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ABSTRACT`
Improving engineering education is a widely researched topic in academia. However, little
research exists that analyzes solely the Industrial Engineering classroom. The goal of this research is to
identify and implement the significant factors of student satisfaction and motivation within the
undergraduate industrial engineering classroom. A random sample of 107 junior Industrial Engineering
students at Penn State was asked to complete a student satisfaction and motivation. Student satisfaction
was found to be influenced by three main factors: Instructor interaction and Feedback, Classroom
Environment, and Modes of Instruction. The three overarching factors were further described by
individual models with multiple factors. After creating ordinal logistic regression models, the
statistically significant factors were identified by analyzing p-values against a chosen significance level.
For the Instructor Interaction and Feedback model, the following factors should be implemented into the
classroom: provide detailed feedback on assignments and exams, be an approachable instructor, stress the
importance of course material, and relate course material to student interest to increase student motivation
and satisfaction. Within the classroom environment model, the use of real-world applications should be
used, as well as applying skills to future career paths, relating all course activities, and encourage active
participation in the classroom. Lastly, for the modes of instruction model, interactive PowerPoint lectures,
problem-solving sessions, and group-work all significantly influence satisfaction. An approach to
implementing the eleven significant factors was deemed the “Interact, Cultivate, and Deliver” method,
also known as I-C-D. If the I-C-D method is implemented into the Industrial Engineering classroom,
overall student satisfaction is predicted to significantly increase, leading to increased student satisfaction
and motivation levels. A pilot study within this work showed that student satisfaction and motivation
levels were significantly better for a course where the I-C-D method was implemented when compared to
the overall predicted satisfaction levels of students across three courses captured within the student
survey.
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Chapter 1
Introduction

1.1 Personal Motivation
Throughout my five years at The Pennsylvania State University, shared between my
undergraduate and graduate experience in the College of Engineering, I have taken a wide variety of
courses with many different professors. As long as I can remember, I have always loved school and
learning, but I found myself becoming disinterested in some of the course material and its applications.
To put it simply, the way I learned and processed material in the classroom was not aligning with how the
courses were being taught. One of the main reasons I pursed engineering as a college freshman were the
technical applications of engineering to the real-world. I learn most effectively through hands-on
problem solving and seeing the results in action, but the classic classroom environment that is ubiquitous
at Penn State favors large lecture halls. This all too familiar setting with PowerPoint slides of material
and the instructor at the front of the classroom for 50 minutes loses the interest of many students. As I
completed each semester, I continued to strive to find ways to match my learning style and studying style
to enjoy and thrive in the classroom again.
In the spring of 2012, I was enrolled in IE 302, an undergraduate engineering course in the
Industrial Engineering department, which focused on Engineering Economics with Dr. Paul Lynch. Early
on in the semester, I approached Dr. Lynch to honors option the course. This honors option led to finding
a research topic that truly interested me relating to improving the engineering classroom. After speaking
with Dr. Lynch and his graduate student, I was able to join his research project to better understand the
learning styles, student motivation, and classroom dynamics in the Industrial Engineering department.
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Through this relationship that began as a supplemental honors project, Dr. Lynch and I have been able to
perform research on Engineering Education for the past three years.
In the fall of 2013, I was able to join the Integrated Undergraduate Graduate Program through the
Industrial Engineering Department and the Schreyer Honors College. I have thoroughly enjoyed
continuing my education at The Pennsylvania State University and continuing my research to improve
student satisfaction within Industrial Engineering Education. With this extra time, I have been able to
delve even deeper into my research and successfully build quantitative models that predict student
satisfaction in the classroom.

