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Abstract

Previous efforts to summarize differences between traditional and web-based
training program learning outcomes have been limited by ignoring pre-training
differences due to non-random assignment to conditions. In the present meta-analysis,
pre-training and post-training differences between media (traditional, web-facilitated,
hybrid, and fully online instruction) were summarized across a variety of moderators.
Self-selection into condition (e.g. college students choosing to take a traditional or
online course according to their preferences) lead to substantial outcome differences
before training begins; trainees choosing online courses know more (d = .19) about the
material on which they are going to be trained than those choosing traditional courses.
This makes interpretation of post-training outcome differences alone unwise.

To address this, three approaches were taken: 1) pre-training and post-training
between-subject d’s (traditional vs. web-based instructions) were compared, 2)
traditional and web-based within-subject d’s (post-training vs. pre-training scores) were
compared, and 3) between-subject post-training d’s adjusted by pre-training differences
for those studies in which self-selection was present were examined.

These analyses led to several conclusions, including 1) within-subject outcome
gains are large in comparison to between-subject differences in media, 2) differences do
exist across criterion type (knowledge, observable skill, problem solving skill, attitudes,
and perception of gain), 3) the effectiveness of web-based courses in comparison to

traditional courses appears to be changing over time, perhaps as the design of online



courses becomes more sophisticated, 4) the use of learner control in online courses
appears to produce worse outcomes for learners, 5) online courses produce better
outcomes than traditional courses when those courses take place over a longer time
period, and 6) learners self-selecting into online courses seem to be older and have
greater computer/Internet experience than those self-selecting into traditional courses.
Areas of e-learning research needing more primary empirical research are identified,

and suggestions for training design practitioners are discussed.
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Introduction

Electronic learning (e-learning) is the likely future of most formal work-related
training. It already holds a strong presence in higher education and continues to grow,
with an estimated 3.1 million students taking at least one online course during Fall 2005,
an increase of 0.9 million students from the previous year. From 2002 to 2004,
enrollment in online courses increased by approximately 20% each year, with no plateau
yet in sight. This instruction occurred at all levels of higher education, including
associate, baccalaureate, master’s, and doctoral-level programs (Allen & Seaman, 2006).
Specifics numbers of learners are not available for corporate settings, but a report from
market research organization Global Industry Analysis revealed that the corporate e-
learning market in 2007 was $17.5 billion, with a projected growth to $52.6 billion by
2010 (Kopf, 2006). There is clearly enthusiasm for training supported by computers, and
the ever-evolving Internet draws a great deal of interest in particular. It is unfortunate
then, that we actually know relatively little about the effectiveness of online training in
comparison to more traditional methods. Studies examining such differences in media
(for example, comparing an in-person face-to-face training course directly with a fully
online course) are most often poorly designed with unconsidered study-level
characteristics influencing their results, making it difficult to determine what the true
differences between media are in terms of both learning and reactions to training. It is
the central purpose of this thesis to investigate these very concepts. Thus, the overall

guestion addressed here is: “Are there overall differences in effectiveness and reactions



between face-to-face instruction and web-based learning, and what other factors might
moderate this difference?”

Part of the reluctance to investigate these systems in psychology may stem from
the fear that the movement of training into the electronic space may be nothing more
than a fad in the classic sense (Dunnette, 1966). E-learning is by its nature filled with
buzzwords that warn of faddishness. Purveyors of new technologies typically name
them so that they are memorable, and it is often difficult for the casual observer to
distinguish between serious technologies and passing fads. Are Twitter and Facebook
resources to consider for online training? Are blogs, wikis and podcasts tools to stay?
Or will money invested in designing training relying on these technologies prove wasted
as they fade away into technological history? Many terms are even invented to address
the same concept with different levels of specificity; for example, computer-based
training, learning management systems, distance learning, virtual learning
environments, and e-learning all describe the same general category of tools, with
relatively minor differences. To ensure clarity of the discussions herein, | will first set up
a basic terminology by which to consider these technologies while simultaneously
describing the history of these terms.

Terminology and a Brief History of Web-based Training

From the broadest perspective, the topic of this thesis is employee training, a

systematic process by which employees gain new knowledge, skills and attitudes based

upon organizational needs (Goldstein & Ford, 2002). In the modern workplace, such



formal training most often takes place in the form of in-person instructor-led classes
(61.2%; American Society for Training and Development, 2008): a training designer or
other expert stands at the front of a group of trainees and delivers training content,
most often verbally, although many times with the assistance of a PowerPoint
presentation or paper handouts. Some interaction might be present; such training
sessions are often called “workshops.” | will hereafter refer to this model as

III

“traditional” training. Unfortunately, traditional training is somewhat limited in that a
training expert must be physically present in the same room as the trainees in order to
deliver content. There are two categories of situations in which this is a hindrance to an
organization. First, if expertise is difficult to find, or alternately, if a limited number of
experts are available, then the time of those experts becomes increasingly valuable and
difficult to schedule. For example, if a large multinational developer of laptop
computers releases a new model with many new features to potentially thousands of
retail locations, it is not feasible (or at least, cost-effective) to send experts on the new
product from corporate headquarters to every retail location in which it is to be sold.
Second, if the trainees themselves are not colocated, the problem is exacerbated. For
example, consider a large real-estate firm in which most agents employed by the
company work by remote. These individuals schedule meetings with their own clients in
a variety of locations across a wide physical area and may rarely come to the central

office. Requiring all of those agents to meet at a central location at a single point in

time for a one hour lecture on new sales regulations may damage not only their



individual sales (decreasing job performance) but those agents’ willingness to work with
a firm taking their time unnecessarily (increasing turnover).

To combat these difficulties, distance learning evolved out of the traditional
training model. Instead of bringing trainees to one location to receive training material,
the training material was brought to them. This has taken many forms since its
inception, but generally falls fairly close to the traditional model of instruction. For
example, lecture-by-videotape, in which a training designer records their lectures and
mails them to trainees to watch on their own time, is a common form of distance
learning. Although this form of distance learning may be transitioning to DVD or other
such media, the general principle is the same: a lecture as it would be given traditionally
is recorded and played back for trainees. As computers grew in popularity during the
late 1980s and 1990s so did computer-based training, the definition of which is as
straightforward as it sounds: training received on a computer. Text-filled documents
would be placed on a floppy disk which would be delivered to trainees at a distance for
them to read at their convenience. As the technology evolved, this soon grew to include
graphics (i.e. pictures and drawings), and eventually audio and video. Simultaneously,
the media used evolved from disks to CD-ROM to transfer via the Internet.

The introduction of the Internet to the training world in the early 2000s also
introduced new possibilities. Before this time, a course or training program existing in a
lecture hall and converted to a computer-based training program changed little in terms

of content. While the specific words heard or read using either method might differ, the



overall content and instructional method usually did not. For example, if the in-person
instruction was simply a lecturer standing at the front of a group of trainees verbally
delivering content, then the computer-based material was likely static text on the
screen or a video of a lecturer delivering that same content. Many of these design
choices were made because of the relative inflexibility of the technology. In the 1990s,
despite the fact that a computer-based training module with a great deal of interaction
and engagement with the learner was possible, such interactive modules were very
expensive and unlikely to be developed quickly enough for the training it presented to
be relevant by the time it was complete.

With the explosion in popularity of the Internet in the early 2000s, it became
increasingly important that when trainers delivered content via the Internet, and the
World Wide Web in particular, they could be reasonably confident that the user
experience would be similar regardless of the computer that the user was using. This
standardization effort from the World Wide Web Consortium (W3C) drove development
costs down for all developers of projects on the Web, making innovative training
projects on the Web far simpler and less expensive to attempt.

With decreased costs, increased production on the web across all industries soon
followed, making the Internet a forum packed with information for the modern
consumer. Demands for access to the Internet increased rapidly in response, and by
2003, over half of U.S. households (over 61 million) had Internet access in their home,

up 50% from just two years earlier (U.S. Census Bureau, 2005), with continued growth



projected. This growth was not limited to home use; those that access the Internet at
work spent a mean of 17.8 hours per week accessing the Web while at work in
December 2008 (Nielsen Company, 2009).

With decreased development costs and Internet access available to the majority
of Americans, the movement of training and instructional programs to the Web picked
up speed shortly thereafter. Fully web-based (or “online”) courses were created with
multiple objectives in mind: decreasing costs and increasing accessibility. These courses
most often still followed the traditional model of instruction; instead of accessing non-
interactive text and videos via a CD-ROM, students and trainees would access this
material via a web browser.

Another variety of course or training program also appeared as a blend of the
traditional and web-based models of instruction. These hybrid or blended courses come
in many forms, and are inconsistently labeled across studies. The Sloan Consortium, the
foremost non-profit organization dedicated to improving the quality of distance
education, splits courses into four categories. First, those with 0% of content delivered
online are referred to as “traditional” courses. Second, those with 1 to 29% of content
delivered online are referred to as “web-facilitated” courses. These courses are
primarily given face-to-face but incorporate some aspects of the Web to support course
activities. Course management systems (sometimes called learning management
systems) are the hallmark of this type of course; these are online hubs where learners

and instructors coordinate. They are typically able to give access to course material



(such as a syllabus, video), group discussion tools (such as real-time chat or discussion
boards), and online assessments, although the instructor has the freedom to include
whichever specific course components she wishes. Modern examples of course
management systems are Blackboard, WebVista, and Moodle. Third in the list of course
types are “blended/hybrid” courses, in which 30 to 79% of material is delivered online.
Finally, fully “online” courses are those in which 80% or more material is delivered
online (Allen & Seaman, 2006). This categorical split is somewhat arbitrary. There are
actually no specific points at which a course switches from one type to another, and
these labels are used primarily for convenience.
Effectiveness of Distance Learning Courses

A major concern early in distance learning research was that of effectiveness.
Could a course given at a distance be as effective as one taught in-person? One of the
oldest distance learning techniques, the audio-tutorial (A-T) approach, was the focus of
much scrutiny in this regard. Created by biologist Samuel Postlethwait in 1961, the A-T
approach involved the delivery of a course via audiotape recordings, either in
conjunction with an in-person class or as a standalone mini-class (Postlethwait, Novak,
& Murry, 1971). With the invention of the compact cassette tape in 1963, this became
an increasingly attractive option for those instructors wishing their distance learning
courses to be more engaging and effective than one delivered on paper alone.
Concerned with the question of instructional effectiveness, Postlethwait in 1962

conducted one of the earliest “media comparison studies” by assigning an experimental



section of a course to receive instruction entirely by the A-T approach, and the control
group receiving it in a more traditional lecture. He reported no differences in outcomes
between the two conditions.

As the A-T approach grew in popularity, two efforts to summarize the growing
research literature appeared at roughly the same time (J. A. Kulik, Kulik, & Cohen, 1979).
In 1975, the first review to appear was by Mintzes, who summarized six studies
regarding A-T in collegiate settings and concluded that the literature examining the
effectiveness of the A-T approach was inconclusive. Three studies that Mintzes
examined showed A-T to be superior to traditional instruction, two showed no
differences, and one showed traditional instruction to be superior. The second and a
more expansive review by Fisher and MacWhinney (1976) appeared in the following
year, concluding strongly that the A-T approach was indeed more effective in collegiate,
high school, and elementary school settings. Eighteen of forty-four studies showed A-T
to be superior, twenty-five showed it to be equivalent, and only one showed it to be
inferior.

Each of these reviews relied on counting as its method of aggregating study
results. By counting the number of statistically significant findings compared to the
total number of studies available, each of these authors hoped to gain a sense of the
overall effectiveness of A-T. However, conflicting conclusions between the two reviews
created a number of questions. Is A-T stronger in high school and elementary settings

than in colleges? Is sampling error making the results of a six-study review more



variable? Or do the authors simply disagree on their interpretation of essentially the
same data? Faced with this ambiguity, J. A. Kulik, Kulik and Cohen (1979) conducted a
Glassian meta-analysis, synthesizing the results of 48 studies on college students
comparing the A-T approach with traditional models of instruction. They examined both
student achievement (d = .20, in favor of A-T) and student evaluations (d = .12, also in
favor of A-T) as outcome variables. With this, they concluded that A-T was indeed
superior to traditional instruction, although as suggested by Cohen (1977), the
difference was relatively small. C.-L. Kulik, Kulik and Cohen (1980) later expanded this
analysis by including more computer-based instructional technologies, increasing the
number of analyzed studies to 278, but the findings were similar. A small to moderate
overall difference across technologies was observed (d = .28). They also noted that
studies using different instructors in the two instructional conditions (technology-
enhanced/experimental and traditional/control) exhibited a larger difference (d = .41)
than those using the same instructor (d = .20).
The Clark-Kozma Debate

In one of the most influential papers regarding instructional technology, Clark
(1983) argued that the effects observed in the Kulik papers were not “instructionally
significant and could easily be due to confounding” (p. 448) and similarly condemned all
media comparison research. His argument hinged primarily around the instructorship
moderator found by C.-L. Kulik, Kulik and Cohen (1980). The differences observed, he

argued, were not due to differences in media but instead to a variety of other factors.



