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Abstract

In this direct replication of Mueller and Oppenheimer’s (2014) Study 1, par-
ticipants watched a lecture while taking notes with a laptop (N = 74) or
longhand (N = 68). After brief distraction and without the opportunity
to study, they took a quiz. Like the original study, laptop participants
took notes containing more words spoken verbatim by the lecturer and more
words overall than longhand participants. However, laptop participants did
not perform better on the quiz than longhand participants. Exploratory
meta-analyses of eight similar studies echoed this pattern. In addition, in
both the original study and our replication, higher word count was associ-
ated with better quiz performance and higher verbatim overlap was asso-
ciated with worse quiz performance, but the latter finding was not robust
in our replication. Overall, results do not support the idea that longhand
note-taking improves immediate learning via better encoding of information.
Preregistration, materials, data, and code: https://osf.io/tr868/.
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“Ditch the laptop and pick up a pen, class. Researchers say it’s better for note taking.”

—Elahe Izadi, August 26, 2014, Washington Post

In educational settings, students and professors alike are keen to facilitate student
learning. One common strategy students adopt is to take notes during class using pen
and paper or a laptop. Which note-taking medium promotes better learning? Mueller and
Oppenheimer (2014) conducted a set of three experiments to find out.

In each experiment, participants watched a prerecorded lecture. Prior to watching
the lecture, participants received either a laptop or pen and paper so they could take notes.
They subsequently took a quiz about the lecture material. In two of three experiments, in
which participants had no opportunity to study their notes, longhand note-taking resulted
in better performance than laptop note-taking on items putatively tapping conceptual un-
derstanding. In a third experiment, the difference was found only amongst participants who
studied their notes prior to taking the quiz a week later. In all three studies, participants
took more notes in the laptop than longhand condition, and their notes included more of
the words used by the lecturer in the laptop than longhand condition.

This work has been influential. For one, it may be guiding teaching decisions; it’s
frequently featured as a point of discussion amongst educators about the decision to al-
low or ban laptops in the classroom (one example: Holstead, 2015). Moreover, the work
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captured public imagination, with pieces published by the Washington Post, NPR, Scien-
tific American and other outlets. It has inspired headlines suggesting that students should
ditch their laptops and take notes by hand, as highlighted in the epigraph; otherwise, they
perform worse. It has also captured academic imagination; as of July 12, 2020, Mueller
and Oppenheimer (2014) have been cited more than 1,000 times (Google Scholar), and the
paper’s Attention score places it in “the top 5% of all research outputs ever tracked by
Altmetric” (over 15 million). It has also inspired several close replications (Kirkland, 2016;
Luo, Kiewra, Flanigan, & Peteranetz, 2018; Mitchell & Zheng, 2017; Morehead, Dunlosky,
& Rawson, 2019).

In the current study (N = 142), we present our preregistered direct replication of
Study 1 by Mueller and Oppenheimer (2014; N = 65). Participants took notes with a
laptop or a pen while they watched one of five TED talks. After a distractor-filled delay,
they took a quiz that assessed their grasp of the material. We measured quiz performance,
the number of words in their notes, and verbatim overlap between their notes and words
used by the lecturer

In confirmatory analyses, we tested the hypothesis that longhand note-taking would
lead to better performance on conceptual quiz items than laptop note-taking. Such a result
would indicate that note-taking medium impacts transfer of new information to long-term
memory, an extension of Di Vesta and Gray’s (1972) encoding hypothesis. We also tested
the hypotheses that laptop note-taking would lead to more words in the notes (and, specif-
ically, more words spoken verbatim by the lecturer) than longhand note-taking. Finally, we
conducted exploratory mini-meta-analyses across similar studies to generate cumulative es-
timates of the size of note-taking effects on immediate quiz performance and notes contents
to date.

Method

We report how we determined our sample size, and all data exclusions, manipulations,
and measures in the study. This study was approved by the Social, Behavioral, and Educa-
tional Research Institutional Review Board at Tufts University. All participants provided
written informed consent prior to participating.

We preregistered this study on March 7, 2017 (see https://osf.io/qe3wb/wiki/home/)
Our materials, data, and analysis scripts are available on the Open Science Framework
at https://osf.io/tr868/. When reporting results for the studies published by Mueller and
Oppenheimer (2014), we relied on updated data files posted at https://osf.io/t43ua/ as part
of their 2018 corrigendum.

Participants

We recruited participants through posts on social media, emails to acquaintances and
outreach lists, and flyers in heavily trafficked locations on campus. Undergraduates inter-
ested in participating were directed to complete an online screening survey that confirmed
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they were a college student and at least 18 years old; eligible individuals were then redi-
rected to a scheduling website. Our recruitment materials are available on p. 58-59 of the
pdf at https://osf.io/y3ty8.

A total of N = 145 undergraduate students from Tufts University participated in the
experiment individually, typically with two experimenters. Two participants provided no
responses to quiz items and condition assignment was unclear for a third thus we excluded
these three observations, leaving us with N = 142 for analysis. Notes were unavailable
for two participants, thus analyses involving variables derived from notes (word count,
verbatim overlap) have two fewer observations. We present our sample size rationale in the
supplementary materials.

Participants were randomly assigned to view one of five lectures in either the laptop or
longhand note-taking condition. Overall, there were 68 participants in the laptop condition
(12 to 14 per lecture), and 74 in the longhand condition (13 to 18 per lecture). We, thus,
had 80% power to detect a standardized effect of note-taking condition of Cohen’s d = +/-
0.47 or larger for quiz performance variables, and Cohen’s d +/- 0.48 or larger for notes
variables (two-tailed alpha = .05). And we had 80% power to detect equivalence of the
note-taking effect to zero within bounds of Cohen’s d = +/- 0.49 for quiz performance
variables, and Cohen’s d = +/- 0.49 for notes variables (alpha = .05). Equivalence tests
examine whether one can reject the presence of an effect as extreme or more so than one’s
equivalence bounds, ideally the smallest effect size of interest (Lakens, Scheel, & Isager,
2018).

Participants from all four graduation years were represented; the majority were sopho-
mores (12% first-years, 49% sophomores, 23% juniors, and 17% seniors). With regard to
gender, 62% identified as female and 37% as male; 1 person declined to report their gender.
With regard to race/ethnicity, 5% were African American or Black, 24% were Asian, 58%
were Caucasian or White, 5% were Hispanic or Latino/a/x, and 7% were Multiracial; 2 peo-
ple declined to report their race/ethnicity. Participants received USD$15 in compensation.

Materials

Lectures. The lectures for this study were the same TED talks used in the original
study. They lasted approximately 15 minutes each. Links to their location on the ted.com
website, from which the videos were streamed and transcripts obtained, are available in
supplementary materials.

Quiz performance. Participants responded to open-ended quiz items from the
original study for each of the five lectures. Per Mueller and Oppenheimer (2014), we divided
items into two types, factual-recall and conceptual-application. The extent to which the
quiz items reflect a valid distinction between factual versus conceptual understanding is
unclear. However, we use the factual versus conceptual labels from the original study to
facilitate comparison.

There were 5-7 items for factual-recall performance (e.g., “According to the speaker,
what kinds of stressful tasks most reliably raise the level of cortisol (a stress-related hor-
mone)?” and 3-5 items for conceptual-application performance (e.g., “Why are the negative

https://osf.io/y3ty8
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outcomes the speaker discusses (social problems, life expectancy, etc.) correlated with eco-
nomic status within countries, but not across countries?”), depending on which lecture the
participant viewed.

A total of 12-15 raters scored participants’ open-ended responses based on a standard
scoring key. For details regarding scoring and interrater reliability, see our supplementary
materials.

For both factual-recall and conceptual-application item types, interrater reliabil-
ity was excellent for all lectures. The minimum and maximum intraclass correlations
(ICCs) across lectures, respectively, were .98 and .99 for factual-recall, and .90 and .98
for conceptual-application. We calculated a total index score for each participant as the
mean across raters separately for factual-recall and conceptual-application scales (maximum
= 10). We then standardized these scores across lectures like the original authors; we also
computed proportion correct.

Content of notes: Word count and verbatim overlap. For each participant,
we determined the number of words in their lecture notes and the degree to which three-
word chunks of text (trigrams) from a transcript of the lecture were present in those notes
using the tidytext package (Silge & Robinson, 2016) in R. We expressed verbatim overlap
as a percentage: 100 ∗ L/T , where L = number of lecture trigrams in participant notes,
and T = total number of trigrams in participant notes.

