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Abstract
This study addressed several outcomes, implications, and possible future directions
for blended learning (BL) in higher education in a world where information
communication technologies (ICTs) increasingly communicate with each other. In
considering effectiveness, the authors contend that BL coalesces around access,
success, and students’ perception of their learning environments. Success and
withdrawal rates for face-to-face and online courses are compared to those for BL as
they interact with minority status. Investigation of student perception about course
excellence revealed the existence of robust if-then decision rules for determining
how students evaluate their educational experiences. Those rules were independent
of course modality, perceived content relevance, and expected grade. The authors
conclude that although blended learning preceded modern instructional
technologies, its evolution will be inextricably bound to contemporary information
communication technologies that are approximating some aspects of human
thought processes.
Keywords: Blended learning, Higher education, Student success, Student perception
of instruction, New normal

Introduction
Blended learning and research issues

Blended learning (BL), or the integration of face-to-face and online instruction (Graham 2013), is widely adopted across higher education with some scholars referring to
it as the “new traditional model” (Ross and Gage 2006, p. 167) or the “new normal” in
course delivery (Norberg et al. 2011, p. 207). However, tracking the accurate extent of
its growth has been challenging because of definitional ambiguity (Oliver and Trigwell
2005), combined with institutions’ inability to track an innovative practice, that in
many instances has emerged organically. One early nationwide study sponsored by the
Sloan Consortium (now the Online Learning Consortium) found that 65.2% of participating institutions of higher education (IHEs) offered blended (also termed hybrid)
courses (Allen and Seaman 2003). A 2008 study, commissioned by the U.S. Department of Education to explore distance education in the U.S., defined BL as “a combination of online and in-class instruction with reduced in-class seat time for students”
(Lewis and Parsad 2008, p. 1, emphasis added). Using this definition, the study found
that 35% of higher education institutions offered blended courses, and that 12% of the
12.2 million documented distance education enrollments were in blended courses.
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License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and
indicate if changes were made.

Dziuban et al. International Journal of Educational Technology in Higher Education (2018) 15:3

The 2017 New Media Consortium Horizon Report found that blended learning designs
were one of the short term forces driving technology adoption in higher education in the
next 1–2 years (Adams Becker et al. 2017). Also, blended learning is one of the key issues in
teaching and learning in the EDUCAUSE Learning Initiative’s 2017 annual survey of higher
education (EDUCAUSE 2017). As institutions begin to examine BL instruction, there is a
growing research interest in exploring the implications for both faculty and students. This
modality is creating a community of practice built on a singular and pervasive research question, “How is blended learning impacting the teaching and learning environment?” That
question continues to gain traction as investigators study the complexities of how BL interacts with cognitive, affective, and behavioral components of student behavior, and examine
its transformation potential for the academy. Those issues are so compelling that several volumes have been dedicated to assembling the research on how blended learning can be better
understood (Dziuban et al. 2016; Picciano et al. 2014; Picciano and Dziuban 2007; Bonk and
Graham 2007; Kitchenham 2011; Jean-François 2013; Garrison and Vaughan 2013) and at
least one organization, the Online Learning Consortium, sponsored an annual conference
solely dedicated to blended learning at all levels of education and training (2004–2015).
These initiatives address blended learning in a wide variety of situations. For instance, the
contexts range over K-12 education, industrial and military training, conceptual frameworks,
transformational potential, authentic assessment, and new research models. Further, many of
these resources address students’ access, success, withdrawal, and perception of the degree
to which blended learning provides an effective learning environment.
Currently the United States faces a widening educational gap between our underserved student population and those communities with greater financial and technological resources (Williams 2016). Equal access to education is a critical need, one that
is particularly important for those in our underserved communities. Can blended learning help increase access thereby alleviating some of the issues faced by our lower income students while resulting in improved educational equality? Although most
indicators suggest “yes” (Dziuban et al. 2004), it seems that, at the moment, the answer
is still “to be determined.” Quality education presents a challenge, evidenced by many
definitions of what constitutes its fundamental components (Pirsig 1974; Arum et al.
2016). Although progress has been made by initiatives, such as, Quality Matters (2016),
the OLC OSCQR Course Design Review Scorecard developed by Open SUNY (Open
SUNY n.d.), the Quality Scorecard for Blended Learning Programs (Online Learning
Consortium n.d.), and SERVQUAL (Alhabeeb 2015), the issue is by no means resolved.
Generally, we still make quality education a perceptual phenomenon where we ascribe
that attribute to a course, educational program, or idea, but struggle with precisely why
we reached that decision. Searle (2015), summarizes the problem concisely arguing that
quality does not exist independently, but is entirely observer dependent. Pirsig (1974)
in his iconic volume on the nature of quality frames the context this way,
“There is such thing as Quality, but that as soon as you try to define it, something
goes haywire. You can’t do it” (p. 91).
Therefore, attempting to formulate a semantic definition of quality education
with syntax-based metrics results in what O’Neil (O'Neil 2017) terms surrogate
models that are rough approximations and oversimplified. Further, the derived
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metrics tend to morph into goals or benchmarks, losing their original measurement properties (Goodhart 1975).