First, method and content often varied with medium; in other words, when the
instructor varied, the instructors were using different instructional methods (and
sometimes different material altogether), and thus medium was not the only difference
between conditions. When the instructors were not different, he posited that the
remaining smaller difference (d = .20) was “due to systematic but uncontrolled
differences in content and/or method, contributed unintentionally by different teachers
or designers” (Clark, 1983, pp. 448-449). He offered no empirical evidence to support
this position, and this position is weakened further with the appearance of work by
Kulik, Bangert and Williams (1983). In their meta-analysis of a similar literature, the
mean effect size for “different instructor” was .30, while the mean effect mean size for
“same instructor” was .28. Second, he continued, the difference could be due to
increased effort on the part of the instructor. Because the technology being adopted
was new, it required additional “design effort,” presumably creating a superior course.
No empirical evidence was provided here either. Third, he argued that the instructional
methods being studied were really just that — methods — and were not and should not
be tied to the medium in which they were used. Researchers studying instructional
media at the time tended to develop their techniques to be used on a computer, even if
the technique could be used in person. Thus, the differences observed were not due to
medium but again due to instructional method. Fourth, he argued that a novelty effect
was artificially increasing observed effect sizes. As support, he cited the findings of

Kulik, Bangert and Williams (1983) that studies lasting four weeks or less showed a
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sizable difference favoring technology (d = .56), while the differences in final outcomes
of those lasting longer were increasingly smaller (d = .30 for 5-8 weeks, and d = .20 for
more than 8 weeks). He failed to note the rival hypothesis that instructional
technologies might in fact be superior in short term training interventions while weaker
in longer interventions. Instead, he called this “the familiar .2 effect” (Clark, 1983, p.
450) and dismissed any importance it might hold. His fifth and final criticism was that of
a file drawer effect, the tendency for papers reporting stronger results to be published
while papers with weaker results to remain unpublished.

With this position laid out, Clark (1983) called for a moratorium on all media
comparison research, concluding “five decades of research suggest that there are no
learning benefits to be gained from employing different media in instruction” (p. 450)
and stating rather famously K (p. 445). This claim slowed all research examining
potential media differences until 8 years later when Kozma (1991) directly challenged
Clark’s position. Kozma responded by stating that different technologies might possess
cognitively relevant characteristics that alter the learner’s formation of mental models.
For example, a symbol system such as plain text can be delivered in a variety of formats.
A book offers a permanent, fixed source of information to be referenced. A scrolling
marquee delivers the same symbol system, but in an unstable format. Permanence of
information might be considered a construct underlying observed media differences,
and this construct might be the causal mechanism behind differences in media

effectiveness. Thus, media differences between a book and scrolling marquee might
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directly influence a learner’s ability to form mental models based upon the information
presented, even if the information itself is identical between the two formats.

Thus began the “Clark-Kozma debate.” A flurry of writings across several
publications appeared, culminating in a 1994 special issue of Educational Technology
Research & Development. Clark (1994) directly responded to Kozma’s assertions by
suggesting that “replaceability” was the key to unraveling this issue. He stated “I
challenge Robert Kozma and other colleagues in this area to find evidence, in a well
designed study, of any instance of a medium or media attributes that are not
replaceable by a different set of media and attributes to achieve similar learning results
for any given student and learning task” (p. 22), suggesting again that method, not
medium, is the true causal force eliciting differences in media comparison research. He
further equated all empirically observed differences in media with differences in
method, stating “when a study demonstrates that media attributes are sufficient to
cause learning, the study has failed to control for instructional method and is therefore
confounded” (p. 25), placing himself in a position that, logically speaking, was not
falsifiable. Kozma (1994b) generally agreed with Clark’s overall position, but stated that
Clark was only accurate currently because of historical constraints. Kozma argued that
the equivalence of media and method in many studies was only due to a lack of
innovation. Media could be used in a way that would uniquely contribute to learning

beyond differences in method alone; it simply was not doing so at this time, or at least

not in large quantities, due to a lack of technological sophistication. He criticized Clark’s
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delivery truck metaphor as short-sighted behaviorism, stating “the medium is an inert
conveyor of an active stimulus to which the learner makes a behavioral response.
However, as we have come to understand...learning is an active, constructive, cognitive
and social process” (pp. 8-9). He argued that the interaction between the learner and
the learning environment produces knowledge, thus making media key to the process.
Clark’s position thus focused on the attributes of media necessary to bring about
learning. He believed these attributes were always present as long as the method was
physically able to convey the material. By this view, all media are essentially equivalent
as long as the instructional method behind them is sound, and thus the lowest cost
option should always be used. Kozma’s position focused on the attributes of media
sufficient to bring about learning in as effective a manner as possible. He believed each
media brought with it certain advantages and disadvantages when providing instruction,
and that these qualities varied depending upon the material to be taught. By this view,
media should be chosen when designing or implementing an instructional method so as
to maximize the value provided by those media. In fact, as he argued in the following
issue, research comparing the best designed instructional programs with previous
systems will confound media and method to the maximum possible degree (Kozma,
1994a).

Commentaries on these two articles in the special issue were varied. Jonassen,
Campbell and Davison (1994) criticized the debate for being too focused on designing

instructional systems from an instructionist perspective. Computer systems, they
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argued, should be designed to support learners actively and not deliver instruction to
them passively. Morrison (1994) argued that Clark’s and Kozma’s positions were not in
fact contrary to one another, or even related closely enough to refer to the same
guestion. Reiser (1994) added that from a practitioner’s perspective, Clark’s position
only holds when using Clark’s rather narrow definitions, and that the entire debate is
unnecessary to anyone actually working in the field. Shrock (1994) echoed Reiser’s
concerns about definitional ambiguity and scope as well as Jonassen et al.’s concerns
about instructionism. The only aspect of the Clark-Kozma debate agreed upon by all
contributors (save perhaps Clark) was that further argument was likely a waste of time.
Thus sits the debate today.
Media Comparisons Portrayed in the I/O Psychology Literature

The vast majority of contributions to the media comparison debate, both
theoretically and empirically, came from the field of education technology. In business
settings, only a few scattered studies have tackled the question, and many exhibit the
research design problems originally described by Clark (1983) that plague the
educational technology literature. Schmeekle (2000), for example, compared outcomes
for jail management trainees randomly assigned to either classroom or online training.
No statistically significant difference in knowledge was found between the conditions;
however, a difference was found for the amount of time spent in training. The author
concluded that the two media were equally effective, but that online training was

demonstrably more “efficient” (p. 240) than classroom instruction. Unfortunately,
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many of the research design concerns that Clark criticized of educational technology
research likely exist here as well. Very little information is given on the nature of the
training program itself, except that it was designed on a new government grant some
time after the in-person instruction had been in use. It was designed explicitly to
“provide a more accessible training method for law enforcement personnel, decrease
training time, and reducing training costs” (p. 218), and this newly designed system was
contrasted with a system in place for some time. Lacking any other information about
the training programs, this strongly suggests that much more was varying between
conditions other than simply “media,” probably including accessibility and the length of
the material. No effort was made to describe similarities or dissimilarities between the
two programs, a common omission in such research. The only conclusion that should be
made from this study is that whatever online training intervention they designed took
less time for trainees to complete and was nearly as effective as whatever training
intervention they had used previously. It provides no information on the specific
mechanisms or components of these differences. Probably the most troubling aspect of
this study is that a training designer could easily conclude from it that simply converting
a classroom-based course to a web-based course would decrease time-to-completion
without any other negative effects on training outcomes. Instead, the specific designs
of the two training programs may have played a much larger role in the observed lack of

differences.
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Because such class-level confounds are common in both the educational and
organizational literatures, it is difficult to generalize the results of any single study of a
single course or training program to any other training program. Arbaugh (2005) argues
that studies based upon single courses, comparisons of online and in-person versions of
the same course, and multi-university replications of courses are all of limited use due
to such confounds, and extended this advice to comparisons of training programs as
well. In order to be tested empirically, most modern theories of successful web-based
instruction require multiple training sessions or courses to be run. Learner-participants
are not the cases of interest in analysis; instead, courses are. Individual learners are
nested within courses, and differences in course outcomes based upon course design
provide the data needed to answer interesting questions in this area. Arbaugh (2005)
followed his own advice by examining survey and outcome data from 44 sections of the
same MBA program. Although not a comparison of in-person and online courses, this is
an excellent study design and of much greater value than any single study on a single
course in this domain.

There are only two major methods by which to examine class-level
characteristics empirically. Arbaugh (2005) uses one. The other, meta-analysis, takes
advantage of the efforts of previous researchers by summarizing observed effect sizes
across studies and correcting for sampling error. This way, study-level characteristics
can be treated as moderating variables. Studies can be classified based upon their

attributes (e.g. “Did the same instructor teach both the in-person and online course?”)
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and the true sources of variance in the overall differences observed can be broken
down. Only one such effort has been made in personnel psychology (Sitzmann, Kraiger,
Stewart, & Wisher, 2006), but several aspects of this meta-analysis make its results
difficult to interpret.

Critique of Sitzmann et al. (2006)

Sitzmann et al. (2006) presented the first meta-analysis of differences in
outcomes between traditional and web-based instruction in 1/O psychology, with a goal
of “generalization to a population of adults participating in workplace training” (p. 634).
They collected data from 168 courses in 96 studies between 1996 and 2005, including
comparisons of traditional vs. fully online courses as well as traditional vs. hybrid
courses. Outcomes of interest included post-training declarative and procedural
knowledge tests as well as reactions to training. They concluded from this study that
web-based instruction was 6% more effective than traditional instruction when
examining declarative knowledge (computed from a meta-analytic d = 0.15) and equally
effective when examining procedural knowledge. Hybrid instruction, on the other hand,
was universally superior to traditional instruction in terms of mean knowledge test
scores post-training; in no study analyzed did a course comparing traditional and hybrid
outcomes produce superior mean outcomes for the traditional course.

They also tested several moderators, the most important of which for this
discussion were “experimental design” and “similarity of instructional methods.” For

experimental design, the authors recorded from each study whether or not random
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assignment to condition was used. When the study was experimental, they found a
substantial difference (d = -.26; negative number indicates traditional instruction was
superior), while when it was quasi-experimental, they found a substantial difference in
the other direction (d =.18). For instructional method, the authors recorded for each
study if instructional methods were designed to be similar across media (“same”), if no
such effort was made (“different”), or if a specific effort was made to make either media
superior to the other (also “different”). When instructional methods were similar, they
found almost no difference between traditional and web-based instruction (d = .04),
while when they were different, they found a substantial effect (d =.29). From these
two findings, they concluded that “our results support Clark’s position that media
effects in single study research are largely spurious” (Sitzmann, Kraiger, Stewart, &
Wisher, 2006, p. 647).

Unfortunately, as stated earlier, many conceptual and technical ambiguities
make this conclusion premature and also raise several concerns that will be addressed
by the present thesis. | will cover each of these in turn, including research questions
addressed in this thesis as | do so.

Generalization to Training. Although Sitzmann et al. (2006) state that this meta-
analysis was generated with the goal of generalization to training in employment
settings, given the history of research in this area, the vast majority of this literature
must have been generated in education technology. This suggests that the literature is

predominantly educational in nature and that the major of participants in these studies
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are students. Indeed, Sitzmann et al. report that 85% of their database is made up of
undergraduate and graduate students. Only 15% are actually employees. And
additionally, status as a student or employee correlates -0.07 to -0.46 with the other
moderators. This does not necessarily threaten the external validity of this meta-
analysis to employment settings, but it does raise some question as to the nature of
knowledge being trained in these courses and its effects on the results. As very few
examples are given of the specific topics being taught, it is difficult to tell just what kinds
of subject matter are actually included in these analyses. To be confident that these
findings generalize to real work settings, further elucidation is required. Thus, the first
research question (RQ1) addressed by this thesis is: “Do medium effects vary as a
function of study setting (students vs. workers as trainees)?”

Fixed- vs. Random-Effects Meta-Analysis. A major concern when conducting
meta-analysis is the choice of a fixed-effects or random-effects meta-analytic method.
Fixed-effects meta-analysis makes an assumption that the population effect sizes (5, in
this case) underlying observed effects are homogenous. For example, in Sitzmann et
al.’s (2006) meta-analysis of overall effect size, the use of a fixed-effects model would
reflect an assumption that all observed variance amongst observed effects surrounded a
single “true” difference between online and traditional instruction. In almost all
research, this is an unwise assumption. Confidence intervals computed from fixed-

effects meta-analysis are often substantially narrower than they should be, ultimately
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leading to an overstatement of the precision of observed results (Hunter & Schmidt,
2000).

Regardless, Sitzmann et al. have several specific hypotheses regarding
moderators, and thus a random-effects model is clearly appropriate. They utilize the
meta-analytic methods of Hedges and Olkin (1985), which include both random-effects
and fixed-effects models, although their random-effects models are rarely used (Hunter
& Schmidt, 2004). Sitzmann et al. do not report which model they use. This is certainly
not conclusive, but it does raise some concern about the precision of these findings
worth further investigation. Thus, the second research question (RQ2) addressed by this
thesis is: “Will a random-effects meta-analysis produce estimates of similar precision to
those estimates obtained by Sitzmann et al.?”

Online vs. Hybrid Courses. Sitzmann et al. (2006) draw several lines when cutting
down their meta-analytic database to their final dataset of interest. First, comparisons
of traditional and hybrid courses are separated from comparisons of traditional and fully
online courses. Next, comparisons examining declarative knowledge are separated from
those examining procedural knowledge. After this culling, all moderator analyses are
conducted on declarative knowledge outcomes in traditional vs. fully online courses
only. This makes the specific rationale behind categorization as a hybrid course very
important to the specific composition of their meta-analytic database.

No specific criteria are given as to what Sitzmann et al. consider a hybrid course.

