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Abstract 

Many college students drop out of STEM majors after 
struggling in gateway courses, in part because these courses 
have large time demands. The risk of attrition is higher for 
those from financially disadvantaged backgrounds who often 
work to pay for college, making such time commitments 
unfeasible. In two laboratory experiments with different topics 
(central tendency and linear regression), we identified a 
promising approach to increase the efficiency of STEM 
instruction. When we removed instructional videos and taught 
participants exclusively with practice and feedback, they 
learned 2-3 times faster. However, our research also showed 
that this instructional strategy has the potential to undermine 
interest in course content for less-confident students, who may 
be discouraged when challenged to solve problems without 
upfront instruction and learn from their mistakes. If researchers 
and educators can develop engaging and efficacy-building 
activities that replace lectures, STEM courses could become 
better, more equitable learning environments.   
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Introduction 
Every year many aspiring STEM majors, and particularly 
those from financially-disadvantaged backgrounds, change 
their majors or even drop out of college after struggling in 
introductory math and science courses (Chen, 2013). One 
cause of this problem is that STEM courses place large 
demands on students’ time (Seymour & Hunter, 2019). 
Although the time demands of a STEM-heavy course load 
may not be an obstacle for students with flexible schedules, 
they place a particular burden on financially disadvantaged 
students who often work to pay for college (Carnevale & 
Smith, 2018). To help lower-income students succeed and 
persist in STEM, instructors must strive to make their courses 
efficient learning opportunities. 

Fortunately, STEM courses may have substantial room to 
improve how they allocate students’ time. STEM instructors 
often invest large amounts of class time lecturing about 
course content (Stains et al., 2018), and students then practice 
the same content with activities, problem sets, and study 
sessions (Freeman et al., 2014). Do students need both lecture 

and practice to succeed, or might eliminating one method of 
instruction yield more efficient learning? 

The importance of practice is well established. Research on 
topics like the testing effect, active learning, and deliberate 
practice show that students master skills and acquire 
knowledge most effectively when they actively work with the 
relevant information, testing their understanding, receiving 
feedback that allows them to correct mistakes, and practicing 
correct responses (Carpenter et al., 2022; Ericsson et al., 
1993; Freeman et al., 2014; Koedinger et al., 2015; 
Macnamara et al., 2014; Roediger & Karpicke, 2006). Even 
when students spend large amounts of time on forms of 
explicit instruction like lectures and readings, they typically 
still require practice opportunities to master academic skills 
(Koedinger et al., 2023).  

Surprisingly, the necessity of lectures is less clear. 
Specifically, there’s little experimental evidence about 
whether lecture is needed if participants are already learning 
from practice and feedback. There is good reason to expect 
that a combination of lecture, practice, and feedback would 
be superior to practice and feedback alone. For instance, 
repetition usually has a positive effect on learning and 
retention, even with passive instructional approaches 
(Rothkopf, 1968). Additionally, when an instructor explains 
a topic or demonstrates a skill during a lecture before students 
practice it, students may be more likely to practice (and 
thereby reinforce) correct responses (Carvalho et al., 2022). 

However, it is also possible that lectures are redundant and 
inefficient if students already have access to practice 
opportunities and high-quality feedback. The Knowledge-
Learning-Instruction framework (Koedinger et al., 2012) 
models the theoretical relationship between instruction, 
learning, knowledge, and assessment. In this framework, 
instructional events are intended to bring about unobservable 
learning events which update students’ knowledge. Like 
learning events, changes to knowledge can’t be directly 
observed. Instead, they are inferred with assessment events 
(e.g., homework assignments, essays, tests, discussions, etc.). 

When students passively learn via lecture, they complete 
instructional events. However, when students attempt to 
solve problems and receive feedback, they complete both 
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instructional events and assessment events. Critically, this 
combination of instruction and assessment may lead to better 
learning. For instance, the assessment aspect of the feedback 
has metacognitive benefits, providing learners with 
information about their own knowledge states, highlighting 
important information that they know and that they have not 
yet successfully learned (Bjork et al., 2013). When the learner 
subsequently attends to the instructional component of the 
feedback (the correct response) they can better focus on 
relevant information and process it more deeply, updating 
their knowledge. 

