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Abstract
What conditions are necessary for students to learn from practice and feedback, 
without the need for upfront lecture? Across two experiments (N = 597), we exam-
ined how practice with feedback can support memory, generalization, metacognition, 
and motivation. Participants were randomly assigned to one of three instructional 
formats: a traditional lecture, practice with correct-answer feedback, or practice with 
explanatory feedback (predefined or adaptive and AI generated). In both studies, the 
lecture condition introduced linear regression through definitions and a worked ex-
ample, while the practice conditions used matched problem sets with feedback that 
either (a) provided only correct answers or (b) explained why answers were correct. 
Study 1 used multiple-choice questions; Study 2 used open-ended questions with 
personalized explanatory feedback generated in real time by GPT-4o. For memory, 
both types of feedback outperformed lecture, suggesting that attempting a response 
and receiving feedback—even without explanations—enhances encoding. For gen-
eralization, however, feedback needed to include explanations, and learners needed 
sufficient prior knowledge to benefit. Study 2 also showed that practice—regardless 
of feedback type—improved metacognitive calibration compared to lecture, helping 
learners more accurately assess their understanding. While lecture produced greater 
situational interest for less-confident learners in Study 1, this pattern reversed in 
Study 2, where personalized, AI-generated feedback elicited higher interest for this 
group. Together, these findings clarify when and for whom practice with feedback 
can replace lecture-based instruction, and they highlight the potential of generative 
AI to scale personalized, explanatory feedback.
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In education, it is widely assumed that students must first receive explicit instruc-
tion—typically through lectures or readings—before they are ready to engage in 
active learning. This belief shapes how teachers are trained and how classrooms 
are designed. For example, math and science educators are often taught to follow a 
gradual release model—“I do, we do, you do”—that delays guided and independent 
practice until after teacher-led explanation (Fisher & Frey, 2021). Similarly, college 
courses tend to frontload lectures and readings, with hands-on activities and discus-
sion occurring later (Stains et al., 2018). In medical education, the adage “see one, do 
one, teach one” likewise implies that observation should precede active participation 
(Rodriguez-Paz et al., 2009).

This belief—that passive instruction must precede active engagement—also 
underlies much of the learning sciences literature. Many studies on retrieval practice 
compare passive instruction alone (e.g., reading or lecture) to passive instruction fol-
lowed by an active task (e.g., practice testing). Implicit in these designs is the belief 
that students must first be told or shown information before they can benefit from 
engaging with it. For example, in a classic study by Roediger and Karpicke (2006), 
participants read short passages and were then assigned either to re-read or to recall 
and summarize them from memory. In related work on successive relearning, Raw-
son et al. (2013) had students study psychology vocabulary—terms they had previ-
ously encountered through instruction—using different schedules of spaced retrieval. 
Across these studies, memory consistently improved when active testing followed 
prior instruction.

But is upfront, passive instruction truly necessary for active strategies like practice 
testing to be effective? Could students benefit from engaging in active learning before 
receiving traditional instruction—or even in place of it?

Emerging research suggests that the timing and format of instruction may be 
more flexible than traditionally assumed. Studies on problem-solving before instruc-
tion show that engaging with challenging problems—even before receiving explicit 
teaching—can enhance subsequent learning (DeCaro & Rittle-Johnson, 2012; Loibl 
& Rummel, (2014). In pre-questioning studies, students who attempt questions 
before a lecture often remember more than peers who simply listen (Carpenter et al., 
2018; Little & Bjork, 2016). In productive failure designs, students typically struggle 
with ill-structured problems across multiple class periods before teachers consoli-
date learning through discussion and explanation (e.g., Kapur & Bielaczyc, 2012). 
Although initial problem-solving is often unsuccessful, the combination of active 
exploration followed by direct instruction produces stronger conceptual understand-
ing than instruction alone.

These findings sit at the intersection of a longstanding debate between construc-
tivist and direct instruction approaches. Constructivists argue that learners develop 
understanding by actively discovering principles themselves (Bruner, 1961). Propo-
nents of direct instruction counter that novices lack the existing knowledge struc-
tures needed to make sense of new information during unguided exploration, making 
explicit teaching more efficient and effective (Kirschner et al., 2006; Sweller, 2004). 
Problem-solving before instruction occupies a middle ground: students engage in 
discovery-like exploration but then immediately receive direct instruction in the form 
of feedback to consolidate correct understanding.
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Asher, Sana, et al. (2025) tested whether practice with targeted feedback could 
have the potential to replace traditional instruction altogether. If pre-questions help 
students learn more from lectures, they reasoned, practice questions should also help 
students learn directly from feedback. In three studies, students who learned statistics 
via practice and feedback—without any lecture—performed as well as their peers in 
the lecture condition and learned two to three times faster. Importantly, in Studies 2 
and 3, these students didn’t just memorize answers—they successfully applied what 
they learned to novel problems involving linear regression (Study 2) and measures of 
central tendency (Study 3).

This work suggests that practice with feedback represents a potentially efficient 
variant of the middle ground between constructivist and direct instruction approaches. 
Like productive failure and pre-questioning, it begins with student problem-solv-
ing. But unlike productive failure, it does not defer instruction until after extended 
struggle, and unlike pre-questioning, it avoids the need for extended lecture; instead, 
it delivers immediate and concise feedback after each attempt, blending the active 
learning of discovery with the explicit guidance of instruction. Rather than separating 
exploration and explanation, practice-centered instruction offers these experiences 
iteratively and tightly coupled.

Still, these findings raise a critical question: under what conditions can practice 
with feedback support both memory and conceptual understanding? Asher et al. dem-
onstrated that it can work but left open questions about when and why. To identify 
mechanisms and boundary conditions that determine success, we propose a theory 
of practice-centered learning that integrates theoretical insights from research on 
problem-solving before instruction, including work on productive failure, pre-ques-
tioning, and replacing lecture with practice and feedback. Based on these insights, 
we suggest that practice with simple correct-answer feedback will enhance memory 
and metacognitive awareness relative to lecture, but that successful generalization 
from practice alone requires more: feedback must explain underlying principles, and 
learners must have sufficient background knowledge to engage productively with 
these explanations.

A Theory of Practice-Centered Learning

This theory begins with the premise that effective learning requires two elements: (1) 
learners must receive clear instruction, and (2) learners must be prepared to encode 
and retain this instruction effectively. When only one element is present, learning suf-
fers. This principle applies to all forms of instruction, including lecture and feedback.

We argue that lecture and feedback can be equivalent in the instructional content 
they provide: well-designed feedback can deliver the same key information as a lec-
ture, whether this includes facts to be memorized or the rules and principles required 
to generalize. However, lecture and feedback should differ in how well they prepare 
learners to encode and retain instruction. When feedback is paired with upfront prac-
tice, this active task should engage attention and sharpen metacognitive monitoring, 
better preparing students to encode and retain the instructional content that feedback 
provides (Asher, Sana, et al., 2025; Carvalho et al., 2024; Pan & Carpenter, 2023).
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This preparation mechanism—observed across productive failure, pre-question-
ing, and practice-with-feedback designs—should support both memory and gen-
eralization. However, whereas memory may benefit from practice and feedback 
regardless of feedback quality, successful generalization should depend on two key 
ingredients: feedback must explain underlying principles, and learners must have suf-
ficient prior knowledge to engage productively with these explanations. When these 
ingredients are absent, practice may enhance retention without supporting the deeper 
understanding needed to apply knowledge flexibly.

At the same time, because practice with feedback increases challenge, it may trig-
ger curiosity and provide opportunities for students to experience success and feel 
efficacious. However, this challenge may also feel frustrating or discouraging, partic-
ularly for learners with lower confidence or less prior knowledge. Table 1 summarizes 
the known or likely affordances of practice, lecture, and feedback for metacognition, 
memory, generalization, and motivation.

Metacognitive Monitoring

Practice with feedback should effectively support metacognitive monitoring—in 
which people reflect on their own cognitive and memory processes (Koriat, 2007). 
Lectures typically offer little opportunity for students to monitor their knowledge 
(Chi & Wylie, 2014) and may foster overconfidence when students mistake fluent 
comprehension for true understanding (Bjork & Bjork, 2011). In contrast, practice 
with feedback provides ongoing self-assessment opportunities through immediate 
signals—both internal (ease of retrieval) and external (answer correctness)—that 
help students identify what they know and don’t know (Koedinger et al., 2012).