As established earlier, most of the literature included here comes from education
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technology and takes place in a college course. As such, web-supported classes (1-29%
online, often through the use of course management software like D2L or WebVista) are
likely quite common and would furthermore be quite different from hybrid/blended
courses (30-79% online). By Sitzmann et al.’s coding, were web-supported classes
considered online or traditional? Were hybrid courses with a minor in-person element
considered fully online courses, as they would be by the Sloan Consortium’s definitions
(Allen & Seaman, 2006)? These questions are left unaddressed. Because of this, it is
difficult to know precisely what kind of courses fall into these categorical labels, and
thus, on which kinds of courses these moderator analyses were actually conducted.

As much as this literature occurs in educational settings, it is expected that many
courses are what Allen and Seaman (2006) would consider “web-facilitated,” where the
majority of the course takes place in-person with a small proportion of material
delivered online. In these courses, material is not delivered predominantly through the
web, and is closer in design to a traditional course than a web-based course. A more
useful way to examine this distinction, then, would be through determining the specific
proportion of the course taking place online and examining its effect. If the specific
proportion cannot be determined, then categorization into the Allen and Seaman (2006)
framework would be a more useful split than that of Sitzmann et al. (2006). Thus, the
third research question (RQ3) addressed by this thesis is: “What effect does the degree

to which a course is online have on its effectiveness?”
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Declarative vs. Procedural Knowledge. The second cut in Sitzmann et al.’s (2006)
meta-analytic database was made between declarative versus procedural knowledge
outcomes. They define declarative knowledge as “trainees’” memory of the facts and
principles taught in training and the relationship among knowledge elements...[while]
procedural knowledge refers to information about how to perform a task or action” (p.
627). This is an oversimplification. They take these descriptions from Kraiger, Ford and
Salas (1993), who used cognitive psychology to inform new theories about training
evaluation. Unfortunately, this paper has been misinterpreted; splitting training
outcomes by these two types is unwise. To demonstrate this, | must first delve a bit into
cognitive psychology.

When industrial psychologists use the term “knowledge,” they are more
specifically referring to information stored in long-term memory. Long-term memory
itself is split into two general categories with a few familiar labels: declarative memory
(consisting of episodic and semantic memory) and implicit memory (consisting of
repetition priming and procedural memory). N.J. Cohen and Squire (1980) were the
first to adopt the term “declarative” to describe “information that is data-based” (p.
207). This type of information is accessed whenever a person is making a conscious
recollection of facts previously learned (semantic memory) or events experienced
(episodic memory). Declarative memory is accessed differently than implicit memory,
which is a subconscious process. A common example of implicit memory is reading as a

native speaker of a language. Such readers do not, moment-to-moment, consciously
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access rules about grammar, spelling, and punctuation, and yet they are still able to
engage in reading using those rules. Most of this information was initially taught to the
reader-in-training as discrete facts; in other words, declarative memory was built
through conscious learning of facts, but then that knowledge was proceduralized into
implicit memory through practice. Thus, the specific subtype of implicit knowledge this
refers to is called procedural memory.

Neurological evidence for this distinction among memories is strongly supported
by the study of people with anterograde amnesia (N. J. Cohen & Squire, 1980), which is
defined by an inability to create new declarative (long-term) memories. For these
people, only working memory is available as a basis for forming procedural memory. In
these studies, researchers can teach these people new basic skills, including perceptual-
motor skills, mirror drawing, and maze navigation, but the learner will have no memory
of the learning itself, despite the fact that their procedural memory (and ultimately, skill
at the task) will improve with practice. Acquisition of declarative knowledge must occur
in order for that knowledge to be proceduralized (Ackerman, 1987), so teaching them
complex tasks is much more difficult. With only working memory available, people with
anterograde amnesia can only hold relevant instructions in their minds for 15 to 30
seconds at a time, preventing the formation of a base of declarative knowledge (stored
in declarative memory) from which complex skills could develop.

Declarative and procedural knowledge, as used by Sitzmann et al. (2006), is a

substantial oversimplification of this substantial literature in cognitive psychology. It is
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true at a very basic level that “declarative knowledge refers to trainees’” memory of the
facts...[and] procedural knowledge refers to information about how to perform a task”
(p. 627). But it is unwise to categorize the outcomes of entire courses based upon this
framework. Sitzmann et al. specifically code procedural knowledge outcomes as “the
ability to perform the skills taught in training” (p. 635), but there is virtually no practical
training outcome where nothing but procedural knowledge would be taught. For
example, in one study included in Sitzmann et al.”s meta-analytic database, a traditional
and web-based version of an undergraduate statistics course are compared by
examining differences in final course grades (Arvan, Ory, Bullock, Burnaska, & Hanson,
1998). Undoubtedly, this statistics course included and evaluated elements of both
declarative knowledge (e.g. “what is a statistic?,” “what are the steps involved in a t-
test?”) and procedural knowledge (e.g. “given a dataset, how do | analyze it?”). No
information is given in the paper to help determine into which category such a study
would ultimately fall. Sitzmann et al. furthermore include any “written test that
required trainees to demonstrate memory of the steps required to complete the skills
taught in training” (p. 635) as a procedural knowledge outcome, but this is clearly a
recitation of declarative knowledge. Given these points, it is unclear as to what specific
outcomes are actually included in which category in this meta-analysis. It is furthermore
unclear if the specific operationalization reflects a real distinction among training

outcomes and draws serious question as to the interpretability of these findings.
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Given this, it is still important to break down outcomes into specific categories of
capabilities to be trained. An important component of the needs assessment process is
to determine the type of capability to be trained and design training to maximize
outcomes based upon that assessment. If capabilities taught in training truly differ by
category, and if types of training are differentially effective across categories, the
distinction should be made solidly. Campbell and Kuncel (2001) present a more useful
framework for practical training outcomes than the declarative/procedural knowledge
distinction. Capabilities are split into four categories. First, knowledge in general might
be trained, including knowledge of labels, facts, rules, procedures, and other discrete
pieces of knowledge. Second, observable skills might be trained, including cognitive,
psychomotor, physical, interpersonal skills, and other applications of knowledge that
accomplish specific goals or solve specific problems. Third, problem solving skills might
be trained, including meta-cognition, the use of heuristics, or any other application of
knowledge or observable skills to an ambiguous problem supported strategies not
specific to the problem. Fourth, any attitude or belief might be trained, such as self-
efficacy or racial attitudes. Thus, the fourth research question (RQ4) addressed by this
thesis is: “Do online courses differ in effectiveness from traditional courses, and if so, do
these differences change based upon the type of capability trained?”

Experimental Design and Self-Selection. Perhaps the most troubling aspect of
Sitzmann et al.’s (2006) meta-analysis is the treatment of experimental design. They

defined quasi-experimentation by stating “research reports utilized a quasi-
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experimental design when trainees self-selected into WBI or CI” (p. 636), but this is not
the definition of quasi-experimentation. Quasi-experimentation only necessarily
involves nonrandom assignment to conditions, which includes self-selection into
conditions, but may include other methods of nonrandom assignment as well. For
example, in one study included in Sitzmann et al.’s meta-analytic database, the
traditional class being compared was held in a local community college while the web-
based class was held in other colleges specifically structured around distance learning
(Barker, 2002). This study is clearly quasi-experimental in nature, as learners were not
randomly assigned to conditions, and yet these learners did not have any choice as to
which medium they would be using. Similar situations occur when courses are
switched year-to-year. For example, a course might only be offered in one year as an in-
person lecture-based course, and then converted outright the following year to an
online course. When learners enrolled in either set of these courses, they would have
no choice as to which medium they were experiencing. In other studies, if they were
indeed given the choice to enroll in the medium they believed would best support their
learning, they might logically experience most positive outcomes. Thus, if Sitzmann et
al. (2006) stayed true to their given definition and ignored quasi-experimental designs
other than by self-selection, it makes interpretation of the quasi-experimentation
moderator impossible, as it confounds nonrandom assignment with willful self-selection

into condition.
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Furthermore, most conclusions made by Sitzmann et al. (2006), such as those
regarding the Clark-Kozma debate, are based upon other moderator results collapsed
across the quasi-experimentation moderator. 85% of studies where design was
discernable utilized quasi-experimentation, with a substantial difference between
findings from experiments and quasi-experiments (dge = -.26, k = 11; dex = .18, k = 60).
Yet this substantial difference is ignored when examining the instructional methods
moderator discussed earlier (dsgme = .04, k = 16; dex = .29, k = 37). Essentially, by ignoring
any pre-training test information, and in the absence of a control group, they are
treating every study as a “posttest-only design with nonequivalent groups,” which Cook,
Campbell and Peracchio (1990) go so far as to call “generally uninterpretable” (p. 517).
Without pre-test information, a control group, or random assignment, all observed
differences are attributed to the effect of medium although they may not be caused by
medium; there is no way to determine the true cause of these observed differences
using this information alone.

Self-selection itself is a useful concern; individuals who self-select into one
medium might do so in order to put themselves in a position to best learn the material.
Separating self-selection from quasi-experimentation would allow us to examine both
aspects of this issue fully. Thus, the fifth research question (RQ5) addressed by this
thesis is: “Does self-selection affect the observed differences between traditional and
online courses, and do individuals that self-select into online courses systematically

differ from those that self-select into traditional courses?” The sixth and final research
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guestion (RQ6) addressed by this thesis is: “How do within-person outcomes (increases
in knowledge over time within a training medium) inform our interpretation of
between-person outcomes (differences in outcomes between media)?”
Rationale for the Present Thesis

Given these difficulties in the interpretation of Sitzmann et al. (2006), the
purpose of this thesis is to expand upon Sitzmann et al.’s meta-analytic database and
improve upon it, addressing the six research questions raised by a critique of Sitzmann
et al. Each of these research questions will be directly addressed by using improved
meta-analytic method and coding strategies while simultaneously increasing the
reference literature for this meta-analysis with those articles published since Sitzmann
et al. By doing this, | am producing more accurate meta-analytic estimates of the true
differences between traditional and web-based instruction with clear explanations and
rationale as to specific moderators to be investigated.

Method

Literature Search

As a basis for the database to be used in this study, Sitzmann et al. (2006)’s
original database was collected and then expanded upon using an identical search
strategy. To do this, PsycINFO and ERIC were searched for articles published 2005 -

2009 using the following search string on keywords:
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(web or online or internet) and (evaluate or learn or transfer or behavior or

performance or knowledge or satisfaction or dissatisfaction or reaction or

achieve or outcome)
This resulted in an initial list of 6823 sources from PsycINFO and roughly 1100 from
ERIC, which was then reduced to a more relevant list by a review of titles and abstracts
for articles likely to meet the inclusion criteria stated below. This decreased the list of
potentially relevant studies to 245 total sources, including the original Sitzmann et al.
(2006) database. Ultimate review of the articles themselves further reduced this
number to 116 sources. In addition to this general search, the reference lists from
review articles found during this process were scanned for potential inclusions, a new
search using the search term “(elearning or e-learning or web-based)” was run on all
journals contributing more than 1 article to the database up to that point (21 sources),
and all articles published in the Journal of Asynchronous Learning Networks from 2005
to 2009 were scanned by hand. This manual process produced a list of 27 potential
inclusions and ultimately added 8 sources.

Twelve articles included by Sitzmann et al. (2006) were not included in the
database by this stage, typically because insufficient information was available in the
article as published. Each author was contacted for additional information needed to
calculate a d-value, ultimately adding two articles back to the database.

Thus, this entire process produced a final database containing 126 sources.

Meta-Analytic Database

29



Inclusion Criteria. As with Sitzmann et al. (2006), all research reports where
students or employees were being trained in both traditional and web-based or web-
supported training were included. Sitzmann et al. further specified this by stating all
reports were included where trainees were participating in training “to prepare them
for current or future employment opportunities” (p. 634); however, the specific
implications of this statement were never explained, nor were any examples given, so
this restriction was ignored.

Studies needed to meet four criteria to be included, similar to those of Sitzmann
et al.: 1) the study must compare outcomes between traditional and some type of
online training, 2) the article must be available in English, 3) the study must report
results in such a way that a d statistic can be calculated, and 4) the participants in the
study must be nondisabled adults aged 18 or older. Sitzmann et al. (2006) did include a
fifth criterion (“training was conducted on a topic that provided job-related knowledge
or skills”, p. 634), but since this was not operationalized, and considering training topics
like self-motivational techniques (Stadtlander, 1998) and students in a lab soldering a
circuit board (Alzafiri, 2001) were included, this restriction was re-interpreted as
grounds for exclusion: if a study clearly had absolutely no relevance to the workplace, it
was excluded.

Independence of Observations. To ensure that the assumption of independence
of observation amongst meta-analytic cases is not violated, several specific decision

rules were used. First, independent samples contained within the same article were
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treated as independent cases. Second, multiple outcomes that differed by criterion
type (i.e. knowledge, observable skills, problem solving skills, attitudes) were

not considered independent. Third, when multiple outcomes did not differ by criterion
type, d was computed for each effect, and a single mean d was included (for example, if
a multiple choice knowledge test and written knowledge test were reported separately,
dvc and dyr would have been determined for each and averaged) unless a meaningful
composite was available, in which case said composite was included alone (for example,
if three knowledge tests and two skills tests were reported along with a knowledge
composite and skill composite of those tests, the two composites alone would be
included in their respective meta-analyses, while a sample-weighted average of the
composites would be used in an overall meta-analysis). Fifth, when multiple
comparisons were possible from a single source (e.g. if two web-based courses were
compared with a single traditional course), then all possible pairs of comparisons were
computed and a final sample-size weighted mean d was included.

