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Abstract

A previous meta-analysis found that active learning has a positive impact on learning
achievements for college students in STEM fields of study. However, no similar meta-anal-
yses have been conducted in the humanities and social sciences. Because major dissimilari-
ties may exist between different fields or domain of knowledge, there can be issues with
transferring research findings or knowledge across fields. We therefore meta-analyzed 104
studies that used assessment scores to compare the learning achieved by college students in
humanities and social science programs under active instruction versus traditional lectur-
ing. Student performance on assessment scores was found to be higher by 0.489 standard
deviations under active instruction (Z=6.521, p<0.001, k=111, N=15,896). The relative
beneficial effect of active instruction was found to be higher for some course subject mat-
ters (i.e., Sociology, Psychology, Language, Education, and Economics), for smaller (<20
students) rather than larger class or group sizes, and for upper level rather than introductory
courses. Analyses further suggest that these findings are not affected by publication bias.

Keywords Meta-analysis - Active learning; Humanities - Social sciences - Learning
achievement - Higher education

In recent years, researchers in the field of higher education have become increasingly
interested in assessing traditional instruction practices (e.g., lectures) and modifying them
towards more student-centered and active instructional approaches. As such, multiple polit-
ical organizations (e.g., UNESCO), professional associations (e.g., European Society for
Engineering Education), and accrediting organizations (e.g., Accreditation Board for Engi-
neering and Technology) have recommended the use of more active instructional methods
in higher education (Grosemans et al., 2017; Hartikainen et al., 2019; Lima et al., 2017).
One important reason identified in previous research that may explain this shift is that stu-
dent-centered and active instructional methods lead to greater achievement from the view-
point of student learning outcomes when compared to traditional, more content-centered,

P4 Anastassis Kozanitis
kozanitis.anastassis @uqam.ca

Department of Didactics, Université du Québec A Montréal, Sainte-Catherine East, Montreal,
QC 405H2L 2C4, Canada

@ Springer


http://orcid.org/0000-0002-2671-5499
http://orcid.org/0000-0002-3004-7059
http://crossmark.crossref.org/dialog/?doi=10.1007/s10734-022-00977-8&domain=pdf

1378 Higher Education (2023) 86:1377-1394

and passive approaches, such as lecturing (Burgess et al., 2014; Hofer et al., 2018; Swan-
son, et al., 2017). Abundant evidence is widely available in the scientific literature, espe-
cially through access to meta-analysis. For instance, the largest, most comprehensive, and
most frequently cited research on the superiority of active instruction for learning achieve-
ments in the context of higher education, as compared to passive instruction, is the meta-
analysis conducted by Freeman et al. (2014). They meta-analyzed 158 studies that reported
data on examination scores comparing student performance in undergraduate science, tech-
nology, engineering, and mathematics (STEM) courses under both active learning methods
and traditional lecturing. The calculated effect sizes indicated that student performance on
examination scores was on average 0.47 standard deviations higher under active learning
and that this result was statistically significant (g=0.47, Z=9.781, p<0.001).

Although comprehensive, one important limitation of Freeman et al.’s meta-analysis is
that it focused only on studies covering the fields of study in science, technology, engineer-
ing, and mathematics (STEM), excluding the fields of study in the humanities and social
sciences. A field of study is a broad demarcation known as an area or a branch of knowl-
edge that shares similar theoretical bases. It is taught as an accredited part of higher educa-
tion, where a university degree is awarded upon completion of a certain number of required
and/or elective courses. A course usually provides knowledge pertaining to a field of study.
According to the authors who have examined issues with transferring research findings
or knowledge across fields of study, there are several reasons why it would be difficult or
impossible to simply transfer Freeman et al.’s findings to the fields of study in the humani-
ties and social science areas (Adler et al., 2018; Bartha, 2013; Brunner, 2010; Cartwright &
Hardie, 2012). This type of transfer requires a thorough examination of the similarities and
differences between the context in which the original findings or knowledge was produced
and the one to which they are to be transferred. For instance, some of these differences can
be related to the nature of the knowledge, the skills, and the learning outcomes encoun-
tered in each specific field of study (Biggs, 2003; Hill & Jordan, 2021). These differences
can also be related to students’ background knowledge and preferred learning style (John
et al., 2016), to instructor’s posture and perception of his role as a teacher (Deschryver &
Lameul, 2016; Pratt, 1992), and to expected student—teacher relationship within a field of
study (Tormey, 2021). For these reasons, it would appear inadvisable to simply transfer
Freeman et al.’s findings into the field of humanities and social sciences for the purpose of
informing higher education policymakers and practitioners. As such, a new meta-analysis
in the field of humanities and social sciences, equivalent to the work by Freeman et al.,
would seem necessary, although we can expect to find similar outcomes based on previous
literature reviews.