1.2 Research Motivation
As the need for engineers in society continues to grow rapidly, it is of vital importance to retain
engineering students and provide a satisfying academic experience that will prepare the students for the
challenges of the real world. Extensive research has been performed on retaining freshman engineering
students, the learning styles of engineers, and factors associated with classroom vitality within
Engineering Education. Although it is critical to retain students in engineering (and is the first step to
improving engineering education and having more engineers in society), little research has been
performed on studying the engineering classroom after the first year of study. Therefore, the need for
understanding the factors that predict student satisfaction in the engineering classroom is required to
further improve the education offered to students. Through research and literature, it is also known that
Industrial Engineers tend to have different learning styles than other engineering students. Previous
research under the direction of Dr. Paul Lynch showed the breakdown of learning styles within a sample
of the Industrial Engineering student population at The Pennsylvania State University. This information,
in conjunction with another screening experiment that showcased the driving factors of student
satisfaction, was used to move forward into the next phase of quantitatively modeling these results.
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Since a pillar of IE concepts rests on analyzing and improving systems through data analysis, the
Industrial Engineering classroom will be studied using statistical modeling to show significant factors that
can be changed to improve student satisfaction. These models will show the significant factors within
the categories of Instructor Interaction and Feedback, Classroom Environment, and Modes of Teaching
for overall student satisfaction. These factors will be implemented into a test classroom in order to see
the effect on student satisfaction. Recommendations on how these factors can be implemented to improve
the Industrial Engineering classroom will allow this research to improve industrial engineering education
at The Pennsylvania State University and other similar industrial engineering programs in the nation.

1.3 Research Objectives
After studying the literature and previous work on Engineering Education, it was clear that little
research existed on improving student satisfaction with their courses. Very few researchers are analyzing
the different types of engineers separately, but rather making large generalizations about the engineering
student body in general. Therefore, the research objective of this thesis will be to quantitatively show the
stimulating factors to student satisfaction in the classroom. Much research has been performed on
matching learning styles to teaching styles, but many instructors and educators believe that there are too
many learning styles and factors to consider for each student, thereby deeming the classroom changes too
difficult to institute. The goal of this research is to find the most significant predictors of student
satisfaction and present the results in a compact format that will allow easy implementation for
instructors. This research will be supported with multiple regression models that will quantitatively show
significance within the categories of Instructor Interaction and Feedback, Classroom Environment, and
Modes of Teaching. Although this study represents a sample of the population at a major public
university, the suggestions can be implemented at colleges and universities to improve Industrial
Engineering student satisfaction with their education.
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Chapter 2
Literature Review

2.1 Learning Styles
Students learn differently in the classroom – some tend to focus on facts, data, or problems, while
others are more easily intrigued by theory and models [1]. In classroom settings, especially within
STEM majors, instructors often teach in a manner that is not aligned with the dominant learning styles of
the students. Students should be challenged by their instructors to learn outside of their preferred learning
styles; however, students may also become disinterested in the classroom and lack motivation if only one
or two of their learning style preferences are being met [1]. Richard M. Felder has performed extensive
research on engineering education, specifically analyzing how students learn best in the classroom. He
states that the overall goal is to “teach around the cycle”, ensuring that learning needs of each student are
met as least a fraction of the time [1]. Learning style models can be helpful to classify students and
determine how students acquire and retain information [1].

2.1.1 Types of Learning Style Models
Dozens of learning style models exist today, but only a select few have been used to analyze
engineering education. The main four models used in research pertaining to improving engineering
education are as follows: the Myers-Briggs Type Indicator, Kolb’s Learning Style Model, the Herrmann
Brain Dominance Instrument, and finally the Felder-Silverman Learning Style Model. The Myers-Brigg
Type Indicator focuses on preferences derived from psychologist Carl Jung’s Theory, leading to 16
different learning style combinations [2, 3]. One such combination that is often used for engineering
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classrooms is INTJ, which refers to “introvert, intutitor, thinker, and judger” [2]. This type of learning
style would lend itself to classic lectures, focusing on theory with abstract concepts. This classroom
would also abide by a strict syllabus plan, rather than solving problems creatively [2]. The next type of
del is the Kolb’s Learning Style Model, which focuses on how students take in information and how the
information is internalized [1, 3]. This model has four total learning style classifications, which tend to be
easier to implement into the classroom [3]. Traditional engineers respond to organized information and
tend to reflect after learning information [1]. The Herrman Brain Dominance Instrument actually focuses
on the physical areas of the brain (left brain vs. right brain, cerebral vs. limbic) to classify learners into
four classifications [1]. Engineers tend to use their left brain, leading to a more analytical approach in
the classroom, while focusing on procedures in a sequential manner [1]. The final and most relevant
model to this research work is the Felder-Silverman Learning Style Model, which will be discussed indepth in the next section.