Evidence for this process can be found in studies of 
“pretests” or “prequestions” in which instructional events 
like written passages or lectures are preceded by questions 
about their contents. For example, Carpenter & Toftness 
(2017), randomly assigned students to complete a set of 
short-answer practice questions, or not, before they watched 
a recorded history lecture. No immediate feedback was 
provided about the correctness of students’ responses; 
instead, students inferred this information from the lecture. 
On an end-of-session test, participants who completed 
prequestions performed a full standard deviation better than 
participants in the control group, suggesting that the 
prequestioned group was able to more effectively attend to 
the lecture. Analyses of student behavior in online courses 
also provide evidence that lecture may not be needed when 
students have the opportunity to learn via practice and 
feedback. In these courses, researchers find that when 
students choose to invest time completing activities and 
receiving feedback, they learn much more than they do by 
reading and watching videos (Carvalho et al., 2022; 
Koedinger et al., 2015). 

If students can learn effectively from practice and 
feedback, instructors may be able to make their courses more 
efficient learning opportunities by focusing on this type of 
instruction and removing redundant lectures. In the present 
research, we investigated this hypothesis. 

Study 1 
We conducted Study 1 to (a) establish if participants could 

learn from practice-based instruction (consisting of practice 
with feedback, but no lecture), (b) compare practice-based 
instruction to the standard approach in STEM courses: a 
combination of lecture and practice with feedback, and (c) 
assess how the different forms of instruction affected 
participants’ subjective judgments of learning. In this study, 
participants learned about a statistics topic and then took a 
test. To test our research questions, we randomly assigned 
participants to one of four conditions: no instruction, practice 
with feedback only, lecture only, or combined instruction. 

We hypothesized that practice with feedback would be an 
effective instructional event, such that students in the practice 
condition would learn more than those in both the no 
instruction and lecture only conditions. We also reasoned that 
two instructional events (practice with feedback, plus lecture) 
would be better than one (practice with feedback only), and 
therefore predicted that participants in the combined 

condition would learn more than those in the practice-only 
condition. However, we predicted that practice-based 
instruction would result in much more efficient learning.  

In addition, we were concerned that even though practice-
based instruction would promote efficient learning, 
participants would not appreciate the benefits of this 
instructional strategy. As students follow along with a lecture 
without having their understanding challenged, they are 
likely to experience a sense of fluency, comprehension, and 
therefore confidence (Bjork & Bjork, 2011). Conversely, 
when students test their understanding with practice 
questions they may struggle and feel as though they learned 
less (Kirk-Johnson et al., 2019). 

Participants 
A total of 132 participants were recruited through Prolific 
who consented to participate and completed the study. 97 
(79%) self-reported their ethnicity as White, 14 (11%) as 
Black, 10 (8%) as Asian, 4 (3%) as multiracial, and 2 (2%) 
as belonging to another group. Two participants (2%) chose 
not to report their ethnicity. 79 participants (60%) identified 
as women and 50 (28%) as men. Three participants chose not 
to report their sex (2%). The average age of participants was 
41.6 years. The study lasted approximately 30 minutes, and 
participants were paid $4.80 for their participation. 

Procedure 
The study contained four sections: an instructional video, 
practice, a five-minute break, and then a test. During the 
video portion, participants who were randomized to the 
“lecture” and “combined” conditions watched a video about 
measures of central tendency. All other participants watched 
a control video, which had a similar style and took a similar 
amount of time but covered an unrelated topic (the Italian 
Renaissance). Next, participants who were randomly 
assigned to the “practice” and “combined” conditions 
completed a 20-question practice test, receiving correct-
response feedback after each question (i.e., the word 
“Correct” or “Incorrect”, followed by the correct answer). All 
other participants skipped this practice test. Third, all 
participants completed a series of trivia questions for five 
minutes. Finally, all participants proceeded to a survey and 
then a posttest about measures of central tendency. 

Materials 
For the video, we used an 11.4-minute educational video 
about measures of central tendency that was developed by the 
Youtube channel CrashCourse. In the video, the instructor 
spent 63% of the time defining terms and explaining 
concepts, 25% working through sample problems, 8% 
explaining the relevance of the content, and 5% transitioning 
between topics. The control video was a 14.6-minute 
CrashCourse video about the Italian Renaissance. To create 
practice and assessment materials for the lesson, we 
developed 20 “knowledge” questions that tested facts that 
were covered in the video (e.g., definitions), and 20 
“application” questions that required participants to apply the 
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information. Because individuals best learn to generalize 
when they’re exposed to varied input (Raviv et al., 2022), we 
wanted to examine if participants would need the variety of 
combined instruction to succeed on application questions. 
We then randomly split the knowledge and application items 
into two problem sets, versions A and B. Participants were 
randomly assigned to a version, which they received for 
practice (if applicable) and for the posttest. All questions 
were 4-item multiple choice, and the order of questions was 
randomized for each participant. The trivia questions given 
during the five-minute break were developed and normed by 
Tauber and colleagues (2013). 

