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Abstract
Mathematical modeling describes how events, concepts, and systems of interest behave in 
the world using mathematical concepts. This research approach can be applied to theory 
construction and testing by using empirical data to evaluate whether the specific theory can 
explain the empirical data or whether the theory fits the data available. Although exten-
sively used in the physical sciences and engineering, as well as some social and behavioral 
sciences to examine theoretical claims and form predictions of future events and behav-
iors, theory-oriented mathematical modeling is less common in educational technology 
research. This article explores the potential of using theory-oriented mathematical mod-
eling for theory construction and testing in the field of educational technology. It presents 
examples of how this approach was used in social, behavioral, and educational disciplines, 
and provides rationale for why educational technology research can benefit from a theory-
oriented model-testing approach.
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Introduction

Research in the field of educational technology and design has often been criticized for 
having little impact on improving learning and contributing to basic theories that inform 
teaching (Cilesiz & Spector, 2014; Reeves, 2006; Seel, 2009; Suppes, 1978), being meth-
odologically weak (Bulfin et al., 2014) and under-theorized (Jones & Czerniewicz, 2011; 
Markauskaite & Reimann, 2014). For example, a recent analysis of educational technol-
ogy research of over 500 empirical articles found that few papers engaged or informed 
theory; most papers either did not mention theory at all or provided vague references to 
theory (Hew et al., 2019). The authors argued about the importance of using existing theo-
ries to frame empirical research, because they allow for findings to be generalized across 
different contexts and learners, thus contributing to a better understanding of a specific 
phenomenon.
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It is important to note that the term ‘theory’ means different things to different people 
and there is no consensus about what theory is. For example, Simon and Newell (1956) pro-
posed to “define a theory simply as a set of statements or sentences” (p. 67). Other scholars 
viewed theory as a set of statements and propositions that explain the relationship(s) of 
concepts or variables (Hollander, 1967; Jaccard & Jacoby, 2009). Merton (1968) distin-
guished between middle-range theories and unified theories: “[middle-range] theories that 
lie between the minor but necessary working hypotheses that evolve in abundance dur-
ing day-to-day research and the all-inclusive systematic efforts to develop a unified theory 
that will explain all the observed uniformities of social, behavior, social organization and 
social change" (p. 39). Opp (1970) refined Merton’s definition of a middle-range theory as 
a theory that can "explain a certain class of particular (’sociological’) events" (p. 245) and 
of a unified theory as "a theory from which at least all existing theories of the middle range 
can be deduced in their original or in modified form" (p. 245). He argued that “the unified 
theory is empirically testable and has an extremely high explanatory power. Otherwise it 
could not explain the particular events and theories which it is designed to explain” (p. 
245).

Constructing new theories and testing existing ones is considered among the most 
important scientific efforts that advance science (Kuhn, 1996; Mintzberg, 2005; Morgan 
& Wildemuth, 2009). A growing number of researchers advocate the use of mathematical 
modeling (also referred to as model-testing) in educational and behavioral research as a 
vehicle for expanding theoretical foundations of the field and improving empirical research 
(Jaccard & Jacoby, 2009; Rodgers, 2010). Mathematical modeling describes how events, 
concepts, and systems of interest behave in the world using mathematical concepts. It is 
a powerful research tool that has been used extensively in various disciplines, including 
engineering, science, criminology, health science, information technology, psychology, 
and economics, to explain theoretical propositions and form predictions and forecasts of 
future events and behaviors. However, development and utilization of mathematical models 
is more common in the physical sciences and engineering than in the social and behavioral 
sciences (Jaccard & Jacoby, 2009). Within the realm of the social and behavioral sciences, 
some disciplines like economics, for example, are also known for their extensive use of 
mathematical modeling as a research and policy tool. In education and educational technol-
ogy fields, however, mathematical modeling is less common, and its potential is yet to be 
recognized.

What is a mathematical model?