Distractor tasks. As a distraction after watching the video lectures, participants
completed, in order, a typing test, a questionnaire, and a reading span task. Based on
experimenter reports of typing test start times and reading span task end times, participants
were distracted for 24.02 minutes on average across distractor tasks, 95% CI [23.36, 24.69].
Distraction duration was similar for participants in the laptop, M = 23.73, 95% CI [22.8,
24.66], and longhand conditions, M = 24.29, 95% CI [23.33, 25.26], ∆M = 0.56, 95% CI
[−0.77, 1.89], t(136.00) = 0.84, p = .403. Thus, the distraction period was sufficient to build
in an approximately 30-minute delay between lecture and quiz as in the original study, and
it did not vary by note-taking condition. For detailed information about the distractor
tasks, please see our supplementary materials.

Design and Procedure

We collected data in person in various locations on Tufts University’s Medford cam-
pus. Before participants arrived, experimenters assembled the relevant forms and opened
the Qualtrics survey that would be used to administer all study procedures, including ran-
dom assignment of participants to conditions. Our Qualtrics survey template is available
at https://osf.io/s5gfd.

We used a 2(condition : laptop, longhand)×5(lecture) between-subjects factorial de-
sign for this experiment. After providing written informed consent, experimenters provided
each participant either a pen and paper or an experimenter-owned laptop on which to take
notes. If the participant brought headphones to the session, the experimenter ensured that
participants were wearing them and they were plugged in to the jack on a second computer,
typically another experimenter-owned laptop, that would display the lecture. They then

https://osf.io/s5gfd
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said, “You will now watch a lecture on this monitor. Please use your normal classroom
note-taking strategy. We’re interested in how information is actually recorded during class
lectures.” The experimenter ensured that the display screen was visible and then moved to
an area of the room outside of the participant’s line of sight.

When the video ended, the experimenter retrieved the note-taking laptop or pen and
paper, and said “Now, we’d like for you to complete several tasks here on this computer.
This part of the study will take about 30 minutes in total. Please let me know after you’ve
finished each task.” Participants then completed the distractor tasks, with the experimenter
moving out of the participant’s line of sight for each task. After completing the distractor
tasks, participants completed the quiz for the lecture they had viewed earlier.

Finally participants responded to a number of self-report questions about their note-
taking medium preferences and beliefs, described in supplementary materials. They also
indicated with which gender and racial or ethnic group(s) they most identify. At this point,
experimenters debriefed participants, collected information required to compensate them
via PayPal, thanked, and excused them.

Deviations from the Original Method

Our replication of Study 1 differed from the original in the following ways:

1. We did not collect GPA or SAT score information from participants because this
sensitive information is not critical to replicating the key findings of the original
study. Because these variables were collected after the manipulations and measures
of interest in the original study, their omission could not have affected our replication
results.

2. We administered all manipulations and measures via a Qualtrics survey. The survey
linked to other websites for the reading span and typing test distractors. Doing so
facilitated our ability to collect the data in a standardized way for every participant
and minimized the risk of data loss given the number of experimenters who collected
the data. It is possible that this change could have affected the key results.

3. We added an open-ended question asking participants to tell us what they think the
study is about. We administered this item after the manipulations and measures of
interest; its inclusion could not have affected the key results.

4. We recruited college undergraduates at Tufts University in 2017 rather than Princeton
University circa 2013. These are both selective private institutions thus the popula-
tions of interest are similar; nevertheless, it is possible that drawing from a different
population or time could have affected the key results. For example, there could have
been a difference in the frequency with which students typically take notes with a
laptop versus longhand in the two studies.

5. In the original Study 1, participants completed the study in a classroom, generally
in groups of two, and the video lecture was presented via a projector on a screen
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at the front of the room. We could not ensure that a classroom setting would al-
ways be accessible to our experimenters, and could not provide a standardized set
of laptops to experimenters. As such, participants viewed the lecture on a moni-
tor, typically a laptop owned by an experimenter. When available, participants wore
headphones/earbuds to minimize distraction. In addition, participants took notes on
a laptop that was owned by an experimenter, when applicable. We do not think
using a laptop/headphone set-up is likely to have affected the key results of interest
for our replication of Study 1 because the original authors adopted the same proce-
dure in Study 2. Variation in settings and types of laptops used for note-taking and
lecture-watching could, however, have introduced variability that affected key results.

6. Dr. Mueller kindly provided the two 5-minute distractor tasks used in the original
Study 1 but these materials were not amenable to administration via Qualtrics. Thus,
alongside the reading span task - one of the three original distractors in Study 1 - we
administered a 5-minute typing test and the Need for Cognition Scale instead. These
are the same distractors used by the original authors in Study 2. As such, we do not
think this change is likely to have affected the key results of interest for our replication
of Study 1.

Confirmatory Data Analysis and Inference Criteria

We analyzed our data using R (R Core Team, 2020) and wrote this manuscript in
R Markdown via RStudio 1.3.1056 (RStudio Team, 2020) to maximize reproducibility and
minimize copy-paste errors when reporting results. The papaja (Aust & Barth, 2018) and
knitr (Xie, 2015) packages were instrumental to producing the formatted document. We
used an alpha of .05 for null hypothesis significance testing.

In accordance with the original study and our preregistered analysis plan, we con-
ducted independent samples t-tests to determine whether assignment to the laptop condition
influenced word count and degree of verbatim overlap in the notes that participants took
compared to the longhand condition. We also conducted mixed-effect analyses of variance
in quiz performance with note-taking condition as a fixed effect and lecture as a random
effect with a random slope for note-taking condition. The original authors used the UNI-
ANOVA command in SPSS for these analyses; we conducted them using the afex package
in R (Singmann, Bolker, Westfall, Aust, & Ben-Shachar, 2019).

In addition, we examined whether the effect sizes in the present study were signifi-
cantly different from those reported in the original study by conducting two one-sided tests
using the TOSTER package (Lakens, 2017). For the factual and conceptual performance
variables, we set the upper bound to the size of the original effect (d = 0.01 and 0.34,
respectively), and the lower bound to -999. For the word count and verbatim overlap vari-
ables, we set the lower equivalence bound to the size of the original effect (d = -1.43 and
-0.94, respectively), and the upper bound to +999. These analyses amount to inferiority
tests (Lakens et al., 2018).

We also examined whether the effect sizes in the present study were equivalent to d
= 0 using TOSTER. In this case, we set equivalence bounds to +/- 0.49 for the two quiz
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performance variables or +/- 0.49 for the two notes variables. We selected these equivalence
bounds because they yield 80% power to detect equivalence given the final sample size, an
approach to recommended by Lakens (2017) as one way of defining the smallest effect size
of interest.

A successful replication of results should yield a statistically significant effect of note-
taking condition on number of words (laptop > longhand), verbatim overlap (laptop >
longhand), and conceptual-application performance (longhand > laptop). In addition, repli-
cation effect sizes should be neither significantly different from the original effect sizes nor
equivalent to 0. For a list of deviations from our preregistered analysis plan, please see our
supplementary materials.

Results

Preliminary Analyses

Summary Statistics. Table A1 in supplementary materials shows descriptive
statistics for and correlations between measured variables in our replication.

Influential Observations. We identified potentially influential observations, i.e.,
observations that may have biased the effect of note-taking condition (longhand [.5] versus
laptop [-.5]) on our four criterion variables, as described in supplementary materials. We
repeated our confirmatory analyses after excluding these influential observations, as speci-
fied in our pre-registration (see https://osf.io/qe3wb/wiki/home/); their exclusion did not
alter conclusions about experimental effects.

Confirmatory Analyses

Figure 1 shows all four primary dependent variables as a function of note-taking
condition; plots were generated using the yarrr package (Phillips, 2017). The top row plots
standardized quiz performance; factual-recall items on the left and conceptual-application
items on the right. The bottom row plots notes content; word count on the left, verbatim
overlap on the right.

Effect of Note-taking Condition on Quiz Performance. Table 1 shows the
fixed effect of note-taking condition on quiz performance in the original study by Mueller
and Oppenheimer (2014; Study 1) and the present replication study. We show results for
standardized performance scores, as presented in the original study, as well as proportion
correct, a more intuitive measure of performance. As shown, removing influential observa-
tions from the replication data had little effect on conclusions thus results below include all
observations.

Consistent with the original study, the difference in factual-recall performance be-
tween the laptop and longhand conditions was not significant (see Figure 1, top left). Based
on standardized scores, the original study yielded a near-zero effect slightly favoring better
factual-recall performance in the longhand than laptop condition (Hedges’ g = 0.01, 95%
CI[-0.48, 0.50]). The present replication study effect was negligible in the opposite direction

https://osf.io/qe3wb/wiki/home/
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Figure 1 . Violin plots depicting the four primary dependent variables by note-taking condi-
tion in the present replication study. For quiz performance (top row), we depict standardized
scores. The mean is represented by the thick black line in each condition. Error bars, shown
in lighter shading around mean, represent 95% confidence intervals.
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Table 1
Effect of note-taking condition on quiz performance (standardized and proportion correct scores)
in the original study and in the present replication study.