To our knowledge, no meta-analysis equivalent to Freeman et al.’s work has yet been
published to comprehensively quantify the effect of active learning in higher education
for the humanities and social sciences. The secondary literature published on this field of
research covers it in a non-comprehensive manner and appears to mostly consist of narra-
tive, non-quantitative literature reviews focused on instructional strategies for active learn-
ing as a whole (e.g., Michael, 2006; Patton, 2015; Prince, 2004) or on specific strategies
like flipped classrooms (e.g., Bishop & Verleger, 2012; Uzunboylu & Karagozlu, 2015),
classroom response systems (e.g., Fies & Marshall, 2006; Rana et al., 2016; Simpson &
Oliver, 2006), or project-based learning (e.g., Condliffe et al., 2017; Kokotsaki et al., 2016;
Thomas, 2000). Moreover, published meta-analyses on specific active instruction methods,
such as problem-based learning (e.g., Dochy et al., 2003; Newman, 2003), flipped class-
rooms (e.g., Rahman et al., 2014), and team-based learning (e.g., Swanson et al., 2017),
included very few, if any, primary studies in the fields of humanities and social sciences
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and drew no conclusions as to the effectiveness of these active interventions in those fields
specifically. The general objective of the present work is to conduct a meta-analysis equiva-
lent to Freeman et al. (2014) that exclusively considers studies in the fields of humanities
and social sciences. We hope it will provide instructors in these fields with sound scientific
research-based evidence for them to choose their teaching methods.

Conceptual framework

Active learning is a broad concept. Research into the topic often leaves it vaguely or only
implicitly defined, or does not define it at all. When it is explicitly defined, a variety of per-
spectives can be found among the definitions available in the literature (Drew & Mackie,
2011; Hartikainen, et al., 2019; Prince, 2004). In their often-cited book, Watkins, Lodge,
and Carnell (2007) recognized this variety of perspectives and proposed a tripartite frame-
work to help analyze the various definitions in use. The three aspects of active learning
under this framework are behavioral (e.g., actively using and developing resources), cogni-
tive (e.g., actively thinking about experiences to make sense of them and promote knowl-
edge construction), and social (actively interacting with others as both collaborators and
resources). In that sense, activating instructional methods are student-centered and can
therefore include any teaching method that gets students to do something, either behavio-
rally, cognitively, or socially, for example, questioning, discussing, writing, problem-solv-
ing, doing any kind of teamwork, peer learning, and being involved in hands-on experi-
ments. We have opted for this definition of active learning. These activating methods are
generally contrasted with traditional instruction methods, such as the lecture or teacher
presentations (Bonwell & Sutherland, 1996; McKeachie, 2011). Such methods are consid-
ered instructor-centered because they put the burden of communicating course material on
the instructor, and have students mostly involved in passive listening. Also, although there
is no consensus or generally agreed upon categorization of active learning teaching meth-
ods, many authors use broad characteristics allowing for such categorization: collaborative
learning, cooperative learning, inquiry-based learning, or experiential learning (Bonwell &
Eison, 1991; Kozanitis & Quévillon-Lacasse, 2018; Prosser & Trigwell, 2013). Collabora-
tive learning and cooperative learning are very similar; in both cases, students are asked
to interact in small teams in order to complete a task. Examples of such teaching methods
include jigsaw activity, small group discussions, and think-pair-share. Teaching methods
that are considered inquiry-based learning encourage students to research topics, to develop
questions, and to explore problems and reflect on how to solve them. Problem-based learn-
ing and case methods are well-known examples of inquiry-based learning. Experiential
learning involves learning through judiciously chosen experiences and supported by criti-
cal analysis and reflection. Experiential learning usually emulates real-world environments,
where students take upon roles. Project-based learning, simulations, and role playing are
eminent examples of experiential learning.

Other representations for categorizing active learning teaching methods can also be
found. For example, Lord, Prince, Stefanou, Stolk, and Chen (2012) proposed the active
learning continuum, where on one end of the continuum are instructor-centered simple
and short active learning activities (e.g., think-pair-share), and on the other end are more
elaborate teaching methods such as project-based learning and problem-based learning,
which are considered to be more student-centered learning activities. It is important to
point out that, although differences do exist between any given active learning teaching
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method, an overview of the literature suggests that they all share a common goal, which
is to actively engage students in the learning process. For this reason, we are not going
to dwell on the different definitions and descriptions of the active learning methods. We
encourage, for this purpose, to consult the work of Prince (2004), Barkley (2009), Bar-
kley et al. (2014).

Thus, this study aims specifically to meta-analyze studies by comparing learning
achievements under active instruction methods and traditional lecturing for college courses
in humanities and social science programs. To facilitate comparison with Freeman et al.’s
(2014) study evoked earlier, the same confounding variables, when possible, will be con-
sidered for heterogeneity analyses, with respect to examination scores. Therefore, the fol-
lowing null hypothesis will be tested:

Hy;): Assessment scores for students under active learning will not differ significantly
from assessment scores for students under traditional lecturing.