Metacognitive monitoring encompasses multiple dimensions, including subjec-
tive judgments of learning (assessments of how well one has learned; Nelson & 
Narens, 1990) and calibration (the accuracy of predicted versus actual performance; 
Schraw, 2009). Practice with feedback may influence these dimensions differently. 
While it should improve calibration by providing concrete feedback about perfor-
mance, it may paradoxically lower judgments of learning as students who struggle 
through practice problems become more aware of knowledge gaps—even when prac-
tice leads to better actual preparation than lecture. Thus, while practice with feedback 
may not affect how much students feel they learned (Asher, Sana, et al., 2025), it 
might decrease overconfidence relative to passive instruction and make learners more 
accurate in their self-assessments.

Memory

Practice with feedback should consistently outperform lecture for promoting mem-
ory. When students attempt practice problems and receive feedback, several pro-
cesses enhance encoding and retention. First, the act of attempting problems activates 
specific learning goals and directs attention toward understanding correct responses 
(Carvalho et al., 2024; Pan & Carpenter, 2023). Second, retrieving information from 
memory strengthens retention more than passive study (Roediger & Karpicke, 2006). 
Finally, receiving feedback about correctness helps students identify what they know 
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and don’t know, supporting both initial encoding and self-directed review (Koedinger 
et al., 2012). In contrast, lectures may fail to activate these processes unless students 
are already highly motivated and strategic.

The advantages of practice and feedback for memory should hold even when feed-
back consists solely of correct answers: this minimal level of support allows students 
to evaluate their accuracy and commit correct information to memory (e.g., Butler 
et al., 2007). Although explanations in lectures or elaborated feedback can promote 
semantic processing and improve memory (Craik & Tulving, 1975), we anticipate 
that even simple correct-answer feedback should often yield greater memory gains 
than lectures through its support for focused attention and active engagement.

Table 1  Affordances of Practice, Lecture, and Feedback for Different Outcomes
Outcome Practice Lecture Feedback
Metacognition (+) Can inform self-eval-

uation, helping to identify 
gaps in knowledge.1

(−) Without additional 
scaffolds such as reflection 
prompts, it offers limited sup-
port for metacognition.2

(+) Directly informs the 
learner about known 
information and knowl-
edge gaps.1

Memory (+) Enhances long-term 
memory via retrieval 
practice.3

(−) Learners can commit lec-
tured information to memory 
if they watch attentively. Due 
to the passive nature of lec-
ture, this can be a challenge.2
(+) Providing explanations 
(e.g., the origins of a word or 
rationale behind a procedure) 
can promote deeper semantic 
processing and thereby 
improve recall.4

(+) Learners can com-
mit feedback to memory 
if they attend to it. 
Because of the active 
nature of practice and 
feedback and its benefits 
for metacognitive cali-
bration, attention should 
be likely.5 Explanatory 
feedback can communi-
cate the same semantic 
cues as lecture.

Generalization (+) Varied practice can 
support induction of 
underlying rules and 
principles needed for 
generalization, if students 
can handle the cognitive 
load of this demanding 
task.6,7

(+) Explanations of rules and 
principles can shortcut the 
inductive reasoning process, 
allowing for generalization 
with less cognitive load.8

(+) Explanatory feed-
back should have the 
same benefits as lecture 
if it explains rules and 
principles.9

Motivation (+) Success can increase 
confidence and perceived 
progress can build self-
efficacy.10 Challenge 
can promote situational 
interest in the lesson.11 
Relevant practice prob-
lems can promote interest 
in the content.12

(−) Repeated failure 
can decrease confidence 
and undermine intrinsic 
motivation.13

(+) Dynamic, engaging 
instruction can trigger situ-
ational interest. Discussion of 
relevance can promote inter-
est in the content.11,14,15

(+) Supportive feedback 
may be able to buffer 
students from motiva-
tional harms of failure 
during practice. Harsh 
feedback can further 
undermine intrinsic 
motivation.13,16

1Koedinger et al., 2012, 2Chi & Wylie, 2014, 3Roediger & Karpicke, 2006, 4Craik & Tulving, 1975, 
5Carvalho et al., 2024, 6Raviv et al., 2022, 7Kirschner et al., 2006, 8Sweller, 2004, 9Asher, Sana, et al., 
2025, 10Bandura, 1997, 11Renninger et al., 2019, 12Bernacki & Walkington, 2018, 13Ryan & Deci, 2000, 
14Durik & Harackiewicz, 2007, 15Asher & Harackiewicz, 2024, 16Anderson & Rodin, 1989
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Generalization

Generalization—the ability to apply learned principles to novel problems—is a 
higher-order learning outcome that requires understanding the underlying structure 
that governs a domain (Bloom et al., 1956; Koedinger et al., 2012; Krathwohl, 2002). 
Here, we do not expect that all forms of practice and feedback will outperform lec-
tures. Instead, successful generalization should depend on two critical ingredients: 
explanatory feedback and prior knowledge.

Explanatory Feedback  Lectures are often thought to hold a generalization advantage 
because they directly convey abstract principles, reducing the cognitive load associ-
ated with discovering them (Sweller, 2004). However, practice-centered instruction 
should be able to achieve similar benefits when materials make underlying principles 
explicit—whether through initial practice problems targeting key definitions and for-
mulas, or through feedback that explains rationales behind correct answers. These 
approaches should preserve the benefits of active engagement while scaffolding stu-
dents’ understanding of underlying principles.

Supporting this prediction, a meta-analysis of 77 experimental studies on com-
puter-based feedback found that elaborated feedback was more than twice as effective 
as correct-answer feedback for promoting higher-order learning outcomes (g =.46 vs. 
g =.22, Mertens et al., 2022). In addition, Asher and colleagues (2025) used practice 
and feedback that explained underlying rules to promote generalization at or above 
the level of lecture-based instruction.

Prior Knowledge  Even well-crafted explanatory feedback may fail to support gen-
eralization if learners lack the background knowledge needed to make sense of it. 
For learners with strong foundational knowledge, a brief correction may be enough 
to infer a relevant principle. For novices, however, explanation-heavy feedback may 
overwhelm working memory and provide little instructional value (Kirschner et al., 
2006). Practice and feedback may help these learners recognize gaps in their knowl-
edge, but without adequate scaffolding or foundational knowledge, they may be 
unable to resolve the confusion.

Motivation

In many respects, the motivational affordances of lecture- and practice-centered 
instructional approaches may be quite similar. For instance, a lecture might spark 
situational interest by focusing on a fun or personally relevant topic—but so can a 
well-designed problem set (Bernacki & Walkington, 2018; Walkington, 2013). Simi-
larly, instructors can foster deeper engagement by discussing the relevance of course 
content during a lecture (Asher & Harackiewicz, 2024), but they should also be able 
to incorporate the same information into elaborated feedback or practice materials. 
Still, two important motivational differences are likely to emerge. First, the challenge 
of solving practice problems can serve as a powerful trigger of situational interest—a 
temporary state of heightened attention and affective engagement (Renninger et al., 
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2019). Second, the frequent correctness feedback sends strong signals about com-
petence and potential—beliefs that are central to all major theories of motivation 
(e.g., Eccles & Wigfield, 2020; Ryan & Deci, 2000). Success can improve a learner’s 
beliefs about their ability to succeed and overcome challenges (Bandura, 1997) but 
repeated failure can decrease confidence and undermine intrinsic motivation (Ryan & 
Deci, 2000). Moreover, initial confidence may serve as a moderator for motivational 
outcomes: students with higher confidence might appreciate the challenge of prac-
tice without upfront lecture, while less-confident students might feel overwhelmed 
(Asher, Sana, et al., 2025; Zepeda et al., 2020).

The Present Research

In the present research, we examined predictions derived from our theory. First, we 
tested two theory-derived boundary conditions for when practice with feedback will 
produce comparable or superior learning outcomes to lecture: (1) whether students 
are asked to memorize information or form new generalizations, and (2) whether 
feedback provides simple correct answers or explanations of underlying principles. 
We also examined moderators (prior knowledge/confidence) and additional conse-
quences (judgments of learning, metacognitive calibration, interest, and efficiency) 
of learning through practice with feedback.

