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ABSTRACT
The flipped classroom (FC) inverts the traditional classroom by having students participate in passive
aspects of learning at home and active aspects of learning in class with the guide of an instructor. The
introductory statistics course for nonmath majors may be especially suited to the FC model given its
unique challenges as a required course for students with varying mathematical skills and background. For
example, these students often have low interest and high statistics-related anxiety. Recent studies suggest
the FC for introductory statistics courses leads to increased performance relative to a traditional lecture-
based classroom (LC). This meta-analysis compared the academic performance of students in introductory
statistics courses for nonmath majors who were taught in a FC versus those taught in a LC. Results indicate
that students in the FC had statistically discernibly higher final performance outcomes compared to the LC
delivery with an average difference of 6.9% in performance (Hedge’s g = 0.43), though there was evidence
of moderation by the presence of weekly in-class quizzes. These findings suggest that implementing the FC
within the introductory statistics classroom at the undergraduate level may improve learning achievement,
but more research is needed to explore the role of regular class quizzes. Supplementary materials for this
article are available online.

KEYWORDS
Flipped classroom;
Introductory statistics;
Meta-analysis; Performance
outcomes

1. Introduction

The trendiest pedagogical approach in post-secondary educa-
tional research is the flipped classroom (FC), a blended learning
model that reverses the paradigm where traditional homework
and lectures take place. Students engage in the relatively passive
content learning prior to class (typically by viewing lectures
online at their leisure and ideally reflecting on content), allowing
for in-class time to be dedicated to the active learning of content
(i.e., problem solving, assignments, group work, quizzes, etc.)
with peer mentor and instructor support available. Though the
FC still relies on the lecture as its principal building block, in
assigning it as self-paced homework, the lecture is reduced to
more digestible chunks, preventing cognitive overload (Karaca
and Ocak 2017). Proponents of the FC model argue that as
an active learning theory centered around the student (Bishop
and Verleger 2013), proactive engagement and class participa-
tion is maximized, thereby increasing learner autonomy and
enjoyment (Dove 2013). The instructor’s role also “flips” from
“Sage on the Stage” to “Guide on the Side” (King 1993), whose
job is to provide individualized instruction and scaffold student
learning. This facilitates more opportunities to directly assess
comprehension levels.

The FC began appearing within the post-secondary educa-
tional literature about a decade ago (Stone 2012), gaining popu-
larity across a variety of educational fields as a hybrid model that
utilizes technology for learning. Challenges for students include
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a perception of online lectures as disengaging, dissatisfaction
with not being able to ask questions when viewing lectures, and
heavier workloads (Lape et al. 2014). Moreover, the success of
the FC relies on the notion that students are motivated enough
to “self-pace” their lecture viewing; many students benefit from
fixed lecture schedules that prevent “binge-watching” of lectures
ahead of important deadlines (Beatty, Merchant, and Albert
2017).

One class that may be a suitable candidate for the FC peda-
gogy is the introductory statistics course for nonmath majors
at the undergraduate level (e.g., social science, health, etc.).
Content within this course can vary considerably, but typically
covers effect sizes, basic inferential statistics, including normal
probability distributions and random variables, measures of
central tendency/variability, the central limit theorem, sam-
pling, hypothesis testing of one and two sample means and pro-
portions, chi-square tests of contingencies, confidence intervals,
correlation, ANOVA, and/or regression.

There are ample reasons why “students frequently view
statistics as the worst course taken in college” (Hogg 1991,
p. 342). Introductory statistics is required for many majors,
but often perceived as a stumbling block with little practical
value (Slootmaeckers, Kerremans, and Adriaensen 2014). Many
students are unmotivated, anxious (Onwuegbuzie and Wilson
2003), apprehensive (Emmioglu and Capa-Aydin 2012), and
have a fixed mindset that they are poor in math, compounding
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problems succeeding in this course (Boaler 2013). Students
also struggle to prepare and feel that extra class time for prac-
tice would be useful (Wilson 2013). As class preparation may
vary widely among statistics students (Hudak and Anderson
1990), instructors may be challenged to lecture at the right
tempo and keep content suitable. However, the FC allows stu-
dents to self-pace (Fulton 2012), while in-class activities may
increase statistical literacy and decrease perceptions of instruc-
tors as unapproachable (Chiou,Wang, and Lee 2014; Waples
2016), which in combination, may alleviate lecture-related
challenges.