A mathematical model, or any model in general, represents reality in a simplified form. 
According to Pearl (2000, p. 202), model is “an idealized representation of reality that 
highlights some aspects and ignores others.” A mathematical model can be described using 
a mathematical equation or a series of mathematical equations that represent relationships 
between quantitative variables. The goal of mathematical model building is to develop a 
model that will provide an accurate, yet relatively simple representation of reality (Fig. 1). 
Social and behavioral scientists usually do so by using regression modeling that can predict 
the impact of the intervention using desired moderator variables. Of course, many would 
rightly argue that human behaviors are complex and cannot be captured using simple linear 
relationships. In mathematical model building, this tension is often addressed with the use 
of appropriate statistical methods.
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Although variables are critical to many theories, not all theoretical approaches use 
variable-oriented approaches to develop theories. These theories use a process-oriented 
approach and/or narratives to explain a specific phenomenon (Jaccard & Jacoby, 2009) and 
mathematical modeling may not be an appropriate approach for these theoretical frame-
works. For instance, instead of defining gender as a variable with two levels, female and 
male, these theories focus on the ways in which gender is experienced by different people. 
Nevertheless, theoretical approaches that rely on variables to explain different relation-
ships among specific concepts, such as explanatory (“Y because of X”) or design theories 
(“to achieve Y, do X”) can use mathematical modeling to construct and test the theories 
(Malone, 1985). Such approaches rely on the concept of causality to identify systematic 
relationships between variables that can explain our environment, organize constructs of 
interest, and predict future events. Typical model construction involves the following steps 
(Boland, 2014; Jaccard & Jacoby, 2009):

1. Identify exogeneous and endogenous variables: The process begins with identifying 
variables that explain the causal relationship(s) of interest as well as basic behavioral 
relationships between the variables. In particular, the modeler needs to identify which of 
those variables are exogeneous and which are endogenous. Variable X is exogeneous if 
a change in X causes changes in Y. That makes variable Y endogenous, or the variable 
that can be explained by the model. After identifying the variables, the modeler needs 
to consider how to measure the variables and the values of the parameters.

Fig. 1  An elementary view of mathematical modeling that shows the phases in building a mathematical 
model and how models relate to real-world problems (inspired by Dym, 2004, and Jaccard & Jacoby, 2009)
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2. Include model assumptions: Boland (2014) argues that during the second phase of model 
construction specifying or simplifying assumptions should be added to the identified 
behavioral relationships. Those can include behavioral assumptions about individuals 
or organizations, as well as assumptions about the relationships between the identified 
variables and their parametric specifications.

3. Identify possible functions for model construction: The modeler needs to identify pos-
sible functions that can capture the relationship between the variables of interest. Toward 
this end, a wide variety of functions can be employed including, but not limited to linear, 
exponential, logarithmic, and polynomial functions. Although linear relationships are 
common in modeling, they do not always explain all possible relationships between 
quantitative variables. For instance, the relationship between levels of test anxiety and 
test performance takes a form of a nonlinear inverted-U function (a U drawn upside 
down) where low levels of anxiety are beneficial for test performance but high levels of 
anxiety are detrimental to a person’s success on the test, as tension and worries consume 
critical cognitive resources that could otherwise be directed to the task at hand (Hoff-
man, 2010).

4. Collect data to examine the model performance: Once the mathematical model is con-
structed (e.g., equations, graphs), it is time to collect empirical data to examine the 
model performance. Specifically, the modeler needs to explore how well the values of 
the endogenous variable(s) fit the real-world values. If the degree of fit is unsatisfactory, 
the original model can be adjusted, or a new function may need to be employed.

5. Revise the model and evaluate its performance with new data: After making the neces-
sary adjustments to the original model, a new set of empirical data should be collected to 
evaluate the revised model’s performance. If the revised model is conceptually plausible 
and performs well, then it is deemed to be the choice model.

The model construction steps, as described, are indubitably an oversimplification of the 
process of developing and testing mathematical models. To discuss it in detail would be 
too extensive for the purpose of this paper. Interested readers may find Jaccard and Jaco-
by’s (2009) book “Theory Construction and Model-Building Skills” helpful for learning 
about the cognitive heuristics, tools, and approaches for model construction. Moreover, 
structural equation modeling can be used for mathematical modeling as well (Jaccard & 
Jacoby, 2009).