ANOVA Results (Type III Sums of Squares)
measure num Df den Df MSE F ges Pr(>F)
Factual-Recall (Z index score)
Original Study 1 4 0.22 0.05 .00 .84
Replication Study - All observations 1 4 0.09 0.13 .00 .74
Replication Study - Excluding influential 1 4 0.07 0.00 .00 .98

Conceptual-Application (Z index score)
Original Study 1 4 0.04 8.08 .20 .05
Replication Study - All observations 1 4 0.08 0.59 .02 .48
Replication Study - Excluding influential 1 4 0.03 2.68 .05 .18

Factual-Recall (proportion correct)
Original Study 1 4 0.01 0.04 .00 .86
Replication Study - All observations 1 4 0.00 0.07 .00 .81
Replication Study - Excluding influential 1 4 0.00 0.02 .00 .91

Conceptual-Application (proportion correct)
Original Study 1 4 0.00 9.40 .34 .04
Replication Study - All observations 1 4 0.01 0.35 .02 .59
Replication Study - Excluding influential 1 4 0.00 2.34 .04 .20

Note. The fixed effects of condition on factual-recall and conceptual-application performance
in the original Study 1 were F(1, 4.01) = 0.046, p = .841, and F(1, 4.09) = 8.05, p =
.046, respectively, based on the UNIANOVA command in SPSS (see 2018 corrigendum files
at https://osf.io/t43ua/). We report results from the corresponding analysis in R using the
afex::aov_4 command. The values differ slightly due to differences in how SPSS and afex handle
random effects, but substantive conclusions remain the same. ges = generalized eta-squared, a
measure of effect size; Pr(>F) = p value

(Hedges’ g = -0.08, 95% CI[-0.41, 0.25]), not significantly different from the original effect,
t(139.96) = -0.55, p = .291, and equivalent to 0 +/- 0.49, t(139.96) = 2.45, p = .008.

Contrary to the original study, the difference in conceptual-application performance
was not significant (see Figure 1, top right). Based on standardized units, the original
study yielded a small-medium effect suggesting better performance in the longhand than
laptop condition (Hedges’ g = 0.34, 95% CI[-0.16, 0.83]). The replication study effect was
negligible in the opposite direction (Hedges’ g = -0.13, 95% CI[-0.45, 0.20]), significantly
different from the original effect, t(139.03) = -2.78, p = .003, and equivalent to 0 +/- 0.49,
t(139.03) = 2.17, p = .016.

In units of proportion correct, mean factual-recall performance in the laptop condition
was .63 (SD = .20, 95% CI [.58, .68]); mean factual-recall performance in the longhand
condition was .62 (SD = .23, 95% CI [.57, .68]). Mean conceptual-application performance

https://osf.io/t43ua/
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in the laptop condition was .74 (SD = .19, 95% CI [.69, .78]); mean conceptual-application
performance in the longhand condition was .70 (SD = .23, 95% CI [.65, .75]).

Averaged across note-taking conditions, participants in the original study scored lower
by a proportion of .05 on factual-recall items, M = .58 (SD = .21, 95% CI [.53, .63]), than
participants in this replication study, M = .63 (SD = .21, 95% CI [.59, .66]). Similarly, par-
ticipants in the original study scored lower by a proportion of .08 on conceptual-application
items, M = .63 (SD = .23, 95% CI [.58, .69]), than participants in this replication study,
M = .72 (SD = .21, 95% CI [.68, .75]).

Effect of Note-taking Condition on Content of Notes. Consistent with the
original study, taking notes using a laptop, M = 230.69, SD = 133.87, 95% CI [198.03,
263.34], led to a higher word count than taking notes longhand, M = 136.16, SD = 66.26,
95% CI [120.71, 151.62], t(94.63) = −5.22, p < .001 (see Figure 1, bottom left). Removing
influential observations had little effect on the statistical results, t(99.41) = −4.91, p < .001.
Both the original and replication studies yielded large effects suggesting a higher word count
in the laptop than longhand condition (original Hedges’ g = -1.41, 95% CI[-1.96, -0.86],
and replication Hedges’ g = -0.90, 95% CI[-1.25, -0.56]). The replication study effect was
significantly different from the original effect, t(94.63) = 3.02, p = .002, but it was not
equivalent to 0 +/- 0.49, t(94.63) = -2.34, p = .989.

Again consistent with the original study, taking notes using a laptop, M = 12.97%,
SD = 6.53, 95% CI [11.37, 14.56], led to more verbatim overlap with the lecture than writing
notes longhand, M = 8.13%, SD = 4.73, 95% CI [7.03, 9.23], t(119.46) = −4.98, p < .001
(see Figure 1, bottom right). Removing influential observations had little effect on the
statistical results, t(119.30) = −5.58, p < .001. Both studies yielded large effects suggesting
a higher verbatim overlap in the laptop than longhand condition (original Hedges’ g =
-0.93, 95% CI[-1.44, -0.41], and replication Hedges’ g = -0.85, 95% CI[-1.19, -0.51]). The
replication study effect was not significantly different from the original effect, t(119.46) =
0.45, p = .326, nor was it equivalent to 0 +/- 0.49, t(119.46) = -2.08, p = .980.

Averaged across note-taking conditions, participants in the original study typed 56.95
more words, M = 238.35 (SD = 116.79, 95% CI [209.41, 267.29]), than participants in this
replication study, M = 181.40 (SD = 114.14, 95% CI [162.33, 200.47]). Levels of verbatim
overlap were similar; participants in the original study exhibited just 1.09% greater verbatim
overlap, M = 11.53% (SD = 6.69, 95% CI [9.87, 13.19]), than participants in this replication,
M = 10.44% (SD = 6.14, 95% CI [9.42, 11.47]).

Exploratory Mini-Meta-Analyses

Our replication’s experimental results are consistent with the original study by demon-
strating a laptop superiority effect when it comes to the number of words in notes and extent
of verbatim overlap with the lecture, and no effect of note-taking condition on factual quiz
performance. However, our replication results are inconsistent with the original study by not
demonstrating a longhand superiority effect when it comes to conceptual quiz performance.
It may be that our particular instantiation resulted in false negative effects for conceptual
items due to methodological differences (e.g., use of Qualtrics to collect the data, different
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population of undergraduates, variation in data collection settings, experimenters, and com-
puter equipment). Thus, next we conducted exploratory mini-meta-analyses to integrate
evidence across multiple similar studies as a more robust test of the hypothesis.

To estimate the effect of note-taking condition on quiz performance, word count, and
verbatim overlap, we located a total of eight very similar studies that met the following
criteria: 1) Experimentally manipulated laptop versus longhand note-taking, 2) Assessed
immediate quiz performance on the same day as exposure to the lecture, 3) Used video
lecture material, 4) Measured and reported results for quiz performance, word count, and
verbatim overlap, and 5) Studied undergraduates. See our supplementary materials for in-
formation about our search strategy. Although eight studies is insufficient to make definitive
conclusions, it does afford an interim aggregation of cumulative knowledge that can yield
testable predictions for future work.

The set of k = 8 studies was comprised of Study 1 and 2 by the original authors
(Mueller & Oppenheimer, 2014) (not Study 3, which assessed quiz performance one week
later), two studies reported by Morehead et al. (2019) (immediate condition only), the
current study, and three more single-study replications (Kirkland, 2016; Luo et al., 2018;
Mitchell & Zheng, 2017). We excluded participants in the laptop intervention condition in
Mueller and Oppenheimer’s Study 2 given that the goal of the intervention was to eliminate
or reduce the difference between laptop and longhand conditions. Also, we could only meta-
analyze k = 7 studies for factual-recall and conceptual-application performance because the
authors reported performance across item types in one study (Luo et al., 2018).

One source of variation across studies, despite otherwise similar methods, is the lecture
video material. Morehead et al., Mitchell and Zheng, and the current replication used at
least one of the original TED talk lectures; Kirkland and Luo et al. used other video material
that lasted a bit longer than the original 15-minute videos (28 and 23 minutes, respectively).
We excluded the recent study of 7th-9th-grade students (Frantz, Morling, & Radu, 2018),
in part because participants were not university undergraduates, which could introduce
age-related heterogeneity, and in part because they do not report results for word count
and verbatim overlap.

We ran five random effects meta-analyses to estimate the effect of note-taking condi-
tion on quiz performance (total, factual, conceptual) and the content of notes (word count,
verbatim overlap) using the metafor package (Viechtbauer, 2010). We computed effect sizes
as longhand minus laptop using the effsize (Torchiano, 2019) and compute.es (Re, 2013)
packages.

The forest plot in Figure 2 summarizes quiz performance findings. Across studies,
taking notes longhand versus with a laptop boosted total quiz performance across factual
and conceptual item types to a negligible degree, Hedges’ g = 0.04, 95% CI[-0.13, 0.20].
This effect was not statistically significant, Z = 0.46, p = .645, and it also was equivalent
to 0 +/- 0.38, Z = -4.10, p = < .001. The equivalence bound of d = 0.38 reflects the effect
size the original study could detect with 33% power. Equivalence, thus, suggests that the
meta-analytic effect size was too small to have been detected in the original study.