Nonetheless, flipping an introductory statistics class can
present considerable challenges for instructors. The unfamiliar
territory of the FC often results in instructor learning curves
(Van den Bergh, Ros, and Beijaard 2014) and substantial front-
end work creating prerecorded lectures and planning in-class
activities, while freshly freed-up class time can seem ominous
and training is often required for new instructors (Niemi 2002).
Other drawbacks are a dependence on IT support and multiple
technologies, and the need to convince students to take initiative
(Vaughan 2014). Moreover, for instructors who already incor-
porate active learning components into their lecture or include
lab time, as is often the case in introductory statistics, the idea
of the FC may not seem innovative. To ease the burden of flip-
ping an entire introductory statistics class course, Burgoyne and
Eaton (2018) recommended flipping only the most challenging
content of the course.

A handful of studies comparing the efficacy of the FC to
the traditional lecture class (LC) in undergraduate introductory
statistics for nonmath majors suggests the FC increases coop-
erative learning and classroom innovation (Strayer 2012) and
can lead to statistically discernible (significant) learning gains
even for inexperienced “flippers” (Wilson 2013). The FC may
also improve long-term retention. Winquist and Carlson (2014)
found that a year after completing an introductory statistics
course delivered in the FC format, FC students outperformed
LC students on the statistics section of a standardized test by 0.43
standard deviations, on average, but not on other nonstatistics
portions of the standardized test that were not subjected to the
FC delivery. This suggests that the flipped format resulted in
more meaningful, long-term learning. Studies assessing the FC
for introductory statistics solely among math majors seem to be
sparse, suggesting that LCs among math majors may be more
commonly used and that there has been minimal evaluation of
FC in this context. Strayer (2012) examined the FC in statistics
classes among students from a variety of majors (including
math), however, variability in effects across different majors was
not examined.

Although the literature on the FC in introductory statis-
tics classes generally shows an advantage over the LC deliv-
ery with respect to learning-related outcomes, several of the
quasi-experimental studies exploring learning outcomes appear
under-powered due to small class sizes. Moreover, this early
research lacks strong causal claims for the effectiveness of the
FC; although controls are typically implemented (same day/time
of class, semester, etc.), the few randomized studies within
introductory statistics have concluded little benefits of the FC
(Bowen et al. 2012; Briggs et al. 2019). Though several meta-
analyses demonstrate that the FC may be a promising alternative

to the LC for undergraduate students (Chen et al. 2018; Gillette
et al. 2018; Cheng, Ritzhaupt, and Antonenko 2019; Låg and
Sæle 2019; van Alten et al. 2019), no meta-analyses have been
conducted on undergraduates enrolled in introductory statistics
courses. Given the pedagogical hurdles of introductory statis-
tics, we aim to explore whether the FC boosts performance
outcomes among nonmath majors, those most likely to struggle
in this course.

This meta-analysis aggregated current research studying the
performance benefits of the FC in introductory statistics classes.
We also conducted a meta-regression to explore whether class
size, weekly quizzes, and the field of study for which the FC is
designed (social science classes versus classes that require previ-
ous mathematical and/or statistical prerequisites) were moder-
ators of the effect of the FC on performance outcomes. Our two
overarching research questions were: (1) Do nonmath majors
enrolled in an introductory statistics class perform better on
final exams or overall course grades when enrolled in the FC
compared to a LC class? and (2) Is the FC effect moderated by
class size, weekly quizzes, or field of study?

2. Methods

2.1. Search Strategy

Following the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses guidelines (PRISMA; Moher et al. 2009),
academic literature databases (Ovid Medline, ERIC, and Psych-
INFO) were searched using key terms “flipped class*” AND
“statistics” up until March 2020, with articles restricted to
English. Reference lists were also scanned to find further appro-
priate articles. Details for the literature search are presented in
Figure 1.

2.2. Inclusion Criteria

Study inclusion criteria are as follows: (1) the target population
was nonmathematics and nonstatistics undergraduate majors of
any age; (2) the FC was implemented in an introductory statis-
tics class (not intermediate statistics or any other research meth-
ods course); (3) experimental or quasi-experimental between-
subjects study designs were used; (4) the exposure of interest
was the FC and the comparison group was the LC; (5) the
outcome of interest was final grade or final exam performance as
a percentage (or data were available to calculate a percentage);
(6) raw unstandardized difference in means for final exams or
final grades in percentage points or adjusted (i.e., standardized)
difference in means for final grade or final exams were pro-
vided for the FC and LC groups; and (7) standard deviations
or standard errors were provided for the FC and LC groups.
We excluded nonempirical studies or those assessing attitudes
toward the FC.