It is important to note that the third rule above deviates substantially from that
of Sitzmann et al. (2006). They state that “whenever a single study reported multiple
effect sizes based on the same sample for a single criterion, the effect size that was
most similar to the other assessments of that particular relationship was used” (pp. 634-
635). This seems to indicate that when multiple effect sizes were available, Sitzmann et

al. (2006) chose whichever effect size was closest to the mean of other effect sizes in
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that particular meta-analysis, introducing artificial homogeneity of observed effects.
The present approach avoided this confound.

Meta-Analytic Method. The method used to compute each meta-analysis was
Hunter and Schmidt’s (2004) psychometric meta-analysis. As the comparison of
traditional and web-based training is a natural dichotomy, d statistics were computed
for each comparison by subtracting the mean outcomes of each traditional class from
the mean outcomes from any online course and dividing by the pooled standard
deviation. Reliabilities of each criterion were recorded where available, but relatively
few were reported, and were not used in subsequent analyses. Thus, the only
correction applied was for sampling error in the standard deviation of d. Meta-analytic
results involving pre-test/post-test scores were separated into two sections. First, the
post-test scores and pre-test scores between each pair of methods were examined
using between-persons d-values meta-analyses (e.g. one meta-analysis contained web-
based post-test scores compared with traditional post-test scores; another contained
web-based pre-test scores compared with traditional pre-test scores). Second, the pre-
and post-test scores within each method were examined using a within-persons d-
values meta-analysis.

Because the majority of the research literature analyzed involved non-random
assignment (i.e. quasi-experimentation), there are three primary methods by which to
analyze the initial meta-analytic results taking pre-training differences into account.

First, as done by Sitzmann et al. (2006), pre-training differences can simply be ignored,
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and the post-training d alone is the outcome of interest. Second, Ad; is defined as the
difference between two between-subject d’s. For example, if the difference between
post-training traditional and web-based training outcomes was d = .20, and the pre-
training difference was .05, Adz would be .20 - .05 = .15. Thus, this would be
interpreted as: web-based training produces outcomes .15 standard deviations higher
than traditional training. Third, Ad\y is defined as the difference between two within-
subject d’s. For example, if the difference between pre-training and post-training
outcomes for web-based training outcomes was d = 2.00 and the difference between
pre-training and post-training outcomes for traditional training outcomes was d = 1.85,
Ady would be defined as 2.00 — 1.85 = 0.15. Thus, this would also be interpreted as:
web-based training produces outcomes .15 standard deviations higher than traditional
training.
Meta-Analytic Coding

To ensure consistency in the values assigned to each entry in the meta-analytic
database, one person recorded data from each article to be included while a second
coded 20% of those articles, randomly selected from the full list. Percentage agreement
and Cohen’s « statistics for each appear in Table 1. Percentage agreement is a liberal
estimate of agreement while Cohen’s k is a conservative estimate, so actual inter-rater
reliability is assumed to be between the two values.

Training Type. In order to ensure transparency of the skills being taught in

training, to assess generalization of these results to a work setting, a simple table of all
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topics trained is found in Table 2, categorized based upon trainee type, student or
employee. Study setting, as lab or field, was also recorded for each.

Course Hybridization. To accurately assess the degree to which a course is
online, it would be preferable if a specific “percentage online” could be determined for
each course. This degree of detail was not present in these articles, however, so as a
practical concession, a slightly modified version of the Allen and Seaman (2006)
framework was used. Courses were categorized into one of four categories. First,

III

courses were considered “traditional” if there was no online component whatsoever.
Second, courses were considered “web-facilitated” if online material was used only to
support learning in the traditional setting. Third, courses were considered “hybrid” if
material that was meant to provide instruction was presented both in a traditional
setting and online. Fourth, courses were considered “fully online” if there was no in-
person component whatsoever. By these definitions, a course using Moodle to make
lecture notes and the syllabus available online would have been considered a “web-
facilitiated” course, while a course using Moodle to deliver lecture videos in addition to
in-person lecture content would have been considered a “hybrid” course.

Because hybridization can also have an effect on experimental design, the type
of comparison regarding hybridization will also be recorded as “complete” or “addition.”
For example, Alzafiri (2001) compared a traditional and hybrid course, but the hybrid

course was actually identical in content to the traditional course, with web-based

content added in addition to the traditional content. This was not a pure comparison of
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subjects entering two distinct courses; instead, this was a quasi-experiment conducted
with a control group, where the entire manipulation was done in addition to what
occurred already in the control condition.

Learning Outcomes. Categorization of learning outcomes into knowledge,
observable skills, problem solving skills, and attitudes were made based upon Campbell
and Kuncel’s (2001) framework. Knowledge was defined as any discrete pieces of
information (e.g. labels, facts, rules, procedures, plans, goals). Observable skills were
defined as the use of knowledge to solve specific problems or achieve specific goals.
Problem solving skills were defined as the use of knowledge and observable skills to
solve ambiguous problems with no clear path to a solution. Attitudes were defined as
any belief or personality-based characteristics (e.g. self-efficacy, racial attitudes, sexist
beliefs). A fifth outcome, perceptions, was also added to reflect measures where the
learner self-reported learning outcomes.

This coding scheme directly addresses concerns with the use of declarative and
procedural knowledge by Sitzmann et al. (2006). To contrast the present method with
the previous method, consider that in one paper, Sitzmann et al. coded a “declarative
knowledge assessment [which] consisted of a multiple-choice and fill-in-the-bank
examination designed to assess understanding of the concepts taught...the procedural
knowledge assessment required trainees to perform the software application skills
taught in training” (p. 635). Undoubtedly, the “procedural knowledge” outcome

described here involved declarative knowledge as well; trainees needed to know what
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the program was, what functions were available, etc. in order to use that program.
Under the present framework, the multiple-choice/fill-in-the-blank test and computer-
usage test would have been defined more clearly as knowledge and skill tests,
respectively.

Reactions. To more fully replicate and expand upon the efforts of Sitzmann et al.
(2006), reactions to training will also be recorded and categorized by type of reaction
measure, if possible. It was expected that more reliabilities would be available here,
and more were found; however, this number was still too low (12%) to reasonably
produce an artifact distribution, preventing corrections for attenuation due to
unreliability in addition to sampling error. Aggregation across reaction measures
occurred in a similar fashion as with learning outcomes.

Experimental Design. To fully explore the impact of experimental design in
regards to self-selection, the use of random assignment (experimental vs. quasi-
experimental) and the ability for trainees to self-select into condition knowingly (self-
select vs. experimenter-select) was recorded. It is important to note that while quasi-
experimentation is necessary for self-selection, self-selection is not necessary for quasi-
experimentation, so these two variables cannot be fully crossed. Thus, the final
categorization scheme for experimental design is experimental vs. quasi-experimental
with self-selection vs. quasi-experimental without self-selection. Self-selection was
further categorized by its own type (course vs. program); in undergraduate programs,

some students choose to enroll in specific online courses while others enroll in entirely
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online programs. However, only one study found examined program differences, so this
subcategory was ultimately dropped.

Because the ultimate effect of self-selection would be to alter the knowledge or
skill level of participants entering training, differences in pre-training scores were also
recorded. Only parallel or identical measures were accepted as pre-test scores;
variables used as covariates were not recorded. To attempt to explain any variation in
pre-test scores, any and all differences in individual differences (e.g. personality,
cognitive ability) between those self-selecting into conditions were also recorded.

Other Variables. Several other minor moderators were included. The year that
the course was designed was coded as an indicator of the age of the online program. If
the year that the course was designed was not available, the year that the online course
was administered to learners was used instead. E-Location was also coded, which
entailed whether learners were given their choice of online training location (e.g. at the
library, at home) or whether it was restricted in some way (e.g. trainees can take the
course at any time, but must do so in an approved computer lab). Finally, two course
design moderators were recorded: the use of learner control and human interaction in
the fully online courses were recorded as binaries (yes or no).

Results
Overall Descriptive Meta-Analyses with Design Moderators

A full intercorrelation matrix of all study variables appears in Table 3.
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To address the various research questions, several meta-analytic summary tables
were produced. First, Table 4 presents the overall between-persons differences in post-
tests and pre-tests between traditional courses and each online course type (web-
facilitated, hybrid, and fully online), finding substantial differences between types.
Table 5 shows both between-person and within-person differences for traditional vs.
online courses. Most notable here is the difference between the two sets of findings.
By the between-person results alone, fully online instruction appears as effective as
traditional instruction (dpost = .17; dpre = .17, Adg = .00). When examining the within-
person effect sizes, however, online instruction appears less effective (dr = 2.19; dio =
1.99; Ady =-.20). To try to explain these differences, post-training between-person
differences were further split by the presence of pre-training between-person
differences; in other words, the last four lines of this table all refer to the same twenty
studies. Looking only at the studies reporting pre-training differences, it once again
appears that online training is less effective, although the difference is smaller (dpost =
.12; dpre = .17, Adp = -.05). This implies that there may be something else substantively
different about studies that include pre-training differences from those that do not.

To more fully investigate the effect of the large pre-training difference found for
traditional vs. online courses, Table 6 separates pre-training differences by experimental
design. It would not be expected that experimental designs and quasi-experimental

designs without self-selection would show mean pre-test differences across studies, and
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this is confirmed here. Only quasi-experimentation with self-selection shows a
difference in pre-training scores (d = .19).

To investigate the effect of trainee type, Table 7 presents differences in pre- and
post-training scores split by trainee type: student or employee. Very few organizational
studies are available in this comparison (k = 11), and substantial differences in post-
training d-values bring some cause for concern. Organizational studies show fully online
courses to produce substantially inferior outcomes to traditional courses (dpre = .11; dpost
=-.17; Adg = -.28), while educational studies show little difference (dpre = .17; dpost = .19;
Adg =.02). These differences alone are difficult to interpret, however, as pre-training
differences differ by experimental design, which is in turn correlated with trainee type
(the correlation between the use of experimentation and trainee type = .31; Table 3).

Table 8 presents differences split over lab and field. Although the number of
studies conducted in lab settings (k = 2) are far too few to interpret on its own, the
differing direction of this moderator in comparison to field studies is worth future
investigation.

Table 9 replicates Table 5 but using hybrid courses. The findings here are
reversed from Table 5; hybrid courses appear superior in both between-persons (dpost =
.31; dpre = .04; Adp = .27) and within-persons comparisons (dy = 1.41; dr = 1.28; Ady =
.13), although k’s are much smaller. Post-training scores also differ between those
studies that report pre-training scores and those that do not. Table 10 replicates this

again but with web-facilitated courses. The reversal of findings across between- and
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within-person results is present here as well; web-facilitated courses appear superior by
the between-person analyses (dpost = .14; dpre = -.03; Adp = .17), but slightly inferior by
the within-person analyses (dwr = .85; dr = .91; Ad\y = -.06).

Table 11 examines within-person effects across training types, comparing
students and employees as trainees. The observed differences are opposite in pattern
to Table 7; fully online instruction appears superior for employees (dro = 1.61; dr = .62;
Ady = .99) while traditional instruction appears superior for students (dro = 2.00; dt =
2.27; Ady =.27). Unfortunately, the employee estimate is unlikely to be stable
considering the small k for organizational studies (k = 2).

Descriptive Meta-Analyses Split by Criterion

To investigate differences between criteria (knowledge, observable skills,
problem solving skills, attitudes, and perceptions), Table 12 examines knowledge criteria
in traditional versus online courses in the same fashion as Table 4; fully online courses
appear superior by the between-person analyses (dpost = .27; dpre = .14; Adg = .13), but
equally inferior by the within-person analyses (dro = 1.88; dr = 2.04; Adw =-.16). Table
13 gives the same treatment to hybrid courses, while Table 14 does so with web-
facilitated courses. Table 12 has the largest numbers of studies of the set, and as the
moderator analyses become increasingly specific, so do k’s grow alarmingly small. In
Table 15, observable skills can only be examined at the post-training level; insufficient
information is available pre-training (k = 0 or k = 1 in other cells). Post-training scores

vary widely, but small k’s and lack of pre-training differences make them difficult to
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interpret. In Tables 16 and 17, post-training and pre-training differences are examined
for problem-solving skill criteria, for traditional vs. fully online and traditional vs. web-
facilitated courses, respectively, but low k again makes interpretation difficult. Only one
study reported problem solving skill criteria for traditional vs. hybrid courses, so this
study was not included. Attitudes as an outcome were only reported in two studies; all
findings regarding attitudes are found in Table 18.

The perceptions criterion is examined in Table 19. This criterion is of particular
interest because it is not a capability to be trained as specified in the Campbell and
Kuncel (2001) model and was discovered unexpectedly during coding as the sole
outcome of interest for several studies included by Sitzmann et al. (2006). It consists
solely of trainee’s opinions regarding their understanding of the material. For example,
if a trainee was asked to self-report their understanding of the subject matter on a 10-
point scale before and after training, such outcomes would be classified as perceptions.
Here, the within-person differences appear to reveal no benefit of either medium (dgo =
3.82; dr = 3.88; Ady = -.06), while the between-person differences reveal a disadvantage
for online courses (dpost = -.16; dpre = .09; Adp = -.25). If this is primarily based upon
guasi-experiments with self-selection, as would be guessed, this suggests that trainees
entering online courses believe they know more about the topic already than do their
traditional counterparts, but ultimately believe they learned less of the material.

