow.  

In the lecture condition, participants watched a 
five-minute video in which the instructor explained these 
concepts, demonstrated them through short code examples, 
and summarized how programs execute from top to bottom. 
In the code tracing visualization condition, participants 
completed nine worked examples matched to the video’s 
demonstrations. These exercises used PythonTutor 
visualizations that showed each line of code executing in 
order, highlighting how variable values changed and how 
conditional statements affected program flow (Guo, 2013). 
In the code writing practice condition, participants 
completed nine short-response programming tasks that 
closely matched the content and examples presented in the 
introductory CS lecture. Each task prompted participants to 
write short snippets of Python code to demonstrate their 
understanding of key programming concepts, including 
variable assignment, sequential execution, and conditional 
logic. Participants received elaborated AI-generated 
feedback on each submission that identified syntax errors, 
explained logic issues, and provided the correct solution.  

Following the learning session, participants completed an 
outcome questionnaire assessing their interest in CS, their 
experience during the learning session, and their confidence 
and expectations for the final test. Finally, all participants 
completed a programming test, which included two 
short-answer generalization questions that required applying 
learned concepts to novel coding problems. 

Materials 
The materials used for the questionnaires were previously 
validated. All questionnaire measures used either five-point 
Likert-type scales (ranging from “Not at all” to 
“Extremely”) or six-point agreement scales (“Strongly 
disagree” to “Strongly agree”). Baseline CS assessed with 
three items (e.g., “How good are you at coding?”; α = .94, 
M = 2.0, SD = 1.0). Interest in CS was measured 
pr-instruction using three items (e.g., “How interesting do 
you find programming?”; α = .92, M = 3.3, SD = 1.0). 

Participants completed a brief pretest measuring baseline 
CS knowledge with three items from the Secondary 
Computer Science 1 (SCS1) Concept Inventory (Parker, 
Guzdial, & Tew, 2021). SCS1 is a validated, 
language-independent assessment tool designed to measure 
students’ understanding of core concepts in introductory CS 
(Parker, Guzdial & Engleman, 2016). We piloted each 
question from the inventory with students who had no prior 
experience to ensure appropriate timing and difficulty. 

After instruction, participants self-reported distraction 
during the learning session, measured using two items (e.g., 
“I got distracted as I learned during this session”; α = .89, M 
= 1.7, SD = 0.9). Interest in CS was measured with 4 items 
and interest in the learning session was measured with 4 
items (e.g., “I’ve enjoyed learning about programming”), 
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which were then combined (α = .96, M = 4.4, SD = 1.0). 
Confidence-related outcomes included a three-item measure 
of confidence in programming abilities (e.g., “How well do 
you think you would do in a future programming course?”; 
α = .92, M = 3.6, SD = 1.0). Participants also provided a 
single-item judgment of learning (“The instruction I just 
received prepared me well to solve programming 
problems”; M = 4.2, SD = 1.2). Measures were adapted from 
Linnenbrink-Garcia et al. (2010), Durik et al. (2015), Hecht 
et al. (2021), and Asher & Harackiewicz (2024), with 
judgments of learning drawn from Koriat and Ackerman 
(2010). Participants also provided estimates of the 
percentage of questions they expected to answer correctly 
on the exam on a scale of 0-100% (Hartwig & Dunlosky, 
2017) and rated their confidence in the estimate they 
provided on a scale of 0-10 (Dunlosky et al., 2005).  

The final test included two open-ended code generation 
questions, one focused on variable assignment and one on 
conditional statements. Responses were evaluated using a 
scoring rubric designed to capture both syntactic accuracy 
(e.g., correct use of Python syntax and structure) and logical 
correctness (e.g., accurate computation and control flow). 
All responses were independently scored by a human grader 
and a large language model (LLM) grader trained on the 
same rubric. Interrater reliability was assessed using a 
two-way random-effects intraclass correlation coefficient, 
which indicated excellent agreement between human and 
LLM ratings (ICC(A, 1) = .93, p < .001). 

Results 
All analyses were conducted using R Version 4.5.1 
(RCoreTeam, 2025). To test our hypotheses, we calculated 
each participant’s scores on the two final test questions, and 
then fit a series of multiple regression models, each one 
regressing scores on our two pre-registered orthogonal 
contrasts: (a) lecture vs. practice (lecture = -2, code tracing 
= 1, code writing = 1), and (b) code tracing examples vs. 
code writing with feedback (lecture = 0, code tracing = -1, 
code writing = 1). We also preregistered that we would 
include baseline confidence as an interaction term with the 
condition contrasts. All data and code for this study are 
openly available at https://osf.io/ns4tf. 