Information communication technologies in society and education

Blended learning forces us to consider the characteristics of digital technology, in general, and information communication technologies (ICTs), more specifically. Floridi
(2014) suggests an answer proffered by Alan Turing: that digital ICTs can process information on their own, in some sense just as humans and other biological life. ICTs
can also communicate information to each other, without human intervention, but as
linked processes designed by humans. We have evolved to the point where humans are
not always “in the loop” of technology, but should be “on the loop” (Floridi 2014, p.
30), designing and adapting the process. We perceive our world more and more in informational terms, and not primarily as physical entities (Floridi 2008). Increasingly,
the educational world is dominated by information and our economies rest primarily
on that asset. So our world is also blended, and it is blended so much that we hardly
see the individual components of the blend any longer. Floridi (2014) argues that the
world has become an “infosphere” (like biosphere) where we live as “inforgs.” What is
real for us is shifting from the physical and unchangeable to those things with which
we can interact.
Floridi also helps us to identify the next blend in education, involving ICTs, or specialized artificial intelligence (Floridi 2014, 25; Norberg 2017, 65). Learning analytics,
adaptive learning, calibrated peer review, and automated essay scoring (Balfour 2013)
are advanced processes that, provided they are good interfaces, can work well with the
teacher— allowing him or her to concentrate on human attributes such as being caring,
creative, and engaging in problem-solving. This can, of course, as with all technical advancements, be used to save resources and augment the role of the teacher. For instance, if artificial intelligence can be used to work along with teachers, allowing them
more time for personal feedback and mentoring with students, then, we will have made
a transformational breakthrough. The Edinburg University manifesto for teaching online says bravely, “Automation need not impoverish education – we welcome our robot
colleagues” (Bayne et al. 2016). If used wisely, they will teach us more about ourselves,
and about what is truly human in education. This emerging blend will also affect curricular and policy questions, such as the what? and what for? The new normal for education will be in perpetual flux. Floridi’s (2014) philosophy offers us tools to understand
and be in control and not just sit by and watch what happens. In many respects, he has
addressed the new normal for blended learning.

Literature of blended learning
A number of investigators have assembled a comprehensive agenda of transformative and
innovative research issues for blended learning that have the potential to enhance effectiveness (Garrison and Kanuka 2004; Picciano 2009). Generally, research has found that
BL results in improvement in student success and satisfaction, (Dziuban and Moskal
2011; Dziuban et al. 2011; Means et al. 2013) as well as an improvement in students’ sense
of community (Rovai and Jordan 2004) when compared with face-to-face courses. Those
who have been most successful at blended learning initiatives stress the importance of
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institutional support for course redesign and planning (Moskal et al. 2013; Dringus and
Seagull 2015; Picciano 2009; Tynan et al. 2015). The evolving research questions found in
the literature are long and demanding, with varied definitions of what constitutes
“blended learning,” facilitating the need for continued and in-depth research on instructional models and support needed to maximize achievement and success (Dringus and
Seagull 2015; Bloemer and Swan 2015).