The effects for the two item types separately, factual-recall performance, Hedges’ g =
0.03, 95% CI[-0.13, 0.19], and conceptual-application performance, Hedges’ g = 0.14, 95%
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Figure 2 . Effect sizes (standardized) for the quiz performance measures for the original
study and all replications. For each measure, we present Hedges’ g point estimates in
descending order. Error bars represent 95% confidence intervals (CIs). The size of the
symbols is inversely proportional to the variance of the estimate; larger symbols indicate
more precise estimation. We generated overall estimates using a random effects (RE) model.
Overall estimates are depicted with black diamonds.
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Figure 3 . Effect sizes (standardized) for the notes content measures for the original study
and all replications. For each measure, we present Hedges’ g point estimates in descending
order. Error bars represent 95% confidence intervals (CIs). The size of the symbols is
inversely proportional to the variance of the estimate; larger symbols indicate more precise
estimation. We generated overall estimates using a random effects (RE) model. Overall
estimates are depicted with black diamonds.
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CI[-0.07, 0.35], were negligible to very small. These effects were not statistically significant,
Z = 0.36, p = .719 and Z = 1.34, p = .182, respectively, and both were equivalent to 0 +/-
0.38, Z = -4.33, p = < .001 and Z = -2.27, p = .011, respectively.

The forest plot in Figure 3 summarizes notes content findings. Consistent with the
original study, taking notes with a laptop boosted both word count, Hedges’ g = -0.91, 95%
CI[-1.18, -0.65], and degree of verbatim overlap, Hedges’ g = -0.78, 95% CI[-1.03, -0.54],
to a large degree. These effects were statistically significant, Z = -6.75, p = < .001 and Z
= -6.34, p = < .001, respectively, and neither of them were equivalent to 0 +/- 0.38, Z =
-3.92, p > .999 and Z = -3.24, p = .999, respectively.

A modest percentage of the total variability across studies was due to heterogeneity
of true effects for total quiz performance, I2 = 12.73%. This appeared to be driven more
so by conceptual-application performance, I2 = 38.54%, than factual-recall performance,
I2 = .001%. In terms of notes content, a large percentage of the total variability across
studies was due to heterogeneity of true effects for word count, I2 = 69.69%, and verbatim
overlap, I2 = 63.58%. Our supplementary materials address whether note-taking condition
effects on notes content variables are correlated with note-taking condition effects on quiz
performance variables at the study level.

Additional Exploratory Analyses

We present a number of additional exploratory analyses in supplementary materials
which we summarize briefly here for the sake of completeness. In one set of exploratory
analyses, we took a Bayesian approach to examine relative evidence for the replication
and null hypotheses. Consistent with results presented above, results generally favored
the replication hypothesis for notes variables and the null hypothesis for quiz performance
variables.

In a second set of exploratory analyses, we conducted mixed-effect analyses of variance
in quiz performance with item type treated as a factor (instead of examining factual and
conceptual performance in separate analyses); there was no significant effect of note-taking
condition either on its own or in interaction with item type; this was true in our replication
and in the original study.

In a third set, we examined continuous predictors of quiz performance in linear mixed-
effects regressions; such analyses could reveal hypothesized effects of note-taking condition
by accounting for variance in quiz performance otherwise attributed to error in confirmatory
analyses. However, there were no significant effects of note-taking condition when account-
ing for these extraneous variables. In line with the original study, higher word count was
associated with better quiz performance; higher verbatim overlap was associated with worse
quiz performance, but inconsistently so, depending on analysis.

In a fourth set, we examined laptop versus longhand note-taking preferences. Our
replication participants were more likely to say they tended to take notes longhand; original
study participants were more likely to say they tended to take notes using a laptop. Our
replication participants also believed, on average, that taking notes longhand is better for
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learning; original study participants believed, on average, that there wasn’t much of a
difference.

Discussion

Summary and Evaluation of Replication Results

Mueller and Oppenheimer (2014) found in their first study that participants who took
lecture notes on a laptop demonstrated poorer performance on putatively conceptual quiz
items than their counterparts who took lecture notes by hand. Laptop notes contained more
words and greater verbatim overlap with lecture content than longhand notes. Moreover,
people whose notes had more words but less verbatim overlap performed better. Laptop
versus lecture note-taking had no effect on factual-recall quiz performance.

In our replication study, laptop notes contained more words and greater verbatim
overlap with lecture content than longhand notes. However, unlike the original study, we
found only small, statistically nonsignificant differences in quiz performance as a function
of note-taking medium. This conclusion was borne out in mixed-effect ANOVAS, equiva-
lence tests, Bayesian analyses, and linear mixed-effect regressions. Thus, we replicated the
experimental effect of note-taking condition assignment on notes but not quiz performance.

We also replicated correlational results reported by Mueller and Oppenheimer (2014).
Consistent with the original study, we found that higher word count was associated with
better quiz performance. We also found that higher verbatim overlap was associated with
worse quiz performance, albeit less robustly. It would be tempting to conclude that taking
more notes causes better quiz performance or that taking verbatim notes causes worse
performance. However, we did not manipulate word count or the extent to which the notes
exhibited verbatim overlap with the lecture thus alternative explanations are plausible.
Higher word count or lower verbatim overlap may be third-variable proxies for motivation,
conscientiousness, and/or interest, any of which might prompt students to take more notes
in their own words and do better on the test.

Mini-Meta-Analyses of Very Similar Studies

There have been a number of parallel efforts by other researchers to replicate the
experimental effect of note-taking condition on both quiz performance and notes content
variables in undergraduates watching lecture videos. This is not surprising in light of the
theoretical and practical importance of the findings.

Our mini-meta-analyses of studies that reported the same dependent measures in
undergraduates – two in the original report plus six by independent researchers – suggested
that the experimental effect on quiz performance was near zero irrespective of item type.
Confidence intervals around the point estimates indicated that negligible to small effects
favoring laptop or longhand superiority were both compatible with the data. There was
modest heterogeneity in the extent to which this was true across studies.
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By contrast, across the board, these studies found that laptop note-taking boosted
both word count and verbatim overlap with the lecture relative to longhand note-taking.
Confidence intervals around the point estimates indicated that medium to large effects
favoring laptop superiority were compatible with the data. However, there was considerable
heterogeneity in the extent to which this was true across studies.

Our mini-meta-analyses, thus, replicated the experimental effect of note-taking con-
dition on notes but not quiz performance. This reduces concern about the limitations of our
single replication. However, because these meta-analyses included only eight studies, likely
did not include all unpublished attempts to replicate the original study, and did not take
into account publication bias, our meta-analytic estimates should be considered preliminary.

Limitations and Future Directions

Our direct replication of Mueller and Oppenheimer’s (2014) Study 1 was limited by
some deviations from the original study; we comment further on one, namely the nature
of our data collection sessions. Specifically, ~80 students partnered to run data collection
sessions on campus at various times of day outside of class. Many noted that sessions were
subject to distractions and errors; sessions also varied in formality and equipment (i.e.,
laptops and headphones). Thus, situation noise was likely a considerable source of random
error that could have reduced sensitivity to detect note-taking effects on quiz performance.
Future studies examining laptop versus longhand note-taking effects should control the
context to minimize these sources of random error.

There are several important directions for future research. First, we only considered
the effect of laptop versus longhand note-taking on immediate testing with no opportunity to
study. Some studies suggest that note-taking condition effects only occur when participants
had the opportunity to study their notes (Luo et al., 2018; Mueller & Oppenheimer, 2014,
Study 3); future studies should focus experimental efforts in this direction.

Second, the studies in our meta-analyses mostly used TED talks as lectures. These
are interesting and unfamiliar to students but also brief and unlike actual classroom lec-
tures. Disallowing pauses to catch up on note-taking or ask questions takes the experimental
context farther afield of reality. Future studies should use approaches that better represent
real-world settings and new note-taking technologies (e.g., the eWriter examined by More-
head et al., 2019) and account for note-taking preferences. For example, our replication
participants were more apt to say they generally took class notes by hand than original
study participants. Maybe longhand note-taking has bigger effects on performance in peo-
ple who typically take laptop notes. Although one study failed to observe a moderating
effect of note-taking preference (Kirkland, 2016), higher-powered research is needed.

Third, future studies should, ideally, include a no-notes control condition to see the
effect of taking notes regardless of medium (Jansen, Lakens, & IJsselsteijn, 2017). Focusing
on the laptop-longhand comparison without a no-notes control encourages dichotomous
thinking when the story likely is more complicated. Jansen and colleagues (2017) suggest,
for example, that a note-taking benefit “depends on the way lectures are presented, how
notes are taken, and individual differences in cognitive abilities” (p. 231).
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Finally, the studies considered herein examined whether note-taking medium influ-
ences information encoding; they did not address other important issues that bear on the
utility of laptops in classrooms. For example, laptops (and other web-enabled devices) can
support active learning, and are necessary for learning for some disabled students; they may
also be a source of distraction. Future studies must address these other issues.