Practice Improved Programming Performance 
The final test required code generation for two questions: 
one testing variable assignment and the other testing 
conditional statements. As seen in Figure 1, participants in 
both practice conditions outperformed those who viewed the 
lecture (b = 6.15, t(234) = 4.10, p < .001). Participants who 
practiced writing code with AI-generated feedback had 
significantly higher scores than those who only traced 
worked examples (b = 11.99, t(234) = 6.04, p < .001). 
Baseline confidence was a significant positive predictor of 
performance (b = 5.23, t(234) = 2.60, p = .009), indicating 
that learners who began the session feeling more confident 
tended to perform better overall. There were no significant 
interactions between confidence and condition (ps > .16).  

These patterns were consistent across both test questions, 
suggesting that learning generalized across concept types. 
Participants in both practice-based conditions had higher 
performance on novel coding questions compared to 
participants who watched the video, with the greatest gains 
for those who generated their own code. 

 

Figure 1: Final Test Performance by Instructional Condition 

Practice Reduced Distraction  
Participants in the lecture condition reported higher 
distraction than those in the practice conditions (b = -0.16, 
t(234) = -2.95, p = .003; see Figure 2). Self-reported 
distraction did not differ between participants in the code 
tracing and code writing conditions (b = -0.06, t(234) = 
-0.78, p = .44). Baseline confidence did not predict 
distraction (p = .40), and there were no significant 
interactions between confidence and conditions (ps > .07). 

 

Figure 2: Self-Reported Distraction After Instruction 

Code Writing Practice Required More Time 
We winsorized time data to remove extreme outliers, 
defined as values greater than Q3 + 3 × IQR for each 
instructional timer. There were no significant differences 

2635

https://osf.io/ns4tf


 

between instructional time in practice compared to lecture 
(b = 0.05, t(234) = 0.95, p = .34). Participants in the code 
writing with feedback condition spent significantly longer in 
the learning session than those in the code tracing condition 
(b = 0.32, t(234) = 4.53, p < .001). Baseline confidence did 
not significantly predict time spent (p = .29), and there were 
no significant interactions between confidence and 
conditions (ps > .75). 

Practice Reduced Overconfidence on the Final Test 
Participants in the lecture and code tracing conditions 
tended to overestimate their performance, whereas those in 
the code writing condition underestimated their 
performance. As seen in Figure 3, participants in 
practice-based conditions overall exhibited lower 
overconfidence than those in the lecture condition (b = 
-7.10, t(234) = -4.26, p < .001). Further, participants in the 
code writing condition showed significantly lower 
prediction-performance differences than those in the code 
tracing condition (b = -15.76, t(234) = -7.15, p < .001), 
indicating that open-ended generation with elaborated 
feedback led learners to become more underconfident about 
their performance. Baseline confidence was a significant 
positive predictor (b = 8.15, t(234) = 3.65, p < .001), such 
that learners who began the study more confident also 
tended to show greater overconfidence overall. There were 
no significant interactions between baseline confidence and 
instructional conditions (ps > .17).  

 

Figure 3: Calibration of Final Test Performance 

No Instructional Differences for Confidence or 
Judgments of Learning 
Baseline confidence strongly predicted judgments of 
learning (b = 0.45, t(234) = 6.78, p < .001). There were no 
significant differences between practice-based instruction 
and lecture or between code tracing and code writing 
practice (ps > .33), and there were no significant interactions 
(ps > .25). Participants’ self-perceived understanding was 
more influenced by their general confidence than by the 
instructional format. 

Similarly, baseline confidence was a strong positive 
predictor for post-instruction confidence (b = 0.57, t(234) = 
9.27, p < .001). There were no significant differences 
between practice-based instruction and lecture or between 
code tracing and code writing practice (ps > .19), and there 
were no significant interactions (ps > .73). 

Practice Supported Interest in Programming 
Participants in the practice conditions reported slight but 
significantly greater post-instruction interest than those in 
the lecture condition (b = 0.09, t(234) = 2.13, p = .034; see 
Figure 4). There was no significant difference for interest 
between participants in practice-based conditions (b = 0.10, 
t(234) = 1.71, p = .09). We deviated slightly from the 
preregistered model by including baseline interest as a 
covariate, given its strong association with post-interest (b = 
0.65, t(234) = 12.39, p < .001). There were no significant 
interactions with instructional conditions (ps > .66).  

 

Figure 4: Self-Reported Interest After Instruction 

Discussion 
The goal of this study was to investigate the effectiveness of 
practice-based instruction and identify which features of 
practice contribute to its effectiveness. We found that 
practice-based instruction resulted in significantly better 
programming performance on the final test compared to 
video instruction. Further, participants who wrote code had  
higher performance than those who were code tracing.  

One may think the advantage of code writing practice was 
from it closely resembling the final test. However, 
participants who engaged in code tracing, which did not 
require any code generation, still outperformed those who 
watched the video. This suggests that the benefits of 
practice cannot be simply attributed to alignment with 
assessment format but rather from cognitive engagement, 
metacognition, and motivation advantages.  
Some Types of Practice Reduce Overconfident 
Self-Assessments   
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Whereas participants in the lecture and code tracing 
conditions overestimated their performance, those who 
practiced writing code underestimated their performance. 
Overconfidence in these conditions is consistent with 
theories of fluency-based metacognitive judgments, where 
ease of processing is misinterpreted as understanding (Alter 
& Oppenheimer, 2009; Finn and Tauber 2015; Reber and 
Greifeneder 2017).  