How can mathematical modeling be used in educational technology 
research and why do we need it?

The basic idea behind mathematical model building is to “translate the verbal problem 
into a mathematical problem to solve” (Boland, 2014, p. 2) or to represent a descriptive 
theory using mathematical concepts. But how are theories different from models? Theo-
ries explain certain phenomena and critical explanatory variables or mechanism, but gener-
ally are “flexible about the expected conclusions of empirical research” (Nelson & Winter, 
1974, p. 886), while models serve as “representations of theories constructed for the pur-
pose of serving as tools or instruments” (Boland, 2014, p. 22).

Roald Hoffman (2003), a Nobel Prize-winning scientist, in his commentary about the-
ories and models compared the process of a theory development to storytelling: “When 
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things are complex yet understandable, human beings weave stories” (p. 224), and “Many 
theories are popular because they tell a rollicking good story, one that is sage in capturing 
the way the world works, and could be stored away to deal with the next trouble” (p. 225). 
His view on the importance of models is that “relatively uncomplicated models … play a 
special role in the acceptance and popularity of theories among other theorists… The mod-
els become modules in a theoretical Erector set, shuttled into any problem as a first (not 
last) recourse. … taking one piece of experience over to another” (p. 225). That is to say 
that mathematical modeling is clearly important to the construction of theories.

Earlier attempts in the late 1930s to represent behavioral theories using mathematical 
equations were done primarily for theoretical purposes only (see Boland (2014) for an 
extensive overview of model building in economics). Today, models are designed with a 
specific goal in mind, usually as a research or policy instrument. Such models are called 
empirical models. Empirical models can be data-driven or theory-oriented. Data-driven 
empirical models are designed to identify patterns in the available data in order to form 
short-term forecasts or evaluate the impact of possible policy changes, without drawing 
its inferences from a specific theory. Theory is used, but only as it fits the data of interest 
(Boland, 2014). Theory-oriented empirical models are designed to test a theory or theo-
retical claims of interest. This type of model building utilizes empirical data to evaluate 
whether the specific theory can explain the empirical data or whether the theory fits the 
data available.

It is worth mentioning that producing empirical evidence of a mathematical model that 
cannot support a theory in question does not imply that the theory is wrong,—also known 
as the Duhem-Quine thesis in the philosophy of science. It only suggests that the theoreti-
cal statement is not confirmed (not to be confused with ‘disconfirmed’) or that the model 
builder made false background assumptions in the model design, e.g., assuming a linear 
relationship between variables instead of a quadratic one, or using tools/instruments that 
produce measurement errors. Morgan and Wildemuth (2009) wrote: “A theoretical model 
is not defeated by the discovery of exceptions to the theory, but only by the evolution of a 
better model, or at least one that better answers the questions that scientists are asking at a 
given time” (p. 42). Kuhn (1996) notes that theory testing and the discovery of anomalies 
is central to developing a scientific understanding about our world, as “theory works only 
until a critical mass of anomalies and exceptions to it are found, at which point, it becomes 
untenable and must be replaced by a new theoretical model” (Morgan & Wildemuth, 2009, 
p. 42).

There are many challenges to implementing mathematical modeling in education, social, 
and behavioral disciplines due to the complex, dynamic, unique, and mostly obscured 
nature of reality (Jaccard & Jacoby, 2009), lack of appropriate methodological data analy-
sis approaches, and high levels of uncertainty (Dabbaghian & Mago, 2014). Nevertheless, 
Rodgers (2010) argues that mathematical modeling should be used more extensively in 
behavioral research and graduate training to build and evaluate various behavioral models: 
“Researchers should be focusing on building a model, embedded within well-developed 
theory… we should be developing mathematical models and evaluating them statistically” 
(p. 5). Yet, it has not been used extensively in educational technology research.