We tested these predictions in two studies. In Study 1, we compared a lecture to 
multiple-choice practice questions with different types of feedback: either simple 
correct answers or explanations of underlying rules and principles. In Study 2 we 
ensured that our findings could generalize to open-ended practice and test questions, 
using Generative AI (GPT-4o) to provide personalized explanations.

Study 1

In Study 1, we conducted a three-cell online experiment that compared a statistics 
lecture (the control condition) with a matched set of practice problems and two forms 
of feedback: (1) correct-response feedback, consisting of only “correct” or “incor-
rect” plus the correct answer, and (2) explanatory feedback, which also includes a 
rationale for the correct answer.

For this study, we predicted that although practice with either type of feedback 
would be more effective than the lecture at promoting memory for factual informa-
tion (H1), explanations would be needed for participants to generalize (H2). We also 
predicted that both forms of practice would take less instruction time (H3). Finally, 
we were concerned that participants, particularly those with less confidence in their 
math abilities, might be discouraged by the difficulty of solving practice problems 
without upfront guidance, struggling to learn and demonstrating decreased interest in 
the learning session or statistics content (H4).

To avoid pre-questioning effects—which can transform passive lecture into active 
learning (Pan & Carpenter, 2023)—we did not administer a statistics pretest in this 
initial study. As a result, we could not directly test predictions about the moderating 
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role of prior knowledge for generalization performance. However, because confi-
dence and prior knowledge are typically correlated (Wang, 2012 found r =.35–.44 in 
a 3000-student longitudinal study; Li et al., 2023 found r =.41 in a cross-sectional, 
representative sample of over 100,000 high schoolers), we explored whether the gen-
eralization benefits of explanatory feedback would be contingent on students’ initial 
math confidence. To capture the impact of practice with feedback on metacogni-
tive monitoring, we assessed students’ subjective judgments of learning. Because 
we expected that practice with feedback would increase overall learning but also cue 
students to gaps in their knowledge, we made no directional predictions about this 
outcome.

This study was approved by the Institutional Review Board at Carnegie Mellon 
University. Hypotheses, along with data collection and analysis procedures for this 
study were pre-registered at https://osf.io/j4rz6.

Method

Participants

Data were collected online, with participants recruited via Prolific, a crowdsourcing 
platform. Participants were screened to be ≥18 years old and living in the United 
States. Following the preregistration, participants were recruited until 300 consented 
and completed the study. After excluding three participants (one for skipping the final 
test and two for submitting identical answers) the final sample was 297. Overall, 52% 
self-reported their ethnicity as White, 38% as Black, 6% as multiracial, 3% as Asian, 
and 2% as belonging to another group. 46% identified as women and 54% as men. 
The average age was 35.5 years. In terms of math background, 34% reported com-
pleting only high school-level math, 13% took an advanced placement math course, 
and 64% completed a college-level math course. The study lasted approximately 
20 minutes, and participants were paid $4.00 for their participation.

Procedure

Study 1 was administered via Qualtrics. The study used a between-subjects design 
in which participants were randomly assigned to one of three instructional condi-
tions: (1) a lecture, (2) practice with correct-response feedback, or (3) practice with 
explanatory feedback. Participants completed four sections in sequence: a baseline 
questionnaire, a statistics lesson, an outcome questionnaire, and a posttest.

At the beginning of the study, participants were informed they would learn about 
linear regression and take a test, then completed a baseline questionnaire rating their 
confidence in mathematics using a three-item scale. Next, participants proceeded to 
the statistics lesson, adapted from Asher, Sana, et al. (2025) and Asher and Harackie-
wicz (2024), covering six learning objectives related to linear regression: identifying 
the intercept of a line, calculating its slope, interpreting the slope, interpreting the 
intercept, forming a linear equation, and using this equation to make a prediction. In 
the lecture condition, participants watched an eight-minute video in which an instruc-
tor defined key terms, walked through a seven-step worked example (making two 
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predictions and demonstrating each of the other five learning objectives once), and 
summarized the lesson. Approximately 45% of the lecture focused on definitions, 
50% on the worked example, and 5% on summary.

In the two practice conditions, participants completed seven multiple-choice prob-
lems that exactly matched the seven steps in the video’s worked example, with one 
practice problem per learning objective (except for predictions, which had two prob-
lems, mirroring the video). In the correct-response feedback condition, participants 
saw whether their answer was correct and were shown the correct answer. For exam-
ple, after interpreting the slope of a line, a participant might have been told:

Incorrect
Your answer: 1.18 is the average murder rate.
The correct answer: For every 1 degree increase in average temperature, the 
murder rate increases by 1.18 units.

Critically, these participants were not given a rationale for the correct answer. In con-
trast, in the explanatory feedback condition, participants received a detailed explana-
tion of why the correct answer was correct, including relevant definitions and visual 
examples (see Fig.  1 for an example). This feedback was designed to mirror the 
conceptual content of the lecture in a more interactive format.

Following the learning session, participants completed an outcome questionnaire 
assessing their interest in statistics, their experience during the learning session, and 

Fig. 1  Sample Explanatory Feedback, Study 1
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their confidence and expectations for the posttest. Finally, all participants completed 
a 12-item regression test, which included three multiple-choice memory questions 
that were covered during instruction (in the worked example of the lecture or in a 
practice question) and nine short-answer generalization questions requiring appli-
cation of learned concepts to novel problems. Short-answer questions were scored 
using a rubric shared in the Supplemental Materials.

Measures

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 math confidence was assessed with three items (e.g., 
“How good are you at math?”; α =.93, M = 3.3, SD = 0.9). Interest in linear regression 
was measured post-instruction using four items (e.g., “How interesting do you find 
linear regression?”; α =.92, M = 3.6, SD = 1.2), and interest in the learning session was 
assessed with six items (e.g., “I’ve enjoyed this session.”; α =.94, M = 4.7, SD = 1.0).

Confidence-related outcomes included a two-item expectancy measure for the 
upcoming test (e.g., “How well do you think you will do on the test?”; α =.92, M = 3.1, 
SD = 1.1) and a three-item measure of confidence in regression abilities (e.g., “How 
well do you think you would do in a regression course?”; α =.91, M = 3.7, SD = 0.9). 
Participants also provided a single-item judgment of learning (“The instruction I just 
received prepared me well to answer questions about linear regression.”; M = 4.6, 
SD = 1.0). Measures were adapted from Linnenbrink-Garcia et al. (2010), Durik et 
al. (2015), Hecht et al. (2021), and Asher and Harackiewicz (2024), with judgments 
of learning drawn from Koriat and Ackerman (2010). Posttest performance was 
scored separately for memory items (M = 38%, SD = 37%) and generalization items 
(M = 33%, SD = 29%).

Results

We used preregistered linear regression models to test the effects of instructional 
condition on each outcome. Each outcome variable was regressed on two dummy-
coded condition contrasts, using the explanatory feedback condition as the reference 
group. All models included standardized baseline math confidence and its interac-
tion with each condition contrast. These interactions tested whether practice-centered 
instruction would be demotivating for less-confident students and allowed us to use 
confidence as a proxy for prior knowledge. We also fit exploratory models using 
lecture as the reference group to directly compare lecture to correct-response feed-
back. Descriptive statistics, correlations, and full regression output are reported in the 
Supplemental Materials.

Performance

Figure 2 shows average memory (3A) and generalization scores (3B), by condition.
As predicted, participants performed better on memory items when they practiced 

them and received feedback, compared to when they passively watched an instructor 
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complete the problems. Specifically, participants who received explanatory feedback 
outperformed those in the lecture condition on memory items by 17 percentage points 
(or 0.49 SD), t(291) = −3.39, p =.001. The advantage of correct-response feedback 
over lecture was similar: 18 percentage points, t(291) = 3.56, p <.001. There was 
no significant difference between the two practice conditions, b =.01, t(291) = 0.15, 
p =.882, suggesting that for memory, feedback type did not significantly impact per-
formance. Interactions with baseline confidence were nonsignificant (ps ≥.421).