2.3. Data Extraction

The following data were extracted from each study meeting
inclusion criteria: (1) citation details; (2) study design; (3) class
size for the FC, and if studies aggregated two or more classes for
analysis, total sample size for the FC; (4) class size for the LC,
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Figure 1. Flowchart of the selection of studies included in the meta-analysis. Note. Reasons for exclusion are not mutually exclusive.

and if studies aggregated two or more classes for analysis, total
sample size for the LC; (5) performance outcome type; (6) mean
for the FC; (7) mean for the LC; (8) SD for the FC; (9) SD for the
LC; (10) adjusted difference in means on final exam scores or
final grades for studies reporting regression-based results; (11)
standard error if an adjusted difference in means was provided;
(12) field of study; (13) p-values for mean difference; and (14)
whether quizzes were implemented in the FC, LC, or both (see
Table 1). Further details on study characteristics are available in
Supplemental Table 1.

2.4. Statistical Analysis

We could not assume that all the studies were estimating a
single treatment effect size for the FC (Borenstein et al. 2009),
so a random effects model (REM) was used. This allows for the
observed estimate of treatment effects to vary between studies
based on real differences in the treatment effect (in addition
to random sampling variability). A fixed-effects model would
be inappropriate as it assumes the true effect does not vary
between studies and the differences between studies are due

https://dx.doi.org/10.1080/10691898.2020.1834475
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Table 1. Descriptive statistics of meta-analytic studies.

Author (year) n LC n FC FC size M (SD) LC M (SD) FC MFC − MLC Std. error p-value Hedge’s g Field Quiz Outcome

Wilson (2013) 20 20 20 64 (11.09) 72 (11.44) 8 3.56 .03 0.70 SS No Posttest
Cilli-Turner (2015) 58 78 26 64.1 (16.7) 80.2 (11.80) 16.1 2.57 <.001 1.10 SS No Final exam
Gundlach et al.

(2015)
331 56 56 73.26 (14.42) 70.93 (12.32) −2.33 1.83 .20 −0.17 SS Yes Exam 3

Peterson (2016) 19 24 24 72 (13.2) 82.3 (14.3) 10.3 4.21 .02 0.74 SS No Final exam
Heuett (2017) 30 52 26 60.7 (18.7) 71 (20.8) 10.3 4.47 .02 0.52 SS – Final exam
Shinaberger (2017) 551 551 40 – – 5.77 2.24 .01 0.36 NSS No Final exam
Nielsen, Bean, and

Larsen (2018)
229 136 136 76.99 (14.41) 78.7 (14.76) 1.71 1.58 .28 0.12 SS Yes Final exam

Reyneke, Fletcher,
and Harding
(2018)

1485 1466 300 58.35 (14.36) 65.15 (14.63) 6.8 0.53 <.001 0.47 NSS No Grade

Khan and Watson
(2018, Study 1)

460 483 483 62.5 (21.4) 69.2 (23.7) 6.7 1.47 <.001 0.30 NSS Yes Final exam

Khan and Watson
(2018, Study 2)

615 483 483 71 (21.5) 75.5 (18.6) 4.5 1.21 <.001 0.22 NSS Yes Final exam

Maldonado and
Morales (2019)

33 31 31 26.3 (26.3) 43.2 (15.1) 16.9 5.32 <.002 0.78 NSS No Grade

NOTES: LC, lecture classroom; FC, flipped classroom; M, mean; SD, standard deviation; MFC − MLC , difference in mean final exam percentage or final grade between the FC
and LC; std. error, standard error of the difference in means; SS, social science; NSS, nonsocial science. FC size is the average class size of the FC and differs from n FC when
studies aggregated two or more sections of the FC for analysis.

only to differences in power and random sampling variation
(Riley, Higgins, and Leeks 2011). The pooled effect size was
computed as a weighted simple difference in means in final exam
percentage or final grade percentage between the FC and LC
formats (with 95% CI). We included an effect size measure of
the simple difference in means in percentage as these units are
the simplest way to interpret and directly answer the primary
research question about whether flipping introductory statistics
works. The standard error of the difference in means was com-
puted for each study using the formula:√