Educational access

The lack of access to educational technologies and innovations (sometimes termed the
digital divide) continues to be a challenge with novel educational technologies (Fairlie
2004; Jones et al. 2009). One of the promises of online technologies is that they can increase access to nontraditional and underserved students by bringing a host of educational resources and experiences to those who may have limited access to on-campusonly higher education. A 2010 U.S. report shows that students with low socioeconomic
status are less likely to obtain higher levels of postsecondary education (Aud et al.
2010). However, the increasing availability of distance education has provided educational opportunities to millions (Lewis and Parsad 2008; Allen et al. 2016). Additionally,
an emphasis on open educational resources (OER) in recent years has resulted in significant cost reductions without diminishing student performance outcomes (Robinson
et al. 2014; Fischer et al. 2015; Hilton et al. 2016).
Unfortunately, the benefits of access may not be experienced evenly across demographic groups. A 2015 study found that Hispanic and Black STEM majors were significantly less likely to take online courses even when controlling for academic
preparation, socioeconomic status (SES), citizenship, and English as a second language
(ESL) status (Wladis et al. 2015). Also, questions have been raised about whether the
additional access afforded by online technologies has actually resulted in improved outcomes for underserved populations. A distance education report in California found
that all ethnic minorities (except Asian/Pacific Islanders) completed distance education
courses at a lower rate than the ethnic majority (California Community Colleges Chancellor’s Office 2013). Shea and Bidjerano (2014, 2016) found that African American
community college students who took distance education courses completed
degrees at significantly lower rates than those who did not take distance education
courses. On the other hand, a study of success factors in K-12 online learning found
that for ethnic minorities, only 1 out of 15 courses had significant gaps in student test
scores (Liu and Cavanaugh 2011). More research needs to be conducted, examining access and success rates for different populations, when it comes to learning in different
modalities, including fully online and blended learning environments.

Framing a treatment effect

Over the last decade, there have been at least five meta-analyses that have addressed the impact of blended learning environments and its relationship to learning effectiveness (Zhao et al. 2005; Sitzmann et al. 2006; Bernard et al. 2009;
Means et al. 2010, 2013; Bernard et al. 2014). Each of these studies has found
small to moderate positive effect sizes in favor of blended learning when compared
to fully online or traditional face-to-face environments. However, there are several
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considerations inherent in these studies that impact our understanding the
generalizability of outcomes.
Dziuban and colleagues (Dziuban et al. 2015) analyzed the meta-analyses conducted
by Means and her colleagues (Means et al. 2013; Means et al. 2010), concluding that
their methods were impressive as evidenced by exhaustive study inclusion criteria and
the use of scale-free effect size indices. The conclusion, in both papers, was that there
was a modest difference in multiple outcome measures for courses featuring online
modalities—in particular, blended courses. However, with blended learning especially,
there are some concerns with these kinds of studies. First, the effect sizes are based on
the linear hypothesis testing model with the underlying assumption that the treatment
and the error terms are uncorrelated, indicating that there is nothing else going on in
the blending that might confound the results. Although the blended learning articles
(Means et al. 2010) were carefully vetted, the assumption of independence is tenuous at
best so that these meta-analysis studies must be interpreted with extreme caution.
There is an additional concern with blended learning as well. Blends are not equivalent because of the manner on which they are configured. For instance, a careful reading of the sources used in the Means, et al. papers will identify, at minimum, the
following blending techniques: laboratory assessments, online instruction, e-mail, class
web sites, computer laboratories, mapping and scaffolding tools, computer clusters,
interactive presentations and e-mail, handwriting capture, evidence-based practice,
electronic portfolios, learning management systems, and virtual apparatuses. These are
not equivalent ways in which to configure courses, and such nonequivalence constitutes the confounding we describe. We argue here that, in actuality, blended learning is
a general construct in the form of a boundary object (Star and Griesemer 1989) rather
than a treatment effect in the statistical sense. That is, an idea or concept that can support a community of practice, but is weakly defined fostering disagreement in the general group. Conversely, it is stronger in individual constituencies. For instance, content
disciplines (i.e. education, rhetoric, optics, mathematics, and philosophy) formulate a
more precise definition because of commonly embraced teaching and learning principles. Quite simply, the situation is more complicated than that, as Leonard Smith
(2007) says after Tolstoy,
“All linear models resemble each other, each non nonlinear system is unique in its
own way” (p. 33).
This by no means invalidates these studies, but effect size associated with blended
learning should be interpreted with caution where the impact is evaluated within a particular learning context.