In addition, we tracked instruction time for each participant 
(i.e., the time they spent on the video and/or practice 
sections). We inserted a single item after instruction, 
assessing participants' self-reported judgments of their own 
learning (“The instruction I just received prepared me well to 
answer questions about measures of central tendency”), 
adapted from Koriat & Ackerman (2010). Participants 
responded to this item using a slider that ran from “0: 
Strongly Disagree” to “100: Strongly Agree.” Following a 
five-minute break and posttest, participants were asked which 
form of instruction would have been best: lecture, practice 
with feedback, or a combination of lecture, practice, and 
feedback. 

To estimate the efficiency of instruction for each 
participant, three pieces of information are needed: End-of-
session knowledge, initial knowledge, and instruction time. 
We directly measured end-of-session knowledge with the 
posttest and we timed how long the instruction took for each 
participant, but we chose not to include a pretest (to measure 
initial knowledge) because we were concerned that a pretest, 
even without feedback, would have metacognitive benefits 
and thereby increase learning in the lecture-only condition 
(see Carpenter & Toftness, 2017; Sana et al., 2020). Instead, 
we estimated initial knowledge for participants in the practice 
only condition using their performance at the beginning of 
the practice session. 

Because initial knowledge could not be estimated for 
participants in the lecture only and combined conditions 
(which lacked a practice session that came before the lecture), 
we used the initial knowledge estimates from the practice 
only condition and a resampling procedure to generate 1,000 
imputed datasets, each with different plausible estimates for 
students’ initial knowledge in all conditions. We then 
calculated efficiency scores for participants in each imputed 
dataset and analyzed the datasets separately, pooling 
regression estimates to yield an unbiased estimate of 

efficiency while reflecting the uncertainty in participants’ 
true initial knowledge (Rubin, 1987). 

Results 
All analyses were conducted using R version 4.3.1 (R Core 
Team, 2023) with the “lmer” package (Bates et al., 2015). To 
test our hypothesis about performance, we calculated each 
participant’s scores on memory and generalization questions 
on the posttest, and then fit a series of three linear mixed 
effects models, each regressing knowledge and application 
scores on a set of dummy-coded contrasts to ultimately test 
each possible pairwise comparison between the four 
conditions. In each model, we also included an Application 
vs. Knowledge contrast, which indicated whether each score 
was for application (.5) or knowledge (-.5) questions, a 
Version contrast to control for whether participants were 
assigned to version “A” (.5) or “B” (-.5) of the problem set, 
the two-way interactions between the Application vs. 
Knowledge contrast and the dummy coded condition 
contrasts, a by-participant random intercept, and a by-
participant random slope for the Application vs. Knowledge 
contrast. p values were adjusted for multiple comparisons 
(Benjamini & Hochberg, 1995).  

Judgments of learning, a between-subjects variable, were 
analyzed them with the same approach used for performance 
but with multiple regression. To analyze efficiency in the 
three conditions that contained instruction, we fit a regression 
model with dummy-coded contrasts that compared the 
combined and lecture-only conditions to practice only, 
controlling for order. 
 
Performance. The left panel of Figure 1A shows average 
overall performance by condition. Compared to those in the 
no instruction condition, participants in the practice only 
conditions performed on average 19 points better on the 
posttest, d = 1.03, F(1, 127) = 16.95, p < .001, demonstrating 
substantial learning without the need for lecture. There was 
no significant difference between the performance of 
participants in the practice only and lecture only conditions, 
although this effect was in the predicted direction: 
participants in the practice only condition performed on 
average 5 points better on the posttest, d = .29, F(1, 127) = 
1.17, p = .266. There was also no significant difference in 
Performance between the combined and practice only  
conditions, although participants in the combined condition  
performed on average 8 points better, d = .43, F(1, 127) = 
2.92, p = .135. 