s2
1

n1
+ s2

2
n2

,

where s2
1 and s2

2 are the variances of the LC and FC scores,
respectively, and n1 and n2 are the total sample sizes of the LC
and FC, respectively. Though the unstandardized difference in
means is the easiest way to interpret effects, we also calculated
Hedge’s g (Hedges and Olkin 1985) estimates to facilitate com-
parison with other meta-analyses on the FC (results reported
in the Appendix). The I2 statistic is reported as a measure of
heterogeneity, and a meta-regression was performed to explore
prespecified sources of between-study heterogeneity; in partic-
ular whether class size (small vs. large), use of quizzes, and field
of study moderated the effect of the FC. To assess whether the
pooled estimate was influenced by any single study, an influence
analysis was conducted (i.e., leave-one-out). We examined pub-
lication bias through a funnel plot and trim-and-fill analyses.
All statistical analyses were performed using statistical software
R Version 3.5.3 (R Core Team 2017) and the metafor package
(Viechtbauer 2010). A two-sided nominal Type I error rate of α

= .05 was used.

3. Results

3.1. Study Selection

An initial search of Medline, ERIC, and PsycINFO found 100
articles. Reference lists and a search of related articles through

Google Scholar yielded an additional 24 articles. After removing
duplicates (n = 13), 111 articles were screened, with 76 articles
removed based on titles and abstracts. Thirty-five full articles
were reviewed, with 25 excluded for various reasons (detailed
in Figure 1), leaving 10 articles meeting full inclusion criteria.
Khan and Watson (2018) compared the FC to the LC over four
semesters (two spring and two fall) and these were treated as
two studies (spring, fall), resulting in N = 11 studies on 7209
participants across ten articles. Outcome measures were 3-fold:
final exam score (n = 8), final grade (n = 2), and posttest score
not included in students’ course grades (n = 1), which were
reported as a percentage or were converted to a percentage by
the authors. All studies used a quasi-experimental design.

3.2. Study Characteristics

Total sample sizes in the FC ranged between 20 and 1466,
and between 20 and 1485 in the LC. FC class size did not
exceed 483 students. The median percentage for outcomes was
71.5 in the FC and 64.1 in the LC. Standardized mean differ-
ences ranged between small (-0.16) and large (1.14) effect sizes,
respectively. Ten studies found a higher average performance
for the FC compared to the LC; six studies showed statistically
discernibly higher performance for the FC (p < 0.05), while
five studies did not report p-values for the comparisons of
interest. However, when we calculated p-values based on the
means, SDs, and sample sizes, nine studies showed a statisti-
cally discernible difference at α = 0.05, while two did not
(Table 1). In terms of simple differences in means between
class formats, one study (Gundlach et al. 2015) observed a
benefit of the traditional LC class; two studies found a differ-
ence in mean final outcome percentage less than 5% (Nielsen,
Bean, and Larsen 2018; Khan and Watson 2018, Study 2);
four studies found a difference in mean final outcome per-
centage greater than 5% but less than 10% (Wilson 2013;
Shinaberger 2017; Khan and Watson 2018, Study 1; Reyneke,
Fletcher, and Harding 2018), and four found a difference in
mean final outcomes greater than 10% (Cilli-Turner 2015;
Peterson 2016; Heuett 2017; Maldonado and Morales 2019).
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Figure 2. Forest plot for the simple difference in mean final outcome percentage (MD) between the flipped classroom and lecture classroom among n = 11 studies
included in the meta-analysis. Weights are those given to the observed effects during the random effects model estimation.

Figure 3. Forest plot for Hedge’s g standardized mean difference between the flipped classroom and lecture classroom among n = 11 studies included in the meta-
analysis. The overall mean in the FC is 0.43 standard deviations higher than the LC class. Weights are those given to the observed effects during the random effects model
estimation.

Shinaberger (2017) reported a covariate-adjusted simple differ-
ence in means between the FC and LC, while the rest of the
effects were unadjusted simple difference in mean performance.

3.3. Meta-Analytic Findings

The pooled difference in means in percentage for the 11 studies
was 6.9% (95% CI [3.7, 10.1]). The forest plot depicts the overall
mean in the FC as 6.9% higher (Figure 2) than the LC class (Fig-
ure 3 depicts a forest plot using Hedge’s g effect size). Estimated
heterogeneity was substantial, with I2 = 89%, suggesting that

studies varied in terms of the magnitude and direction of the
effect sizes, and a large proportion of variability in the effect of
the FC is due to differences between studies beyond that which
would be expected due to sampling error alone (Borenstein et al.
2009; Israel and Richter 2011). All analyses are reproduced using
Hedge’s g effect size units in Supplemental Table 2.