Moreover, subgroup analyses will be conducted to test whether there is any significant
variance in examination scores using the same study characteristics as Freeman et al. In
brief, Freeman et al.’s study considered the following characteristics: courses in the STEM
fields of study (e.g., biology, physics, engineering, computer science), assessment type
(concept inventory [standardized test], instructor-written course exams), class size (small
[<£50], medium [50<n<110], large [> 110]), course level (introductory, upper division),
and intervention type (e.g., clickers, problem-based learning, quizzing, studio/workshop).
Results indicated that average examination scores did not vary significantly among sub-
groups of studies based on STEM course subject matter, course level, and intervention
type. These findings suggest that the beneficial effect of active instruction does not dif-
fer significantly (a) across different STEM course subject matters, (b) whether the course
is introductory (freshmen, sophomores) or upper level (juniors, seniors), or (c) based on
the type of active instruction method administered. However, for assessment type, it was
found that the average effect size was significantly lower when learning was measured with
instructor-written course exams when compared with conceptual inventories. According to
the authors, this finding could be explained by the different sets of cognitive skills tested
by these two types of assessment. They hypothesized that it could be due to the fact that
concept inventories generally test higher-level cognitive skills, and the beneficial impact of
active learning is more significant for skills of that nature. For class size, the average effect
size was found to be significantly higher for small groups, that is, for courses with 50 or
fewer students. The authors did not advance any explanation with respect to this finding.

With the present study, we wish to determine whether these characteristics act as sig-
nificant moderators for the learning achieved in the fields of humanities or social sciences.
Thus, the following null hypotheses were tested with regard to study characteristics:

Ho): Course subject matter will not significantly moderate the relative difference in
assessment scores between students under active learning versus students under tradi-
tional lecturing.

Hog): Assessment type will not significantly moderate the relative difference in assess-
ment scores between students under active learning versus students under traditional
lecturing.

Hoyy: Class size will not significantly moderate the relative difference in assessment
scores between students under active learning versus students under traditional lectur-
ing.
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Hys): Course level will not significantly moderate the relative difference in assess-
ment scores between students under active learning versus students under traditional
lecturing.

Hy): Intervention type will not significantly moderate the relative difference in
assessment scores between students under active learning versus students under tra-
ditional lecturing.

Method
Data collection

Three strategies were used to collect data: an electronic database search for relevant
papers, a manual search through the references listed in past literature reviews and
meta-analyses, and contacting individual researchers for supplementary papers.

A computer-based literature search of three databases (ERIC, Google Scholar,
PsycNet) was first conducted to locate relevant studies. The database search was con-
ducted between February 21, 2019, and October 17, 2019. Publications from January
1, 2000, through October 1, 2019, were included. The algorithm used for the search
drew significant inspiration from Freeman et al. (2014) and consisted of a set of key-
words related to active learning instructional strategies (e.g., “‘project-based learning,”
“classroom response system,” “flipped classroom”), post-secondary education (e.g.,
“university,” “undergraduate,” “college”), disciplines in the field of humanities (e.g.,
“sociology,” “philosophy,” “politics™), study design (e.g., “experimental,” “quasi-
experimental,” “control group”), and learning achievement outcomes (e.g., “learning,”
“learning achievement,” “knowledge gain”). The algorithm was applied to all fields
of the databases (e.g., title, abstract, descriptors, full text). To avoid an unmanageable
number of results, a restriction was applied on the abstract: it could not contain any
term related to a natural science discipline (e.g., “physics,” “chemistry,” “biology”).
This search yielded about 4400 papers that were initially screened by reading the titles.
This initial screening strategy, using a titles-first approach, was shown to be more effi-
cient for a large corpus of papers than screening titles and abstracts together (Mateen
et al., 2013). Title screening reduced the list to 486 potentially relevant papers.

In addition, a manual search was performed through the references listed in past lit-
erature reviews and meta-analyses, collected through the database search, that focused
on either active learning instructional strategies as a whole or specific strategies, such
as flipped classrooms, classroom response systems, or project-based learning. This
manual search identified 31 additional potentially relevant papers. Lastly, individual
researchers with some expertise in the field of active learning were asked to provide
leads on possible supplementary papers. Their suggestions resulted in two additional
potentially relevant papers, for a grand total of 519 potentially relevant papers. The fol-
lowing PRISMA flow diagram shows the path for evaluating and choosing the included
studies (Fig. 1). PRISMA stands for Preferred Reporting Items for Systematic Reviews
and Meta-Analyses. It is the standard for meta-analyses (Moher et al., 2009).