For generalization scores, neither lecture nor correct-response feedback differed 
significantly from explanatory feedback, though participants performed numerically 
better with explanatory feedback than correct-response feedback (33% vs. 27%, a.16 
SD difference), t(294) = −1.17, p =.245, and numerically worse than lecture (33% vs. 
39%, a.20 SD difference), t(291) = 1.51, p =.131. However, there was a significant 
feedback type × baseline confidence interaction, b = −.08, t(291) = −2.22, p =.027 
(Fig. 3), indicating that whereas students in the correct-response condition performed 
poorly regardless of confidence, those with higher confidence benefited from explan-
atory feedback. For example, participants one standard deviation above the mean in 
baseline confidence scored 44% on generalization items, 13 points (or.45 SD) higher 
than their equally confident peers in the correct-response group, t(291) = −2.35, 
p =.020.

In the exploratory model comparing lecture to correct-response feedback, cor-
rect-response feedback was significantly less effective at promoting generalization, 
t(291) = −2.69, p =.008, a.36 SD difference (39% vs. 27%). This effect was also mod-
erated by confidence, b = −.09, t(291) = −2.41, p =.017, suggesting that like explana-
tory feedback, lecture was ineffective at promoting generalization for less-confident 
students, Fig. 3.

Fig. 2  Performance in Study 1: Memory and Generalization Scores. Note. CR = Correct Response. 
Error bars represent ±1 standard error of the mean (SEM). Effect sizes indicate standardized differences 
between each condition and practice with explanatory feedback. * An asterisk indicates a statistically 
significant difference, p <.05
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Instruction Time

Participants in the explanatory feedback condition completed the learning ses-
sion in an average of 7.5  minutes, compared to 9.9  minutes in the lecture condi-
tion, t(291) = 4.00, p <.001—a time savings of 2.4 minutes, or approximately 24%. 
In the correct feedback condition, participants completed the session in an average 
of 7.3 minutes—2.6 minutes faster than lecture, t(291) = −4.20, p <.001. There was 
no significant difference in time between the two practice conditions, t(291) = −0.19, 
p =.848, and interactions with baseline confidence were not significant (ps ≥.101). 
Given that, compared to lecture, participants in the elaborated feedback condition 
achieved much higher performance on memory questions, and roughly comparable 
performance on generalization questions, we can conclude that practice with elabo-
rated feedback was more efficient.

Judgment of Learning and Confidence

On average, participants rated explanatory feedback as more effective prepara-
tion than correct-response feedback, b = −0.38, t(291) = −3.00, p =.003, a.37 SD 
difference. Judgments of learning were also more favorable for lecture compared 
to correct-response feedback, though not significantly, b = −.22, t(291) = 1.78, 
p =.077. There were no significant differences between lecture and explanatory 
feedback, b = −.16, t(291) = −1.24, p =.217, and no interactions with baseline 
confidence (ps ≥.147).

Confidence about the upcoming test and regression ability did not differ between 
conditions (ps ≥.609) or interact with baseline confidence (ps ≥.576).

Interest in the Learning Session and Linear Regression

Self-reported interest in regression did not differ between conditions (ps ≥.545) or 
interact with baseline confidence (ps ≥.136). Situational interest in the learning ses-

Fig. 3  Generalization Performance 
in Study 1: Condition × Confidence 
Interaction
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sion also did not differ across conditions (ps >.655). However, a nonsignificant trend 
suggested that lecture may have been more engaging than explanatory feedback for 
less-confident students, b = −0.21, t(291) = −1.69, p =.092, consistent with past find-
ings (Asher, Sana, et al., 2025).

Discussion

The results of Study 1 suggest that students can effectively learn from practice 
with feedback, but memory and generalization likely require different instruc-
tional supports. Practice with feedback was clearly more effective than lecture 
for promoting memory: participants in both feedback conditions outperformed 
those in the lecture condition by nearly half a standard deviation, with a 24% 
time savings.

For generalization, the pattern was more nuanced. Correct-answer feedback 
was insufficient: participants in this group performed poorly regardless of initial 
confidence. In contrast, students who received either lecture or elaborated feed-
back performed significantly better—but only if they entered the study with high 
math confidence. These findings indicate that conceptual instruction—whether 
delivered via lecture or embedded in elaborated feedback—is necessary but may 
not be sufficient for generalization unless learners are ready to engage with com-
plex explanations.

Study 1 provided no clear evidence that practice with feedback undermines moti-
vation. Participants in the explanatory feedback condition rated their instruction as 
more effective than those who received only correct-response feedback, but neither 
approach significantly affected confidence relative to lecture. Interest in the topic 
and learning session did not differ significantly across conditions, though there was 
a nonsignificant trend suggesting that lectures may have been more engaging than 
explanatory feedback for less-confident students.

Despite these promising findings, Study 1 had several limitations. First, because 
we omitted a regression pretest, we cannot determine whether confident students 
benefited more from conceptual instruction (lecture or explanatory feedback) 
due to cognitive readiness (prior knowledge) or greater willingness to engage 
with challenging material (motivational readiness). Second, the multiple-choice 
format for both practice and memory test questions may have inflated memory 
scores by encouraging item-specific recognition or reliance on superficial fea-
tures rather than genuine recall (see Glover, 1989; Kang et al., 2007; Roediger 
& Karpicke, 2006). Although factual recall is important in many domains, it is 
essential to ensure that learning from practice extends beyond answer recognition 
to knowledge that students can genuinely recall and apply. Third, our measure of 
judgments of learning assessed perceived instructional effectiveness rather than 
expected performance, preventing us from assessing metacognitive calibration—
a key component of our theoretical framework about how practice with feedback 
supports learning.

To replicate and build upon Study 1, addressing its limitations, we conducted 
Study 2.
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Study 2

Study 2 replicated and extended Study 1 with three main goals. First, to disentangle con-
fidence from prior knowledge, we introduced a brief pretest of statistical reasoning to 
directly measure participants’ baseline understanding. Second, to assess whether practice 
with feedback improves metacognitive calibration, we asked participants to predict their 
test performance before completing the posttest, allowing us to evaluate the alignment 
between their expectations and actual outcomes. Third, to address the limitations of the 
multiple-choice format used in Study 1, we redesigned both the practice session and post-
test to require exclusively open-ended responses. We expected that this shift would clarify 
whether practice-centered instruction supports meaningful recall rather than superficial 
recognition and might enhance instructional value, as generating answers requires greater 
cognitive effort than recognizing correct choices (see Kang et al., 2007).

However, the shift to open-ended responses introduced a technical challenge: while 
multiple-choice items are easy to grade automatically, responses with open-ended 
reasoning are more difficult to score and respond to in real time. In prior research on 
retrieval practice, open-ended feedback has typically consisted of simply showing 
the correct answer after each response (e.g., Butler et al., 2013; Kang et al., 2007). 
Recent advances in generative AI offer a more interactive alternative. Large language 
models such as GPT can now evaluate open-ended responses and generate personal-
ized explanations about why answers are correct or incorrect. In Study 2, we used 
GPT-4o to provide immediate, tailored explanatory feedback after each practice item, 
enabling interactive, personalized feedback with free-response practice questions.

Hypotheses

We again predicted that practice with either type of feedback would be more effec-
tive than lecture at promoting memory (H1), but that explanations would be needed 
for generalization (H2). For generalization we also predicted that explanations might 
be unproductive for participants with low prior knowledge, consistent with cognitive 
load theory (H3). We predicted that both forms of practice would be more efficient 
than lecture (H4), and that participants with less confidence might be discouraged by 
the difficulty of solving practice problems without upfront guidance, demonstrating 
decreased interest in the learning session (H5). Finally, we predicted that practice 
with either type of feedback would decrease overconfidence, leading to better cali-
bration between participants’ predicted and actual test scores (H6).

This study was approved by the Institutional Review Board at Carnegie Mellon 
University. Hypotheses, along with data collection and analysis procedures were pre-
registered at https://osf.io/28jtr.

Method

Participants

Participants were recruited online via Prolific, and they were required to be at least 
18 years old and living in the United States. Following our preregistration, data col-
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lection continued until 300 participants consented and met all inclusion criteria. For 
Study 2, we also implemented checks to detect use of generative AI on the posttest. 
Participants flagged for AI use were excluded and replaced; in total, 41 participants 
(12% of those who completed the study) were excluded. Demographic data were not 
available for excluded participants.