Psychological Science in the Classroom

Psychologists have spearheaded several large-scale replication efforts like Repro-
ducibility Project: Psychology (RP:P; Aarts et al., 2015) and “Many Labs” (e.g., Klein
et al., 2014). Large-scale efforts alone, however, are insufficient to increase the frequency of
replications; conducting “didactic replications” in our classes – like we did here – is another
option (Frank & Saxe, 2012; Gernsbacher, 2018; Grahe et al., 2012; Hawkins et al., 2018).
Frank and Saxe (2012) argue, for example, that students in research methods courses often
must conceive, design, and conduct studies in just a few weeks, often with little enthusiasm.
Mentoring publication-worthy replication studies instead may simultaneously inspire curios-
ity and motivation in students and generate value outside the classroom. Mechanisms such
as the Collaborative Replications and Education Project (Wagge et al., 2019) can support
these efforts.

Conclusion

Our direct replication of Mueller and Oppenheimer’s (2014) Study 1 showed that,
relative to longhand note-taking, laptop note-taking boosted word count and verbatim
overlap with lecture content, but it did not reduce knowledge of the lecture material after
a brief delay with no opportunity to study. Results, thus, did not support the idea that
longhand note-taking improves performance via better encoding of information.

When original and replication studies find different results, there are three interpreta-
tions: 1) there was a problem with the replication; 2) there was a problem with the original
research; and 3) the phenomenon under study is not enduring or universal (i.e., there’s a
constraint on generality). These interpretations are not mutually exclusive. In fact, all
three apply here. Situation noise was a problem with our replication. Weak evidence (large
p value, Bayesian evidence favoring the null hypothesis) and a small sample size were prob-
lems with the original study. And a difference in note-taking medium preferences between
the two may represent a constraint on generality.

Meta-analytic work can help to distill the conclusions we should draw from a body of
studies. Our exploratory mini-meta-analyses of studies that used similar same-day labora-
tory experimental procedures failed to support longhand superiority for retention of lecture
material. A recent meta-analysis across a larger, more heterogeneous set of classroom stud-
ies revealed a small effect that supported longhand superiority (Allen, LeFebvre, LeFebvre,
& Bourhis, 2020). Neither of these meta-analyses considered the effect of publication bias
or the extent to which the opportunity to study the notes or note-taking medium preference
moderates findings.
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Until future research determines whether and when note-taking media influence aca-
demic performance, we conclude that students and professors who are concerned about
detrimental effects of computer note-taking on encoding information to be learned in lec-
tures may not need to ditch the laptop just yet. However, there’s more work to be done
using methods that more closely mimic actual educational contexts and that evaluates the
impact of changing note-taking preferences.
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Supplementary Material

Sample Size Rationale

As noted in our preregistration, we planned to recruit as many participants as possible 
up to N = 250 within the time available in the Spring 2017 semester. At a minimum, we 
sought to recruit N = 67 participants, the number of participants in the original study. 
Ideally, we hoped to recruit at least N = 200 participants. This would have yielded 80%
statistical power to detect a condition effect as small as Cohen’s f = 0.20, which is equivalent 
to η2 = .04 or d = 0.40. However, we ran out of time to reach this ideal target. Our sample 
of N = 142 more than doubles the original sample size and, thus, gives us greater power to 
detect effects of any size. That said, it is insufficient to detect effects smaller than Cohen’s 
d = 0.47 for quiz performance variables or Cohen’s d = 0.48 for notes variables.

Lecture Videos

The lecture videos we used in the replication at Tufts University in Spring 2017 were 
as follows:

• Mustafa Akyol - Faith versus Tradition in Islam
• Richard Wilkinson - How Economic Inequality Harms Societies
• Matt Ridley - When Ideas Have Sex
• Rajesh Rao - Computing a Rosetta Stone for the Indus Script
• Kevin Slavin - How Algorithms Shape Our World

These are the same videos used in the original Study 1.

Quiz Scoring

Each rater scored data for only one of the five lecture conditions blind to note-taking
condition using one of the scoring keys available at https://osf.io/s5gfd/. Note that we
reworded one quiz item after preregistration. Specifically, the original wording of one of
the factual-recall items was, “What word/sound do researchers think this symbol might
represent?” (from the “Computing a Rosetta Stone for the Indus” lecture). We did not
see a symbol in the scoring document posted by the original authors. Based on the image
shown in the TED talk, we revised the wording to say, “What word/sound do researchers
think the fish-like symbol might represent?” Answers accepted as correct were star or meen.

Per the 2018 corrigendum to the original study, we converted the original scores to
index scores. The corrigendum says that “a perfect score would be 1 point per question;
10 points total” (p. 1) but not how instances of partial credit were handled. We assigned
values of 0 (for items for which the participant earned zero credit) and 1 (for items for which
the participant earned partial or full credit). We calculated a total index score across items
for each participant for each rater separately for factual-recall and conceptual-application

http://www.ted.com/talks/mustafa_akyol_faith_versus_tradition_in_islam.html
http://www.ted.com/talks/richard_wilkinson.html
http://www.ted.com/talks/matt_ridley_when_ideas_have_sex.html
http://www.ted.com/talks/rajesh_rao_computing_a_rosetta_stone_for_the_indus_script.html
http://www.ted.com/talks/kevin_slavin_how_algorithms_shape_our_world.html
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scales. We then examined interrater reliability by computing intraclass correlations (ICC)
for these total scores. Because a random sample of k = 12-15 raters scored the quiz for each
participant and our intention was to average across raters as our measures of factual-recall
and conceptual-application performance, we calculated the average measure ICC; this is
ICC(2,k) according to Shrout and Fleiss (1979).

Details about Distractor Tasks

The typing test lasted 5 minutes (https://www.typing.com/student/test/5). Exper-
imenters recorded two scores, number of words per minute and accuracy. (Instead of the
typing test and questionnaire, the original Study 1 used two 5-minute tasks that were not
amenable to administration via Qualtrics; see Deviations from the Original Method section
in the main manuscript)

Participants also completed the Need for Cognition questionnaire (Petty, Cacioppo,
& Kao, 1984), indicating to what extent they agree or disagree that 18 statements are
characteristic of them on a scale ranging from +4, very strong agreement, to 0, neither
agreement nor disagreement, to -4, very strong disagreement. Items included “I would
prefer complex to simple problems”, “I try to anticipate and avoid situations where there
is likely a chance I will have to think in depth about something,” and “I find satisfaction
in deliberating hard and for long hours.” Scores were computed by summing after reverse-
scoring 9 items, with mean substitution for two participants with one missing item. (We did
not compute a score if there was more than one missing item; there were two participants
missing all items and one missing eight items.) The range of possible values is -72 to 72.
Internal consistency reliability was acceptable in the present sample (hierarchical omega =
.84, 95% CI[.79, .89], Cronbach’s alpha = .85, 95% CI[.80, .89]).

Finally, participants completed an automated reading span task pro-
grammed in Inquisit (Millisecond.com; see an example and details at
https://www.millisecond.com/download/library/rspan/). Participants saw a sequence
of 3-7 letters that they were meant to hold in mind while also processing the meaning
of sentences. Timing information provided by experimenters suggested that all but one
participant did the reading span task for at least some period of time but only two
participants completed the task in full because it would otherwise have taken longer than
the time available. We have useable reading span task data from a total of 96 participants,
as explained below. On average, these participants spent 15.36 minutes doing the reading
span task, 95% CI [14.91, 15.82].

Of the 46 participants for whom we do not have useable reading span task data,
20 were present in the Inquisit participant activity log; this suggested that the reading
span task was administered but got discontinued in a way that failed to save the data.
The remaining 26 participants were not present in the activity log; for these participants,
experimenter notes for 6 pointed to technical difficulties. In one case, experimenters noted
that they did not run the reading span task due to a problem with security settings. In
five other cases, experimenters noted that they had to cut the task short, that they hit
ctrl-q to leave the task, that they experienced undescribed technical difficulties, that they
had to open the reading span task on a different laptop when the link in the Qualtrics
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survey did not work, or that they had to open the Qualtrics survey again which generated
a new subject identification number. We have no information about why the remaining 20
participants were not present in the Inquisit participant activity log.

Additional Self-Report Questions

We asked participants a number of self-report questions after completing the quiz.
For one, they rated “How much knowledge related to the topic of the talk did you have
before today?” on a scale from 0, Not at all, to 5, Expert. We also asked them what year
they’ll graduate and their concentration, and gave them an open-ended prompt, “Do you
normally take notes in class on your laptop or in a notebook? Why?” After that, they
rated, “In general, do you think it is better for learning purposes to take notes on a laptop
or in a notebook?” on a scale from 1, Laptop significantly better, to 9, Notebook significantly
better. They also responded to four open-ended questions, “Does your choice to take notes
on a laptop or in a notebook differ depending on whether it is a humanities, science, or math
course?”, “How long do you normally spend reviewing notes when studying for a test?”,
“Do you have any other thoughts regarding notetaking on a laptop vs. in a notebook?”, and
“What do you think this study is about?”