2
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Fig. 1 Flow diagram of the selection of studies

Data evaluation

The 519 papers were evaluated for admission into the present meta-analysis through a
careful reading of the abstract and by skimming the full text. Papers had to meet five
criteria to be admitted:

(1) Describe an experimental or quasi-experimental study that compares a group subjected

@3]

3)

“)

to an active instructional method (e.g., project-based learning, classroom response
system, flipped classroom) and a group subjected to a passive instructional method
(e.g., listening to a lecture, watching a video, reading a textbook). Several papers were
rejected because they were not an experiment or quasi-experiment or lacked a control
group subjected to passive learning;

Focus on subject matter in the field of humanities and social sciences (e.g., sociology,
philosophy, education). Several papers were rejected because they focused on subject
matter in other fields, such as natural science, health science, mathematics, or engineer-
ing;

Focus on participants at a post-secondary educational level (e.g., undergraduates,
graduates). Papers that focused on participants at primary or secondary educational
levels were rejected.

Measure learning achievement (e.g., gain in knowledge or ability) with identical or
equivalent assessments for both active and passive groups as one of the outcomes of
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the study. Papers that focused only on affective or attitudinal outcomes (e.g., interest,
self-efficacy, engagement) were rejected.

(5) Provide sufficient quantitative data at the group level, such as means (M), standard
deviations (SD), and sample sizes (N), to allow for the computation of standardized
effect sizes (d, g). Papers that examined learning achievement but provided only quali-
tative data were rejected. The authors of papers that provided insufficient quantitative
data were contacted by email and asked to provide the missing data, if possible. When
the author could not provide the data or did not reply, the paper was rejected.

Evaluation of the 519 papers was conducted by the second author of this study, an expe-
rienced coder. It was determined that 415 papers did not meet one or more of the five
inclusion criteria and should be excluded from the meta-analysis. Of these 415 papers, 42
were assigned to a second coder. In 40 of the 42 cases (95% agreement), the second coder
independently determined that these papers should be excluded. In the two cases of con-
flict, a discussion between the two coders resulted in a decision to exclude the papers from
the meta-analysis. It was therefore concluded that, even with a second, independent coding,
a significant number of the 415 excluded papers still would not be included in the study.

Data synthesis
Coding

The relevant outcome (i.e., learning achieved) and salient characteristics (i.e., hypothesized
moderators) of each study were coded in a data sheet. The data that was coded and the cod-
ing system used were significantly inspired by Freeman et al. (2014). Coding of the 104
papers was conducted by the second author of this study. The second coder was randomly
assigned 26 of the 104 papers and asked to independently code them. The two coders then
met to discuss their respective coding of those 26 papers. Inter-rater agreement, computed
as Cohen’s kappa (x), was almost perfect (Cohen, 1960; McHugh, 2012) for all but three of
the coded variables, with coefficients ranging between 0.86 and 1. All coding discrepancies
were discussed until consensus was reached.

Describing outcomes using a common scale (Hedges’g)

The outcome of interest to the present meta-analysis (i.e., learning achieved) was computed
using Hedges and Olkin’s (1985) approach (see also Borenstein, 2009). The standardized
mean difference effect size calculated for each study was d, being the difference between
the learning achieved by the active group versus the passive group divided by the pooled
standard deviation. A positive effect size therefore represents better learning achieved by
the active group.

Data analysis
Grand mean effect size and subgroup analyses

Because it cannot be assumed that the true effect size is the same in all studies, a
random-effects model was used to calculate the grand mean effect size using the
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Comprehensive Meta-Analysis (CMA) 2.0 software. In this model, it is assumed that the
effect sizes from each individual study are normally distributed around an overall mean.
To obtain the most precise estimate of the grand mean effect size, the commonly rec-
ommended method of assigning a weight to each study and then computing a weighted
mean was used (Borenstein, 2009). The weight assigned to each study was computed as
the inverse of that study’s variance. The term Q represents a standardized measure of
weighted square deviations estimated. Q follows a central chi-squared distribution with
degrees of freedom equal to k — 1. To test the null hypothesis, a p-value for the observed
value of Q was thus computed with an alpha level set at 0.05. Because of the pres-
ence of significant true heterogeneity among the effect size estimates (see the “Results
and Discussion” section), subgroup analyses were conducted. Then, the same procedure
described for the grand mean effect size was applied to compute a summary effect size
() for each subgroup, a standard error on that effect size, (SE,,,), lower and upper con-
fidence limits (LL,,, UL,,), and a p-value, to test the null hypothesis that the summary
effect size in question was zero.