2.1.2 The Felder-Silverman Learning Style Model
The Felder-Silverman Learning Style Model was developed based on aspects of the Myers-Brigg
Type Indicator and Kolb’s Learning Style Model. This model was created to analyze the learning styles in
engineering education, the learning styles preferred by students, the teaching styles used by instructors
and teachers, as well as the strategies to deliver facets of each category in the classroom [4]. The FelderSilverman Model strives to answer the following five questions to categorize a student’s learning style:
(1) What type of information does the student perceive?
(2) Are visual or auditory cues more effective to internalize external information?
(3) Are students more comfortable with facts and observations leading to underlying principles
or principles directly given and applications are deduced?
(4) Do the students prefer to actively participate in the classroom or reflect on the material?
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(5) Do the students sequentially step through the learning process or make large jumps in
information? [5]
The hybrid model developed by Richard M. Felder of North Carolina State University and Linda
K. Silverman of the Institute for the Study of Advanced Development, has its foundations in marrying
modes of learning with modes of teaching styles [5]. Through this connection, it will be easier for
instructors to implement changes into the classroom to effectively teach students. Figure 1 shows the
original dimensions of Learning and Teaching styles that were first proposed by Dr. Felder and Dr.
Silverman [5].

Figure 1. Learning and Teaching Styles [5]
In the early 2000s, Dr. Felder modified the learning styles model, eliminating the
“inductive/deductive” dimension, as these dimensions more directly affect the teaching methods
(discussed in the next section) [5]. Inductive and deductive teaching methods can be effective ways of
delivering information to the many learning styles. Therefore, the four dimensions of learning styles in
the Felder-Silverman Learning Style Model are sensory vs. intuitive, visual vs. verbal, active vs.
reflective, and sequential vs. global [5]. Each student will fall on one side of each of the aforementioned
categories, as no student is purely an “active” learner. This model will capture the side the student favors
within each of the four categories of the Learning Styles Model.
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2.1.2.1 Sensing and Intuitive Learners
The dichotomy of sensing vs. intuitive learners comes directly from the Carl Jung theory of
Learning Style models [6]. This tier refers to how the world is perceived. Sensing involves interacting
with settings using one of the five senses, whereas intuitive learners like to mentally digest facts or pieces
of knowledge [6]. Sensing learners tend to appreciate raw data and actual experimentation to draw
conclusions, whereas intuitive learners tend to conclude based on “hunches” [5, 6]. Sensing learners
enjoy problem solving sessions and repetitive techniques while studying, whereas intuitive learners tend
to thrive on innovation and surprising situations that tend to test knowledge [6]. Therefore, it would not
be surprising that intuitive learners are able to grasp new concepts easily and quickly, whereas sensing
learners tend to practice and memorize information [6]. Although no student embodies only sensing or
intuitive learning traits, the classic engineering classroom tends to favor intuitive learning, as most
instructors tend to personally identify with this learning style [5, 6]. Most classrooms are lecture based
with an emphasis on words and figures, leaning towards intuitive learners [6].