Mathematical models are prominent in social and behavioral sciences for analyzing 
human decision making. They are also used in theories of memory, learning, language 
and in the analysis of social networks, such as institutions, communities, and trade net-
works. For instance, mathematical modeling was used to study short-term and long-term 
memory (Atkinson & Shiffrin, 1968a, 1968b), musical perception (Shepard, 1982), human 
reproduction describing childbearing decision making (Rodgers & Doughty, 2001), onset 
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of various social activities, like smoking and drinking (Rodgers, 2003; Rowe & Rodgers, 
1991) and sexual behavior (Rodgers & Rowe, 1993). In political science, mathematical 
models are prominent in analyzing political behavior such as voting and fairness (Jaccard 
& Jacoby, 2009).

Among other benefits of using mathematical modeling in research is its ability to 
address the causal generalization problem in research that evaluates the causal impacts of 
educational interventions in order to inform policy decisions, such as whether to integrate 
a new educational technology into a curriculum (Rodgers, 2010; Scheerens & Blömeke, 
2016; Shadish et al., 2002; Tipton & Olsen, 2018). Oftentimes, the results from the study 
do not generalize to the population that would be impacted by these decisions, because 
the impact of an intervention varies across educational settings and learners. This is one 
of the reasons why educational technology research had very little impact on improving 
instructional practices and student learning, because we cannot adapt our instructional 
interventions to the myriad variables that surround and interact with any given instance of 
instruction (Cronbach, 1975; Reeves, 2006; Seel, 2009). Using a model-testing approach 
can address the causal generalization problem (Tipton & Olsen, 2018).

Nevertheless, it is important to note that mathematical modeling is not the only approach 
for improving the quality and impact of educational research. Other types of inquiry such 
as design-based or qualitative research are used extensively to generate new knowledge, 
construct theories, and devise solutions to complex educational problems. For instance, 
one of the important goals of design-based research is to generate new knowledge that 
can inform theory development (McKenney & Reeves, 2014; Puntambekar, 2018). Those 
developed theories can then be further tested and refined using mathematical modeling.

Many books have been written about theory construction and modeling as these ideas 
are at the core of the scientific process. However, few of those introduce the topic to stu-
dents or professionals in education, social and behavioral sciences, who are new to theory 
construction and modeling. This shortage of literature on teaching theory construction and 
modeling reflects the curricular trends of many graduate programs in these disciplines. 
Graduate students in education, social and behavioral sciences usually take several courses 
in research methods and data analysis, but seldom receive extensive training in model 
building and theory construction (Jaccard & Jacoby, 2009; Rodgers, 2010). Unsurprisingly, 
we do not see many applications of these foundational ideas in the field of education and 
educational technology.

This article presents examples of model-testing from social, behavioral, and education 
disciplines that demonstrate the applications of theory-oriented mathematical modeling for 
research and theory advancement in education and educational technology. In addition, it 
highlights how mathematical modeling can contribute to expanding theoretical foundations 
of the field of educational technology.

Theory‑driven model‑testing examples

Example 1: The integrative theory of motivation, volition, and performance

The first example demonstrates the construction and testing of a unified theory in educa-
tional technology. Keller (2008) developed the integrative theory of Motivation, Volition, and 
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Performance (MVP) by synthesizing multiple theoretical approaches and explanatory frames 
of reference to take a broad view of the learning, motivational, volitional, psychological, and 
environmental factors that affect human performance. This theory can be characterized as a 
macro theory that incorporates various micro theories, including information-processing theo-
ries (Atkinson & Schiffrin, 1971; Mayer, 2001), motivation (Keller, 1999), action control the-
ory (Kuhl, 1987), self-regulation (Zimmerman, 2001), and implementation intentions (Goll-
witzer, 1999). Keller’s motivational theory (1999), also known as the ARCS model, served as 
one of the foundation blocks that led to the development of the integrative theory of MVP. The 
ARCS model describes motivational factors that influence learning and performance. Specifi-
cally, the first three factors, i.e., attention, relevance, and confidence, relate to learning con-
ditions. The fourth ARCS factor, satisfaction, describes the product of the learner’s mental 
appraisal of their ability to apply the newly acquired skills and knowledge to everyday life, 
which can be viewed as a learning outcome.