Deviations from our Preregistration

Our replication of Study 1 deviated from our preregistration in the following ways:

1. Our preregistration said we would use a Z test to compare the replication effect sizes
to the original effect sizes; the one-sided tests are, rather, t-tests.

2. Our preregistration indicated we’d set lower and upper equivalence bounds of +/-
Cohen’s d = .40, or whatever effect size is detectable with 80% power given the final
sample size. We went with the latter because, although we would have preferred to
set narrower equivalence bounds, doing so would have required n = 107 participants
per group to have 80% power.

3. Our sole focus on trigrams as the indicator of verbatim overlap represents a deviation
from our preregistered analysis plan. We originally planned to also examine the degree
to which one- and two-word chunks of text reflected overlap but chose not to do so for
the sake of simplicity. The original report found similar results for all three overlap
measures, thus this deviation should not hamper the conclusions we draw.

Summary Statistics for Measured Variables

Table A1 shows descriptive statistics for and correlations between measured vari-
ables, computed in part using the psych (Revelle, 2018) and userfriendlyscience (Peters,
2017) packages. The four primary measured variables were factual-recall performance,
conceptual-application performance, word count, and verbatim overlap. For quiz perfor-
mance, we present standardized scores (referenced as factual Z and conceptual Z in the
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table) and proportion correct (referenced as factual proportion correct and conceptual pro-
portion correct in the table) for both item types. Measured variables of secondary interest
were need for cognition, knowledge related to the lecture, preference for taking notes with
a laptop or in a notebook, typing speed and accuracy, and distraction duration.

Higher word count was modestly positively correlated with two of the four quiz per-
formance variables (factual Z and conceptual proportion correct); higher verbatim overlap
was modestly negatively correlated with two of the four quiz performance variables (factual
Z and factual proportion correct). Higher factual-recall performance was modestly posi-
tively correlated with higher conceptual-application performance. Higher word count was
strongly positively correlated with greater verbatim overlap. Longer distraction time was
associated with lower conceptual-application performance (proportion correct only), rating
longhand note taking as better, and slower typing speed. The remaining measured variables
of secondary interest exhibited a similar pattern of very small correlations with quiz per-
formance. Faster typing speed was correlated with higher word count and greater verbatim
overlap. Higher typing accuracy was correlated with greater verbatim overlap and faster
typing speed.
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Table A1
Descriptive statistics for and zero-order correlations between measured variables.

M SD 95%CI 1 2 3 4 5 6 7 8 9 10 11

1. factual Z 0.00 1.00 [-0.17, 0.17]
2. conceptual Z 0.00 1.00 [-0.17, 0.17] .26**
3. factual proportion correct .63 .21 [.59, .66] .92** .33**
4. conceptual proportion correct .72 .21 [.68, .75] .36** .78** .19*
5. word count 181.40 114.14 [162.33, 200.47] .20* .14 .14 .23**
6. verbatim overlap 10.44 6.14 [9.42, 11.47] -.17* -.02 -.20* .01 .49**
7. need for cognition 22.86 16.65 [20.06, 25.65] .01 .07 .04 .03 -.03 -.26**
8. related knowledge 1.11 1.13 [0.92, 1.29] .14 .08 .20* .00 .08 -.06 .11
9. better laptop or notebook 5.24 1.53 [4.99, 5.49] .09 .04 .08 .06 -.13 -.05 .05 .08
10. typing speed (WPM) 65.16 15.81 [62.5, 67.82] -.12 .00 -.16 .04 .22** .36** -.02 -.15 -.09
11. typing accuracy (%) 97.31 1.23 [97.1, 97.52] .02 -.08 -.06 .04 .12 .20* -.04 -.02 .14 .38**
12. distraction duration 24.02 3.95 [23.36, 24.69] -.04 -.11 .03 -.20* -.12 -.01 .01 .06 .22** -.32** -.12

Note. * p<0.05; ** p<0.01; *** p<0.001. Quiz performance is captured in the “factual” and “conceptual” entries; notes content is
captured in the the “word count” and “verbatim overlap” entries. Higher scores reflect higher need for cognition (“NFC”), greater self-
reported knowledge of the topic of the lecture (“related knowledge”), and greater belief that learning is better when notes are taken in
a notebook rather than using a latop (“better laptop or notebook”). Z = standardized score; WPM = words per minute
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Identifying Influential Observations

To identify influential observations for each of our four dependent variables of pri-
mary interest, we computed Cook’s Distance for each participant based on a set of four
linear regression models examining note-taking condition as a predictor of each. Influential
observations were defined as those for which Cook’s Distance was greater than or equal to
4 times the mean Cook’s Distance across all participants.

A total of 4 and 8 observations were identified for factual-recall and conceptual-
application performance, respectively. For factual-recall performance, there were 1 in the
laptop condition, and 3 in the longhand condition. For conceptual-application performance,
there were 3 in the laptop condition, and 5 in the longhand condition. In addition, a total
of 6 and 7 observations were identified for word count and verbatim overlap, respectively.
For word count, there were 5 in the laptop condition, and 1 in the longhand condition. For
verbatim overlap, there were 6 in the laptop condition, and 1 in the longhand condition.

We repeated our confirmatory analyses without these influential observations in-
cluded, as specified in our pre-registration (see https://osf.io/qe3wb/wiki/home/). Their
exclusion did not alter conclusions.

Literature Search Strategy for the Mini-Meta-Analyses

To locate studies to include in our exploratory mini-meta-analyses, we used the Google
and Google Scholar databases to search for articles that were methodologically similar to
the original work by Mueller and Oppenheimer (2014). In our search, we used terms such
as: notes, note taking, laptop, longhand, and academic performance. We also used Google
Scholar to see if any articles that cited Mueller and Oppenheimer (2014) met our search
criteria. Our search revealed a total of eight studies that experimentally manipulated laptop
versus longhand note taking, assessed immediate quiz performance on the same day as
exposure to the lecture, used video lecture material, measured and reported results for quiz
performance, word count, and verbatim overlap, and studied undergraduates.

It is likely that our mini-meta-analyses do not include all unpublished attempts to
replicate the original Study 1 by Mueller and Oppenheimer (2014). If a preponderance of
unpublished attempts to replicate the original study have found that longhand note-taking
prompts superior quiz performance compared to laptop note-taking, then our mini-meta-
analytic estimates for quiz performance are biased toward zero. If, on the other hand, a
preponderance of unpublished attempts to replicate found null results (consistent with the
file drawer problem), then including them would have little effect on our mini-meta-analytic
estimates for quiz performance; they are already close to zero.

Correlations Between Effect Sizes from the Mini-Meta-Analyses

One question is whether note-taking condition effects on notes content variables are
correlated with note-taking condition effects on quiz performance variables at the study
level. As shown in Figure A1, generated using the car package in R (Fox & Weisberg,
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2011; Fox et al., 2018), lower laptop superiority (i.e., less negative values) for both word
count, r = .83, 95% CI [.21, .97], and verbatim overlap, r = .80, 95% CI [.11, .97], were
associated with greater longhand superiority (i.e., more positive values) for factual quiz
performance. The confidence intervals indicated that the data were compatible with a wide
range of positive associations from small to very large.

Associations between note-taking condition effects on conceptual and total quiz per-
formance and note-taking condition effects on words, r = −.16, 95% CI [−.81, .68] and
r = .00, 95% CI [−.70, .71], respectively, and verbatim overlap, r = .06, 95% CI [−.73, .78]
and r = .35, 95% CI [−.47, .85], respectively, were much smaller. Moreover, the confidence
intervals indicated that the data were compatible with a wide range of negative and positive
associations, including a nil association.

We also found that studies showing laptop superiority for word count tended to show
laptop superiority for verbatim overlap, r = .82, 95% CI [.26, .97]; the confidence interval
indicated that the data were compatible with a wide range of positive associations from small
to very large. Studies showing laptop or longhand superiority for factual quiz performance
tended to show parallel laptop or longhand superiority for conceptual quiz performance,
r = .31, 95% CI [−.58, .86]; the confidence interval indicated that the data were compatible
with a wide range of negative and positive associations, including a nil association.