2.1.2.2 Visual and Verbal Learners
Visual and verbal learners relate to how students receive information into two of the five senses
that most directly relate to the classroom setting [6]. Visual learners retain information by studying
pictures, graphs, timelines, or films [6]. These types of learners cannot simply sit in lecture halls with
instructors at the front of the classroom, as no information will actually be retained. On the other hand,
auditory learners are able to process words and sounds into facts that can easily be recalled [6]. Auditory
learners tend to enjoy active discussions and benefit from teaching others concepts or information [6].
Most engineers are visual learners, but classrooms are geared toward auditory learners through the
predominant “lecturing” style in classrooms today [6].
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2.1.2.3 Active and Reflective Learners
The Active and Reflective learner styles focus on the mental process of converting information
into knowledge that can later be easily retrieved for use [6]. Active experimentation involves physically
doing something with the information at hand, whereas reflective observation involves manipulating the
information and finding a passive way to internalize the information [6]. The active and reflective
learners are closely related to the introvert and extrovert types from the Myers-Brigg model [6].
Active learners do not tend to learn well in classic lecture hall situations, as they are not able to
experiment with the information. Therefore, labs and problem solving sessions would help active learners
absorb information, through trial and error with physical specimens. Active learners also tend to work
well in groups, whereas reflective learners like to theoretically work through problems alone [5, 6].
Although it would seem that lectures would lend well to reflective learners, reflective learners do not
learn much in situations where there is little opportunity to reflect on the information presented [6].
Therefore, the time-based constrictions that instructors are under to teach course material in limited time
would eliminate the time for reflective learners to digest the information.
Active learners and sensing learners (from section 2.2.2.1) seem very similar, both tending to
enjoy physical experimentation and learning through external means, active learners and sensing learners
are actually quite different [6]. This can also be stated for reflective learners, who tend to ruminate on
information for optimal understanding [6]. However, sensors may process their information either
actively or reflectively [6]. This distinction is very important, as each category of learning styles is
related to the stages of understanding information, from perceiving information to internalizing
information for later use [5, 6]. This shows that one learning style category interacts with the other
categories to create a specific learning style for each person.
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2.1.2.4 Sequential and Global Learners
Sequential learners enjoy paced lectures with a clear timeline of events for the semester [6].
Sequential learners tend to learn as the material is being presented in the classroom, whereas global
learners tend to be confused in relation to how all the steps fit into the larger picture [6]. Global learners
have the classic “ah-ha!” moments that lead to full understanding of the topic at hand. Both sequential
and global learners make fantastic engineers, but global learners tend to have a difficult time getting
through the academic system [6, 7]. Global engineers tend to be great systems thinkers, as they see the
connection points that many others do not tend to see [6].
Sequential learners enjoy following a linear set of steps when reasoning through problems [6].
The classroom setting followed by most universities is very conducive to sequential learners, as syllabi
tend to follow a “check-list”. Sequential learners also tend to hit roadblocks when struggling with certain
concepts along the way [6, 7]. Homework assignments tend to be a great practice for sequential learners,
as the problems can be stepped through easily [7]. Sequential learners also enjoy starting with the very
basics of a topic and steadily move towards the more different areas.
Global learners often have difficulty in school, as students tend to “catch-up” on material
throughout the semester [6, 7]. Global learners are not able to always explain how they arrived at
solutions [6]. These students also tend to jump directly into hard material, which makes academia a very
difficult experience for global learners [6, 7]. Global learners tend to feel lost in the classroom, as they
are not able to stay on the same timeline as their fellow sequential learners [6].

2.2 Teaching Styles in the Classroom
Through researching how learning styles and teaching styles interact, maximum retention and
understanding of the subject matter can be obtained, as well as higher student satisfaction with their
engineering education, when teaching styles match the learning styles of the students [8].

Often,

10
students are taught the material and tested on the material with little to no application to the real-world,
which can lead to a lack of student motivation in the classroom [9]. There are many forms of teaching in
the classroom, such as lecture based, inquiry based, individual vs. group, etc., as seen in Figure 2 [8].
Some of the teaching forms fall under the “inductive” and “deductive” teaching methods that will be
discussed in further detail. Cooperative learning, model eliciting learning, and experiential learning are
other forms of teaching that can be integrated to improve the classroom.

Figure 2. Teaching and Learning Style Web [8]

2.2.1 Cooperative Learning
Cooperative learning involves students working in teams to accomplish a common goal.
Individual team members are responsible for specific content or parts of the assignment or project.
Compared to lecture and homework based courses, students who were taught in a cooperative manner
have typically higher academic achievement, gain better reasoning skills, and a deeper understanding of
the material. Students also gain a more positive and balanced relationship with peers in group work, as
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well as higher self-esteem, when participating in group work [10]. By the nature of cooperative learning,
it is an active learning technique, where students are physically doing something to accomplish a goal
[10]. When working alone, students often get discouraged and give up, whereas in group learning, the
students work through the difficult steps [10, 11]. Students in cooperative learning groups have “positive
interdependence” on one another, which means that if one member fails to meet the requirements, the
whole team will suffer [10, 11]. The team must literally view their successes and failures in a “sink or
swim” mentality. There is also increased persistence in STEM courses when students work together.
Students teach and learn from one another in this form of learning, which helps students learn how to
simply convey complicated material [11].