Publication bias analyses

Studies included in a meta-analysis may overestimate the true grand mean effect size
and thus bias its findings. This is because studies with significant effects or with effect
sizes of greater magnitude are more likely to be published and are easier for the meta-
analyst to find. This leads to a bias in published literature that can be carried over to a
meta-analysis drawing on that literature. This well-documented problem for meta-analy-
ses, referred to as the file-drawer problem or publication bias, involves drawing conclu-
sions that are based on a biased sample of the target population of studies (Borenstein,
2009). Because publication bias is a serious threat to the validity of a meta-analysis,
it must be rigorously addressed (Borenstein, 2009; 2019; Freeman et al., 2014). To
do so, three analyses were performed to assess the presence of an upward bias in the
grand mean effect size calculated in the present meta-analysis and to estimate how much
impact this bias had: (a) assessment of funnel plots under the trim and fill method, (b)
Egger’s regression test (Egger et al., 1997, (c) Begg and Mazumdar’s Kendall tau cor-
relation test. The Kendall tau correlation test uses the correlation between the ranks of
effect sizes and the ranks of their corresponding standard errors. A significant correla-
tion implies publication bias. The present meta-analysis set this predetermined value to
a standardized mean difference of 0.20, which is generally considered in the education
literature as the smallest pedagogically significant effect size (e.g., Freeman et al., 2014;
Higgins et al., 2008; Raudenbush, 2009).

Results
Descriptive data

The descriptive data, comprising frequency, codes, and interpretation for the salient char-
acteristics, is available in Table 1. The 104 papers that contributed data to this meta-analy-
sis included 15,896 students.
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Table 1 Descriptive data for salient characteristics
Characteristics Codes and interpretation Frequency
Course level Intro (freshmen or sophomores) 60
Upper (juniors or seniors) 21
Undefined—i.e., no data on course level 30
Course subject matter Sociology 9
Philosophy
Psychology 24
Political science 6
History 3
Economics/business/finance/marketing 16
Management 7
Law 3
Education 17
Language, first language or second language 18
Library instruction 4
Combination (or not distinguishable) 3
Treatment Problem-based learning 6
Project-based learning 2
Case studies 2
Clicker (classroom or personal response system) 30
Flipped or Inverted classroom 36
Peer-based, team-based or collaborative learning 5
Role-play 3
Computer simulation or serious game 15
Writing assignments 2
Quizzing 2
Interactive demo 1
Experiential learning 5
Combination (two or more of the above) 6
Class size Very small: between 1 and 20 participants 21
Small: between 21 and 50 participants 53
Medium: between 51 and 110 participants 20
Large: more than 110 participants 17
Assessment type Concept inventory 6
Exam 95
Course grade 8
Other 31
Design Presence of both a pre- and a post-test 28
Presence of a post-test only 83
Significance Significant increase in student learning 82
No significant increase in student learning 29
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Main effect analyses

The weighted grand mean effect size (g,,) representing learning achieved on identical or
equivalent assessments by groups subjected to active treatment, compared with groups
subjected to traditional lecturing, was a weighted standardized mean difference of 0.489
(Z=6.521, p<0.001, k=111, N=15,896) with a 95% confidence interval bounded by
0.414 and 0.564. Thus, learning achieved under active instruction increased, on average, by
just slightly under half a standard deviation compared with learning achieved under tradi-
tional lecturing. As such, the primary null hypothesis of the present work must be rejected
(i-e., Hygy: Assessment scores for students under active learning will not differ significantly
from assessment scores for students under traditional lecturing.)

Subgroup analyses

The overall homogeneity analysis determined that the effect sizes were not consist-
ent across all 111 studies, as suggested by a Oy statistic that exceeded the critical value
(Qr=309.776; df=110; p < 0.001). Moreover, computation of the 7% statistic yielded a
value of 64.5%, meaning that there is a high percentage of real heterogeneity, or true vari-
ance, across the observed effect size estimates of individual studies. These findings led to
the rejection of the null hypothesis of homogeneity across studies, indicating that there is
more variability in effect sizes across studies than expected by chance alone and that it is
appropriate to proceed with subgroup, or moderator, analyses.

Tables 2, 3, and 4 present the statistics computed for each of the subgroups related to
each potential moderator. Findings related to moderators will follow the same order as the

Table 2 Subgroup results by course subject matter

Variable k N Sw SE,,  95% confidence Ow Homogeneity of
interval limits between-group
effect sizes

Lower Upper Op p

Course subject matter

Sociology® 9 1467 0.640  0.178 0.291 0.989 13.776 63.478 <.001

Philosophy 1 225 0529 -0.757 1317 0

Psychology® 24 5979 0.600  0.135 0335 0.865 18517

Political science 6 629 0.458  0.203 0.060 0.856  27.269

History 3 391 -0.085 0310 -0.216 0.997  6.540

Economics® 16 2080 0.479  0.148 0.189  0.769  12.572

Management 7 1695 0.455  0.193 0.077 0.833  6.424

Law 3 426 0.518 0307 -—0.084 1.120 1.123

Education® 17 997 0.485  0.149 0.193  0.777  49.852

Language® 18 1242 0.490 0.146 0204 0.776  68.256

Library instruction 4 378 0275 0.246 —-0.207 0.757 41.969

Combination 3 387 0.175 0292 -0397 0.747 2.229

“Significant pairwise difference with history, library instruction, and combination
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Table 3 Subgroup results by assessment type, group size, and course level