 
Figure 1: Posttest Scores and Efficiency of Learning 
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The right two panels of Figure 1A display average 
performance on application and knowledge items. Two 
significant interactions with the Application vs. Knowledge 
contrast suggested that combined instruction was particularly 
good at promoting application (vs. knowledge), relative to no 
instruction, b = .14, F(1, 128) = 10.13, p = .007, and lecture-
based instruction, b = .14, F(1, 128) = 9.64, p = .007. No other 
interactions with the Application contrast were significant, p 
≥ .117. 
 
Efficiency. Figure 1B shows the estimated average efficiency 
of learning in each condition that contained instruction. As 
predicted, participants learned at an estimated rate of 3.91 
points per minute in the practice only condition, 2.4x more 
efficiently than those in the combined condition (1.63 points 
per minute), t(87.25) = -3.58, p = .001, and more than 3x 
more efficiently than those in the lecture only condition (1.24 
points per minute), t(89.99) = -4.11 , p < .001. 

Figure 2: Judgments of Learning and Preferences 

 
 

Judgments of Learning and Instruction Preferences. 
Figure 2A displays average judgments of learning by 
condition. Although practice improved posttest performance 
by 19 points relative to no instruction, it had no effect on 
participants subjective judgments of learning, d = -.15, t(117) 
= -.60, p = .662. Similarly, participants in the combined 
condition reported similar judgments of learning to those in 
the lecture only condition, d = -.08, t(117) = -.32, p = .747, 
despite performing 13 points better on the posttest. In 
addition, when participants were asked at the end of the study 
which form of instruction would be best for preparing them 
for a test, combined instruction was chosen by 70% of 
participants, followed by lecture only (17%). Although it was 
3 times as efficient as lecture and resulted in higher test 
scores, practice only was the least popular option, selected as 

the best method of preparation by only 12% of participants, 
Figure 2B. 

Discussion 
Study 1 showed that participants could learn effectively from 
practice and feedback, without the need for lecture. 
Participants in the practice only condition performed more 
than a full standard deviation better than those who received 
no instruction. Although we found some evidence that 
combined instruction was most effective at promoting 
performance on application questions, possibly due to the 
additional variety of information it contained, this benefit was 
offset by a massive loss in efficiency. Practice was the most 
efficient form of instruction by a wide margin: participants in 
the practice-only condition learned more than twice as 
quickly as those in the combined condition, and more than 3x 
faster than those in the lecture only condition. This finding 
suggests that if instructors want to improve their students’ 
ability to generalize, they may be best served by having their 
students practice a variety of topics and skills and then 
providing feedback, which would allow students to 
experience a wider range of input than they would receive 
with lecture in the same amount of time. 

However, we also observed that participants judged that 
practice did not prepare them for the test, and a large majority 
of participants indicated a preference for combined 
instruction. This raises the concern that although learning via 
practice and feedback can be good for learning, it may 
undermine student motivation. We tested this possibility in 
Study 2. 

Study 2 
In Study 2, we set out to replicate and extend the findings of 
Study 1 in a new context, with new materials. In addition to 
focusing on learning and efficiency of instruction as 
outcomes, we examined how practice-based instruction 
affects motivation, and we did so in a context that more 
closely resembles a college-level STEM course. We designed 
an experimental paradigm in which college-student 
participants learned the basics of multiple regression, as they 
would in an introductory statistics course, either with a video 
or with practice problems and feedback. To increase the 
potential effectiveness of the video, we built it around two 
worked examples in which the instructor used regression to 
answer research questions (Atkinson et al., 2000) We 
designed the practice and feedback to cover the same 
information as the lecture, in the same order. After 
instruction, we gave all participants an application-heavy test 
of items that were new for all participants. 

We predicted that participants would learn more from 
practice than the video in less time. However, because every 
major theory of academic motivation involves students’ 
beliefs about their own competence (Bandura, 1986; Eccles 
& Wigfield, 2020; Ryan & Deci, 2000), and because learning 
via practice involves struggle and negative feedback, we 
predicted that a practice-based instructional approach might 
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undermine participants’ judgments of learning, confidence, 
and interest in statistics. 