Using a systems model approach, Keller developed a conceptual MVP model to system-
atically represent relationships among explanatory components of the MVP theory (Fig. 2). 
The conceptual MVP model describes inputs (i.e., considered to play an important role in 
explaining the theoretical principle), interactions among them, and outputs (i.e., measurable 
behaviors to be explained). This conceptual model was later statistically tested using four dif-
ferent data sets from distinct digital learning environments (electronic textbooks, simulations, 
video games), learning content (statistics, biology, economic theory), settings (classroom, 
lab), and learners (undergraduate and graduate students from various majors; Huang et  al., 
2010; Novak, 2014; Novak et al., 2018).

The first investigation in this area revealed a significant model that provided empirical sup-
port for the ARCS model in an online instructional game with undergraduate students from 
various majors (Huang et  al., 2010). This mathematical model described the relationship 
between the motivational (attention, relevance, and confidence) and outcome processing (sat-
isfaction) variables using the following equation:

(1)Satisfaction (s) = A × Attention(s) + B × Relevance(s) + C × Confidence(s)

Fig. 2  The MVP model of motivation, volition, and performance according to Keller (2008). Reprinted 
with the permission of Keller (2008)
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 (A, B, and C are the positive parameters; s = student).
Later, Novak (2014) used Huang et al.’s (2010) model (Eq. 1) to develop an initial math-

ematical MVP model and statistically evaluate it using motivational, volitional, and perfor-
mance data with graduate students in a digital simulation-based learning environment. The 
following mathematical MVP model was revealed:

 (A, B, C, and D are the positive parameters; s = student).
Recently, Novak et al. (2018) statistically evaluated the initial MVP model (Eq. 2) for 

(a) fitting two new data sets with undergraduate biology from two different technology-rich 
learning environments, and (b) expanding the model by including additional variables that 
affect student outcome processing in e-text learning environments. Their study confirmed 
the generalizability of the initial MVP model across different digital learning environments 
and identified four additional variables in the MVP model, i.e., intrinsic cognitive load 
(IL), extraneous cognitive load (EL), number of academic hours earned in the degree (Aca-
demic_Background), and ACT math score (Prior_Knowledge):

 (A, B, C, and D are positive parameters; E, F, and G are negative parameters; s = student).
This expanded model fit both data sets well.
A comparison of MVP model’s variables across the studies that developed and tested 

MVP models showed that the model produced consistent empirical support for the ele-
ments of the MVP theory across various technology-rich learning environments and stu-
dent populations (Huang et al., 2010; Novak, 2014; Novak et al., 2018). The MVP model 
has research and practical implications. For researchers, it can explain how well the MVP 
theory matches the reality of the learning, motivational, volitional, psychological, and envi-
ronmental factors that influence learning and performance. For practitioners, it can serve 
as a tool for diagnosing and improving learning environments and student experiences in 
these environments.

Example 2: The unified theory of acceptance and use of technology

The second example illustrates the development and testing of a unified theory of user 
acceptance of new technology. User acceptance of new technology is one of the most 
mature research areas in the information systems field, and the literature offers myr-
iad competing user acceptance models and constructs. Oftentimes, researchers chose a 
“favored model” or had to “pick and choose” related constructs (Venkatesh et al., 2003), 
which did not contribute to expanding theoretical foundations of the field. To address this 
challenge, Venkatesh et al. (2003) developed the Unified Theory of Acceptance and Use of 
Technology (UTAUT) to create a unified view of the information technology acceptance 
research that explores user acceptance of new technology.

Venkatesh and colleagues empirically compared various user acceptance models to 
identify conceptual and empirical similarities across the models that were later used to cre-
ate and empirically validate a unified model. The authors empirically tested the UTAUT 

(2)
Satisfaction(s) = A × Attention(s) + B × Relevance(s) + C × Confidence(s) + D × Volition(s)

(3)

Satisfaction(s) = A × Attention(s) + B × Relevance(s) + C × Confidence(s)

+ D × IL(s) + E × EL(s) + F × Academic_Background(s)

+ G × Prior_Knowledge(s)
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in four different professional settings and cross-validated it with data from two additional 
organizations. This empirical testing revealed variables that influenced usage intention and 
usage behavior as well as several additional variables that mediated these relationships 
(Fig. 3).