Additional Exploratory Analyses

Bayes Factor (BF) tests. We used logic and code provided by Verhagen and
Wagenmakers (2014) to conduct Jeffreys-Zellner-Siow (JZS) BF and replication BF tests
supported by the BayesFactor (Morey & Rouder, 2018), MCMC (Martin, Quinn, & Park,
2011), and polspline (Kooperberg, 2018) packages. According to Verhagen and Wagenmak-
ers (2014), the replication BF test addresses the question, “Is the effect from the replication
attempt comparable to what was found before, or is it absent?” By setting a prior based on
the original effect, the replication BF test quantifies relative support for the replication hy-
pothesis (i.e., that the replication study effect size is similar to the original study effect size)
versus the null hypothesis (i.e., that the replication study effect size is zero). We also report
a JZS BF test to evaluate evidence for the note-taking condition effect in the original and
the replication studies separately. For these tests, we used a standard two-sided Cauchy(0,
1) distribution as the prior; results indicate relative support for the presence or absence of
a note-taking condition effect. For the replication and JZS BF tests, numbers greater than
3 or less than 0.33 represent nonanecdotal support for the replication/alternative and null
hypotheses, respectively.

For factual-recall performance, the original study revealed nonanecdotal support fa-
voring the null hypothesis over the alternative hypothesis, JZS BF10 = 0.19. The current
replication study also revealed nonanecdotal support favoring the null hypothesis over the
alternative hypothesis, JZS BF10 = 0.15. The replication hypothesis was somewhat less
likely than the null hypothesis, replication BF10 = 0.60, although support for the null
hypothesis was anecdotal.

For conceptual-application performance, the original study surprisingly revealed anec-
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Figure A1 . Scatter plot matrix showing associations between longhand-laptop effect sizes
for the primary measured variables across 7-8 studies off the diagonal. Shown on the
diagonal are kernel density estimates across effect sizes for each variable.
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dotal support favoring the null hypothesis over the alternative hypothesis, JZS BF10 = 0.45.
The current replication study revealed nonanecdotal support for the null hypothesis over
the alternative hypothesis, JZS BF10 = 0.17. The replication hypothesis was much less
likely than the null hypothesis, replication BF10 = 0.22.

By contrast, for both word count and verbatim overlap, the original study revealed
nonanecdotal support favoring the alternative hypothesis over the null hypothesis, JZS BF10
= 32,503.15 and JZS BF10 = 59.80, respectively. The current replication study also revealed
nonanecdotal support favoring the alternative hypothesis over the null hypothesis, JZS BF10
= 21,267.55 and JZS BF10 = 7,882.39, respectively. The replication hypothesis was much
more likely than the null hypothesis, replication BF10 = 42,555.42 and replication BF10 =
51,402.76, respectively.

Treating Item Type as a Factor. In the original article, the authors distinguished
between factual and conceptual item types because, “Previous studies have shown that
detriments due to verbatim note-taking are more prominent for conceptual than for factual
items (e.g., Bretzing & Kulhavy, 1979)” (Mueller & Oppenheimer, 2014, p. 1160). Analyses
focused separately on factual-recall and conceptual-application quiz performance, perhaps
because there were more quiz items representing factual than conceptual information for
some lectures.

However, we might have had greater sensitivity to detect true effects, if present,
by examining performance across item type given a potential increase in measurement
reliability. Moreover, strong inferences about differential effects of note-taking condition
on these different item types require an interaction between condition and item type. We,
thus, conducted mixed-effect analyses of variance of both the original Study 1 data and
this replication using the afex package (Singmann, Bolker, Westfall, Aust, & Ben-Shachar,
2019). We examined fixed effects of note-taking condition, item type, and their interaction,
and random effects of lecture and participant; the dependent variable was quiz performance
(Z index scores). For those who might argue that lecture should be a fixed effect, we also
conducted analyses of variance with fixed effects of note-taking condition, item type, lecture,
and their interactions.

In the original Study 1, based on the analysis with random effects, neither the main
effect of note-taking condition, F (1, 63) = 1.01, MSE = 0.99, p = .319, η̂2

G = .008, nor its
interaction with item type, F (1, 63) = 0.87, MSE = 1.01, p = .355, η̂2

G = .007, explained
significant variation in quiz performance. The same was true in the all fixed-effects analysis;
neither the main effect of note-taking condition, F (1, 55) = 1.45, MSE = 0.98, p = .234,
η̂2

G = .014, nor its interaction with item type, F (1, 55) = 0.78, MSE = 0.87, p = .381,
η̂2

G = .007, explained significant variation in quiz performance. There also was no three-
way interaction, F (4, 55) = 0.60, MSE = 0.87, p = .662, η̂2

G = .020.

Similarly, in our replication, neither the main effect of note-taking condition,
F (1, 140) = 0.61, MSE = 1.26, p = .436, η̂2

G = .003, nor its interaction with item type,
F (1, 140) = 0.05, MSE = 0.75, p = .825, η̂2

G = .000, explained significant variation in
quiz performance. The same was true in the all fixed-effects analysis; neither the main
effect of note-taking condition, F (1, 132) = 0.74, MSE = 1.00, p = .390, η̂2

G = .004, nor
its interaction with item type, F (1, 132) = 0.17, MSE = 0.54, p = .682, η̂2

G = .000, ex-
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plained significant variation in quiz performance. There also was no three-way interaction,
F (4, 132) = 0.84, MSE = 0.54, p = .500, η̂2

G = .009.

Continuous Predictors of Quiz Performance. In the original study, higher
word count and lower verbatim overlap were associated with better quiz performance, and
these two variables mediated the effect of note-taking condition on quiz performance. More-
over, it was possible that accounting for variability in quiz performance due to these and
other covariates of interest might have revealed hypothesized effects of note-taking condi-
tion. Thus, in a set of linear mixed-effect regressions, we examined associations between
word count, verbatim overlap, and other covariates – knowledge related to the lecture topic,
beliefs about whether taking notes using a laptop or notebook is better for learning, need
for cognition, typing speed and accuracy, or distraction duration – and quiz performance
in our direct replication. We examined proportion correct for these analyses to facilitate
interpretation in units of everyday interest. We conducted these analyses using the lme4
package (Bates, Maechler, Bolker, & Walker, 2015) and generated tables using the stargazer
package (Hlavac, 2018).

In model 1, we entered condition (treatment contrast: laptop [0], longhand [1]), item
type (sum contrast: factual [1], conceptual [-1]), and their interaction as fixed effects. There
were random intercepts for lectures and participants, and random slopes for item type across
lectures. (Models including a random slope for condition across lectures did not converge;
fits were singular.) In model 2, we added 8 centered covariates to model 1. In model 3,
we repeated model 2 excluding participants identified as influential using the influence.ME
package (Nieuwenhuis, Te Grotenhuis, & Pelzer, 2012). In model 4, we repeated model 2,
this time including word count and verbatim overlap, the only two statistically significant
covariates. Finally, in model 5, we repeated model 4 excluding participants identified as
influential again using influence.ME.

Table A2 summarizes all five models. According to Akaike and Bayesian information
criteria, model 5 provided the best fit to the data. Consistent with the original study, higher
word count was associated with better quiz performance in all models. Also consistent with
the original study, higher verbatim overlap was significantly associated with lower quiz
performance in models 2-4. In model 5, however, the magnitude of the association between
verbatim overlap and quiz performance was reduced by half and no longer statistically
significant. Figure A2 shows the linear associations between the notes content variables
and quiz performance from models 4 and 5, generated using the effects package (Fox &
Weisberg, 2018).

Model 5 raises doubt about the robustness of the negative association between ver-
batim overlap and quiz performance, especially since it was the best-fitting model. To
investigate further, we conducted a robust version of model 4 using the robustlmm package
(Koller, 2016), which applies robustness weights based on a random effects contamination
model to reduce influence. In the robust version of model 4, the word count association
was again positive, b = 0.05, SE = 0.014, t = 3.536, and the verbatim overlap associa-
tion was again negative, b = -0.045, SE = 0.014, t = -3.185; both estimates were similar
in magnitude to estimates derived from models 2-4. Although robustlmm does not pro-
vide p values for significance testing, both t values were larger than |1.96|, which suggests
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Table A2
Linear mixed-effect regression models for quiz performance (proportion correct) with covariates

Item Type as Factor (1) + 8 Covariates (2) - Influential (2) - 6 Covariates (4) - Influential
(1) (2) (3) (4) (5)

Intercept (laptop = 0) .681∗∗∗ (.033) .671∗∗∗ (.030) .675∗∗∗ (.030) .680∗∗∗ (.029) .683∗∗∗ (.029)
condition (longhand = 1) −.017 (.025) −.007 (.029) .025 (.025) −.015 (.028) .006 (.026)
item type −.056 (.038) −.052 (.041) −.052 (.041) −.054 (.038) −.052 (.038)
word count .056∗∗∗ (.016) .053∗∗∗ (.014) .054∗∗∗ (.016) .048∗∗ (.016)
verbatim overlap −.046∗∗ (.017) −.039∗ (.016) −.047∗∗ (.015) −.023 (.016)
related knowledge .027 (.014) .022 (.012)
better laptop or notebook .022 (.013) .020 (.012)
need for cognition −.005 (.013) −.010 (.011)
typing accuracy −.003 (.014) −.013 (.012)
typing speed −.006 (.016) −.005 (.014)
distraction duration −.013 (.014) −.019 (.012)
condition*item type .010 (.018) .002 (.019) .004 (.020) .008 (.018) .006 (.018)
Observations 284 262 246 280 268
Log Likelihood 74.350 75.920 90.140 80.100 89.220
Akaike Inf. Crit. −130.700 −117.800 −146.300 −138.200 −156.400
Bayesian Inf. Crit. −97.860 −57.170 −86.690 −98.220 −116.900

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Figure A2 . Scatter plot of partial residuals (open light gray points) depicting associations
between notes content variables on the X-axes (word count and verbatim overlap) and quiz
performance on the Y-axes. These reflect associations from LMER models 4 (top row;
all observations) and 5 (bottom row; excluding influential observations). The solid black
prediction lines depict the linear associations; they are surrounded by 95% confidence bands
in dark gray. The dashed black lines depict loess nonparametric-regression smoothing of
the observations.
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statistical significance.