In Table 20, the focus switches to differences in reactions to training, which are

typically measured by course satisfaction measures or college end-of-semester student
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evaluation forms. Here, it appears that differences across the various experimental
designs between traditional and fully online courses are quite wide, although all are
negative. On average, people have poorer reactions to fully online courses than
traditional ones (d =-.21). In Table 21, a similar approach is taken on comparisons of
traditional and web-facilitated courses, although the very low number of studies (k = 6)
examined makes interpretation difficult.
Individual Differences Underlying Pre-Training Capability Differences

In order to determine the underlying source of variation in pre-test scores for
quasi-experiments with self-selection, these studies were re-coded for any pre-training
individual differences. Age and gender were both included, as well as a variety of
psychological variables. Because the psychological scales varied greatly in content, they
were qualitatively sorted into categories in order to increase k for each examination.
The list of scales and their categories appear in Table 22. Meta-analytic differences in
pre-test scores between traditional and fully online courses on these individual
differences appear in Table 23, while differences between traditional and hybrid courses
appear in Table 24. kis low for all comparisons, again making interpretation difficult.
However, a sizable difference in age appears between traditional and fully online
courses (d = 1.61), confirming many anecdotal observations made in educational
technology that online students tend to be non-traditional, older students.

Rationale for Adjustment to Post-Training Scores by Pre-Training Differences
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Considering the large observed average difference in pre-test scores between
those self-selecting into online and traditional instruction (d = 0.19; Table 6), as well as
the differences between studies reporting pre-training scores versus those that do not
(Table 5), disentangling the effect of pre-tests is vital to understanding most of the
moderators of interest. Because such a small number of studies with pre-test scores
were available (k = 29 across online course types), limiting the meta-analysis to only
these studies is exceptionally restrictive. To retain the advantages of a large dataset
while addressing pre-test differences, Wortman (1992) suggests adjusting post-test
effects by pre-test effects. In Table 6, differences of .02, .01, and .19 were found
between traditional and fully online course pre-training scores for experiments, quasi-
experiments without self-selection, and quasi-experiments with self-selection,
respectively. Thus, all analyses from this point forward (all results in Tables 25 to 31)
consider only comparisons of traditional and fully online courses post-tests, for which
the post-test scores from quasi-experiments with self-selection have been adjusted
down by .19 standard deviations to account for average pre-training differences in
outcomes. Wortman (1992) indicates that reliability corrections should be applied
before post-test effects are adjusted for pre-test effects; otherwise, post-test
differences may be slightly over-corrected. Thus, as reliabilities are unavailable in these
meta-analyses, this may represent a slight over-correction.

Because of this adjustment, Tables 25 to 31 are no longer entirely descriptive.

Instead, there are two assumptions. First, it is assumed that pre-training differences are
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uncorrelated with the other moderators of interest. Generally, correlations with the use
of this experimental design are small (again, see Table 3), but this is not definitive.
Second, it is assumed that had those pre-training differences not existed, post-training
differences would have been reduced by an equal amount. In a sense, this assumes
perfectly normal distributions of outcomes (that no ceiling effects occurred in the
measurement of training outcomes), an assumption for which there is no way to
confirm. Thus, all analyses from here should be interpreted with these caveats in mind.
Meta-Analyses of Adjusted Post-Training Scores and Moderators

Table 25 contains post-test differences across the experimental design
moderator. The difference in post-tests (d = .08) reflects a slight overall advantage for
fully online courses over traditional courses. Findings from experimental studies and
guasi-experimental studies without self-selection would be unaffected by the d =.19
downward adjustment, so these moderators reflect actual post-test differences among
modes. The quasi-experimental with self-selection moderator reflects the adjustment;
it appears from this that traditional courses are slightly more effective than fully online
courses when the design is quasi-experimental with self-selection.

Table 26 contains the setting and trainee type moderators examined before. Lab
vs. field appears similar; the difference between students and employees as trainees is
still quite large.

Year of publication and the year that the online course was designed are both

treated as moderators in Table 27. Year that the online course was designed is meant to
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reflect the modernism (and perhaps sophistication) of the online training program,
however it is much less commonly available than the year of publication (or production,
if unpublished), so both are included here. In general, it appears that older courses
show smaller (or negative) differences, and newer courses show larger differences
between traditional and fully online courses. However, the negative d for 2006-2009
suggests this may not be a linear relationship. It can be safely concluded from this table
that the year makes a difference; the precise nature of that difference is unclear.

Student type is included as a moderator in Table 28, which might be considered
a proxy for job complexity. Undergraduates show a positive difference between courses
modalities, while graduates show a negative difference, implying that more complex
courses may be served more poorly in an online environment. Scope is also examined in
this table; studies on students are sometimes semester-long courses, and sometimes
individual (1-day, for example) interventions. The difference between these is not as
large as expected.

In Table 29, outcomes are split by criterion type. According to this table,
knowledge and attitudes are trained equally well by modality, observable skills are
trained less well online, and problem solving skills are trained better online.

Differences in publication status appear in Table 30. Unsurprisingly, published
studies tend to show larger differences than unpublished ones. The present database is
over 25% unpublished, however. E-Location is another moderator of interest in this

table; studies in which the learner is able to complete the training at any location show
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larger differences than those in which the learner is restricted. This is difficult to
interpret, however, considering the large correlations between e-location and other
moderators (see Table 21).

Finally, two moderators included in Sitzmann et al.’s (2006) examination are
included here, although they should be interpreted with some caution due to low inter-
rater agreement (see Table 1) and high inter-correlations with other moderators (see
Table 3). The learner control moderator here reflects a precisely opposite conclusion
from Sitzmann et al. (2006). The present results suggest that the use of learner control
is detrimental for web-based learning outcomes. The results from the human
interaction moderator were similar, however. Generally, findings do not differ across
the two conditions.

Discussion
RQ1: Differences Due to Study Setting

Research Question 1 is, “Do medium effects vary as a function of study setting
(students vs. workers as trainees)?”

In general, they do, and the differences are a cause for concern. In Table 7,
without the d = .19 downward correction, media differences where employees are
trainees (Ads = -.28) are much weaker that media differences where students are
trainees (Adg = .02). This implies that in terms of final outcomes, students benefit from
being in online courses while employees benefit from being in traditional courses.

However, when examining within-person differences in Table 11, it appears that the
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online courses are strongly preferred (dro= 1.61; dr=.62; Ady = .99) for employees.
Here, students gain more in traditional settings, while employees gain more in online
settings, although this must be interpreted with some caution due to the small number
of organizational studies providing pre-training scores (k = 2).

Post-test differences with the correction applied add another piece of
information to this puzzle. Table 26 provides these values, and they are quite similar in
pattern to those presented in Table 7. Generally, employees tend to perform better on
outcome measures after a traditional course while students tend to perform better
after a fully online course. Considering the small organizational k in Table 11, the results
from the meta-analyses using adjusted post-test scores are probably the most reliably
interpreted.

The precise mechanism behind these differences is not clear. On one hand, it
may simply be another manifestation of the year moderator examined in Table 27.
Organizations may adopt new online training practices more slowly than universities,
and thus use less modern (and less sophisticated) training packages. Alternately, the
freedom provided to college students by using online college courses may be the causal
mechanism producing better outcomes for students. This freedom of access may be
less valuable to employees, who are completing their training while at work. From this
data alone, it is impossible to tell. But at the least, it can be concluded that there are

substantial differences between educational and organizational settings. The
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assumption of the generalizability of educational research in this domain to real
organizations may be unwise.
RQ2: Random- versus Fixed-Effects Meta-Analyses

Resarch Question 2 is, “Will a random-effects meta-analysis produce confidence
intervals of similar precision to those estimates obtained by Sitzmann et al.?”

Sitzmann et al.’s (2006) estimate of declarative knowledge differences between
classroom and web-based instruction shows a confidence interval of .11 <d <.19, with a
standard error of .02. Due to differences in the way that moderators were determined,
there are two possible comparisons in the present study. The first is the comparison of
all studies examining differences between traditional and fully online courses, found in
Table 4. The second is this comparison limited to knowledge outcomes alone, found in
Table 12. Each of these was handled separately.

Using information from Table 4, the standard error was estimated as .039 (.37 /
V88), using the computation recommended by Hunter and Schmidt (2004, p. 206).
Using information from Table 12, the standard error was estimated as .060 (.43 / V52).
Because the standard error is strongly affected by k, because k differs between the
Sitzmann et al. (2006) estimates (k = 71) and these (k = 88, k = 52), and because the
databases of studies are similar but not identical, it is difficult to say conclusively that
Sitzmann et al. used a fixed-effects meta-analysis. However, even the more

conservative estimate of the standard error (.039) in the present study would produce a
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confidence interval .15 units wide, compared with the .08 units wide Sitzmann et al.
(2006) estimate. Thus, the Sitzmann et al. estimate is at best 53% narrower.

The present study uses only random-effect meta-analyses. Most confidence
intervals, if computed, would be quite wide. It should be noted that credibility intervals
are reported in the tables; these provide different information from confidence
intervals. Generally speaking, in a 95% confidence interval, there is a .95 probability
that the interval contains the true mean d, while a 95% credibility interval shows the
range within which 95% of values are expected to fall, net of sampling error.

RQ3: Differences due to Hybridization

Research Question 3 is, “What effect does the degree to which a course is online
have on its effectiveness?”

Examinations of the effect of the degree to which a course is online are difficult
in the present study due to small cell sizes in many of the analyses. From Table 4, we
might conclude there are relatively small pre-training differences between those
choosing hybrid and web-facilitated courses versus those choosing traditional courses.
This is logical, as most people choosing online courses due to convenience factors would
likely only do so to avoid having to go to a classroom entirely. However, the numbers of
studies here are still small (k = 3, k = 6, respectively), so caution is required, especially in
interpretation of Tables 9, 10, 13, 14 and 17. First, hybrid courses appear superior to
traditional courses both in terms of between-person differences (dpost = .31; dpre = .04;

Adg =.27; Table 9) and within-person differences (dy = 1.41; dv = 1.28; Ad\ = .13; Table
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9), with similar values for knowledge-specific outcomes (see Table 13). As hybrid
courses represent a meaningful portion of instruction delivered both in-person and
online, this might be simply because more information in more formats is available to
trainees. They are, in a sense, receiving more training, so it makes sense that their
outcomes would be stronger. Web-facilitated courses, too, appear superior to
traditional courses in terms of between-person differences (dpost = .14; dpre = -.03; Adp =
.17). However, when examining within-person differences (dwr = .85; dr = .91; Ady = -
.06), the relationship again reverses. The same logic applies here; a web-facilitated
course is most often a traditional course with materials placed online. So if a student
missed a day of class, in a web-facilitated course, they could simply go online and
retrieve the lecture notes that they missed. A student in a traditional course would
have fewer options to learn that material. It is peculiar that the within-person d’s in
Table 10 are so small compared to most other within-person d’s in this study; there may
be some unknown factor at play here suppressing these values.

The differences in within-person d-values looking at web-facilitated courses are
relatively small (Adw = -.06), and the differences in post-test d’s are relatively large (Adp
=.14). From this perspective, it seems that web-facilitated courses might produce
superior learning outcomes to traditional courses, although it is not quite clear. But for
hybrid courses, it is even less clear. It may be that hybridization improves outcomes, or
that simply more training is occurring in such courses. Future studies of hybrid courses

should be careful to differentiate whether there are qualitative differences between the
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hybrid course and its comparison group, or whether some portions of the course are
simply being converted to an online format.
RQ4: Differences due to Criterion

Research Question 4 is, “Do online courses differ in effectiveness from
traditional courses, and if so, do these differences change based upon the type of
capability trained?”

In general, outcomes do differ somewhat. When examining differences
between traditional and fully online courses for knowledge, the same reversal as when
looking at between- and within-person differences occurs. When examining between-
person differences, fully online courses appear superior (dpost = .27; dpre = .14; Adg = .13;
Table 12). When examining within-person differences, traditional courses appear
superior (dro = 1.88; dr = 2.04; Ady = -.16; Table 12). When examining observable skills,
where it would be expected that online courses would be least effective, only post-test
comparisons are available, and there is no difference (d = .00; Table 15). When looking
at problem solving skills, online instruction is consistently inferior. When looking at
between-person differences, traditional courses appear superior (dpost = .27; dpre = .40;
Adg =-.13; Table 16). When looking at within-person differences, traditional courses
also appear superior (dro =.79; dt =.83; Ady = -.04; Table 12), although there is not much
data to examine (k = 2).

It was expected that observable and problem solving skills would be more

difficult to train online, and this is confirmed. Tests of observable skills in this meta-
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analysis are quite varied and often include physical components (e.g. psychomotor tests,
mathematical computation, technical skills licensure, graphing). Problem solving skills
as measured are more rarely physical (e.g. essay-writing, course projects, reasoning,
marketing project), but are of greater complexity and require more human interaction.
Thus, while the online environment might make communication with group members
more accessible and learning materials more available, it does not appear to ultimately
benefit learning. In the training of problem solving skills, process losses in group work
might also be more severe than they would be in-person. Unfortunately, from this
meta-analysis alone, it is unclear. Further research is needed to differentiate between
training outcomes and target training interventions toward them.

Only two studies examined differences in attitudes, so conclusions drawn are
limited. However, from these two, it does not appear that there are any differences in
course effectiveness (d = .00; Table 18).