To examine the impact of the UTAUT on the field, Venkatesh et al. (2016) conducted a 
comprehensive review of the UTAUT literature eleven years after the initial development 
of the UTAUT. Their review revealed that the UTAUT was used extensively across a vari-
ety of settings and users, including schools, hospitals, manufacturing and service sectors, 
digital learning contexts, e-government services, repeatedly validating the relationships 
found in the original UTAUT model. A total of 37 different UTAUT extensions were devel-
oped based on the original UTAUT model (Fig.  4). These UTAUT extensions extended 
the baseline UTAUT model with new mechanisms and variables predicting technology 
use and/or behavioral intention, thus making a considerable contribution to the research on 
technology acceptance.

Example 3: Teacher education and school effectiveness

Examination of the curriculum of teacher education across 15 countries

The effect of teacher education programs on future teachers’ knowledge and teaching 
practices is one of the major research areas in the field of teacher education (Qian & 
Youngs, 2016). Research on teacher education clearly shows that teacher quality is the 
most important school-related factor that affects student achievement (Goe, 2007; Qian 

Fig. 3  UTAUT Research Model. Adapted from “User acceptance of information technology: Toward a uni-
fied view,” by Venkatesh et al. (2003)
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& Youngs, 2016). Blömeke and Kaiser (2011) used a model-testing approach to exam-
ine curricula of teacher education programs in mathematics across 15 countries. Their 
research was motivated by a Tatto et al.’s (2008) study that compared teacher’s mathe-
matics content and pedagogical knowledge at the end of their training from 15 countries 
in Africa, America, Asia, and Europe. Tatto et al. (2008) found considerable differences 
of about one standard deviation in teachers’ knowledge outcomes across the countries. 
These findings prompted Blömeke and Kaiser (2011) to examine whether prospective 
teachers in different countries had similar opportunities to learn (OTL) mathematics, 
mathematics pedagogy, and general pedagogy during their training. They grounded 
their research in theories connecting educational opportunity and educational achieve-
ment (McDonnell, 1995), noting that research on OTL in teacher education is weak and 
not supported by robust empirical data. The model-testing approach allowed Blömeke 
and Kaiser (2011) to identify similar and distinct features of the curriculum of teacher 
education programs (OTL profiles) across the countries and examine the relationships 
of these OTL profiles to cultural contexts. In addition to laying a foundation for the 
discussion about homogeneity in mathematics pedagogy, this approach helped pinpoint 
culturally shaped visions of teacher knowledge and the teaching profession across dif-
ferent countries and within the countries’ programs.

An integrated model of school effectiveness and teacher education effectiveness

Scheerens and Blömeke (2016) examined the relationships among teacher candidates’ 
learning in teacher education programs and PreK-12 student achievement using a mod-
eling approach. They created and tested an integrated theoretical model of school effec-
tiveness and teacher education effectiveness to better understand the processes mediat-
ing the transformation of teacher knowledge into instructional quality that influences 
student achievement. Scheerens and Blömeke (2016) argued that this “extended educa-
tional effectiveness model … enriches a systemic interpretation of key levers of educa-
tional effectiveness and opens up black boxes at the system and the classroom level” (p. 

Fig. 4  Types of UTAUT Extensions. Adapted from “Unified theory of acceptance and use of technology: A 
synthesis and the road ahead,” by Venkatesh et al. (2016)
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70) by allowing the systematical examination of the relationships among different vari-
ables affecting teacher education and school effectiveness.