2.2.2 Model-Eliciting Activities
Model-Eliciting Activities (MEAs), often presented to student teams, are open-ended, real-world
problems that evoke the use of a specific model presented in the course. Conceptual learning and
problem solving skills are often improved through the use of MEAs. The students are encouraged to
build a basic mathematical model, showing the student group’s approach and solution to the problem.
Model eliciting activities are focused on the steps that the students took to reach the solution [12].
Six main steps exist that distinguish Model-Eliciting Activities from other forms of learning.
First, the problem presented must be solved creating a mathematical model. The problem must also
reflect a realistic situation that could be extended to previous knowledge. Next, throughout the course of
the project, the students must evaluate and assess the accuracy and validity of their model. Since the
process is the most important part of the activity, students must also document their steps and approach
throughout the course of the project. Any created model under this teaching style must also be easily
transferred to other similar problems. Lastly, the final model must be an effective solution that will allow
students to apply knowledge to more complex situations [12].
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2.2.3 Experiential Learning
Experiential learning is different from the traditional classroom environment due to its focus on
the process of learning, rather than the product of learning. The classroom is more student-focused and
allows the instruction to have a semi-structured approach. Students have a more active and personal stake
in the learning process in this model. The main steps of experiential learning are as follows: physically
experiencing the technique, reflecting upon the technique, and drawing connections of how to apply the
concepts in the future. The instructor should also emphasize “spontaneous” learning as the problem or
experiment unfolds. Students will strengthen their decision making skills in this process, which can be
applied to future courses and careers [13].

2.2.4 Deductive Teaching Styles
Deductive teaching styles are the style typically found in many modern day engineering classes
[14]. This is the type of lecture style teaching that would have been seen many centuries ago, as stated by
Dr. Richard Felder in his comparison to the 21st century classroom to a 12th century classroom [15].
Instructors begin by introducing the generalities of the topic, followed by the mathematical models,
practice with homework, and finally an exam testing the material [14]. This method is often seen in the
classroom, as “it is the way it’s always been done” and requires little to no change in the traditional way
that instructors are accustomed to teaching [14, 18]. The students are not aware of future applications of
the material or why the material is being presented within the course in the first place [14]. This can lead
to a lack of motivation and interest in the course [5, 14]. Although frustrating at times for students, the
deductive teaching method actually has a significant strength in its specific focus to the material [16].
The lesson objective is clear and the teaching is directly related to reaching that goal [9, 16]. Questions
posed by students are also based on the basic theory the instructor presented. After observations are
made, the takeaways and final conclusions of the topic are revised [16].
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2.2.5 Inductive Teaching Styles
Inductive teaching methods show the students the importance of the material, through specific
and complex challenges [9, 14]. Bransford, Brown, and Cocking (2000) surveyed neurological and
psychological findings that led to strong support of inductive teaching methods, as compared to deductive
teaching methods [7, 9]. Inductive teaching methods truly cover a large variety of instructional methods,
from inquiry learning, problem-based learning, project-based learning, as well as many others that will be
discussed in detail [9, 14]. The concepts needed to solve the problem are not directly covered in lecture
or otherwise in the classroom, as in a deductive teaching method [9]. These methods are termed “student
centered”, as the responsibility for mastering the need-to-know concepts falls to the students [9, 14]. The
methods to address the challenge differ in scope [16]. Inductive teaching styles are constructivist
methods, allowing students to form their own perceptions of the material to fit into their perception of
reality [14]. The new information presented to students are sorted in their minds and related to prior
knowledge, preconceptions, and beliefs [14]. Cooperative learning is a specific way to approach group
work that often occurs in Inductive teaching methods.