Study objectives
This study addressed student access by examining success and withdrawal rates in
the blended learning courses by comparing them to face-to-face and online modalities over an extended time period at the University of Central Florida. Further, the
investigators sought to assess the differences in those success and withdrawal rates
with the minority status of students. Secondly, the investigators examined the student end-of-course ratings of blended learning and other modalities by attempting
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to develop robust if-then decision rules about what characteristics of classes and
instructors lead students to assign an “excellent” value to their educational experience. Because of the high stakes nature of these student ratings toward faculty promotion, awards, and tenure, they act as a surrogate measure for instructional
quality. Next, the investigators determined the conditional probabilities for students
conforming to the identified rule cross-referenced by expected grade, the degree to
which they desired to take the course, and course modality.

Methods

Student grades by course modality were recoded into a binary variable with C or
higher assigned a value of 1, and remaining values a 0. This was a declassification
process that sacrificed some specificity but compensated for confirmation bias associated with disparate departmental policies regarding grade assignment. At the
measurement level this was an “on track to graduation index” for students. Withdrawal was similarly coded by the presence or absence of its occurrence. In each
case, the percentage of students succeeding or withdrawing from blended, online
or face-to-face courses was calculated by minority and non-minority status for the
fall 2014 through fall 2015 semesters.
Next, a classification and regression tree (CART) analysis (Brieman et al. 1984) was
performed on the student end-of-course evaluation protocol (Appendix 1). The
dependent measure was a binary variable indicating whether or not a student assigned
an overall rating of excellent to his or her course experience. The independent measures in the study were: the remaining eight rating items on the protocol, college
membership, and course level (lower undergraduate, upper undergraduate, and graduate). Decision trees are efficient procedures for achieving effective solutions in studies
such as this because with missing values imputation may be avoided with procedures
such as floating methods and the surrogate formation (Brieman et al. 1984, Olshen
et al. 1995). For example, a logistic regression method cannot efficiently handle all
variables under consideration. There are 10 independent variables involved here; one
variable has three levels, another has nine, and eight have five levels each. This means
the logistic regression model must incorporate more than 50 dummy variables and an
excessively large number of two-way interactions. However, the decision-tree method
can perform this analysis very efficiently, permitting the investigator to consider
higher order interactions. Even more importantly, decision trees represent appropriate
methods in this situation because many of the variables are ordinally scaled. Although
numerical values can be assigned to each category, those values are not unique.
However, decision trees incorporate the ordinal component of the variables to obtain
a solution. The rules derived from decision trees have an if-then structure that is
readily understandable. The accuracy of these rules can be assessed with percentages
of correct classification or odds-ratios that are easily understood. The procedure produces tree-like rule structures that predict outcomes.

The model-building procedure for predicting overall instructor rating

For this study, the investigators used the CART method (Brieman et al. 1984) executed
with SPSS 23 (IBM Corp 2015). Because of its strong variance-sharing tendencies with
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the other variables, the dependent measure for the analysis was the rating on the item
Overall Rating of the Instructor, with the previously mentioned indicator variables
(college, course level, and the remaining 8 questions) on the instrument. Tree methods
are recursive, and bisect data into subgroups called nodes or leaves. CART analysis
bases itself on: data splitting, pruning, and homogeneous assessment.
Splitting the data into two (binary) subsets comprises the first stage of the process.
CART continues to split the data until the frequencies in each subset are either very
small or all observations in a subset belong to one category (e.g., all observations in a
subset have the same rating). Usually the growing stage results in too many terminate
nodes for the model to be useful. CART solves this problem using pruning methods
that reduce the dimensionality of the system.
The final stage of the analysis involves assessing homogeneousness in growing and
pruning the tree. One way to accomplish this is to compute the misclassification rates.
For example, a rule that produces a .95 probability that an instructor will receive an
excellent rating has an associated error of 5.0%.