Example 4: A computer frustration model

The topic of computing frustration—an emotional outcome of a negative experience with 
using technology—has been studied primarily in the field of human–computer interface. 
Bessière, et al. (2006) developed a theoretical model for computer frustration by synthesiz-
ing existing theories on frustration to empirically examine frustration as an emotional or 
pre-emotional response to various obstacles in computer usage that hamper goal achieve-
ment. They explored how computer frustration affects users’ experiences associated with 
negative computing experiences focusing on two types of outcomes: (1) situational factors 
that relate to specific events, e.g., the importance of the task, severity of the interruption, 
and frequency of occurrence, and (2) dispositional factors, e.g., user self-efficacy, experi-
ence, mood, demographic characteristics (Fig. 5).

Fig. 5  The computer frustration model. Adapted from Bessière et al. (2006)
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In the field of educational technology, computing frustration can be viewed as an emo-
tional or pre-emotional response to unexpected obstacles impeding learning with technol-
ogy, as students’ experiences with technology directly relate to their attitudes toward the 
technology and intentions to continue using the technology as a learning tool. Novak et al. 
(2021) examined the application of Bessière et al.’s (2006) model of computer frustration 
to study students’ frustration with e-textbooks. Novak et al.’s (2021) study pinpointed the 
relationships between students’ computer experiences, cognitive load, motivation, back-
ground characteristics and e-textbook frustration, confirming several of the relationships 
presented in the Bessière et al. (2006) original model but also expanding it by identifying 
new cognitive and motivational variables that influence e-text frustration.

Implications: toward an integrated theory of effective online learning

The field of online (also referred to as distance) education has seen a tremendous growth in 
scholarship over the past several decades. Michael Graham Moore in the Preface to his and 
William Diesl’s (2018) Handbook of Distance Education notes that this growth has con-
tributed to the “splitting of the field into component specialties” (Moore, 2018; p. xii), such 
as e-learning, Internet learning, distributed learning, networked learning, blended learn-
ing, virtual learning, Web-based learning, distance learning, and tele-learning. Each of the 
component parts of the online/distanced education field has generated an enormous num-
ber of publications, new journals, and unique conferences and interest groups. Although 
this “splitting” and the breadth of the field is common to any maturing field, it creates a 
problem—a lack of unified foundational knowledge and theory that is readily accessible 
to all specialties of online/distance education (Moore, 2018). Research in this area utilizes 
a variety of recognized theoretical foundations such as Community of Inquiry (Garrison 
et  al., 2000), Connectivism (Siemens, 2004), Theory of Interaction and Communication 
(Holmberg, 1985), Online Collaborative Learning (Harasim, 2012), Transactional Distance 
(Moore, 1997), and Independent Study (Wedemeyer, 1981). In addition, various learning 
theories from behaviorist, constructivist, and cognitive schools of learning can be applied 
to online learning (Anderson, 2008). To integrate the work of many theorists, Terry Ander-
son developed a model of online learning as a “first step toward a theory in which the 
two predominant forms of online learning—collaborative and independent study—are 
considered” (Anderson, 2008, p. 7; Fig. 6). Moreover, he emphasized the utility aspect of 
online learning (i.e., effective online learning): "We need theories of online learning that 
help us to invest our time and limited resources most effectively" (Anderson, 2008, p. 46). 
Although the proposed theory was incomplete, the model identified many important vari-
ables and relationships among them.

Picciano (2017) continued Anderson’s work of constructing an integrated model for 
online education (Fig. 7). Picciano’s model was developed based on an analysis of some 
of the aforementioned theories of online education as well as behavioral, social con-
structivist, and cognitive theories and their derivatives, e.g., Wenger and Lave’s (1991) 
Communities of Practice, Wenger’s (1998) Situated Learning, Atkinson and Shiffrin’s 
(1968a, 1968b) Information Processing, neuroscience research (Willingham, 2008), 
and Knowles’ (1998) Adult Learning Theory (Andragogy). Picciano’s model identifies 
several theoretical constructs of online education but does not explain the relationships 
among them. Picciano (2017) concludes his discussion of the proposed model by posing 
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a critical question of whether it is possible to develop an integrated theory of online 
education. Mathematical modeling can help answer this question by empirically testing 
the proposed theory of online education. It can also expand the theory by examining 
additional factors that are critical to online learning. Moreover, it can help advance the 
much-needed research on educational globalization and cross-cultural online learning 
(Moore, 2018; Zawacki-Richter et al., 2009).