Variable k N Zw SEy, 95% Confidence Ow Homogeneity of
interval limits between-group
effect sizes

Lower  Upper Og p
Assess type
C. invent* 6 966 0.591 0220  0.160 1.022 1.028 17.211 ©.001
Exam 95 12,671 0485 0.108  0.302 0.712 278.421
Grade 8 1867 0436 0206  0.032 0.840 1.547
Other 31 392 0271  0.168  0.004 0.756 19.523
Group size
Very small® 21 657 0.707  0.139  0.435 0.979 33.468 13.572  0.004
Small 53 4085 0.569  0.105  0.363 0.775 159.923
Medium 20 2918 0511 0.139  0.239 0.783 97.381
Large 17 8236 0.372  0.149  0.080 0.664 5.431
Course level
Intro 60 9252 0425  0.101 0.227 0.623 195.434  9.066 .003
Upper 21 3120 0.803  0.135  0.538 1.068 25.733

Significant pairwise difference with large group size
bSignificant pairwise difference with other assessment types

Table 4 Subgroup results by intervention type

Variable k N 2w SE,,, 95% confidence Ow Homogeneity
interval limits of between-
group effect
sizes

Lower Upper Og P
Intervention

Problem 6 430 0.634 0.218 0.207 1.061 23.255 1296 0.29
Project 2 180 0.495 0.331 —0.154 1.144 0.296

Case 2 377 0.563 0.379 —0.180 1.306 0.210

Clickers 30 5785 0.408 0.127 0.159 0.657 75.991

Flipped 36 4411 0.463 0.116 0.236 0.690 155.55

Peer 5 393 0.515 0.222 0.080 0.950 7.084

Role-play 2 132 0.093 0.352 -0.597 0.783 0.924

Computer 15 1787 0.569 0.152 0.271 0.867 14.061

Writing 2 1037 1.136 0.360 0.430 1.842 0.883

Quizzing 2 43 1.201 0.361 0.493 1.909 0.011

Experiential 5 636 0.655 0.221 0.222 1.088 4914

Combination 4 685 0.198 0.224 —0.241 0.637 13.722
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null hypotheses formulated above (Hy,, to Hyqg)). We remind that Qyy is the within-sub-
groups variance and Qy is the between-subgroups variance.

Table 2 shows that active instruction produces significantly higher assessment scores
than traditional lecturing in seven course subject matters (Sociology, Psychology, Political
Science, Economics, Management, Education, Language), as the lower limit of the confi-
dence interval on the grand mean effect size is greater than 0. Because a significant amount
of heterogeneity was found across the grand mean effect sizes related to each course sub-
ject matter (Qp=63.478, p “ 0.001), the null hypothesis Hy,, was rejected. A pairwise
comparison of the mean effect size estimates related to each subject matter yielded several
significant pairwise differences.

Table 3 first shows that active instruction produces significantly higher assessment
scores than traditional lecturing across the four types of assessments considered (i.e., con-
cept inventories, instructor or researcher-written exams, course grades and others [e.g.,
quizzes, assignments]). Moreover, because a significant amount of heterogeneity was
found across the grand mean effect sizes related to each type of assessment (Qz=17.999, p
0.001), the null hypothesis Hy 3, was rejected. This finding suggests that active instruction
benefits students regardless of the type of assessment used to measure learning achieve-
ment. A pairwise comparison of the mean effect size estimates related to each type of
assessment yielded one significant pairwise difference, between concept inventories, the
assessment type with the highest mean effect size estimate, and the assessment types quali-
fied as other (e.g., quizzes, assignments), which had the lowest mean effect size estimate.

As for group size, Table 3 shows that active instruction produces significantly higher
assessment scores than traditional lecturing through all group sizes. This finding suggests
that active instruction benefits students regardless of group size. Because a significant
amount of heterogeneity was found across the grand mean effect sizes related to each group
size (Qg=13.572, p=0.004), the null hypothesis Hy4, was rejected.

Finally, Table 3 shows that active instruction produces significantly higher assess-
ment scores than traditional lecturing for both introductory- (i.e., freshman, sophomore)
and upper-level (i.e., junior, senior) courses. This finding suggests that active instruction
benefits students regardless of course level. Because a significant amount of heterogene-
ity was found between the grand mean effect sizes related to introductory- and upper-level
courses (Qp=9.066, p=0.003), the null hypothesis Hys, was rejected. The significantly
higher mean effect size associated with upper-level courses does not concur with Freeman
et al.’s meta-analysis, which found a non-significant difference between introductory- and
upper-level courses.

Table 4 shows that eight of the twelve types of active treatments produce significantly
higher assessment scores than traditional lecturing (i.e., problem-based, clickers, flipped,
peer-based, computer-based, writing, quizzing, experiential). The other four types of active
treatment do not produce higher assessment scores relative to traditional lecturing (i.e.,
project-based, case study, role-play, combination). Because the amount of heterogeneity
between the grand mean effect sizes across active treatment categories was not found to
be statistically significant (Qp=12.959, p=0.296), the null hypothesis Hy5) was accepted.