Implications for using decision trees

Although decision-tree techniques are effective for analyzing datasets such as this, the
reader should be aware of certain limitations. For example, since trees use ranks to
analyze both ordinal and interval variables, information can be lost. However, the most
serious weakness of decision tree analysis is that the results can be unstable because
small initial variations can lead to substantially different solutions.
For this study model, these problems were addressed with the k-fold cross-validation
process. Initially the dataset was partitioned randomly into 10 subsets with an approximately equal number of records in each subset. Each cohort is used as a test partition,
and the remaining subsets are combined to complete the function. This produces 10
models that are all trained on different subsets of the original dataset and where each
has been used as the test partition one time only.
Although computationally dense, CART was selected as the analysis model for a number
of reasons— primarily because it provides easily interpretable rules that readers will be able
evaluate in their particular contexts. Unlike many other multivariate procedures that are
even more sensitive to initial estimates and require a good deal of statistical sophistication
for interpretation, CART has an intuitive resonance with researcher consumers. The overriding objective of our choice of analysis methods was to facilitate readers’ concentration on
our outcomes rather than having to rely on our interpretation of the results.

Results
Institution-level evaluation: Success and withdrawal

The University of Central Florida (UCF) began a longitudinal impact study of their online and blended courses at the start of the distributed learning initiative in 1996. The
collection of similar data across multiple semesters and academic years has allowed
UCF to monitor trends, assess any issues that may arise, and provide continual support
for both faculty and students across varying demographics. Table 1 illustrates the overall success rates in blended, online and face-to-face courses, while also reporting their
variability across minority and non-minority demographics.
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Table 1 Success rates by minority/non-minority and course modality: fall 2014 – fall 2015
Blended

Online

Face to Face

Term

%

N

%

N

%

N

Fall 2014

91%

17,954

89%

37,446

87%

143,250

Non-Minority

92%

10,593

90%

21,653

89%

83,599

Minority

90%

7,361

88%

15,793

85%

59,651

Spring 2015

91%

16,705

90%

40,690

88%

133,644

Non-Minority

92%

9,736

90%

53,287

89%

77,181

Minority

90%

6,969

89%

17,403

86%

56,463

Summer 2015

95%

6,492

92%

28,940

91%

37,992

Non-Minority

96%

3,851

93%

16,258

93%

21,195

Minority

94%

2,641

90%

12,682

89%

16,797

Fall 2015

91%

19,368

90%

40,421

87%

144,429

Non-Minority

92%

11,219

91%

22,400

88%

82,202

Minority

90%

7,363

89%

16,097

85%

53,010

Success = A (−), B (+/−), C (+), S grades
Undergraduate and graduate combined courses
Minority = American Indian/Alaskan Native, Asian, Black/African American, Hispanic, Latino, Multi-racial, Native Hawaiian/
Other Pacific Islander

While success (A, B, or C grade) is not a direct reflection of learning outcomes, this
overview does provide an institutional level indication of progress and possible issues of
concern. BL has a slight advantage when looking at overall success and withdrawal rates.
This varies by discipline and course, but generally UCF’s blended modality has evolved to
be the best of both worlds, providing an opportunity for optimizing face-to-face instruction through the effective use of online components. These gains hold true across minority status. Reducing on-ground time also addresses issues that impact both students and
faculty such as parking and time to reach class. In addition, UCF requires faculty to go
through faculty development tailored to teaching in either blended or online modalities.
This 8-week faculty development course is designed to model blended learning, encouraging faculty to redesign their course and not merely consider blended learning as a
means to move face-to-face instructional modules online (Cobb et al. 2012; Lowe 2013).
Withdrawal (Table 2) from classes impedes students’ success and retention and can
result in delayed time to degree, incurred excess credit hour fees, or lost scholarships
and financial aid. Although grades are only a surrogate measure for learning, they are a
strong predictor of college completion. Therefore, the impact of any new innovation on
students’ grades should be a component of any evaluation. Once again, the blended
modality is competitive and in some cases results in lower overall withdrawal rates than
either fully online or face-to-face courses.