Means et al. (2014) framework for research on online learning (Fig. 8) may prove to 
be a useful tool when applying mathematical modeling to testing and/or constructing an 
integrated theory of online learning. After conducting a seminal meta-analysis on the 
effectiveness of online and blended learning (Means et al., 2013), Means et al. (2014) 
proposed a framework for research on online learning that offers four possible dimen-
sions that characterize online learning: (1) context, (2) instructional design, (3) imple-
mentation, and (4) outcomes (Fig. 8).

They argued: “Our ability to accumulate knowledge about the kinds of online 
learning experiences that produce desired effects for specific kinds of learners under 
a given set of circumstances would be greatly enhanced if every research report used 
these dimensions and an agreed set of more specific features within each dimension to 

Fig. 6  Anderson’s (2011) model of online learning. Adapted from Anderson (2011)
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generate comprehensive descriptions of the interventions they studied” (Means et  al., 
2014, pp. 8–9). Clearly, this recommendation suggests a unified or integrated approach 
to research on online learning and can potentially contribute to the development of an 
integrated theory of online education.

In summary, this section provided one example of how mathematical modeling can 
advance the field of online education. There are many other areas of educational technol-
ogy that can benefit from using mathematical modeling. For example, research on barriers 

Fig. 7  Picciano’s (2017) model for online education. Adapted from Picciano (2017)

Fig. 8  Means et al. (2014) Four 
dimensions of online learn-
ing. Adapted from Means et al. 
(2014)
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to technology integration in K-12 education (Ertmer, 1999; Hew & Brush, 2007) is con-
tinuing experiencing an overwhelming growth in scholarship. But most studies in this field 
take a narrow approach when examining possible barriers to technology integration focus-
ing on teachers’ technical skills and attitudes toward technology (Hew & Brush, 2007). 
This approach is dangerous, because it presents a very limited view, without taking into 
consideration the environmental, curricular, psychological, and content knowledge factors 
that affect teachers’ ability and willingness to use technology in a classroom. A unified 
approach that relies on mathematical modeling to develop a theory of technology integra-
tion in K-12 education can advance the theoretical foundations of the field and contribute 
to more impactful research.

Conclusion

The field of educational technology, learning, and design offers a great number of middle-
range theories. In such fields, it is advisable to attempt the construction and statistical test-
ing of unified theories that synthesize multiple middle-range theories (Opp, 1970; Rodgers, 
2010). Since a unified theory can explain a set of middle-range theories, then it can explain 
at least the same events as all middle-range theories that informed the unified theory. Thus, 
unified theories can facilitate and speed-up the process of inquiry as well as create oppor-
tunities for new research directions that would not have otherwise happen. Moreover, a 
unified theory in the field of educational technology can serve as a platform for research 
across different research paradigms and digital learning environments.

At the same time, it is imperative to continue using middle-range theories to further 
expand the theoretical foundations of the field as well as develop new theories that offer a 
new perspective of looking at phenomena. Studies that use a theory to frame their research 
and find refinements to the theory are especially valued due to their contribution to research 
and theory development (Hew et al., 2019; Straub, 2009).

Although mathematical modeling is not the only approach to theory construction, it 
offers a sophisticated way of thinking about relationships between variables that can ben-
efit theory construction and testing efforts in the field of educational technology. For exam-
ple, mathematical modeling can be used to expand theories examining relationships among 
different variables that do not have extensive empirical support. Well-developed theories 
can be used to develop and test mathematical models in culturally diverse settings. In addi-
tion, models can be tested with different educational technologies and learners in different 
contexts and settings. Models that produce consistent results are considered more robust 
(Johns, 2006; Venkatesh et al., 2016). These theories and models are particularly suited for 
future research that aims to examine possible theoretical extensions in new contexts and 
settings. Models that do not provide consistent support for the theories, or do not general-
ize well to new contexts and learners, present research opportunities that can expand theo-
retical foundations of the field.
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