In sum, whereas the best-fitting linear mixed-effect regression suggested that higher
word count but not lower verbatim overlap was associated with better quiz performance, a
robust version of that analysis supported both associations. There is, thus, some ambiguity
as to the extent of negative association between verbatim overlap and quiz performance in
this study.

Of note, accounting for variability in performance attributable to the covariates did
not reveal the hypothesized effect of note-taking condition on its own or in interaction with
item type. Similar conclusions emerge from an analysis examining the fixed unique and
interactive effects of condition, item type, and lecture with the same covariates and with
random intercepts for participants (not shown). Associations between other covariates and
quiz performance were generally closer to zero and not statistically significant, as reflected
in models 2 and 3.

Difference in Laptop versus Longhand Note Taking Preferences

It’s possible that note-taking medium preferences among original and replication
study participants may have differed. To evaluate that possibility, we compared re-
sponses to the question, “Do you normally take notes in class on your laptop or in a
notebook? Why?”. We obtained the original authors’ coded responses from the SPSS
Study_1_Upload_Data.sav file stored at https://osf.io/4psyk. They categorized responses
into four categories, “laptop”, “notebook”, “it depends”, or 0, which we interpret as “other,”
meaning the response didn’t fall into one of the first three categories or was missing. We
coded replication responses to that question into these same categories.

The distribution of note-taking medium preferences varied by study, χ2(3, n = 207) =
28.45, p < .001. In the original study, proportionally more participants said they typically
use a laptop (50.77%) than a notebook (30.77%) to take notes during class, and 15.38% said
it depends. In our replication study, proportionally more participants said they typically
use a notebook (53.52%) than a laptop (15.49%) to take notes during class, and 26.06%
said it depends.

The extent to which original and replication study participants believed that taking
notes with a laptop or notebook is better for learning varied by study too, ∆M = −0.76, 95%
CI [−1.27, −0.25], t(108.19) = −2.97, p = .004. Specifically, in both studies, participants
responded to the question, “In general, do you think it is better for learning purposes to
take notes on a laptop or in a notebook?” on a scale from 1, Laptop significantly better, to
9, Notebook significantly better. In the original study, participants on average believed that
laptop and notebook note taking were equally good for learning; the mean hovered near
the scale midpoint, M = 4.48, 95% CI [4.03, 4.92], SD = 1.80. In our replication study,
participants on average believed that taking notes in a notebook was slightly better for
learning than taking notes with a laptop; the mean fell to the right of the scale midpoint,
M = 5.24, 95% CI [4.99, 5.49], SD = 1.53.

These results indicate that note-taking medium preferences are different in the two
samples. Our replication participants were more likely to say they generally took class notes
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longhand whereas original study participants were more likely to say they generally took
notes using a laptop. Our replication participants also believed, on average, that taking
notes in a notebook was better for learning whereas original study participants believed, on
average, that there wasn’t much of a difference.

Session Information

Following is the output of R’s sessionInfo() command, which reveals the information
necessary to ensure analytic reproducibility of our work.

R version 4.0.2 (2020-06-22) Platform: x86_64-w64-mingw32/x64 (64-bit) Running
under: Windows 10 x64 (build 17134)

Matrix products: default

Random number generation: RNG: Mersenne-Twister Normal: Inversion Sample:
Rounding

locale: [1] LC_COLLATE=English_United States.1252 [2]
LC_CTYPE=English_United States.1252
[3] LC_MONETARY=English_United States.1252 [4] LC_NUMERIC=C
[5] LC_TIME=English_United States.1252

attached base packages: [1] stats graphics grDevices utils datasets methods base

other attached packages: [1] knitr_1.29 haven_2.3.1
[3] influence.ME_0.9-9 robustlmm_2.3
[5] effects_4.1-4 afex_0.27-2
[7] dplyr_1.0.0 userfriendlyscience_0.7.2 [9] car_3.0-8 carData_3.0-4
[11] stargazer_5.2.2 tidyr_1.1.0
[13] MBESS_4.7.0 metafor_2.4-0
[15] lmerTest_3.1-2 lme4_1.1-23
[17] effsize_0.8.0 polspline_1.1.19
[19] MCMCpack_1.4-8 MASS_7.3-51.6
[21] pwr_1.3-0 TOSTER_0.3.4
[23] compute.es_0.2-5 yarrr_0.1.5
[25] circlize_0.4.10 BayesFactor_0.9.12-4.2
[27] Matrix_1.2-18 coda_0.19-3
[29] jpeg_0.1-8.1 psych_1.9.12.31
[31] papaja_0.1.0.9997

loaded via a namespace (and not attached): [1] readxl_1.3.1 plyr_1.8.6
GPArotation_2014.11-1 [4] splines_4.0.2 ufs_0.3.1 ggplot2_3.3.2
[7] TH.data_1.0-10 digest_0.6.25 SuppDists_1.1-9.5
[10] htmltools_0.5.0 viridis_0.5.1 magrittr_1.5
[13] openxlsx_4.1.5 readr_1.3.1 matrixStats_0.56.0
[16] sandwich_2.5-1 colorspace_1.4-1 ggrepel_0.8.2
[19] fastGHQuad_1.0 mitools_2.4 BiasedUrn_1.07
[22] xfun_0.15 crayon_1.3.4 jsonlite_1.7.0
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[25] SCRT_1.3.1 survival_3.1-12 zoo_1.8-8
[28] glue_1.4.1 gtable_0.3.0 emmeans_1.4.8
[31] MatrixModels_0.4-1 shape_1.4.4 DEoptimR_1.0-8
[34] abind_1.4-5 SparseM_1.78 scales_1.1.1
[37] mvtnorm_1.1-1 DBI_1.1.0 GGally_2.0.0
[40] data.tree_0.7.11 Rcpp_1.0.5 viridisLite_0.3.0
[43] xtable_1.8-4 tmvnsim_1.0-2 foreign_0.8-80
[46] stats4_4.0.2 survey_4.0 htmlwidgets_1.5.1
[49] DiagrammeR_1.0.6.1 RColorBrewer_1.1-2 lavaan_0.6-6
[52] ellipsis_0.3.1 farver_2.0.3 pkgconfig_2.0.3
[55] reshape_0.8.8 XML_3.99-0.4 nnet_7.3-14
[58] labeling_0.3 tidyselect_1.1.0 rlang_0.4.7
[61] reshape2_1.4.4 munsell_0.5.0 cellranger_1.1.0
[64] tools_4.0.2 visNetwork_2.0.9 generics_0.0.2
[67] ggridges_0.5.2 evaluate_0.14 stringr_1.4.0
[70] yaml_2.2.1 mcmc_0.9-7 robustbase_0.93-6
[73] zip_2.0.4 pander_0.6.3 purrr_0.3.4
[76] pbapply_1.4-2 nlme_3.1-148 quantreg_5.61
[79] compiler_4.0.2 curl_4.3 tibble_3.0.3
[82] statmod_1.4.34 pbivnorm_0.6.0 stringi_1.4.6
[85] highr_0.8 forcats_0.5.0 lattice_0.20-41
[88] nloptr_1.2.2.2 vctrs_0.3.2 pillar_1.4.6
[91] lifecycle_0.2.0 GlobalOptions_0.1.2 estimability_1.3
[94] data.table_1.12.8 conquer_1.0.1 R6_2.4.1
[97] bookdown_0.20 gridExtra_2.3 rio_0.5.16
[100] codetools_0.2-16 boot_1.3-25 gtools_3.8.2
[103] minpack.lm_1.2-1 mnormt_2.0.1 multcomp_1.4-13
[106] diptest_0.75-7 parallel_4.0.2 hms_0.5.3
[109] grid_4.0.2 minqa_1.2.4 rmarkdown_2.3
[112] numDeriv_2016.8-1.1
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