3.4. Sensitivity Analysis

An influence analysis suggested that one study (Cilli-Turner
2015) had excessive influence over the pooled estimate (Cook’s

https://dx.doi.org/10.1080/10691898.2020.1834475
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Figure 4. Funnel plot for final n = 11 studies included in the meta-analysis. Before applying trim-and-fill (panel A), and after applying trim-and fill (panel B). Closed points
are the 11 observed studies, while open points represent 3 missing studies imputed from the trim-and-fill analysis. Dashed lines represent 95% confidence limits, and the
vertical line represents the overall pooled difference in mean final exam percentage (6.9% in panel A and 4.9% in panel B).

distance = 0.59). Removing this study decreased the pooled
estimate of the difference in means to 5.6% (95% CI [2.9, 8.3])
and reduced I2 to 83%.

Though all studies used a common metric (mean class per-
centage), a potential concern was that not all studies used final
exam as the primary outcome. To address this, we removed
two studies with final grade as outcome (Reyneke, Fletcher, and
Harding 2018; Maldonado and Morales 2019), and one study
that used a noncredit posttest evaluation (Wilson 2013). Our
analysis of these eight studies with a final exam score outcome
resulted in a slight decrease to the pooled difference in mean
final exam percentage, 6.1% (95% CI [2.2, 10.1]), though hetero-
geneity remained high (I2 = 88%), suggesting that the different
performance outcomes among the three excluded studies did
not meaningfully impact the variability in effects across studies,
thus providing rationale for combining the 11 studies in our
primary analysis.

3.5. Publication Bias

Publication bias may artificially exaggerate meta-analytic effects
by suppressing studies showing unfavorable effects. In the
absence of publication bias, a funnel plot should be symmet-
rical as studies with high precision should cluster close to the
pooled estimate, while studies with low precision should dis-
perse widely and evenly on both sides of the pooled estimate.
The funnel plot of our studies (panel A of Figure 4) appears
asymmetrical, with the lower left area of the funnel plot missing
studies, an area corresponding to smaller studies that favor the
LC, suggesting that studies may be missing due to publication
bias. Due to the small number of studies, a test of funnel plot
asymmetry is just statistically discernible with p = 0.05.

Trim-and-fill removes studies that cause funnel plot asym-
metry, then iteratively re-estimates the pooled effect and num-
ber of missing studies based on the remaining studies minimally
affected by publication bias (Duval and Tweedie 2000). Terrin
et al. (2003) found that trim-and-fill may spuriously adjust

for nonexistent publication bias if heterogeneity is high and
results in precisely estimated studies with effects far from the
pooled effect, and if there is an inverse association between
treatment effects and sample size introduced by a priori power
calculations. None of our studies conducted power analysis, and
some of our most precise effects are moderately far from the
overall mean, thus we also include results from a trim-and-fill
analysis to ensure our results are robust.

Trim-and-fill estimated that three studies were missing (SE =
2.23; see Figure 4, panel B), and a bias-adjusted pooled estimate
of 4.9% (95% CI [1.3, 8.5]). Compared to the original effect, the
pooled estimate is closer to zero. The CI became slightly wider
and heterogeneity increased to I2 = 91%, likely because the new
studies had large standard errors and extended the range of
effects observed. Shi and Lin (2019) recommend reporting each
algorithmic estimator as they may diverge. Both the linear and
quadratic estimators concluded 3 missing studies, while the run
method concluded no missing studies.

3.6. Meta-Regression

Potential sources of heterogeneity were explored using meta-
regression with field of study, FC classroom size, and quizzes
as moderators. Field of study was dichotomized into nonsocial
science (NSS = 0; n = 5), which were classes for business
or engineering students that often required some mathematics
course as prerequisite versus social science (SS = 1; n = 6). Class
size was included as a dichotomous moderator, with classes
greater than 100 considered large (large = 0, n = 4; small = 1,
n = 7). Among studies that employed weekly quizzes within the
FC (n = 10), quizzes were dichotomized as whether a quiz was
also employed in the LC (no = 0; yes = 1).

In two separate models examining the unadjusted effect of
class size and field of study as moderators of the FC effect (N =
11), neither were statistically discernible, B = 3.3 (95% CI
[-2.6, 9.2]) and B = −0.5 (95% CI [-6.6, 5.5]), respectively.
Furthermore, these moderators accounted for very little het-
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Table 2. Unadjusted and adjusted effect estimates from meta-regression models
of class size and field predicting differences in mean final exam percentage or final
grade percentage between flipped and traditional classrooms teaching methods.