In contrast, learners who wrote code became 
underconfident, despite performing best. It may be the case 
that, because participants were implicitly expected to fail on 
initial attempts, errors were normalized as part of the task 
but also led to a perception of incomplete mastery. 
Additionally, the AI-generated feedback during code writing 
identified errors, which made knowledge gaps more salient. 
Lastly, the task was most similar to the final test, so 
participants may have developed a more realistic 
representation of successful performance, leading to more 
conservative self-evaluations. Together, these factors 
suggest that open-ended generation with feedback could 
produce more informative cues about the limits of one’s 
understanding, even if this temporarily suppresses 
confidence.  

Underconfidence may motivate further practice, but it 
could also discourage persistence if learners interpret 
difficulty as a sign of low ability (Bouffard & Narciss, 2011; 
Kubik et al., 2022). In the future, we plan to investigate how 
changes in calibration interact with learners’ mindsets, 
goals, and subsequent learning choices. Importantly, in this 
study, underconfidence did not come at the cost of reduced 
interest, suggesting that self-assessment and sustained 
motivation need not be in tension. 

Errors Do Not Undermine Interest  
Despite facing more open-ended tasks with a higher risk of 
errors, there were no observed negative effects on interest 
for participants in the code writing condition. Prior work has 
raised concerns that failure can reduce motivation and lead 
to disengagement, particularly for novices (Carlson & 
Fishbach, 2024). However, practice-based conditions led to 
higher interest compared to participants who watched a 
video, and there were no differences in interest between the 
code writing condition and the lower-risk, code tracing 
condition. Practice-based instruction helped reduce 
distraction, so active engagement may have increased 
interest in the topic for future learning.  

It is also possible that the immediate and elaborated 
feedback played a role in sustaining motivation in learning 
to program (Wang et al., 2019). The motivational impact of 
errors may depend on instructional context. Errors that are 
followed by immediate, explanatory feedback can help 
learners diagnose and resolve misconceptions. In this way, 
our findings help reconcile tensions between theories of 
productive failure and concerns about motivation: errors can 
be productive without necessarily being demotivating when 
learners are supported in understanding why their attempts 
failed and how to improve. 

By leveraging AI-generated feedback, this study 
highlights new opportunities for providing scalable support 
during open-ended programming practice, addressing a 
longstanding challenge in CS education (Crow et al., 2020). 
More broadly, the results suggest that effective instruction 
should balance cognitive demand, feedback, and 
opportunities for self-assessment. This may not only help 
learners perform better but also develop a more accurate 
understanding of what they know and what they still need to 
learn. Nonetheless, the study did not manipulate feedback 
quality or compare AI-generated feedback to 
human-provided feedback. As a result, it remains unclear 
which specific properties of the feedback (e.g., elaboration, 
tone, or adaptivity) were most critical for supporting 
learning and motivation. We plan to systematically evaluate 
and vary feedback features to better understand how 
feedback interacts with errors during practice. 

Conclusion 
Programming is a generative skill, yet traditional instruction 
emphasizes passive observation over active practice. 
Ultimately, our results suggest that low-risk practice formats 
(e.g., code tracing) can still support learning and 
engagement without requiring learners to generate code, 
while high-openness practice (e.g., code writing) can yield 
the greatest  gains in performance and reductions in 
overconfidence. Critically, encountering errors did not 
discourage learners when practicing code writing paired 
with elaborated feedback. AI-generated feedback makes 
individualized support scalable, enabling learners to engage 
in authentic programming practice that was previously 
resource-intensive to deliver. 

Theoretically, these results presented here contribute to a 
better understanding of how learning takes place. Best 
learning was achieved through a combination of generative 
practice and reduction in overconfidence. When practice did 
not reduce overconfidence, it could still improve learning 
compared to videos, but the effect was smaller. This pattern 
suggests that learning is an active process of prediction error 
reduction (Rescorla & Wagner, 1972; Schultz et al., 1997; 
Metcalfe, 2017), and more robust learning is observed when 
error reduction is the most effective. Code tracing can allow 
for some error reduction by students implicitly comparing 
their expectations with actual code presented, whereas code 
writing makes it more explicit. Watching videos, as a 
passive activity, on the other hand, does not require error 
reduction. 

By creating practice environments where errors serve as 
informative signals rather than discouraging setbacks, we 
can help learners develop both the technical skills and 
adaptive mindsets necessary for programming competence. 
The question is not whether students should practice 
computational skills, but how we design practice that makes 
learning effective, motivating, and sustainable. 
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