Participants 
Undergraduate participants were recruited from an 
introductory psychology course at a large midwestern 
university. A total of 338 students consented to participate 
and completed the study. Of these participants, 225 (67%) 
self-reported their ethnicity as White, 75 (22%) as Asian, 32 
(9%) as Hispanic, 14 (4%) as Black, 4 (1%) as Middle 
Eastern, 3 (1%) as Indigenous, and 1 (< 1%) as belonging to 
another group. 212 participants (63%) identified as women 
and 123 (36%) as men. Two participants identified as non-
binary (<1%) and one did not report their gender (<1%). The 
average age of participants was 18.5 years. Participants 
completed the session online for course credit.  

Procedure 
Study 2 had a two-cell design with lecture- and practice-only 
conditions. Before the learning session began, all participants 
completed measures of their baseline confidence and interest 
in statistics. Next, participants either watched a 13.8-minute 
video that we recorded, or they completed a series of 16 
practice problems. After each problem, participants received 
feedback. The video was built around a series of two worked 
examples, which occupied 51% of the video. In addition, the 
instructor spent 32% of the video on definitions and 
explanations, 12% on transitions between topics, and 5% on 
a recap. Unlike the prior two studies, there was no control 
video in the practice-only condition to facilitate an 
unconfounded test of how the two manipulations affected 
students’ interest. All participants worked through the 
practice problems in the same order.  

Finally, participants in both conditions completed a 21-
question posttest, which was designed with ecological 
validity in mind to closely resemble a college-level statistics 
test. Specifically, the test consisted of four parts, which were 
presented in the same order to all participants. Part 1 included 
four multiple-choice knowledge questions. Parts 2-4 were 
each built around a different equation or graph (e.g., a scatter 
plot of the relationship between gas prices and traffic 
fatalities) and contained short-answer application questions.  

Measures 
Baseline interest in statistics was measured with three items 
(e.g. “How interesting do you find statistics?”, α = .93), as 
was baseline confidence in math (e.g., “How good are you at 
math?”, α = .93). On the outcome questionnaire, interest in 
statistics was measured with 12-items (e.g. “How interesting 
do you find linear regression?”, “How much would you enjoy 
learning more about statistics in the future”, α = .96). and we 
measured confidence in regression with three items (e.g., 
“How well do you think you would do in a regression 
course?”, α = .93). These scales were adapted from 
Linnenbrink-Garcia et al. (2010) and Durik et al. (2015). In 
addition, participants received an overall score on the 
posttest; the test’s design did not allow for separate analyses 

of memory and generalization questions. Because Study 2 
lacked counterbalanced pre and posttests, measures of 
learning per minute could not be calculated. Instead, we use 
the amount of time students spent on instruction as a measure 
of efficiency. We assessed participants’ judgments of their 
learning with the same item used in Study 1. 

Results 
We regressed each outcome on a Practice vs. Lecture contrast 
(Practice = .5, Lecture = -.5), our baseline measures of 
interest and confidence (both standardized), and interactions 
between the Practice contrast and the two baseline measures. 
We predicted that practice could undermine confidence and 
interest for less-confident students (who might be threatened 
when asked to practice without any upfront instruction), and 
we wanted to explore if less-interested students would prefer 
the recorded video or practice. 
 
Performance. Contrary to our prediction, participants in 
both conditions performed similarly on the test. Although 
participants who learned from practice once again did better 
on the test than those who learned from lecture, this 
difference was small (only 3 percentage points, d = .12) and 
non-significant, t(332) = 1.22, p = .225, Figure 3A. There 
were no significant interactions with baseline interest or 
confidence, p ≥ .071. 
 

Figure 3: Posttest Scores and Efficiency of Learning 
 

 
 
Efficiency. Again, practice was a much more efficient form 
of instruction than lecture. Whereas participants took 15.1 
minutes on average to watch the video, they averaged only 
6.7 minutes to complete the practice problems, t(332) = -
31.30, p < .001, Figure 3B. Assuming that participants in both 
conditions learned a similar amount, this translates to more 
than a 2.25x increase in the efficiency of instruction. There 
were no significant interactions with baseline interest or 
confidence, p ≥ .489. 
 
Judgment of Learning. There was no significant difference 
in the extent to which participants in the two conditions 
reported that their form of instruction prepared them well for 
the test, although the effect on this outcome was in the 
predicted direction: judgments of learning were .15 SD lower 
in the practice condition than in the lecture condition,  
d = -.15, t(332) = -1.43, p = .154. There were no significant 
interactions with baseline interest or confidence, p ≥ .236. 
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Interest in Statistics. In the two conditions, after instruction 
participants reported similar levels of interest in statistics on 
average, d = -.02, t(332) = -0.18, p = .860. However, a 
significant Practice vs. Lecture × baseline interest interaction 
suggested that whereas the lecture condition led students at 
all levels of confidence to report a moderate level of interest 
in statistics, the practice condition promoted interest for 
participants with higher levels of confidence and undermined 
interest for those who were less confident, b = .23, t(332) = 
2.13, p = .034, Figure 4. There was no significant interaction 
with baseline interest in statistics, p = .678. 
 