The students’ perceptions of their learning environments

Other potentially high-stakes indicators can be measured to determine the impact
of an innovation such as blended learning on the academy. For instance, student
satisfaction and attitudes can be measured through data collection protocols, including common student ratings, or student perception of instruction instruments.
Given that those ratings often impact faculty evaluation, any negative reflection
can derail the successful implementation and scaling of an innovation by
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Table 2 Withdrawal rates by minority/non-minority and course modality: fall 2014 – fall 2015
Blended

Online

Face to Face

Term

%

N

%

N

%

N

Fall 2014

3%

19,831

4%

37,449

4%

161,285

Non-Minority

3%

11,545

5%

21,655

4%

93,768

Minority

3%

8,286

5%

15,794

5%

67,517

Spring 2015

3%

18,311

4%

40,803

4%

151,041

2%

10,501

4%

23,363

4%

86,668

Non-Minority
Minority

3%

7,810

4%

17,440

4%

64,373

Summer 2015

2%

6,710

3%

28,940

3%

42,661

Non-Minority

1%

3,942

3%

16,258

2%

23,626

Minority

2%

2,768

3%

12,682

3%

19,035

Fall 2015

3%

21,482

4%

40,558

4%

163,571

Non-Minority

3%

12,278

4%

22,461

4%

92,532

Minority

3%

9,204

4%

18,097

5%

71,039

Withdrawal = W, WF, WP grades; X, WM, I excluded
Minority = American Indian/Alaskan Native, Asian, Black/African American, Hispanic, Latino, Multi-racial, Native Hawaiian/
Other Pacific Islander

disenfranchised instructors. In fact, early online and blended courses created a request by the UCF faculty senate to investigate their impact on faculty ratings as
compared to face-to-face sections. The UCF Student Perception of Instruction form
is released automatically online through the campus web portal near the end of
each semester. Students receive a splash page with a link to each course’s form.
Faculty receive a scripted email that they can send to students indicating the time
period that the ratings form will be available. The forms close at the beginning of
finals week. Faculty receive a summary of their results following the semester end.
The instrument used for this study was developed over a ten year period by the faculty
senate of the University of Central Florida, recognizing the evolution of multiple course
modalities including blended learning. The process involved input from several constituencies on campus (students, faculty, administrators, instructional designers, and others),
in attempt to provide useful formative and summative instructional information to the
university community. The final instrument was approved by resolution of the senate and,
currently, is used across the university. Students’ rating of their classes and instructors
comes with considerable controversy and disagreement with researchers aligning themselves on both sides of the issue. Recently, there have been a number of studies criticizing
the process (Uttl et al. 2016; Boring et al. 2016; & Stark and Freishtat 2014). In spite of
this discussion, a viable alternative has yet to emerge in higher education. So in the foreseeable future, the process is likely to continue. Therefore, with an implied faculty senate
mandate this study was initiated by this team of researchers.
Prior to any analysis of the item responses collected in this campus-wide student
sample, the psychometric quality (domain sampling) of the information yielded by the
instrument was assessed. Initially, the reliability (internal consistency) was derived using
coefficient alpha (Cronbach 1951). In addition, Guttman (1953) developed a theorem
about item properties that leads to evidence about the quality of one’s data, demonstrating that as the domain sampling properties of items improve, the inverse of the
correlation matrix among items will approach a diagonal. Subsequently, Kaiser and Rice
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(1974) developed the measure of sampling adequacy (MSA) that is a function of the
Guttman Theorem. The index has an upper bound of one with Kaiser offering some
decision rules for interpreting the value of MSA. If the value of the index is in the .80
to .99 range, the investigator has evidence of an excellent domain sample. Values in the
.70s signal an acceptable result, and those in the .60s indicate data that are unacceptable. Customarily, the MSA has been used for data assessment prior to the application
of any dimensionality assessments. Computation of the MSA value gave the investigators a benchmark for the construct validity of the items in this study. This procedure
has been recommended by Dziuban and Shirkey (1974) prior to any latent dimension
analysis and was used with the data obtained for this study. The MSA for the current
instrument was .98 suggesting excellent domain sampling properties with an associated
alpha reliability coefficient of .97 suggesting superior internal consistency. The psychometric properties of the instrument were excellent with both measures.
The online student ratings form presents an electronic data set each semester. These
can be merged across time to create a larger data set of completed ratings for every
course across each semester. In addition, captured data includes course identification
variables including prefix, number, section and semester, department, college, faculty,
and class size. The overall rating of effectiveness is used most heavily by departments
and faculty in comparing across courses and modalities (Table 3).
The finally derived tree (decision rules) included only three variables—survey items
that asked students to rate the instructor’s effectiveness at:
1. Helping students achieve course objectives,
2. Creating an environment that helps students learn, and
3. Communicating ideas and information.
None of the demographic variables associated with the courses contributed to the
final model. The final rule specifies that if a student assigns an excellent rating to those
three items, irrespective of their status on any other condition, the probability is .99
that an instructor will receive an overall rating of excellent. The converse is true as
well. A poor rating on all three of those items will lead to a 99% chance of an instructor
receiving an overall rating of poor.
Tables 4, 5 and 6 present a demonstration of the robustness of the CART rule for
variables on which it was not developed: expected course grade, desire to take the
course and modality.