In the final sample of 300 participants who met inclusion criteria, 70% self-
reported their ethnicity as White, 20% as Black, 4% as multiracial, 3% as Asian, and 
2% as belonging to another group; 1% did not report their ethnicity. Half identified 
as women and half as men. The average age was 39.2 years. In terms of math back-
ground, 47% reported completing a college-level math course, 17% had completed 
an advanced placement math course, and 34% had no math coursework beyond a 
standard high school level. The study lasted approximately 30 minutes, and partici-
pants were paid $6.00.

Procedure

Study 2 was administered via Qualtrics using the same three-cell design as Study 
1: participants learned about multiple regression with either (1) lecture, (2) practice 
with correct-response feedback, or (3) practice with explanatory feedback. Partici-
pants completed a baseline questionnaire, a statistics lesson, an outcome question-
naire, and a posttest. However, we introduced several changes to simplify the lesson, 
better measure prior knowledge, and improve the instructional design.

As in Study 1, participants were told they would be learning about linear regres-
sion and then completing a test. The baseline questionnaire included the same three-
item measure of math confidence, and we added a four-question pretest of general 
statistical reasoning to directly measure prior knowledge (see Measures below).

To simplify the learning session, we narrowed the content from six to three learn-
ing objectives: identifying the intercept of a line and interpreting the slope and inter-
cept. In the lecture condition, this reduced the video to approximately 7.5 minutes. 
The practice-based conditions were shortened to three practice problems matching 
the three targeted objectives.

We also simplified the posttest to mirror the format of the lecture and practice. 
Participants answered six questions: three “memory” questions that exactly matched 
the three questions presented in the practice or lecture, and three “generalization” 
questions that required applying the same skills with a new line. By testing the same 
learning objectives in the same format on both practice and posttest, this allowed us 
to measure efficiency (change in knowledge over time; Koedinger et al., 2012) more 
precisely in the two practice conditions by using practice scores as estimates of initial 
knowledge.

The most substantial change was the shift from multiple-choice to open-ended 
responses for both practice and testing. In the correct-response feedback condi-
tion, participants were told whether their answer was correct and shown the cor-
rect response. In the explanatory feedback condition, responses were evaluated using 
GPT-4o, which provided instant, personalized explanatory feedback. This feedback 
identified whether the answer was correct and offered an AI-generated rationale for 
incorrect responses, and it also included the same standardized visuals used in Study 
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1 (see Fig. 4 for an example). To provide AI feedback through Qualtrics, we adapted 
a procedure used by Costello et al. (2024).

Table 2 displays prompts used to provide feedback for participants’ interpretation 
of the line’s intercept. For this question and all others, GPT-4o was provided with a 
written explanation of the problem and told to provide feedback consisting of “Cor-
rect!” or “Incorrect.” For incorrect answers, the prompt asked GPT to explain why 
answers were incorrect and to “edit their exact wording with the smallest possible 
changes to make their response fully correct,” labeling this the “corrected version.” 
GPT was given the specific criteria expected in a correct answer and sample correct 
and incorrect responses based on pilot work to ensure feedback accuracy across a 
wide range of responses.

Three sample incorrect responses from participants in Study 2 are displayed in 
Table 3, along with the corresponding AI feedback for each response.

Fig. 4  Sample AI-Assisted Explanatory Feedback, Study 2. Note. The “AI Feedback” message was 
generated by GPT-4o in response to the student’s answer
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To validate the AI feedback, we manually reviewed all 309 AI-generated responses 
and determined that the AI correctly scored 90% of correct answers and 98% of incor-
rect answers, and when providing corrections, it offered appropriate feedback 98% 
of the time with no hallucinations (all feedback was grounded in participants’ actual 
responses and our scoring criteria). For example, the prompt in Table 2 instructed the 
AI that a correct interpretation of an intercept “should communicate that the inter-
cept tells us the predicted murders (or murder rate) when temperature equals zero.” 
When a student wrote only “It intersects the Y axis at 5.58,” the AI correctly identi-

Incorrect Response AI Feedback
It intersects the Y 
axis at 5.58

Incorrect. The intercept does occur at 5.58 on 
the y-axis, but this explanation doesn’t tell 
us what that means in the context of the data. 
Corrected version: It means that when the 
average winter temperature is zero degrees, 
the predicted murder rate is 5.58.

Change in y over 
change in the value 
of the x and y 
coordinate

Incorrect. The intercept is not a description 
of the change in values — that describes the 
slope. The intercept represents the predicted 
value of the y-variable (murder rate) when the 
x-variable (temperature) is zero. Corrected 
version: The intercept tells us the predicted 
murder rate when the temperature is zero.

Thats where the 
line crosses the 
y intercept and it 
means the murder 
rate it 5.58 when 
the temps are at 
1.18

Incorrect. The intercept tells us the predicted 
value of the murder rate when the tempera-
ture is **zero**, not when it’s 1.18. 1.18 is 
the slope, not the temperature value at the 
intercept. Corrected version: “That’s where 
the line crosses the y-axis, and it means the 
murder rate is 5.58 when the temperature is 
zero.”

Table 3  Sample Incorrect 
Interpretations for an Intercept, 
along with Corresponding AI 
Feedback

 

A student was shown a scatterplot with the description, “In the 
scatterplot below, each point represents a U.S. state. “The plot 
shows the relationship between each state’s average (winter) 
temperature and its murder rate. A regression line, determined by 
a computer, is shown on the plot.” They were told that the slope of 
the regression line was 1.18, and that the intercept was 5.58. They 
were then asked: “What does it mean that the intercept is 5.58?” 
Give them feedback about the correctness of their answer. Your 
feedback should contain only the following: (1) The word “Cor-
rect!” or “Incorrect.” (2) if the answer is wrong, explain exactly 
why. (3) if the answer is wrong, then say “Corrected version:” 
and edit their exact wording with the smallest possible changes 
to make their response fully correct. A correct answer should 
communicate that the intercept tells us the predicted murders (or 
murder rate) when temperature equals zero. They don’t need to say 
5.58 in their response (and it’s okay if they round the number to 6, 
or say something like “between 5 and 6″), but they do need to say 
something about temperature equaling zero. Address the student 
directly.
Here is the student’s response: [RESPONSE HERE]

Table 2  The Prompt Given 
to GPT-4o to Elicit Feedback 
about Interpreting an Intercept
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fied the missing interpretation and provided a valid corrected answer: “The intercept 
does occur at 5.58 on the y-axis, but this explanation doesn’t tell us what that means 
in the context of the data … It means that when the average winter temperature is 
zero degrees, the predicted murder rate is 5.58.” Overall, the AI provided reliable 
formative feedback that was sufficiently accurate for our research purposes. Details 
about the evaluation process are provided in the Supplemental Materials, along with 
prompts, sample responses, and feedback for all three practice questions.

Following the learning session, participants completed an outcome questionnaire 
measuring interest and judgments of learning. Immediately before the posttest, par-
ticipants predicted their score on the upcoming test, allowing us to measure metacog-
nitive calibration. The posttest consisted of six open-ended questions: three memory 
items aligned with content from the lesson and three generalization items requiring 
application of the same concepts to new problems.

Measures

To measure participants’ background knowledge of statistics, we selected four ques-
tions from a pilot version of the statistical Reasoning and Literacy (REALI) examina-
tion (Sabbag, 2016), using item response theory statistics to select items with a range 
of difficulty and high discrimination. These items test knowledge of statistics terms 
and concepts (sample vs. population, null hypothesis testing, confidence intervals; 
M = 39%, SD = 31%). Internal consistency for the selected items was modest (α =.58), 
which is expected given the scale’s brevity and the fact that each item assessed a 
distinct statistical concept (Cortina, 1993). However, the measure’s correlation with 
posttest scores (r =.34) suggests that it captures meaningful variation in general sta-
tistics knowledge.

Measures for math confidence (M = 3.1, SD = 1.0, α =.92), judgments of learning 
(M = 4.4, SD = 1.4), situational interest (M = 4.5, SD = 1.2, α =.95), and interest in 
regression (M = 3.4, SD = 1.1, α =.95) were identical to those used in Study 1. Posttest 
performance was scored separately for memory (M = 44%, SD = 36%) and generaliza-
tion items (M = 35%, SD = 35%), using a rubric shared in the Supplemental Materials.

For a measure of metacognitive calibration, participants predicted the percent-
age of posttest questions they would answer correctly immediately before taking the 
posttest (M = 52.5%, SD = 26.9%; see Hartwig & Dunlosky, 2017). We calculated cal-
ibration accuracy as the difference between actual and predicted, with higher scores 
indicating greater overconfidence (M = 16.4%, SD = 36.5%).