Perception criteria are not included in Campbell and Kuncel’s (2001) taxonomy
of training capabilities because they are not capabilities. It is not the purpose of most
training programs to have trainees only think that they learned something. Each
perception is likely linked to a real (untested) training outcome. In a sense, perception
criteria might be best characterized as some unknown combination of self-efficacy and
capabilities gained. In this meta-analysis, trainees tend to believe that they have
learned less (perhaps reflecting lower self-efficacy and learning outcomes) by

completing fully online training as opposed to traditional training (d = -.16; Table 19).
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There are pre-training differences as well, however. Individuals entering online training
programs already have higher perceptions than do those entering traditional programs
(d =.09; Table 19). This implies that trainees entering online training programs believe
they know more entering the program and less exiting it than do their traditionally-
instructed counterparts. When examining this using the prior analysis scheme, it
appears that online courses produce poorer outcomes when examining both between-
subject outcomes (dpost = -.16; dpre = .09; Ad3 = -.25) and within-subject outcomes (dro =
3.82; dr = 3.88; Ady = -.06), although the small k for within-person studies (k = 3) once
again limits generalizability.

The findings from the self-selection-adjusted post-training scores (Table 29)
generally confirm the above observations. There are no post-training differences
between traditional and fully online courses for attitudes outcomes (d =-.02; d = .00,
respectively). Observable skills slightly favor traditional courses (d = -.12), while
knowledge and problem solving skills favor fully online courses (d =.19 and d = .25,
respectively). And finally, perceptions of learning are generally lower following fully
online courses (d = -.20).

Overall, it can definitively be concluded that online courses as they are typically
studied are differentially effective in regards to criteria. It cannot be concluded,
however, that this is an inherent property of the media. Just as there are differences
over time in effectiveness, techniques for properly translating observable skill training

into an online environment may simply not yet be available. Future research should
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concentrate on making the distinction between criteria and identifying techniques to be
used to maximize the effectiveness of online training for all types of training capabilities.
RQ5: Differences due to Self-Selection

Research Question 5 is, “Does self-selection affect the observed differences
between traditional and online courses, and do individuals that self-select into online
courses systematically differ from those that self-select into traditional courses?”

Self-selection has a substantial and noticeable impact on observed differences.
According to Table 6, experiments and quasi-experiments without self-selection show
virtually no pre-test differences (d = .02, d = .01, respectively), while quasi-experiments
with self-selection show substantial differences (d = .19).

Unfortunately, attempts to determine correlates with pre-training individual
differences were limited. Few studies reported pre-test scores, and still fewer also
reported individual differences split by group. Table 23 provides the few differences
found when examining traditional and fully online courses, including most interestingly
a sizable difference in the age of participants (d = 1.61). This was expected; anecdotally,
older, non-traditional students are expected in online courses in college settings as
these courses are more convenient to those working outside of school. Although
psychological differences were observed in affect and computer experience, the effect
sizes and k’s were too small to make any definitive conclusions as to any underlying
differences. This makes a correlation matrix between pre-training scores and these

outcomes impossible to interpret considering the small cell sizes. Thus, we have no
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answer to RQ5. Although there are clearly differences of some sort, and these
differences likely reflect underlying differences in psychological traits or states, there is
insufficient information here to make any conclusions. At the least, future studies using
guasi-experimentation in this context should include such information in order to track
down the real differences between the populations entering each course.

RQ6: Within-Person Outcomes vs. Between-Person Outcomes

Research Question 6 is, “How do within-person outcomes (increases in
knowledge over time within a training medium) inform our interpretation of between-
person outcomes (differences in outcomes between media)?”

This is a difficult question considering the sometimes conflicting information
provided by these meta-analyses. In Table 5, the post-training and pre-training
differences between traditional and fully online courses are identical (d =.17). Alone,
this might be considered “no difference” (Adg = .00); the groups, on average, differed
equally both before and after training. However, when examining the within-person
outcomes, the traditional course appears more effective than the fully online course (dr
=2.19; dro = 1.99; Ad\ = -.20). There are several reasons this might happen. First,
studies that report pre-test scores may vary systematically from those that do not.
Second, there may be ceiling effects such that training programs are only designed to
reach a certain level of mastery. Third, pooling the pre-training and post-training SDs
may create a biased estimate of the overall effect. Fourth and finally, the programs may

really be differentially effective.
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It is impossible to differentiate between the four given the results of this meta-
analysis alone, however it does highlight the importance of making such a distinction in
the training literature. In much training research as published, the ultimate goal of the
training program is never articulated along these lines. Is the goal to increase
knowledge in a particular domain? Is the goal to reach competency or mastery of a
particular task, which once mastered, need only be maintained? Given a particular
traditional or online training program, does this distinction make a difference? Itis
logical that if mastery is the goal, post-training outcome differences between traditional
and online training programs are irrelevant. Instead, the efficiency (time-to-mastery)
and resources used by the two programs is infinitely more important, but this
information is rarely reported in the training literature regarding the web. This is an
area virtually untouched by published research and yet vitally important if training
online is to be used seriously by organizations.

RQP: Differences in Overall Effectiveness/Reactions and Moderators

The primary research question asked by this thesis is, “Are there overall
differences in effectiveness and reactions between face-to-face instruction and web-
based learning, and what other factors might moderate this difference?”

Each of the six specific research questions above helps address this question.
There are clearly differences, although the nature of those differences is difficult to
determine. People choosing online courses over traditional courses appear to be from

different populations (Table 23). Older individuals tend to be enrolled in online training
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programs, and age may be correlated with experience, knowledge, confidence, or any
number of other psychological variables, mostly unexplored in the current research
literature. These pre-existing differences may affect the effectiveness of the
instructional programs in which these individuals choose to participate.

Examined either by post-training scores alone or by the gains produced within-
person, traditional and web-based training programs are differentially effective.
However, depending upon what type of outcome is important, the superior system
differs. If ultimate outcomes are of interest, measured here by post-training scores
alone, it appears that online courses as designed produce equivalent outcomes for
training aimed at improving knowledge and attitudes, and poorer outcomes for
observable skills and problem solving skills (Table 29). Furthermore, trainees think they
learn less when they complete an online course and are also less satisfied with that
course (Table 20). However, if within-person gains are more important, traditional
courses may be preferred for knowledge (Table 12) and problem solving skills (Table 16),
with insufficient information to produce answers for the other capabilities.

As for moderators, the year that the course was designed appears to be
important, with later courses generally producing better outcomes compared to
traditional courses than earlier courses (Table 27). Students versus employees as
trainees seems important as well, producing some of the largest differences between
moderator levels found in this study (Table 26), with employees seemingly benefiting

more from traditional training and students, from online training. Lab versus field
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produces large differences as well, although most research is conducted in the field
(Table 26). Undergraduate versus graduate students as trainees seems to make a big
difference as well, potentially suggesting that high complexity capabilities are more
difficult to train online than are lower complexity ones (Table 28).

Conclusions

It should be noted that although this study treats quasi-experimentation as a
problem, this is not necessarily the case. Appropriate use of pre-tests can help mitigate
the effects of non-random assignment to produce important, meaningful findings from
quasi-experimental field research. Although most of the research currently does
incorporate suboptimal designs, it is the hope of the author that future research in this
domain will seek to avoid such problems.

The work of Sitzmann et al. (2006) represents a solid first attempt at
summarizing this quite messy and inconsistent literature, and it is the hope of the
author that this thesis not be interpreted as an attack on this work. Instead, the present
study simply improves upon this original effort. Sitzmann et al. (2006) concluded from
their work on post-training scores alone that web-based instruction and classroom
instruction were almost equally effective when similar methods were used across
media. They specifically concluded that increased learner control, practice, and
feedback could be used to increase the value of web-based instruction. The use of
learner control, in particular, showed great gains; when examining web-based programs

with high learner control in comparison to classroom instruction where learner control
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is low by design, they found web-based instruction produced substantially better
outcomes than classroom instruction (d = .30; p. 643).

In the present study, after pre-training differences were taken into account, the
analysis of this moderator came out very differently. In Table 31, it appears that learner
control has a detrimental effect, producing superior outcomes when it is not present
(dicyes = -.19; dicno = .06; Ad =-.25). This highlights the importance of considering the
effects of quasi-experimentation carefully. In a literature where quasi-experimentation
pre-test differences are essentially random, meta-analysis would effectively nullify any
artificial differences introduced by non-random assignment. In other words, pre-test
differences should average to 0 across many studies, and mean post-tests alone would
still be informative. In this literature however, self-selection into condition reflects a
real underlying difference in populations. Probing into this underlying variable in the
present study, along with roughly a 32% increase in the number of studies examined
(from 96 to 126), adds substantially and substantively to the general understanding of
the web-based training literature beyond the original work of Sitzmann et al. (2006).

But as with many meta-analyses, this study raises as many questions as it
answers. For every difference explored, too few studies were found to fill in several
cells worthy of analysis, speaking to the need for more solid, empirical research in this
area. Training on the web is the likely future of much work-related training, regardless
of its effectiveness. Examinations like this can be used to maximize that effectiveness,

but more quality primary research is needed to fill in the gaps.
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An important concern not addressed here is that of the nature of the criterion.

In several of these studies, the course was developed in response to a perceived need to
move a pre-existing course online. Such a design effort might introduce criterion
contamination; in a sense, these course designers might be “teaching to the test” by
designing their course with a specific test outcome already in mind. Some studies
addressed this by having a course designer create both simultaneously, but many did
not. It is ultimately unclear to what degree this kind of design effort is present in this
literature, echoing Clark’s (1983) early concerns.

Furthermore, testing itself varies in these courses. Some examined learning
outcomes in person, while others examined learning outcomes online, and surprisingly,
this was not always consistent with the course type. For example, one study might have
required both its in-person and online trainees to complete learning outcome measures
online, while another might split them such that online learners test online and
traditional learners test in-person. Thus, the frequency of cheating may have also varied
across these studies; often, too little information was presented to be clear on where
testing actually took place.

From an applied perspective, several findings here are actionable for the training
practitioner. The use of learner control in fully online courses does not appear to be
wise; online training utilizing learner control tends to produce poorer outcomes. Hybrid
courses also appear to produce superior results to traditional courses; thus, if an online

training infrastructure already exists in an organization, it appears wise in terms of
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learning outcomes for training designers to always put supplemental material online. If
that training infrastructure does not already exist, then the costs of implementing such a
system need to be considered.

Regarding specific criteria, it appears that online instruction is more effective
than traditional instruction when seeking knowledge and problem solving gains, equally
effective when seeking attitude changes, and less effective when seeking observable
skill gains. But an important issue to discuss here is that this meta-analysis in no way
suggests that online instruction is universally preferable for these outcomes. It is
tempting to make the following interpretation: “if knowledge is to be trained, online
instruction should be used;” but this is risky. Instead, it should be more accurately
interpreted as “studies on the training of knowledge tend to show larger gains for online
in comparison to traditional instruction.” Thus, special care should be made to consider
the concept of Maslow’s hammer: when all you have is a hammer, everything looks like
a nail. Online instruction should not be considered universally superior for all
knowledge outcomes; instead, in a real organization considering online training
adoption, a complete needs assessment should be conducted, and the suitability of
online instruction for the specific training needs of the organization should be
considered carefully before committing to any particular instructional medium, online or
otherwise.

At the very least, it can be concluded with a great deal of confidence that web-

based instruction is generally as effective as traditional instruction. Between-subject
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effect sizes were universally small in comparison to the within-subject effect sizes in
those same studies. Of all the findings in this thesis, the strongest is that web-based
instruction can be roughly as effective as traditional instruction regardless of trainee,
criterion, or any other moderator examined. The web is definitively a solid platform for

training; the question that remains is how to make the most of it.
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Table 1

Interrater Agreement for Study Variables

Study Variable % Agreement Cohen’s k
Year Course Designed 81.8% N/A
Published 100.0% 100.0%
Trainee Type 100.0% 100.0%
Student Type 93.9% 90.9%
Hybridization Scope 90.9% 86.4%
Field/Lab 100.0% 100.0%
Experimental Design (E vs. QE) 100.0% 100.0%
Self-Selection 81.8% 72.7%
E-Location 69.7% 54.6%
Criterion Type 81.8% 77.3%
Age 96.9% N/A
Gender 78.1% N/A
Means 80.6% N/A
Standard Deviations 86.2% N/A
Learner Control 68.8% 53.2%
Human Interaction 65.0% 47.5%
Average 86.0% 79.6%

Note. Agreement and k based on two raters across 26 (20%) articles.
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Table 2

Outcome List by Setting

Setting Capability Trained Cases
Organizational Programming 2
(Employees) Cognitive Behavioral Therapy 1
Disease Management 1
Equine Training 1
Genetics 1
Jail Management 1
Police Ethics 1
Sexual Harassment 1
Teaching Skills 1
Time Management and Work Planning 1
Educational Psychology 17
(Students) Computer Usage 13
Statistics 13
Fitness 5
Programming 5
Biology 3
Clinical Diagnosis 3
Management 3
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Nursing