2.2.5.1 Inquiry Based Learning
In this method, students are presented with a question to be answered, a data set to be analyzed,
or a hypothesis to be tested. By working through the problem, the necessary material is learned in the
process [9]. Different types of inquiry based learning exist, such as structured inquiry, guided inquiry,
open inquiry, and finally process-oriented-guided-inquiry learning (POGIL) [9, 14]. Of the types,
process-oriented-guided-inquiry learning has proven to be effective in the classroom or laboratory setting
within engineering [14]. POGIL is particularly effective when students are placed in groups and the
instructor acts as the facilitator during the activity [9]. Many pilot studies have been performed on this
type of research, at UC Berkley and North Carolina State University, leading to positive student outcomes
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[9, 14]. Students had improved critical thinking skills, greater independent inquiry; each student took
responsibility for their learning, and finally increased ability toward intellectual growth [14].

2.2.5.2 Problem Based Learning
In problem-based learning (PBL), students are given an open-ended, real-world problem with
little to no direction to reach a solution [9, 14]. Therefore, the students take charge in defining the
problem, working through potential solution paths, and finally choose the best option to determine a
solution. Problem-based learning originated in medical and health related education practices, but more
recently has firm roots in the sciences and engineering classes [9].
Problem-based learning often has a tradeoff between knowledge acquisition and skill
development [14]. Often, gaps can occur in the learning process, as different groups of students could
approach the problem divergently and therefore do not cover the same material [14]. Students also are not
acclimated to being responsible for their learning, which can make problem-based learning a difficult
transition for some students. However, students tend to retain information and give generalizations of
gained knowledge long after the course. Curious thinking and simultaneous thinking instead of sequential
thinking are also encouraged within problem-based learning [17].
Typically, these projects span at least a week within the academic calendar [17, 18]. Projects can
even act as a “pull” system in the classroom – allowing for the topics researched and analyzed by students
to become part of the curriculum in the course [18]. Problem-based learning activities can be difficult to
implement into the classroom, as it may force instructors out of their area of expertise as the students
approach a solution [17]. For example, if a particular group would focus more on the financial impact of
the problem at hand, some more in-depth financial concepts may be used, which are not in the skill set of
the instructor. The instructor must also ensure the student is gaining the proper knowledge from the
problem, even though the problem is very open-ended [18].
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2.2.5.3 Project Based Learning
Project-based learning allows students to take control of a multi-week or semester long project
that has a deliverable, such as a computer program, a simulation, or an in-depth statistical analysis on the
topic [9, 14]. In opposition to problem-based learning, the focus of the project is the end deliverable and
the knowledge needed to complete the project has been gathered throughout the course [9]. Instructors
must decide if the project will follow strict guidelines that abide to the curriculum or allow the project to
take form as the semester proceeds [14].
Both problem-based learning and project-based learning have the fundamental similarity of
finding a solution to a problem. However, projects often allow more student collaboration in teams, as
well as allowing the feeling of simulating a realistic problem [9, 19]. De Graaff and Kolmos deduced that
there were three fundamental types of project work – task projects, discipline projects, and problem
projects, based on the differing amounts of instructor centered direction. The task and discipline projects
often have a high degree of planning and input by instructors, while the problem projects allows the
students to have more control of the end result [19].
Similarly to problem-based learning, students often gain better problem-solving skills, overall
understanding, better attitudes toward the course, and comparable or better performance on exams [9].
On the other hand, students are often unable to master a “full-picture” of the fundamental concepts in the
course [9]. Team interaction and division of work can also directly affect the amount of knowledge
gained from a project. In an example of project based learning in an Engineering Economics classroom
at California Polytechnic State University, the instructor assigned a project dealing with the creation of a
stock price prediction model [18]. The instructor based the project on a real-world example from her
previous career in industry [18]. One student mentioned that “having a less structured and as-needed
instruction with the overarching project…was helpful as it allowed for the consumption [of information]
and an opportunity to immediately apply it” [18]. In project based learning, students also gain the
teamwork skills necessary to continue to excel not only in college courses, but in their future careers.
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2.2.5.4 Case Based Learning
In case-based learning, students are able to study real-world examples of problems that are likely
to be encountered in the field of study [9]. Since historical cases do not always match the goals of the
course, instructors often create cases for the students to study [9, 14]. Cases often have a description
explaining the situation before the problem at hand, as well as any resources or constraints on the goods
or outcomes [14]. Students are asked to consider the case in relation to prior knowledge gained and
formulate a solution strategy [14]. In relation to other inductive based learning techniques, students are
able to retain more of the gained knowledge, due to the association with a real-life problem [9]. Students
are able to see their solution and potential impacts upon a real problem that occurred in industry.