Figure 4: Interest in Statistics by Condition and Baseline 
Confidence in Mathematics 

Discussion 
After participants learned either from a lecture or a closely-
matched set of practice problems with feedback, they 
performed similarly well on an application-heavy test that 
required them to generalize what they had learned to solve 
novel problems. In addition, Study 2 again demonstrated that 
practice with feedback was much more efficient than lecture; 
participants achieved comparable performance in less than 
half the time. Thus, Study 2 suggests that practice with 
feedback can remain efficient even when it covers all the 
material in a lecture, and that it can effectively teach students 
to generalize as well as memorize. 

However, our concern that practice-based instruction 
might undermine interest was also supported: although this 
type of instruction was better than lecture for confident 
students (who may have appreciated the challenge of the 
practice problems and viewed it as appropriate), it 
undermined interest for less-confident students who may 
have been overwhelmed by the challenge and incorrect-
response feedback. 

Conclusions 
To grow and diversify STEM fields, it is critical to focus on 
the efficiency of instruction in introductory STEM courses. 
In the present research we identified a potentially powerful 
lever of change to do this: participants who were taught via 
practice and feedback learned 2-3 times as rapidly as those 
who completed standard instruction (i.e., practice and 
feedback, plus lecture).  

These findings, which challenge the assumption that students 
must learn from direct instruction before they can try things 
themselves and learn by doing, are consistent with the 
Knowledge-Learning-Instruction framework (Koedinger et 
al., 2012). In this framework, lecture and feedback can both 
serve as instructional events, but feedback is also a 
metacognitively-useful assessment event that helps students 
identify their misunderstandings, helping them more deeply 
attend to and process relevant information to correct them. 
Thus, feedback can be a more effective way to teach, and 
lectures should be redundant in contexts where students have 
access to practice opportunities and high-quality feedback. 
These findings are also consistent with attentional accounts 
of the benefits of prequestions, which suggest that questions 
before instruction can improve learners’ attention to and 
processing of the correct answer, yielding more robust and 
durable knowledge (Carpenter & Toftness, 2017; Sana et al., 
2020). 

Yet, even though this research shows that students can 
efficiently learn through practice and feedback, more work is 
needed to establish if and when students should learn in this 
manner. Study 2 showed that practice-based instruction has 
the potential to undermine interest for less-confident 
students, who may be discouraged when challenged to solve 
problems without upfront instruction and learn from their 
mistakes. These findings highlight that caution may be 
needed when implementing “desirable difficulties” (Bjork, 
1994). A more difficult learning environment is likely to 
improve learning as long as the difficulty is connected to 
processing and retrieval of relevant information (Bjork & 
Bjork, 2011), as is the case in our practice-only condition. 
However, if that difficulty negatively impacts the likelihood 
of students’ continued engagement with the material, it can 
become undesirable. In the case of STEM courses, interest in 
the material is one of the strongest predictors of long-term 
persistence, so classroom practices that undermine interest 
for struggling students could increase attrition and exacerbate 
inequality (Maltese & Tai, 2011; Rosenzweig et al., 2021). 
We propose that further research is needed to understand 
desirable difficulties beyond their impact on cognitive 
processing. In STEM courses, our work also suggests that 
careful design is needed to implement practice-based 
instruction in a way that is engaging and motivating.  

In addition, it is necessary to examine the effectiveness of 
repeated, practice-based instruction over time, with different 
types of content. It may be that practice with feedback is an 
efficient way to make modest gains when learning the basics 
of a new domain, but lecture is also needed to master complex 
academic content. The present research suggests that a short 
set of practice problems can be an effective replacement for 
a brief instructional video, but can more time-consuming, 
repeated practice activities effectively replace engaging, full-
length STEM lectures? To answer these questions and begin 
collecting evidence on the actual impact of practice-based 
instruction, it will be necessary to move beyond the 
laboratory and conduct field experiments in STEM 
classrooms.  
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