Reading and Writing
Accounting

Adolescent Development
Business Communications
Communication Skills
Engineering

Ethics

Mathematics
Pharmacology

Physics

Social Work

American Government
Art Appreciation
Business Systems
Chemistry

Customer Value

Ecology

Economics

Education

Health Care




Table 3

Intercorrelation Matrix of All Study Variables

1 2 3 4 5 10
1. Year 1.00
141
2. Published 0.02 1.00
141 141
3. Trainee Type 0.17 -0.12 1.00
137 137 137
4, Student Type -0.04 0.17 1.00
124 124 122 124
5. Scope 0.25 0.02 0.44 0.12 1.00
139 139 135 124 139
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1 2 3 4 5 6 7 8 9 10
6. Field/Lab 0.02 -0.20 -0.04 -0.04 0.21 1.00
140 140 136 123 138 140
7. Experimental 0.11 -0.03 0.31 0.04 0.56 0.24 1.00
113 113 109 100 111 112 113
8. Quasi w/o SS -0.07 0.01 -0.19 0.05 -0.41 -0.14 -0.60 1.00
113 113 109 100 111 112 113 113
9. Quasi w/SS -0.02 0.01 -0.08 -0.09 -0.08 -0.07 -0.31 -0.58 1.00
113 113 109 100 111 112 113 113 113
10. Hybrid Design 0.02 0.07 -0.14 0.07 0.28 0.29 0.29 -0.17 -0.09 1.00
138 138 134 121 136 137 111 111 111 138
11. Knowledge -0.19 0.09 0.01 -0.10 -0.11 -0.10 -0.22 0.14 0.07 -0.11
109 109 105 96 107 108 92 92 92 108
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1 2 3 4 5 6 7 8 9 10
12. Observable Skill 0.07 0.07 -0.10 0.13 0.04 -0.04 0.00 -0.03 0.04 0.11
109 109 105 96 107 108 92 92 92 108
13. Perception 0.10 -0.12 0.15 -0.12 0.09 -0.04 0.18 -0.03 -0.16 -0.04
109 109 105 96 107 108 92 92 92 108
14. Prob. Solv. Skill 0.09 -0.02 -0.06 0.18 0.10 0.34 0.21 -0.20 0.01 0.16
109 109 105 96 107 108 92 92 92 108
15. Attitudes 0.14 -0.19 -0.03 -0.05 -0.06 -0.01 -0.05
109 109 105 96 107 108 92 92 92 108
16. E-Location -0.11 -0.04 -0.21 -0.11 -0.57 -0.36 -0.56 0.33 0.19 -0.20
127 127 123 114 125 127 104 104 104 126
17. TvFO Post d 0.05 0.32 -0.07 0.05 -0.07 -0.14 -0.03 -0.01 0.03 0.01
88 88 84 72 86 87 69 69 69 85
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1 2 3 4 5 6 7 8 9 10
18. TvFO Pre d 0.33 0.09 -0.02 -0.20 0.11 -0.06 -0.03 -0.22 0.36 -0.15

20 20 18 18 20 19 14 14 14 20
19. TvFOP-PTd -0.32 0.24 -0.35 0.11 -0.32 -0.32 -0.28 0.36 -0.15 -0.35

20 20 18 18 20 19 14 14 14 20
20. TvFOP-PFOd -0.30 0.29 -0.07 0.10 -0.26 -0.36 -0.14 0.29 -0.23 -0.34

20 20 18 18 20 19 14 14 14 20
21. TvH Post d -0.08 -0.16 -0.16 -0.44 0.08 -0.20 0.20

15 15 15 14 15 15 10 10 10 15
22.TvH Pred -0.58 0.78 0.58 0.86 -0.86

4 4 4 4 4 4 3 3 3 4
23.TVHP-PTd -0.20 0.10 0.20 -0.19 0.19

4 4 4 4 4 4 3 3 3 4
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1 2 3 4 5 6 7 8 9 10
24. TVHP-PH d 011  0.10 -0.11 079  0.79
4 4 4 4 4 4 3 3 3 4
25. TVWF Post d 006  0.42 0.13  0.07 031 -013 -019 0.6
29 29 29 29 29 29 24 24 24 29
26. TVWF Pre d 048  0.59 073 -071 017 043
7 7 7 7 7 7 6 6 6 7
27. TVWWF P-PTd 046  0.59 012 -041 064  -0.26
7 7 7 7 7 7 6 6 6 7
28. TVWF P-P WF d 045  0.60 009 -0.63 089  -0.14
7 7 7 7 7 7 6 6 6 7
29. Learn. Con. FO 025 009 -007 -032 -042 -028 -0.06 -022 031 -0.24
49 49 46 41 47 48 42 42 42 46
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1 2 3 4 5 6 7 8 9 10

30. Interaction FO r 0.10 -0.07 0.14 -0.16 -0.31 -0.06 -0.17 -0.08 0.29 -0.16

k 49 49 47 41 47 48 39 39 39 48
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11 12 13 14 15 16 17 18 19 20
11. Knowledge 1.00
109
12. Observable Skill -0.60 1.00
109 109
13. Perception -0.56 -0.08 1.00
109 109 109
14. Prob. Solv. Skill -0.39 -0.06 -0.05 1.00
109 109 109 109
15. Attitudes -0.19 -0.03 -0.03 -0.02 1.00
109 109 109 109 109
16. E-Location 0.13 -0.18 0.12 -0.21 0.04 1.00
100 100 100 100 100 127
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11 12 13 14 15 16 17 18 19 20
17. TvFO Post d -0.02 0.21 -0.12 -0.09 0.07 1.00

65 65 65 65 65 77 88
18. TvFO Pre d 0.04 0.09 -0.08 -0.04 -0.29 0.13 1.00

19 19 19 19 19 17 20 20
19. TvFOP-PTd 0.17 -0.23 0.16 -0.30 0.35 -0.32 -0.35 1.00

19 19 19 19 19 17 20 20 20
20. TVFO P-PFO d 0.21 -0.23 0.14 -0.35 0.46 0.05 -0.56 0.88 1.00

19 19 19 19 19 17 20 20 20 20
21. TvH Post d 0.30 -0.01 -0.50 -0.21 1.00

12 12 12 12 12 15 2 1 1 1
22.TvH Pred 0.94 -0.94 -0.58

4 4 4 4 4 4 1 1 1 1
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11 12 13 14 15 16 17 18 19 20
23.TVvHP-PTd 0.86 -0.86 -0.20

4 4 4 4 4 4 1 1 1 1
24. TVHP-PHd 0.85 -0.85 0.11

4 4 4 4 4 4 1 1 1 1
25. TVWF Post d 0.51 -0.33 -0.23 -0.07 -0.28

28 28 28 28 28 26 0 0 0 0
26. TVWF Pre d 0.59 0.20 -0.95

7 7 7 7 7 5 0 0 0 0
27. TVWFP-PTd 0.59 -0.20 -0.56

7 7 7 7 7 5 0 0 0 0
28. TVWF P-P WF d 0.60 -0.37 -0.41

7 7 7 7 7 5 0 0 0 0
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11 12 13 14 15 16 17 18 19 20
29. Learn. Con. FO 0.20 -0.16 0.00 -0.30 0.43 -0.05 -0.22 0.03 0.33

44 44 44 44 44 44 44 13 13 13
30. Interaction FO -0.06 0.20 0.03 -0.18 0.25 -0.06 -0.13 -0.17 -0.18

41 41 41 41 41 43 45 13 13 13
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21 22 23 24 25 26 27 28 29 30
21. TvH Post d 1.00
15
22.TvH Pred 0.73 1.00
4 4
23.TVHP-PTd 0.58 0.70 1.00
4 4 4
24. TVHP-PHd 0.77 0.63 0.93 1.00
4 4 4 4
25. TVWF Post d 1.00 1.00
3 1 1 1 29
26. TVWF Pre d 0.85 1.00
1 1 1 1 7 7
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21 22 23 24 25 26 27 28 29 30
27. TVWFP-PTd r ’ ’ ’ ’ 0.18 0.48 1.00
k 1 1 1 1 7 7 7
28. TVWSP-PWFd r ’ ’ ’ ’ 0.30 0.40 0.89 1.00
k 1 1 1 1 7 7 7 7
29. Learn. Con. FO r 1.00
k 2 0 0 0 0 0 0 0 49
30. Interaction FO r 0.22 1.00
n 3 1 1 1 0 0 0 0 38 49

Note. Year = year of publication; Published: 1 = published, 0 = unpublished; Trainee Type: 0 = student, 1 = employee; Student Type:

0 = undergraduate, 1 = graduate; Scope: 0 = semester, 1 = specific; Field/Lab: 0 = field, 1 = lab; Experimental, Quasi w/o SS, Quasi

w/SS, Knowledge, Observable Skill, Perception, Problem Solving Skill, Attitudes all dummy coded; Hybrid Design: 0 = class, 1 =

addition to pre-existing class; E-Location: O = restricted, 1 = learner choice; TvFO = Traditional vs. Fully Online; TvH = Traditional vs.
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Hybrid; TVWF = Traditiona vs. Web-facilitated; Post = comparison of post-training scores; Pre = between-person comparison of pre-
training scores; P-P = within-person comparison of post- to pre-training scores; Learn. Con. = dummy coded presence of learner

control in the fully online condition; Interaction = human interaction in the fully online condition
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Table 4

Between-Person Differences in Instructional Outcomes

N k Mean d SDObS SDres C||ower C|h|gher % Var

Traditional vs. Web-facilitated Courses
Post-Training 5273 26 14 37 .35 -.31 .58 14
Pre-Training 936 6 -.03 .10 .00 -.03 -.03 100
Traditional vs. Hybrid Courses
Post-Training 1108 11 .34 33 .26 .00 .67 37
Pre-Training 285 3 .04 .16 .00 .04 .04 100
Traditional vs. Fully Online Courses
Post-Training 14255 88 A7 .40 .37 -.30 .64 16

Pre-Training 1503 20 17 .28 .15 -.02 .36 70
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Note. k = number of independent effect sizes, SD,s = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 5

Between- and Within-Person Differences between Traditional and Fully Online Courses

N k Mean d SDps SDes Cliower Clhigher % Var
Between-Person
Post-Training 14255 88 17 40 .37 -.30 .64 16
Pre-Training Unavailable 12751 68 17 .39 .36 -.29 .64 14
Pre-Training Available 1504 20 12 46 40 -.39 .62 25
Pre-Training 1503 20 17 .28 .15 -.02 .36 70
Within-Person
Traditional 820 20 2.19 1.28 1.16 1.16 3.67 19
Fully Online 686 20 1.99 1.19 1.03 .67 3.31 25

Note. k = number of independent effect sizes, SDs = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 6

Pre-Training Between-Person Differences between Traditional and Fully Online Courses by Experimental Design

N k Mean d SDps SDes Cliower Clhigher % Var
Traditional vs. Fully Online 1503 20 17 .28 .15 -.02 .36 70
Experimental Design
Experimental 328 5 .02 .04 .00 .02 .02 100
QE without Self-Selection 202 4 .01 48 .39 -.49 .52 34
QE with Self-Selection 586 7 .19 .25 13 .03 .35 75

Note. QE = quasi-experimental, k = number of independent effect sizes, SD,ps = standard deviation of observed d, SD,.s = residual
standard deviation, Cl = 80% credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d

indicates traditional course produced poorer (lower) scores

106



Table 7

Between-Person Differences between Traditional and Fully Online Courses by Trainee Type

N k Mean d SDps SDes Cliower Clhigher % Var
Traditional vs. Fully Online
Trainee Type
Student (Educational)
Pre-Training 1320 16 17 .25 A1 .03 31 80
Post-Training 13133 73 .19 .37 .34 -.24 .62 16
Employee (Organizational)
Pre-Training 85 2 A1 .02 .00 A1 A1 100
Post-Training 914 11 =17 .52 A7 -77 43 18

Note. k = number of independent effect sizes, SDs = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 8

Post-Training Between-Person Differences between Traditional and Fully Online Courses by Setting

N k Mean d SDps SDes Cliower Clhigher % Var
Traditional vs. Fully Online 14255 88 17 .40 37 -.30 .64 16
Setting
Lab 97 2 -.39 .03 .00 -.39 -.39 100
Field 14123 85 17 .40 37 -.30 .64 15

Note. k = number of independent effect sizes, SD,s = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 9

Between- and Within-Person Differences between Traditional and Hybrid Courses

N k Mean d SDps SDes Cliower Clhigher % Var
Between-Person
Post-Training 1192 12 .31 33 .27 -.03 .65 37
Pre-Training Unavailable 907 9 33 .35 .29 -.04 .70 32
Pre-Training Available 285 3 .24 .25 .15 .05 42 67
Pre-Training 285 3 .04 .16 .00 .04 .04 100
Within-Person
Traditional 163 3 1.28 .46 .19 1.03 1.52 83
Hybrid 122 3 1.41 .34 .00 1.41 1.41 100

Note. k = number of independent effect sizes, SDs = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores

109



Table 10

Between- and Within-Person Differences between Traditional and Web-facilitated Courses

N k Mean d SDps SDes Cliower Clhigher % Var
Between-Person
Post-Training 5273 26 .14 37 .35 -.31 .58 14
Pre-Training Unavailable 4364 20 12 .40 .37 -.36 .59 12
Pre-Training Available 909 6 .24 21 13 .07 41 61
Pre-Training 936 6 -.03 .10 .00 -.03 -.03 100
Within-Person
Traditional 538 6 91 .66 .58 .16 1.66 22
Web-facilitated 385 6 .85 .64 .52 .18 1.52 33

Note. k = number of independent effect sizes, SDs = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 11

Within-Person Differences between Traditional and Fully Online Courses by Trainee Type

N k Mean d SDps SDes Cliower Clhigher % Var
Within-Person

Student (Educational)