2.2.5.5 Discovery Learning
Discovery learning allows students to have free reign throughout solving the problem. The
instructor provides little to no direction, only some feedback after students have started to work through
the problem [9, 14]. As in the title, students “discover” the type of knowledge and information needed.
[14]. This method of teaching is inherently risky, however, as the students would not be able to discover
each piece of the curriculum and course plan [14]. Due to its relatively open ended nature, many
instructors do not implement this type of learning into the classroom. However, guided discovery can be
more helpful, as the instructor would provide more structure to the problem [9].

2.2.5.6 Just-In-Time Teaching
Originally developed by physics faculty at the U.S. Air Force Academy, Indiana UniversityPurdue University, and Davidson College, just-in-time teaching (JiTT) blends web-based exercises and
active learning exercises [9, 14]. The unique aspect of Just-in-time teaching relates to the pre-class web
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exercises that require the student to read the course notes and textbook prior to the course [14]. This
method encourages students to review the material prior to the class time and allows the instructors to
modify the course plan based on the results of the web-based exercise [14]. Effectively, the instructor is
honing in on common misconceptions or difficult material that requires more class time to master. The
largest benefit from Just-in-Time teaching is the preparation that students receive by the nature of the
method [9, 14]. Interaction and preparation with the course material ahead of class time allows students
to reinforce the concepts learned while in the classroom, instead of seeing the material for the first time.
However, students that do not effectively use this teaching method will often fall behind with basic
concepts, as basic concepts will not be as heavily covered as the material deemed more difficult by the
class population.

2.2.6 Summary of Teaching Styles
Relating learning styles to teaching styles is a very important aspect of making effective changes
in the classroom. For sensing learners, concrete learning styles should be used, such as the presentation
of facts and data [5]. On the other hand, intuitive learners favor theory, which falls under the deductive
form of teaching [5]. A balance of both inductive and deductive teaching methods can be used to reach
the students [9]. Visual and verbal learners can be met by having a mix of graphical diagrams and charts,
as well has having speeches and other auditory cues [5]. Active and reflective learners are mainly met by
the type of student participation that is encouraged in the classroom [5]. Sequential and global learners
are split between the general understandings of the material versus the perspective of the material [5].
Cooperative learning, model eliciting activities, and experiential learning should be used in conjunction
with the methods of inductive learning to best reach all types of learners in the classroom. Overall,
inductive learning styles have more student benefits than deductive teaching methods and are also offer
more combinations to reach the learning style needs of the classroom. The overall benefits of inductive
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teaching styles are greater than the benefits of deductive teaching methods, as the students are more
engaged in an inductive classroom.

2.3 Student Perceptions in the Classroom
At first glance, it would seem that students may not be interested in a course solely because of the
topic being taught. However, it has been noted in many studies that students often enjoy and become
interested in material simply because the instructor shows passion and enthusiasm about the course
material. Students also approach their learning based on self-concepts of capability in other classrooms
and overall motivation towards education. Satisfaction, self-efficacy, motivation, and classroom
environment are factors in the classroom that each student perceives differently. Understanding these
factors can allow instructors to better motivate and provide a satisfying classroom experience in the
students’ education. Most importantly, understanding the interaction and implementation of improving
satisfaction, self-efficacy, motivation, and the classroom environment can allow maximum improvements
to be implemented into the student perception aspect of the classroom.