Finally, to estimate the average efficiency of learning in each condition, we 
adopted an imputation procedure used by Asher, Sana, et al. (2025). We estimated 
initial knowledge for participants in the practice-based conditions using their practice 
session performance (M = 19.3%, SD = 29.0%). To estimate initial knowledge for par-
ticipants in the lecture condition (who lacked practice scores), we used a resampling 
procedure to generate 1000 imputed datasets, each with different plausible estimates 
for students’ initial knowledge. We then calculated efficiency scores for participants 
in each imputed dataset and analyzed the datasets separately, pooling regression esti-
mates to yield an unbiased estimate of efficiency while reflecting the uncertainty 
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in participants’ true initial knowledge. This process is detailed in the Supplemental 
Materials.

Results

As in Study 1, we analyzed each outcome using preregistered linear regression mod-
els. Each model included two dummy-coded condition contrasts using the explana-
tory feedback condition as the reference group. For performance outcomes, models 
also included participants’ standardized pretest scores and the interaction between 
pretest and condition, allowing us to test whether prior knowledge moderated instruc-
tional effectiveness. For motivation-related outcomes, math confidence was included 
instead of pretest scores, consistent with Study 1, because we expected that partici-
pants’ subjective beliefs about their ability would shape whether they appreciated the 
challenge of learning from practice and feedback.

Performance

Figure 5 shows average memory (5A) and generalization scores (5B), by condition. 
A dashed line at 19% serves as an estimate of participants’ baseline performance 
before instruction, generated by calculating average performance during the practice 
session, which did not vary by condition (correct-response feedback M = 21%, elabo-
rated feedback M = 18%).

Memory  Participants in the explanatory feedback condition outperformed those in 
the lecture condition on memory questions by 13 points, t(294) = −2.64, p =.009, or 
0.35 SD (Fig. 5A). Correct-response feedback was also better for promoting mem-

Fig. 5  Performance in Study 2: Memory and Generalization Scores. Note. CR = Correct Response. Error 
bars represent ±1 SEM. The dashed line shows average practice session performance (an initial knowledge 
estimate). Effect sizes indicate standardized differences between each condition and practice with explana-
tory feedback. * An asterisk indicates a statistically significant difference, p <.05
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ory than lecture (by 8 points), but this difference was not statistically significant, 
t(294) = 1.65, p =.099. As was the case in Study 1, there was no significant difference 
between the two practice conditions, (50% vs. 45%, t(294) = −0.99, p =.325). Interac-
tions between condition contrasts and pretest scores were not statistically significant 
(ps ≥.475).

Generalization  Participants who received explanatory feedback scored nine points 
higher on generalization than those in the correct-response feedback condition, 
t(294) = 1.97, p =.050, a difference of.26 SD. There was no significant difference 
between explanatory feedback and lecture (36% vs. 39%, t(294) = −0.51, p =.609). 
Although the Correct-Response Feedback × Pretest interaction was not significant, 
b = −0.06, t(294) = −1.28, p =.202, the effect was in the predicted direction, Fig. 6A.

In the secondary model comparing lecture directly to correct-response feed-
back, correct-response feedback was found to be 7 points less effective at promot-
ing generalization than lecture, although this effect was not significant in Study 2, 
t(294), p =.153. In addition, the Lecture × Pretest interaction was significant, b =.11, 
t(294) = −2.35, p =.019, further suggesting that participants with higher prior knowl-
edge benefited more from instruction that included conceptual explanations provided 
in the lecture, compared to correct-response feedback (Fig. 6A).

Efficiency of Instruction

Figure 7 shows the estimated average efficiency of learning for memory (7A) and 
generalization (7B) in each condition. For memory scores, participants in the prac-
tice with elaborated feedback condition learned at an estimated rate of 6.93 points 
per minute, 3.4 times as efficiently as those in the lecture condition (2.05 points per 
minute), t(265.8) = −4.22, p <.001. Participants in the practice with correct-response 
feedback condition learned at 5.32 points per minute, 2.6 times as efficiently as lec-

Fig. 6  Interactions in Study 2 with Pretest Score and Confidence. Note. CR = Correct Response. Error bars 
represent ± 1 standard error of the estimate
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ture, t(266.2) = 2.78, p =.006. Memory efficiency estimates did not significantly differ 
between the two practice conditions, t(292.0) = −1.50, p =.134. There were no signifi-
cant interactions with pretest scores, ps ≥.224.

For generalization scores, participants in the elaborated feedback condition learned 
at an estimated rate of 4.27 points per minute, 2.1 times as efficiently as those in the 
lecture condition (1.99 points per minute), t(262.9) = −2.06, p =.041, and twice as 
efficiently as those who learned from correct-response feedback (2.12 points per min-
ute), t(262.9) = −2.06, p =.036. For generalization, there was no significant difference 
in efficiency between correct-response feedback and lecture, t(263.3) = 0.07, p =.942. 
There were no significant interactions with pretest scores, ps ≥.200.

Metacognitive Monitoring

Judgment of Learning  In all conditions, participants tended to agree that their instruc-
tion was effective at preparing them to answer questions about linear regression, with 
average responses in the “agree” to “strongly agree” range, Fig. 8A. There were no 
significant differences in judgments of learning between the lecture and explanatory 
feedback conditions, d =.04, t(294) = 0.24, p =.810. However, practice with explana-
tory feedback was judged to be more effective than practice with correct-response 
feedback, d = −.39, t(294) = −2.24, p =.026, as was lecture, d = −.43, t(294) = −2.45, 
p =.015, replicating Study 1. No condition × baseline confidence interactions were 
significant (ps ≥.137).

Metacognitive Calibration  As predicted, participants in the lecture condition were 
significantly more overconfident, Fig. 8B. On average, they overestimated their test 
performance by 26 percentage points. In contrast, participants in both practice condi-

Fig. 7  Average Learning Efficiency in Study 2 by Condition on Memory and Generalization Questions, 
Note. Figure 7 displays predicted values from the model we fit to estimate efficiency in each condition; 
error bars represent ± 1 standard error of each estimate. * An asterisk indicates a statistically significant 
difference, p <.05
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tions were better calibrated. Compared to lecture, average prediction errors were 13 
points lower in the explanatory feedback condition, t(294) = 2.69, p =.008, and 13.6 
points lower in the correct-response feedback condition, t(294) = 2.77, p =.006. The 
two practice conditions did not differ significantly from each other: participants over-
estimated their performance by 13 points with explanatory feedback and 10 points 
with correct-response feedback, t(294) = 0.11, p =.912. No condition × baseline con-
fidence interactions were significant (ps ≥.449).

Interest in the Learning Session and Linear Regression

There were no significant differences between conditions in participants’ interest in 
regression or the learning session, ps ≥.174. Likewise, no significant interactions with 
math confidence emerged, except for one unexpected finding: a positive Lecture × base-
line confidence interaction for interest in the learning session, b = 0.32, t(294) = 2.03, 
p =.043. In contrast to Study 1, this interaction showed that explanatory feedback 
was rated as more engaging than lecture by participants with lower math confidence, 
whereas lecture was more engaging for those with higher confidence (see Fig. 6B).

Discussion

Study 2 replicated and extended Study 1, reinforcing that students can efficiently 
learn through practice with feedback and demonstrating that these benefits persist 
even when both practice and test items require open-ended responses. By moving 
beyond multiple-choice formats, Study 2 showed that practice-centered instruction 

Fig. 8  Judgment of Learning and Overconfidence (a Measure of Metacognitive Calibration), Study 2. 
Note. CR = Correct Response. Error bars represent ±1 SEM. Effect sizes indicate standardized differences 
between each condition and practice with explanatory feedback. * An asterisk indicates a statistically 
significant difference, p <.05
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can promote meaningful recall and generalization, not merely recognition of answer 
choices.