Traditional 729 16 2.27 1.22 1.09 .87 3.67 19

Fully Online 607 16 2.00 1.14 .99 74 3.26 25
Employee (Organizational)

Traditional 41 2 .62 .30 .00 .62 .62 100

Fully Online 44 2 1.61 .87 .52 .95 2.27 64

Note. k = number of independent effect sizes, SDps = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%

credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 12

Between- and Within-Person Differences in Knowledge Outcomes between Traditional and Fully Online Courses

N k Mean d SDObS SDres C||ower C|h|gher % Var

Traditional vs. Fully Online Courses, Knowledge Criteria
Between-Person
Post-Training 5339 52 .27 A7 .43 -.28 .82 17
Pre-Training 1247 17 .14 .29 17 -.07 .35 66
Within-Person
Traditional 686 17 2.04 1.24 1.12 .61 3.47 19

Fully Online 556 17 1.88 1.11 .94 .68 3.09 29

Note. k = number of independent effect sizes, SDps = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 13

Between- and Within-Person Differences in Knowledge Outcomes between Traditional and Hybrid Courses

N k Mean d SDObS SDres

Cliower Clhigher % Var
Traditional vs. Hybrid Courses, Knowledge Criteria
Between-Person
Post-Training 258 3 .26 .25 .13 .09 .43 73
Pre-Training 174 2 -.07 .10 .00 -.07 -.07 100
Within-Person
Traditional 107 2 1.23 .57 .38 .75 1.71 56
Hybrid 67 2 1.67 .27 .00 1.67 1.67 100

Note. k = number of independent effect sizes, SDps = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%

credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 14

Between- and Within-Person Knowledge Differences between Traditional and Web-facilitated Courses

N k Mean d SDps SDes Cliower Clhigher % Var
Traditional vs. Web-facilitated Courses, Knowledge Criteria
Between-Person
Post-Training 1494 10 -.05 .54 .52 -.71 .62 9
Pre-Training 338 2 -.15 .05 .00 -.15 -.15 100
Within-Person
Traditional 193 2 .53 .01 .00 .53 .53 100
Web-facilitated 145 2 .75 .07 .00 .75 .75 100

Note. k = number of independent effect sizes, SDps = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%

credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 15

Between-Person Differences in Observable Skill Outcomes

N k Mean d SDps SDes Cliower Clhigher % Var
Between-Person
Traditional vs. Fully Online 1206 16 .00 .53 47 -.60 .61 19
Traditional vs. Hybrid 144 4 71 .37 .14 .53 .89 86
Traditional vs. Web-facilitated 457 5 .06 .36 .29 -.32 43 34

Note. k = number of independent effect sizes, SD,s = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 16

Between- and Within-Person Differences in Problem Solving Skill Outcomes between Traditional and Fully Online Courses

N k Mean d SDObS SDres C||ower C|h|gher % Var

Traditional vs. Fully Online Courses, Problem Solving Skill Criteria
Between-Person
Post-Training 542 8 .27 .30 17 .04 .49 67
Pre-Training 165 2 .40 A3 .00 40 40 100
Within-Person
Traditional 75 2 .83 A1 .00 .83 .83 100

Fully Online 90 2 .79 .08 .00 .79 .79 100

Note. k = number of independent effect sizes, SDps = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 17

Between- and Within-Person Differences in Problem Solving Skill Outcomes between Traditional and Web-facilitated Courses

N k Mean d SDObS SDres C||ower C|h|gher % Var

Traditional vs. Web-facilitated Courses, Problem Solving Skill Criteria
Between-Person
Post-Training 100 3 .68 .51 .37 21 1.15 49
Pre-Training 64 2 .40 .18 .00 40 40 100
Within-Person
Traditional 34 2 .22 43 .00 22 .22 100

Web-facilitated 30 2 .82 23 .00 .82 .82 100

Note. k = number of independent effect sizes, SDps = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 18

Between-Person Differences in Attitudes Outcomes between Traditional and Fully Online Courses

N k Mean d SDps SDes Cliower Clhigher % Var
Traditional vs. Fully Online Courses
Between-Person
Post-Training 203 2 .00 .23 A1 -.15 .15 75
Pre-Training 116 1 -.21 - - - - -

Note. k = number of independent effect sizes, SD,s = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 19

Between-Person Differences in Perception Outcomes between Traditional and Fully Online Courses

N k Mean d SDps SDes Cliower Clhigher % Var
Traditional vs. Fully Online Courses, Perception Criteria
Between-Person
Post-Training 789 7 -.16 .18 .00 -.16 -.16 100
Pre-Training 386 3 .09 .26 .19 -.16 .33 46
Within-Person
Traditional 195 3 3.88 21 .00 3.88 3.88 100
Fully Online 191 3 3.82 .45 .00 3.82 3.82 100

Note. k = number of independent effect sizes, SDps = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%

credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 20

Between-Person Differences in Reactions to Training between Traditional and Fully Online Courses by Experimental Design

N k Mean d SDps SDes Cliower Clhigher % Var
Traditional vs. Fully Online 2155 27 -.21 .65 .61 -.98 .57 12
Experimental Design
Experimental 237 5 -.47 .63 .55 -1.18 .24 22
QE without Self-Selection 96 2 -.70 .01 .00 -.70 -.70 100
QE with Self-Selection 806 11 -.16 .92 .89 -1.30 .98 6

Note. QE = quasi-experimental, k = number of independent effect sizes, SD,ps = standard deviation of observed d, SD,.s = residual
standard deviation, Cl = 80% credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d

indicates traditional course produced poorer (lower) scores
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Table 21

Between-Person Differences in Reactions to Training between Traditional and Web-facilitated Courses by Experimental Design

N k Mean d SDps SDes Cliower Clhigher % Var
Traditional vs. Web-facilitated 812 6 -.50 49 45 -1.08 .08 13
Experimental Design
Experimental 110 1 .37 - - - - -
QE without Self-Selection 361 3 -.54 .50 .46 -1.13 .06 14
QE with Self-Selection 341 2 -73 .01 .00 -73 -73 100

Note. QE = quasi-experimental, k = number of independent effect sizes, SD,ps = standard deviation of observed d, SD,.s = residual

standard deviation, Cl = 80% credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive

d indicates traditional course produced poorer (lower) scores
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Table 22

Mapping of Pre-Training Individual Difference Measures to Category

Category Original Scale Name
Ability Cognitive Ability
Affect Attitudes Towards Computers

Computer/Internet Experience

Computer Anxiety (-)

Confidence

Motivation to Succeed

Perceived Academic Self Efficacy
Perceived Capacity to Pursue Aims
Perceived Resilience and Hopefulness
Perceived Social Efficacy

Perceived Problem Solving Efficacy
Computer Access

Computer Literacy

Computer Usage

E-Learning Experience

Email Use

Internet Experience

Use of Computers in Class
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Table 23

Differences in Pre-Training Individual Difference Categories between Traditional and Fully Online Courses from Individuals Self-

Selecting into Condition

N Mean d SDops SDyes Cliower Clhigher % Var
Traditional v. Fully Online
Age 210 1.61 .08 .00 1.61 1.61 100
Gender 221 -.06 .16 .00 -.06 -.06 100
All Psychological Scales 342 .10 A1 .00 .10 .10 100
Affect 140 -.05 .04 .00 -.05 -.05 100
Computer/Internet Experience 255 .20 .08 .00 .20 .20 100

Note. k = number of independent effect sizes, SDps = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%

credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates individual differences

were lower for traditional course
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Table 24
Differences in Pre-Training Individual Difference Categories between Traditional and Hybrid/Web-facilitated Courses from Individuals

Self-Selecting into Condition

N k Mean d SDops SDyes Cliower Clhigher % Var
Traditional v. Web-facilitated and Hybrid
Age 193 2 .02 A1 .00 .02 .02 100
Gender 193 2 17 .14 .00 A7 A7 100
All Psychological Scales 465 3 -.04 .03 .00 -.04 -.04 100
Ability 160 2 -.07 .06 .00 -.07 -.07 100
Affect 465 3 -.38 31 .27 -72 -.04 27
Computer/Internet Experience 305 1 48 - - - - -

Note. k = number of independent effect sizes, SDps = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates individual differences

were lower for traditional course
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Table 25
Analysis of Experimental Design Moderator for Traditional vs. Fully Online Course Outcomes Using Post-Test Scores Adjusted for

Quasi-Experimental Design with Self-Selection by d = 0.19

N k Mean d SDops SDyes Cliower Clhigher % Var
Traditional vs. Fully Online 14255 88 .08 41 .38 -41 .58 14
Experimental Design
Experimental 1051 17 .03 .59 .53 -.66 71 19
QE without Self-Selection 461 9 -.19 .37 .24 -.50 12 57
QE with Self-Selection 6846 48 -.06 .40 .36 -.52 41 18
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Table 26
Analysis of Setting and Trainee Type Moderators for Traditional vs. Fully Online Course Outcomes Using Post-Test Scores Adjusted for

Quasi-Experimental Design with Self-Selection by d = 0.19

N k Mean d SDops SDyes Cliower Clhigher % Var
Traditional vs. Fully Online 14255 88 .08 41 .38 -41 .58 14
Setting
Lab 97 2 -.39 .03 .00 -.39 -.39 100
Field 14123 85 .08 42 .39 -.42 .57 14
Trainee Type
Student (Educational) 13133 73 .09 .39 .36 -.37 .56 14
Employee (Organizational) 914 11 -.20 .53 A48 -.82 42 17

Note. k = number of independent effect sizes, SDs = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores

126



Table 27
Analysis of Year Moderator for Traditional vs. Fully Online Course Outcomes Using Post-Test Scores Adjusted for Quasi-Experimental

Design with Self-Selection by d = 0.19

N k Mean d SDops SDyes Cliower Clhigher % Var
Traditional vs. Fully Online 14255 88 .08 41 .38 -41 .58 14
Year of Publication
1991-1995 213 2 -.17 .09 .00 -.17 -.17 100
1996-2000 5223 22 .06 .29 .26 -.28 40 19
2001-2005 5323 37 .29 .40 .36 -17 .75 18
2006-2009 3496 27 -21 43 .39 -71 .29 17
Year Online Course Designed
1996-2000 6994 26 -.01 .28 .25 -.32 31 20
2001-2005 1520 14 .07 .62 .59 -.68 .83 10
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Note. k = number of independent effect sizes, SD,s = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 28
Analysis of Student Type and Scope Moderators for Traditional vs. Fully Online Course Outcomes Using Post-Test Scores Adjusted for

Quasi-Experimental Design with Self-Selection by d = 0.19

N k Mean d SDops SDyes Cliower Clhigher % Var
Traditional vs. Fully Online 14255 88 .08 41 .38 -41 .58 14
Student Type (Educational Only)
Undergraduate 11083 55 A1 40 .38 -.38 .59 12
Graduate 261 4 -.08 .34 .23 -.37 21 54
Scope (Educational Only)
Specific Intervention 996 15 -.02 27 .10 -.15 12 85
Semester-long Course 4152 14 .07 27 .24 -.24 .38 19

Note. k = number of independent effect sizes, SDs = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 29

Analysis of Criterion Type Moderators for Traditional vs. Fully Online Course Outcomes Using Post-Test Scores Adjusted for Quasi-

Experimental Design with Self-Selection by d = 0.19

N k Mean d SDops SDyes Cliower Clhigher % Var
Traditional vs. Fully Online 14255 88 .08 41 .38 -41 .58 14
Criterion Type
Knowledge 5339 52 .19 46 42 -.35 73 18
Observable Skill 1206 16 -12 .53 .48 -.74 .49 19
Problem Solving Skill 542 8 21 31 .19 -.04 46 61
Attitudes 203 2 .00 .23 A1 -.15 15 75
Perception 789 7 -.20 .24 .15 -.39 -.00 61

Note. k = number of independent effect sizes, SDs = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%

credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 30
Analysis of Publication and E-Location Moderators for Traditional vs. Fully Online Course Outcomes Using Post-Test Scores Adjusted

for Quasi-Experimental Design with Self-Selection by d = 0.19

N k Mean d SDops SDyes Cliower Clhigher % Var

Traditional vs. Fully Online 14255 88 .08 41 .38 -41 .58 14
Published

Yes 9089 64 12 .48 .45 -.46 .69 12

No 5166 24 .00 .26 22 -.28 .28 28
E-Location

Restricted 510 10 .03 .46 .36 -.44 .49 38

Learner’s Choice 12513 67 .10 42 .40 -41 .61 12

Note. k = number of independent effect sizes, SDs = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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Table 31
Analysis of Course Design Moderators for Traditional vs. Fully Online Course Outcomes Using Post-Test Scores Adjusted for Quasi-

Experimental Design with Self-Selection by d = 0.19

N k Mean d SDops SDyes Cliower Clhigher % Var
Traditional vs. Fully Online 14255 88 .08 41 .38 -41 .58 14
Learner Control on Web
Yes 836 15 -.19 .68 .62 -.98 .60 16
No 1055 11 .06 .33 .26 -.28 .39 37
Human Interaction on Web
Yes 4203 27 -.10 42 .39 -.61 40 14
No 1290 18 -.04 .50 44 -.61 .53 22

Note. k = number of independent effect sizes, SDs = standard deviation of observed d, SD,.; = residual standard deviation, Cl = 80%
credibility interval lower and upper bounds, % Var = percentage variance accounted for, positive d indicates traditional course

produced poorer (lower) scores
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