Unadjusted estimates Adjusted estimatesa

Moderator B(95% CI) SE p-value B(95% CI) SE p-value

Class size 3.3 (−2.6, 9.2) 3.0 .27 4.6 (−2.0, 11.2) 3.4 .17
Field −0.5 (−6.6, 5.5) 3.1 .86 −2.8 (−9.3, 3.7) 3.3 .40
Quiz 6.8 (2.1, 11.5) 2.4 .02 6.97 (1.3, 12.6) 2.9 .02

aAdjusted estimate for class size controls for field (N = 11), adjusted estimate for
field controls for class size (N = 11), and adjusted estimate for quiz adjusts for
class size and field (N = 10).

NOTE: Class size is dichotomized as large (0) or small (1), field is dichotomized as
nonsocial science (0) versus social science (1), and quiz is dichotomized based on
the presence of a weekly quiz in both the FC and LC (yes = 0, no = 1).

erogeneity (8% and 0.6%, respectively). Simultaneously entering
class size and field as moderators also did not reveal statistically
discernible adjusted meta-regressive effects, but adjusted effects
were larger in magnitude than unadjusted effects, suggesting
mutual suppression (Conger 1974). The average mean differ-
ence between the FC and LC, controlling for field, was 4.6%
higher for small classes compared to large classes, B = 4.6
(95% CI [-1.95, 11.2]), and the average adjusted mean difference
between the FC and LC, controlling for class size, was 2.8%
lower for social science classes compared to nonsocial science
classes, B = −2.8 (95% CI [-9.3, 3.7]), see Table 2. This can
be explained by the relationship between field of study and
class size. The largest class sizes were observed for nonsocial
science classes, thus adjusting both variables simultaneously
allows for more precise estimates of the effect of class size and
field of study, respectively. That is, the effect of class size is
adjusted by its association with field of study, and vice versa.
Furthermore, heterogeneity accounted for by the two mod-
erators was larger than the sum of each individual modera-
tor at 15%. Estimated heterogeneity for the meta-regression
model remained high, I2 = 85%, suggesting that class size
and field do not explain the observed heterogeneity in these
studies.

Another potential source of heterogeneity we explored was
weekly quizzes, and whether the presence of a quiz in the LC
attenuated the observed advantage of the FC. Out of the ten
studies that employed weekly quizzes within the FC, four pro-
vided the LC with a weekly quiz, while six did not. The average
difference in mean final exam percentage between the FC and
LC was discernibly higher for studies that included a quiz for
the FC but not for the LC (when compared to studies that had
a quiz in both the LC and FC), B = 6.8 (95% CI [2.1, 11.5]).
The estimated difference in mean final exam percentage among
studies with quizzes in both sections was B = 2.8 (95% CI [-0.5,
6.1]), while among studies with quizzes only in the FC, B = 9.6
(95% CI [6.3, 12.9]). Heterogeneity also was reduced to I2 =
72%, and quizzes accounted for 55% of the heterogeneity. The
effect of quizzes remained after adjusting for field and class size,
B = 7.0 (95% CI [1.3, 12.6], I2 = 68%). The effects of class size
and field reduced substantially after controlling for quizzes with
B = −0.5 (95% CI [-6.9, 5.9]) and B = −0.5 (95% CI [-6.2, 5.2]),
respectively. Taken together, these exploratory results suggest a
potential role of weekly quizzes as a driver of the effectiveness of
the FC.

4. Discussion

The FC facilitates collaboration between students and active
learning components. Hours in the classroom typically reserved
for lecturing content are outsourced to online videos, freeing up
class time to allow for hands-on learning and teamwork. This
meta-analysis sought to aggregate the potential evidence of the
superiority of the FC over the LC class for introductory statistics
classes for nonmath majors. To our knowledge, this is the first
comprehensive meta-analysis on this topic to date.

Our primary finding is that the FC has the potential to
increase performance in introductory statistics for nonmath
majors. Our most common outcome was final exams, which
are a good comparative tool between classes implementing dif-
ferent teaching methods, particularly when assessments and
instructors are kept consistent across sections (Emmioglu and
Capa-Aydin 2012). Of our pool of 11 studies, nine used the
same instructor across class formats, and all instructors tested
their outcomes using the same grading format. A statistically
discernible pooled difference in mean final exam percentage
or final grade percentage favoring the FC was found, and this
difference is estimated to be about seven percentage points.
The confidence interval around that estimate is fairly narrow
(95% CI [3.7, 10.9]), indicating a moderate degree of certainty
in the magnitude of the effectiveness of the FC compared to
LC delivery for introductory statistics. Our standardized mean
difference estimate of g = 0.40 falls on the higher end of the
range of effect sizes obtained in other meta-analyses comparing
the FC to the LC. For example, a recent interdisciplinary review
by Cheng, Ritzhaupt, and Antonenko (2019) reported an effect
of g = 0.21 among undergraduate classes on cognitive learning
outcomes.