As in Study 1, correct-answer feedback was sufficient to support memory, but 
explanations remained necessary to promote generalization. Critically, Study 2 pro-
vided clearer evidence that prior knowledge—directly measured through a statistics 
pretest—moderated these effects: learners with higher pretest scores benefitted more 
from elaborated explanations, whereas those with lower pretest scores gained little 
from either lecture or elaborated feedback. This finding clarifies that foundational 
understanding may be a prerequisite for instruction to effectively support generaliza-
tion, consistent with cognitive load theory. An efficiency analysis further highlighted 
practical advantages: for generalization, elaborated feedback yielded over 2x greater 
learning per minute than lecture; for memory, both practice conditions produced 
more than 2.5x learning per minute compared to lecture.

Study 2 also extended Study 1 by examining metacognitive calibration. Practice, 
whether paired with simple or elaborated feedback, significantly reduced overconfi-
dence compared to lecture. Participants who only watched a lecture overestimated 
their performance by an average of 26 percentage points, whereas those who prac-
ticed and received feedback improved their calibration accuracy by more than 50%. 
This pattern suggests that practice-based instruction provides metacognitively useful 
opportunities for self-assessment during problem-solving.

Explanatory feedback was again judged to be more effective than practice with 
correct-response feedback, but similarly effective to lecture, replicating Study 1, 
with no differences in confidence across conditions. This pattern suggests learners 
appreciate conceptual explanation—whether delivered via lecture or feedback—but 
struggle to calibrate how much they have learned without also practicing and seeing 
evidence about their performance.

Finally, there were no overall effects on participants’ interest, although an unex-
pected interaction revealed that explanatory feedback was more engaging than lec-
ture for participants with lower math confidence—reversing the trend observed in 
Study 1.

General Discussion

Across two studies, we investigated when practice-centered instruction can succeed, 
as well as the affordances of this instructional strategy for memory, generalization, 
metacognition, and motivation. Building on recent demonstrations that practice with 
feedback has the potential to replace lecture (Asher, Sana, et al., 2025), we experi-
mentally manipulated feedback quality to test whether it matters for different learn-
ing outcomes. Our results replicate and extend this prior work, demonstrating for 
the first time that students can both memorize and learn to generalize from practice 
alone, but only when feedback is appropriately matched to the learning objective and 
students possess sufficient prior knowledge. Critically, we found that prior knowl-
edge is equally important for learning from video lectures, which proved comparably 
effective but less efficient for generalization. In addition, practice with elaborated 
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feedback offered advantages for memory and metacognitive calibration, without 
detectable negative consequences for motivation.

Boundary Conditions: When Practice-Centered Instruction Will Succeed

Studies 1 and 2 demonstrate that the effectiveness of practice with feedback depends 
on two critical boundary conditions: (1) the type of learning objective—memoriza-
tion versus generalization—and (2) the content of feedback—correct answers versus 
explanations of underlying principles. These boundary conditions interact to deter-
mine when practice with feedback can successfully replace lecture.

For memory outcomes, practice with feedback consistently enhanced retention, 
regardless of feedback type. In both studies, participants who engaged in practice 
with feedback—whether simple or explanatory—outperformed those who received 
lecture-based instruction on recognition tests (Study 1) and recall tests (Study 2). 
This indicates that feedback content matters less when the learning goal is memoriza-
tion, and any practice with feedback will match or beat a good lecture.

For generalization outcomes, practice with feedback reached the level of a good 
lecture only when elaborated feedback was presented. Correct-answer feedback was 
insufficient to promote transfer to novel problems, demonstrating that feedback con-
tent is decisive when the learning goal involves forming new generalizations. Stu-
dents must be told not just what the right answer is, but why it is correct. Explanatory 
feedback—which offered underlying rules or principles—consistently outperformed 
correct-answer feedback for generalization across both studies.

Ingredients for Promoting Memory Versus Generalization

Within these boundary conditions, specific ingredients enable practice with feedback 
to support different learning outcomes. The ingredients required differ substantially 
depending on whether the goal is memory or generalization.

For memory outcomes, the essential ingredients are straightforward: practice 
attempts paired with corrective feedback containing the correct answer. Both studies 
demonstrated that this minimal combination is sufficient to support retention. The 
practice attempt engages active processing and metacognitive calibration, while feed-
back—even when it simply indicates the correct answer—provides the information 
needed to correct errors and consolidate accurate knowledge. No additional elabora-
tion or explanation is necessary when students need only to remember associations.

Although a lecture can promote memory if learners attend carefully, its passive 
nature makes it vulnerable to distraction (Chi & Wylie, 2014). In contrast, prac-
tice offers a built-in metacognitive check that can support encoding: attempting an 
answer, then receiving any type of corrective feedback, naturally highlights gaps in 
knowledge and engages deeper processing as students seek relevant information (see 
also Carvalho et al., 2024).

Studies on test-enhanced learning also suggest that if after encoding an answer, 
learners have the opportunity to continue practicing and retrieving from memory, 
retrieval practice should decrease forgetting and improve longer-term recall (see Pan 
& Carpenter, 2023; Roediger & Karpicke, 2006). However, in Studies 1 and 2 par-
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ticipants were not given repeated practice or delayed posttests, so retrieval practice is 
an unlikely mechanism to explain the memory benefits observed.

Supporting generalization is more complex, with two necessary ingredients: 
explanatory feedback and sufficient prior knowledge.

First, explanatory feedback is necessary. Unlike memory, which can be supported 
by simple corrective feedback, generalization requires feedback that explains under-
lying principles and rules. This explanatory content functions similarly to lecture in 
providing the conceptual foundation needed for transfer (Sweller, 2004), but delivers 
it in a more targeted and timely manner—immediately following a student’s attempt 
to apply the concept.

Second, learners must possess sufficient prior knowledge to engage productively 
with explanatory feedback. This ingredient emerged clearly across both studies. In 
Study 1—where we lacked a pretest of prior knowledge—learners with higher math 
confidence generalized well from elaborated feedback. Study 2, which contained a 
pretest, clarified that generalization depended directly on prior knowledge. These 
findings support cognitive load theory (Kirschner et al., 2006), which posits that 
learners need sufficient background knowledge to process complex explanations pro-
ductively—whether those explanations are delivered through lecture or feedback. 
When cognitive load exceeds learners’ capacity, even high-quality explanations may 
fail to support transfer. Critically, this pattern held for both lecture and practice with 
elaborated feedback in our studies, suggesting that prior knowledge is a general pre-
requisite for learning to generalize rather than a unique requirement of practice-cen-
tered instruction.

When (and When Not) to Use Practice with Feedback Instead of Lecture

The decision to use practice with feedback instead of lecture should be guided by align-
ment with these boundary conditions and availability of the necessary ingredients.

Practice with feedback is highly advantageous when time efficiency is critical. In 
Study 2, elaborated feedback yielded over 2x greater learning per minute for gener-
alization and more than 3x for memory compared to lecture. Importantly, while prac-
tice with feedback proved substantially more time-efficient than lecture, lecture was 
no less effective in terms of overall learning when time was not constrained. In both 
studies, lecture and elaborated feedback produced similar generalization outcomes, 
with lecture even showing a non-significant advantage compared to multiple-choice 
practice in Study 1. This suggests that when time is not a limiting factor, lecture 
retains instructional value for building conceptual understanding.

Practice with feedback is also advantageous when learning goals align with avail-
able feedback types: memorization (which requires only simple feedback) or gener-
alization for prepared learners (which requires explanatory feedback and adequate 
prior knowledge). The importance of prior knowledge as an ingredient suggests that 
explanatory feedback is best suited for learners with at least moderate preparation 
in the domain, or for instructional sequences where initial practice sessions focus 
on building foundational knowledge through carefully scaffolded problems before 
advancing to more complex applications.
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Conversely, practice-only instruction may be less effective than lecture when it 
is easier to tailor lecture to diverse preparation levels—for instance, in small class-
room settings where instructors can adjust explanations in real-time based on student 
questions and visible confusion. Additionally, some topics might require extended 
explanation of highly abstract principles that resist decomposition into brief, targeted 
feedback. Although we have not identified such cases in our studies, if they exist, 
lecture may offer value for building conceptual understanding by providing compre-
hensive explanations that brief feedback cannot deliver.

Metacognitive and Motivational Outcomes of Practice with Feedback

Beyond cognitive outcomes, our studies examined how practice with feedback 
affects learners’ metacognitive awareness and motivation compared to lecture. The 
findings reveal consistent metacognitive benefits and mixed but generally neutral 
motivational effects.