Table 3 A decision rule for the probability of faculty member receiving an overall rating of
excellent (N = 58,156)
If a student responds…
Excellent
Achieve course objectives

✔

Create learning environment

✔

Communicate ideas

✔

Very Good

Good

Then…
The probability of an overall rating of Excellent = .99

Fair

Poor
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Table 4 Percentage excellent rating: overall and when conditional rule satisfied for expected grade
Grade

Overall

Rule Satisfied

F

27

97

D−/D/D+

24

93

C-/C/C+

33

93

B-/B/B+

47

95

A−/A

66

97

In each case, irrespective of the marginal probabilities, those students conforming to
the rule have a virtually 100% chance of seeing the course as excellent. For instance,
27% of all students expecting to fail assigned an excellent rating to their courses, but
when they conformed to the rule the percentage rose to 97%. The same finding is true
when students were asked about their desire to take the course with those who strongly
disagreed assigning excellent ratings to their courses 26% of the time. However, for
those conforming to the rule, that category rose to 92%. When course modality is considered in the marginal sense, blended learning is rated as the preferred choice. However, from Table 6 we can observe that the rule equates student assessment of their
learning experiences. If they conform to the rule, they will see excellence.

Conclusion
This study addressed increasingly important issues of student success, withdrawal and
perception of the learning environment across multiple course modalities. Arguably these
components form the crux of how we will make more effective decisions about how
blended learning configures itself in the new normal. The results reported here indicate
that blending maintains or increases access for most student cohorts and produces improved success rates for minority and non-minority students alike. In addition, when students express their beliefs about the effectiveness of their learning environments, blended
learning enjoys the number one rank. However, upon more thorough analysis of key elements students view as important in their learning, external and demographic variables
have minimal impact on those decisions. For example college (i.e. discipline) membership,
course level or modality, expected grade or desire to take a particular course have little to
do with their course ratings. The characteristics they view as important relate to clear establishment and progress toward course objectives, creating an effective learning environment and the instructors’ effective communication. If in their view those three elements
of a course are satisfied they are virtually guaranteed to evaluate their educational experience as excellent irrespective of most other considerations. While end of course rating
protocols are summative the three components have clear formative characteristics in that
Table 5 Percentage excellent rating: overall and when conditional rule satisfied for response to
“desire to take this course”
Overall % Excellent

Rule Satisfied

No opinion

38

95

Strongly disagree

26

92

Disagree

34

95

Agree

48

96

Strongly agree

78

98
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Table 6 Percentage excellent rating: overall and when conditional rule satisfied for course
modality
Course Modality

Overall % Excellent

Rule Satisfied

Blended

59

98

Online

56

99

Face-to-face

55

98

Blended Lecture Capture

46

98

Lecture Capture

52

96

each one is directly related to effective pedagogy and is responsive to faculty development
through units such as the faculty center for teaching and learning. We view these results
as encouraging because they offer potential for improving the teaching and learning
process in an educational environment that increases the pressure to become more responsive to contemporary student lifestyles.