Publication bias findings
Figure 2 shows the funnel plot, with standard error on effect size estimates (SEgs) as a

function of effect size estimates (gs). Visual inspection of the funnel plot indicates some
asymmetry in the data, due to six or seven data points with unusually large effect size
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Fig.2 Funnel plot illustrating the standard error on effect size estimates (SEgs) as a function of effect size
estimates (gs)

estimates (gs) and/or standard errors (SEgs). Moreover, both Egger’s regression test and
Kendall tau rank correlation test indicate a statistically significant association between
effect size estimates and their corresponding standard errors. Kendall tau coefficient with
continuity correction yielded a value of 0.330 with a one-tailed p-value of < 0.001. Egger’s
regression intercept yielded a value of 0.180 with a one-tailed p-value of 0.007. Both tests
thus confirm there is asymmetry in the funnel plot.

The “adjusted” estimate of the grand mean effect size calculated under the trim and fill
method was slightly lower than the one obtained with the original analysis (gy,s;=0.476)
with a 95% confidence interval bounded by 0.401 and 0.551. Thus, the adjusted estimate
is very close to the original estimate, with a 0.476 estimate having the same substantive
implications as the original estimate of 0.489. The trim and fill analysis indicates that the
degree of asymmetry observed in the present meta-analysis has virtually no impact on
the estimate of the grand mean effect size. This finding indicates that bringing the grand
mean effect size down to a value that would be pedagogically insignificant would require
an unreasonably large number of studies with a null effect that went undetected. As such,
there is no indication that publication bias has affected the grand mean effect size estimate
reported in the present meta-analysis.

Discussion

The present work, inspired by Freeman et al. (2014), sought to examine the effect of active
instruction on learning achievement for college programs in the field of humanities and
social sciences. To that end, we meta-analyzed 104 studies that used assessment scores to
compare the learning achieved by groups of college students in humanities and social sci-
ence disciplines under active learning methods versus traditional lecturing. The weighted
grand mean effect size estimated from these studies indicates that student performance on

@ Springer



1390 Higher Education (2023) 86:1377-1394

assessment scores is on average higher under active instruction, and is similar to the grand
mean effect size in Freeman et al.’s study. This similarity suggests that the magnitude
of the beneficial effect on learning achieved in higher education through active instruc-
tion, compared with traditional lecturing, is similar in both STEM and the humanities and
social sciences. This conclusion is further supported by several earlier meta-analyses on
the impact of active alternatives versus traditional lecturing on the learning achieved by
college students, which reported similar magnitudes of grand mean effect size estimates
in favor of active instruction (Dochy et al., 2003; Ruiz-Primo et al., 2011; Swanson et al.,
2017; Shi et al., 2019).

With regard to practical implications, the grand mean effect size reported in the present
meta-analysis suggests that active instruction should be either maintained (if already imple-
mented) or strongly considered by policymakers and teachers as at least a partial replace-
ment for traditional lecture-based instruction in college programs in the fields of humani-
ties and social sciences. Institutions and policymakers should encourage their instructors
to adopt active teaching practices, drawing on and emphasizing the scientific value of the
results obtained through studies such as this one.

Subgroup analyses found that four variables had a significant moderator effect on the
grand mean effect size estimate: course subject matter, assessment type, class or group
size, and course level. First, learning achieved with active instruction was found to be
most beneficial in some humanities and social sciences course subject matters, specifi-
cally Sociology, Psychology, Language, Education, and Economics. This finding suggests
that faculties offering programs in these disciplines should seriously consider replacing
traditional lecturing with active instruction. It cannot be concluded that active instruc-
tion benefits learning for the five other course subject matters (Philosophy, History, Law,
Library instruction, Combination). However, this could be due to lack of studies for these
five course subject matters, so significance is harder to establish, given the low levels of
homogeneity of between-group effect sizes. Therefore, we must be careful not to conclude
hastily that active learning instruction methods would not be beneficial for these course
subject matters, given the very low number of studies. Also, significant pairwise difference
was found between Sociology, the course subject matter with the highest mean effect size
estimate, and the course subject matters with the three lowest mean effect size estimates
(i-e., History, Library instruction, Combination), but not Philosophy (fourth lowest), most
likely due to the fact that only one study was included in Philosophy. Consequently, further
research is required to develop a better understanding of the effect active instruction has
on learning achievement in the aforementioned college course subject matters treated here.