Benefits for Metacognitive Calibration

In Study 2, students who practiced—regardless of feedback type—demonstrated 
substantially better calibration between their predicted and actual performance than 
those who learned by lecture. Lecture participants overestimated their performance 
by an average of 26 percentage points, a pattern consistent with research showing 
that passive instruction often leads to overconfidence (Bjork et al., 2013). In contrast, 
attempting problems and receiving immediate feedback gave practice-based learners 
clearer insight into their knowledge gaps, improving calibration accuracy by more 
than 50%.

This improvement occurred without additional scaffolding such as reflection 
prompts, indicating that the structure of practice with feedback inherently supports 
metacognitive development. The act of attempting an answer forces a moment of 
self-assessment—students must evaluate whether they can solve the problem—and 
feedback provides immediate validation or correction. These benefits suggest that 
practice with feedback not only supports memory and generalization but also offers 
critical cues for more accurate self-evaluation, which may support subsequent self-
regulated learning.

Motivational Outcomes

Despite concerns that feedback-based instruction might be discouraging—espe-
cially for learners with low confidence—we found no consistent negative effects on 
learners’ interest or confidence across studies. In both studies, participants reported 
similar levels of confidence after all types of instruction. Regarding judgments of 
instructional effectiveness, practice with correct-response feedback was judged to 
be less effective than both lecture and elaborated feedback, but elaborated feedback 
was rated as similarly effective to lecture. This pattern suggests that learners appreci-
ate conceptual explanation, whether delivered through lecture or feedback, but view 
simple corrective feedback as less valuable—even though it still supports memory.
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Interest outcomes were more complex and varied between studies. In Study 1, 
lecture produced somewhat greater situational interest than elaborated feedback for 
less-confident learners, supporting concerns that practice-first approaches might feel 
discouraging to underprepared students. However, Study 2 revealed a significant 
interaction in the opposite direction: elaborated feedback—delivered through open-
ended practice with personalized, AI-powered explanations—elicited higher interest 
among less-confident learners compared to lecture.

These discrepant findings may reflect differences in practice format (multiple 
choice versus open ended) or feedback delivery (generic versus personalized), or 
they may simply represent the instability of interactions involving continuous mod-
erators, which are often difficult to detect and replicate (Asher, Hecht, et al., 2025; 
McClelland & Judd, 1993). Taken together, however, the findings suggest that prac-
tice with feedback may not systematically harm motivation relative to lecture, and 
may even enhance engagement under certain conditions. Future researchers should 
investigate questions about moderation with larger sample sizes and head-to-head 
comparisons of different types of explanatory feedback to better understand when 
practice-based instruction can be motivating or demotivating.

Overall, these findings indicate that practice with feedback offers clear metacog-
nitive advantages over lecture without consistent motivational costs. The improved 
calibration that practice affords may be particularly valuable for supporting self-reg-
ulated learning, as accurate self-assessment is essential for students to identify what 
they need to study and how to allocate their learning efforts effectively.

Implications for Instruction with Generative AI

In addition to clarifying the affordances and mechanisms of practice with feedback, 
Study 2 demonstrates the potential for generative AI to expand the scope of feedback-
based instruction. By using GPT to evaluate open-ended responses and generate per-
sonalized explanatory feedback, we enabled real-time scoring and feedback for this 
cognitively demanding response format. This approach offers a scalable solution for 
providing responsive, explanatory feedback in contexts like large-enrollment courses 
where immediate human evaluation is impractical. As large language models become 
increasingly integrated into educational technologies, this work demonstrates how 
they can be used not just to assess responses, but to support learning.

Limitations and Future Directions

This research was designed to test the boundary conditions under which practice 
with feedback can support memory and generalization without upfront lecture, using 
tightly controlled experimental manipulations within brief online sessions. While our 
findings clarify when and for whom this instructional approach can succeed (Mook, 
1983), this design choice necessarily involved trade-offs that point toward important 
directions for future work.

First, both studies involved brief instructional sessions (under 10 minutes) with 
immediate posttests. This brevity enabled precise experimental control but limits 
ecological validity. Authentic classroom instruction unfolds over longer periods, 
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covering more complex content with repeated practice opportunities. Moreover, our 
outcome measures used researcher-developed tests closely aligned with instructional 
content rather than standardized achievement measures. While this alignment was 
intentional—allowing us to isolate effects of our manipulations—it may overestimate 
practical benefits (Bardach et al., 2025). For instance, generalization items required 
applying learned principles to novel problems with new data, but maintained the 
same question formats participants encountered during instruction.

Replication in authentic educational settings is essential to assess whether prac-
tice-centered learning can build knowledge of complex topics over time and improve 
more distal outcomes such as course grades or standardized assessments. In this work, 
researchers should examine optimal methods for replacing lectures with practice and 
feedback, which will vary substantially between contexts. For example, teachers may 
provide personalized feedback in small classrooms, while large courses might require 
instructor-curated feedback libraries or AI-assisted systems. Based on the boundary 
conditions we identified, these approaches may struggle when feedback cannot be 
sufficiently tailored to diverse preparation levels or when content requires extended 
explanation of highly abstract principles.

Second, our measures of prior knowledge were imperfect. Study 1 relied on math 
confidence as a proxy, while Study 2 used a four-item pretest with poor internal con-
sistency (α =.58). Although both measures revealed the predicted moderating pattern, 
lower measurement reliability attenuates effect sizes and reduces statistical power 
(Bohrnstedt & Marwell, 1978); McClelland & Judd, 1993), meaning the observed 
moderation effects may be conservative. More comprehensive assessments are 
needed to consistently detect interactions between instructional strategies and prior 
knowledge, and to better understand the threshold at which learners can productively 
engage with explanatory feedback. Longer classroom studies would enable thorough 
pretesting, and measurement strategies that reduce error, like latent interaction mod-
eling (Klein & Moosbrugger, 2000), could help maintain statistical power.

Third, our design included limited measurement of the psychological mechanisms 
proposed in our theoretical framework. Although Study 2 documented benefits for 
metacognitive calibration, we did not assess attention during instruction, cognitive 
load during feedback processing, or students’ learning goals. Testing these mediators 
would strengthen causal claims about how practice with feedback supports learning. 
Future experiments could incorporate think-aloud protocols, self-reports of mental 
effort, and eye tracking during learning sessions.

Moreover, although we discussed memory, generalization, metacognitive mon-
itoring, and situational interest as separate outcomes, practice with feedback may 
be particularly effective because it causes these processes to influence each other. 
We suggest that practice-based learning creates a psychological cascade: attempting 
problems triggers metacognitive monitoring, which reveals knowledge gaps and acti-
vates learning goals, which motivates attention toward feedback and supports encod-
ing. Testing this cascade would require measuring multiple processes simultaneously 
and examining their temporal dynamics.

Fourth, while Study 2 provided evidence that GPT-4o can provide accurate and 
helpful feedback, our validation was limited to a single topic and one session. The 
consistency and quality of AI-generated feedback across diverse content areas and 
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extended learning sequences remains unknown. Research is needed to understand 
how students perceive and engage with AI-generated versus human-generated feed-
back, and whether trust and acceptance vary across learner characteristics.

Finally, our findings suggest that practice with explanatory feedback is most effec-
tive when explanations are matched to learners’ background knowledge. It is impor-
tant to note that this does not rule out practice-centered instruction for underprepared 
learners; instead it suggests a pathway for supporting them. Rather than viewing 
low prior knowledge as a barrier requiring upfront lecture, initial practice sessions 
could build foundational understanding through carefully scaffolded problems and 
feedback. Future research should test specific scaffolding strategies—such as highly 
structured problems that break tasks into smaller steps, or prompting self-explana-
tion during feedback—to identify which approaches can reduce cognitive load while 
preserving the metacognitive and motivational advantages of active engagement. 
Investigating these design variations, alongside deeper measurement of proposed 
mediators and moderators and longitudinal assessment of authentic educational out-
comes, would advance both theory and practice.

Conclusion

This research advances a theory of practice-based instruction in which practice 
with feedback—when sufficiently elaborated and matched to learner’s background 
knowledge—is not a complement to prior instruction but the instruction itself. As 
educational systems seek more efficient, scalable ways to personalize instruction, 
practice-based learning with elaborated feedback—delivered by humans or AI—may 
represent a powerful and flexible alternative to traditional lecture-based approaches.
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