Discussion
Clearly, in this study we are dealing with complex adaptive systems that feature the
emergent property. That is, their primary agents and their interactions comprise an environment that is more than the linear combination of their individual elements. Blending learning, by interacting with almost every aspect of higher education, provides
opportunities and challenges that we are not able to fully anticipate.
This pedagogy alters many assumptions about the most effective way to support the
educational environment. For instance, blending, like its counterpart active learning, is
a personal and individual phenomenon experienced by students. Therefore, it should
not be surprising that much of what we have called blended learning is, in reality,
blended teaching that reflects pedagogical arrangements. Actually, the best we can do
for assessing impact is to use surrogate measures such as success, grades, results of assessment protocols, and student testimony about their learning experiences. Whether
or not such devices are valid indicators remains to be determined. We may be well
served, however, by changing our mode of inquiry to blended teaching.
Additionally, as Norberg (2017) points out, blended learning is not new. The modality dates back, at least, to the medieval period when the technology of textbooks was
introduced into the classroom where, traditionally, the professor read to the students
from the only existing manuscript. Certainly, like modern technologies, books were disruptive because they altered the teaching and learning paradigm. Blended learning
might be considered what Johnson describes as a slow hunch (2010). That is, an idea
that evolved over a long period of time, achieving what Kaufmann (2000) describes as
the adjacent possible – a realistic next step occurring in many iterations.
The search for a definition for blended learning has been productive, challenging,
and, at times, daunting. The definitional continuum is constrained by Oliver and Trigwell (2005) castigation of the concept for its imprecise vagueness to Sharpe et al.’s
(2006) notion that its definitional latitude enhances contextual relevance. Both extremes alter boundaries such as time, place, presence, learning hierarchies, and space.
The disagreement leads us to conclude that Lakoff’s (2012) idealized cognitive models
i.e. arbitrarily derived concepts (of which blended learning might be one) are necessary
if we are to function effectively. However, the strong possibility exists that blended
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learning, like quality, is observer dependent and may not exist outside of our perceptions of the concept. This, of course, circles back to the problem of assuming that
blending is a treatment effect for point hypothesis testing and meta-analysis.
Ultimately, in this article, we have tried to consider theoretical concepts and empirical findings about blended learning and their relationship to the new normal as it
evolves. Unfortunately, like unresolved chaotic solutions, we cannot be sure that there
is an attractor or that it will be the new normal. That being said, it seems clear that
blended learning is the harbinger of substantial change in higher education and will become equally impactful in K-12 schooling and industrial training. Blended learning, because of its flexibility, allows us to maximize many positive education functions. If
Floridi (2014) is correct and we are about to live in an environment where we are on
the communication loop rather than in it, our educational future is about to change.
However, if our results are correct and not over fit to the University of Central Florida
and our theoretical speculations have some validity, the future of blended learning
should encourage us about the coming changes.

Appendix 1
Student Perception of Instruction

Instructions: Please answer each question based on your current class experience. You
can provide additional information where indicated.
All responses are anonymous. Responses to these questions are important to help improve the course and how it is taught. Results may be used in personnel decisions. The
results will be shared with the instructor after the semester is over.
Please rate the instructor’s effectiveness in the following areas:
1. Organizing the course:
a) Excellent b) Very Good c) Good d) Fair e) Poor
2. Explaining course requirements, grading criteria, and expectations:
a) Excellent b) Very Good c) Good d) Fair e) Poor
3. Communicating ideas and/or information:
a) Excellent b) Very Good c) Good d) Fair e) Poor
4. Showing respect and concern for students:
a) Excellent b) Very Good c) Good d) Fair e) Poor
5. Stimulating interest in the course:
a) Excellent b) Very Good c) Good d) Fair e) Poor
6. Creating an environment that helps students learn:
a) Excellent b) Very Good c) Good d) Fair e) Poor
7. Giving useful feedback on course performance:
a) Excellent b) Very Good c) Good d) Fair e) Poor
8. Helping students achieve course objectives:
a) Excellent b) Very Good c) Good d) Fair e) Poor
9. Overall, the effectiveness of the instructor in this course was:
a) Excellent b) Very Good c) Good d) Fair e) Poor
10.What did you like best about the course and/or how the instructor taught it?
11.What suggestions do you have for improving the course and/or how the instructor
taught it?
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