Second, the findings of the present work regarding group size suggest that learning
achieved with active instruction was found to be higher for all group sizes. This finding
does not concur with Freeman et al. (2014) and other earlier meta-analyses (Shi et al.,
2019; Swanson et al., 2017), which found that learning achieved with active instruc-
tion is greater with smaller group sizes. This discrepancy between our findings and
previous studies carried out within STEM fields seems to support the limits of trans-
ferring research finding across disciplines (Adler et al., 2018; Bartha, 2013). That said,
a pairwise difference did show that learning achieved with active instruction is greater
with very small class or group sizes, compared with large class or group sizes for pro-
grams in the humanities and social sciences. There is a plethora of empirical data and
conceptual arguments in the literature regarding mechanisms that explain why active
instruction is more beneficial with smaller classes in the context of higher education.
These include higher levels of student engagement, increased time spent on tasks and
the opportunity for teachers to maintain higher quality personal interactions with their
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students, better tailor instruction to their ability levels and interests, and better monitor
their progress (Ballen et al., 2018, Ho & Kelman, 2014, Schanzenbach, 2014, Baker
et al., 2016). Such confounding variables should be considered in future research.

Third, learning achieved with active instruction was found to be higher for both
introductory-level and upper-level courses as compared to traditional instruction.
Although this moderator has not been frequently examined by earlier meta-analyses,
some have found that active instruction appears to be more beneficial for students in
upper-level courses. For example, Dochy et al.’s meta-analysis (2019), which compared
the effect of problem-based learning with traditional lecturing for medical students,
found greater effect sizes for students in the final 2 years of their program (ES =0.732
and 0.679), as compared to students in the first 2 years (ES=0.414 and 0.473), with
respect to skill outcomes. Our results seem to agree with such previous findings, where
the grand mean effect sizes were higher for upper-level courses. There are several rea-
sons that could help explain the increased benefit of active instruction for upper-level
courses. These courses generally mobilize higher-level cognitive skills (i.e., problem-
solving) as compared to introductory-level courses, which tend to mobilize more con-
tent-mastery skills. Previous research (e.g., Atman et al., 2005; Tsenn et al., 2013) has
also shown that juniors and seniors generally possess a higher level of self-efficacy
and better transversal competencies than freshmen and sophomores. Because these fac-
tors are associated with higher academic achievement, they could explain the findings
observed here. Lastly, it is important to reiterate that 30 of 104 studies included in the
present meta-analysis did not report information on course level. Consequently, one
recommendation for future research on active learning in the field of humanities and
social sciences would be to record data more assiduously regarding course level. This
would allow for a more accurate estimate of this variable as a potential moderator of
the learning achieved.

Subgroup analyses associated with the fype of active treatment implemented, identi-
fied as potentially impacting the grand mean effect size, did not however yield signifi-
cant results, suggesting that this variable does not act as moderator. This finding sug-
gests that the beneficial effect of active instruction does not vary significantly with the
type of active treatment implemented. This concurs with Freeman et al.’s meta-analy-
sis, which did not find a significant difference across active treatment categories. How-
ever, it is interesting to note that some earlier meta-analyses (e.g., Ruiz-Primo et al.,
2011; Schroeder et al., 2007) found that different types of active instruction yielded
significantly different results on the learning achieved. Because there appears to be
an important disparity in the mean effect size estimates associated with each active
treatment, this finding could be due to the fact that several active treatment categories
included a very low number of studies, resulting in a lack of statistical power and pre-
cluding more robust findings. For example, five categories (project, case study, role-
play, quizzing, writing) included only two studies. Some pairwise differences related to
these categories appeared to approach statistical significance but did not reach it, likely
because of the small number of studies included (e.g., quizzing vs. clickers, writing
vs. clickers, quizzing vs. project, writing vs. project). For these reasons, the non-sig-
nificant finding reported here with regard to intervention type must be interpreted with
a great deal of caution. As such, further primary studies are needed to gain a better
understanding of the effect of these latter active treatments on the learning achieved in
humanities and social science college programs.
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Conclusion

This meta-analysis is one of the first to exclusively consider comparing active and passive
instruction practices in the fields of study in the humanities and social sciences. Results
reported here provide sound scientific evidence for the overall superiority of active instruc-
tion for learning achievements in the context of higher education, as compared to passive
instruction. These results are in line with previous similar studies conducted in the fields
of science, technology, engineering, and mathematics (STEM). Moreover, findings suggest
that this effect is beneficial with any type of active teaching method. By considering vari-
ous variables that may act as moderators, we found the following four to have a significant
effect: course subject matter, assessment type, group size, and course level. Specifically,
small group sizes are the ones benefiting the most, with large group sizes benefiting the
least. Upper-level courses also seem to benefit the most from active learning methods.
Regarding the differences between some course subject matters considered in this study,
we must interpret the results with caution as some are under-represented. It is the case for
Philosophy, History, Law, and Library instruction. Thus, more primary studies are needed
in these course subject matters to eventually help increase the homogeneity of between-
group effect sizes. Nevertheless, institutions and policymakers should encourage their
instructors to adopt active teaching methods in the humanities and social sciences.
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