We also explored potential sources of heterogeneity across
our sample using meta-regression. Field of study and class size
were not statistically discernible moderators of the FC effect,
though the advantage of the FC appeared to be function of
weekly quizzes, which accounted for a large proportion of
total study heterogeneity (55%), and suggested that there was
no statistically discernible difference on performance between
studies that employed quizzes in both the LC and FC classes.
Short pre-lecture quizzes have been found to improve exam and
overall course performance in traditional introductory statistics
courses (Brown and Tallon 2015) as students feel more prepared
and less anxious about testing. Quizzes have also been found
to moderate FC effects on learning outcomes in other meta-
analyses (Hew and Lo 2018; van Alten et al. 2019). Given that
the FC for introductory statistics requires a relatively large
investment by instructors relative to an LC (Peterson 2016),
as well as school administrators’ accepting the potential strain
that flipping has on research productivity and other duties, we
recommend further research to explore the role of regular class
quizzes in traditional introductory statistics courses.

Remaining between-study heterogeneity unaccounted for by
our moderators (I2 = 56%) may stem from methodological
diversity of in-class activities, test content and formats, instruc-
tor expertise in teaching statistics, and experience in implement-
ing the FC. Like other meta-analyses comparing the FC to the
LC, high heterogeneity has been consistently reported (Chen
et al. 2018; Gillette et al. 2018; Cheng, Ritzhaupt, and Anto-
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nenko 2019; van Alten et al. 2019, among others), along with
moderation effects of structural features such as in-class time,
lecture-like components, and quizzes (van Alten et al. 2019).
Within introductory statistics classes implementing an FC, even
differences in video content impact performance (van der Meij
and Dunkel 2020). Though a standard method to flip classes
has not been established, consistency in delivery is needed to
ensure that future comparisons between the FC and LC are
indeed “apples to apples” (for guides on flipping introductory
statistics courses, see Hussey, Richmond, and Fleck 2015; Kraut
2015; Kuiper et al. 2015).

Differences between the use of active learning components
in the LC are another plausible source of heterogeneity. For
instance, Gundlach et al. (2015) was the single study with a small
advantage of the LC over the FC, which could be explained by
less face-to-face class time in the FC relative to the LC (1 hr
vs. 3 hr, respectively), or by the instructor’s greater experience
teaching traditional lectures. A more plausible explanation is
that the LC was a “super” lecture, whereby LC students were
given access to the same online lectures provided to FC stu-
dents, and despite the large LC size (n = 331), content-based
Clicker questions were utilized, as well as quizzes in the form
of weekly recitations that included problem-solving and other
active learning based activities. Other research suggests that
going beyond “chalk-and-talk” to include active components
minimizes differences between LCs and FCs (Jensen, Kummer,
and Godoy 2015). In Gillette et al.’s (2018) review of pharmacy
courses, most LCs utilized some form of active learning, and no
statistically discernible advantages on course grade scores and
final exam scores were reported for the FC.

Study quality and risk of bias was not formally assessed
as information to aid decisions was often lacking, though we
discuss indicators loosely based on guidelines set out by Gold-
stein, Lackey, and Schneider (2014) and Higgins and Green
(2011). Although the quasi-experimental nature of the studies
reduced bias by keeping many important features of the FC and
LC consistent (same day/time of class, semester, instructor, etc.),
the overall risk of bias is likely elevated due to a combination of
nonrandomization to class sections (FC vs. LC), self-selection,
grader bias, and the same/self nature of researchers and instruc-
tors. To our knowledge, no randomized controlled trials (RCTs)
have compared the impact of the FC to LC for statistics courses
for nonmath majors. While two large multi-institution RCTs
have explored the impact of online adaptive machine-learning
or textbook replacement strategies compared to standard LC
(Bowen et al. 2012; Briggs et al. 2019), both found no evidence
of statistically discernible effects of performance outcomes, such
as exam scores and pass rates.

The quasi-experimental nature of the studies in this meta-
analysis means that self-selection of students into their preferred
class section cannot be ruled out as a source of bias. Based
on scheduling needs or preference, self-selection could lead to
inequities between FC and LC sections that confound the effect
of the FC (e.g., one section may have a higher mean GPA, lower
levels of statistics anxiety, etc.). To circumvent self-selection,
Nielsen, Bean, and Larsen (2018) made the FC and LC class
formats appear similar during student registration, and Cilli-
Turner (2015) informed students of the format during the first
class, but it was unclear whether other studies used similar

strategies (even so, obscuring the format would not prevent
drop-outs after the course started, but dropout rates were not
made clear across studies). Ideally, individual students from a
single cohort should be allocated at random to either the FC or
LC format, which ensures that any differences in performance
after intervention can be attributed to differences in pedago-
gies. However, ethics approval for this design is challenging
as students must consent to randomization. An alternative is
to administer pretests measuring potential confounders. While
Peterson (2016) and Gundlach et al. (2015) report that GPA at
pretest was not discernibly different between the classes, other
studies did not report baseline characteristics between groups.

Another probable source of bias is the introduction of exper-
imenter bias, or observer-expectancy effects (Rosenthal and
Fode 2007) due to the authors playing dual roles as principal
investigator and instructor for both the FC and LC. Typically,
having the same instructor for both classes mitigates the con-
founding effects of teaching style, experience, and ability. Yet
this can introduce new confounders, such as greater experience
and preference for teaching one format, and divergent expecta-
tions for student performance. Particularly when the instructor
expects or hopes the FC will be more fruitful than the LC,
they may teach the flipped class with more ardor, increasing
class engagement and learning. Many authors acknowledged a
personal preference and teaching philosophy in favor of the FC,
which likely lead them to publish their research in the first place.
Future research should strive to minimize experimenter bias by
keeping instructors and primary researchers distinct.

A third source of bias is the lack of blinding of exam graders
to students’ class sections, which can lead to an influence of
upgrading for FC students on written exam components that
are graded subjectively (e.g., short answer questions). Out of the
eight studies with an exam outcome, six did not describe the
structure (e.g., multiple choice, true/false, short answer), and
only two studies made clear that test graders were blinded to
student class section when exams were marked. For instance,
Heuett (2017) stated that “completed exams from all sections
were de-identified by folding over the cover page, placed into
one stack, randomly ordered by shuffling the stack, and graded
by cycling through the stack one page at a time” (p. 892). It is
not clear if other studies followed a similar blinding method.
Another option to reduce subjectivity from grading is to use
only MC exams across both sections. However, this may be
undesirable, given that men tend to outperform women on MC
tests (Williams, Waldauer, and Duggal 1992), and nonnative
English speakers and those with learning disabilities tend to
perform poorly with MC items (Bresnock, Graves, and White
1989). Future research may use course grade as outcome, which
is more valuable to students and less impacted by grading bias,
though it’s important that course components are weighted
equally across sections.

Publication bias poses a concern that there may be addi-
tional unpublished studies finding weak effects of the FC or
effects favoring the LC for introductory statistics. Though we
did not identify any unpublished works, almost all of our studies
obtained substantial effects favoring the FC. Our funnel plot and
trim-and-fill analysis suggest potential publication bias, such
that many effect sizes were larger than expected in a situation
absent of publication bias. However, with only 11 studies it is
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difficult to make any strong conclusions about publication bias
in this area. An interdisciplinary meta-analysis on the FC by
Låg and Sæle (2019) also reported evidence of publication bias
for learning outcomes and reduced performance effects among
studies with sufficient power (g = 0.24; k = 90). As the FC
pedagogy gains traction in introductory statistics, a future meta-
analysis comparing the FC to the LC may provide more precise
results.

Although there are weaknesses and risks of bias that dis-
courage strong causal claims on the benefits of the FC for
performance outcomes, the strength of the study is the pooled
estimate on a large sample that is likely to be externally valid,
and may generalize to other studies on introductory statistics
courses for undergraduate nonmath majors.

Future studies should aim to improve reporting of study
quality to facilitate risk of bias assessment. These results from
various educational disciplines spanning several regions show
some promising effects of the FC, although studies conducted
with larger classes, randomized cohorts, and exploring the role
of active learning and quizzes in the LC are warranted before
the flipped pedagogy is widely adopted as the “best” approach
to teaching introductory statistics classes.

Supplementary Materials

Supplemental Table 1 includes details on meta-analysis study characteris-
tics and Supplemental Table 2 reproduces main meta-analytic findings in
Hedge’s g effect size units.
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