2.3.1 Satisfaction
In relation to the classroom, student satisfaction is the perception of the learning experience and
value in the course. Satisfied students tend to persist through difficult classes and have overall better
academic performance in their academic careers. Learners can gain satisfaction in many ways, from
feeling a sense of achievement or receiving reinforcement for results.

Intrinsic reinforcement may be

given by having a former student speak to the class about the benefits of the skills gained in the
classroom. Students also tend to be more satisfied if the same expectations and grading standards are
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used throughout the semester. Students see more value and become more satisfied with the course
material when the newly learned material can be directly applied to a real-life application [20].
Students also have increased satisfaction through student-teacher interactions in the classroom.
These relationships have been correlated to higher overall GPAs, degree attainment, graduating with
honors, and pursuing further higher education. In a study performed at The Pennsylvania State
University based on a first-year engineering design course, it was found that instructor interaction was the
main driving factor to overall student satisfaction. Most notably, when the expectations of students are
clearly defined by the instructor, the students feel they are able to succeed in the classroom [21].

2.3.2 Self-Efficacy
Self-efficacy refers to personal judgment on the capability to complete a task [22]. Student
efficacy beliefs will influence the amount of effort students put into classes, how students face challenges,
and the ability to cope with the demands of academics [23]. Many research studies have shown that
positive self-efficacy correlates with college achievement and high levels of motivation [22]. In
comparison with confidence levels, self-efficacy relates more to the actual planning and self-regulation
throughout the course of the class [22, 23]. Students both need the ability and motivation to learn the
skills in an engineering environment, but they also need a strong belief in their capabilities.
Increasing self-efficacy in the classroom can be accomplished through the use of self-efficacy
assessments, such as mastery experience, vicarious experience, verbal persuasion, and emotive states.
Mastery experiences ask students to reflect on previous experiences as successes or failures. From this,
students will be able to develop a perception about a similar situation and assess whether they will be
capable of completing the task successfully. Vicarious experiences allow students to draw conclusions
on their own potential success based on the success of others, such as peers in the classroom. In
engineering classrooms, vicarious experiences occur often in group work, as students tend to take the
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perspective “if he/she can do it, so can I”. Verbal and emotive techniques for increasing self-efficacy are
sometimes less effective, as there are not concrete examples of success for students to base their
individual perceptions upon. Verbal persuasion simply relates to when another person tells the student
that he or she is capable of completing the task. Lastly, emotive states are caused when students become
stressed or overwhelmed with a task and self-doubt relating to their capabilities takes over their ability to
complete the task [24].

2.3.3 Motivation
Motivation is one of the most important factors in the classroom, as it generates, directs, and
sustains what students do to learn. Personal motivation becomes especially important as students enter
college, where they have the freedom to choose how and what time is devoted to each part of their
academic and social lives. If students do not find the course material relevant to their current or future
lives, interest and time to master the material is lost rapidly. Often, instructors do not understand why
students are lacking motivation, as the current course structure and requirements would have motivated
the instructors when they were students [25].

If the learning styles of students are not being met in the

classroom, students will not be motivated to study the material, attend class, or be active participants in
the classroom [6, 25].
At the core of motivation are two pillars: the subjective value of a goal within a course and the
expectancies of achieving that goal. Without these two foundations, students will lack motivation,
leading to a possible lack of learning and poor performance, as seen in Figure 3 [26].
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Figure 3. The Foundation of Motivation to Learning and Performance [26]
This theory is often called the Expectancy-Value Theory [26]. The Expectancy-Value theory has
been tested with many students and it was found that students’ expectancies on a task relate directly to
their performance [25, 26]. This theory has not been applied to engineering education studies until
recently in 2008 when Li et al. and Matusoviach et al. began to study its relation to persistence in
engineering programs. Their results show that engineering students exhibit higher value and sense of
social utility from pursuing engineering as a career path when values and expectancies of the course are
well defined [26].
Goals are the center of motivated behavior, so that students have something tangible to work
toward. Goals often relate to many parts of the student lifestyle, including intellectual pursuits,
relationships, self-concept, material possessions, and desires. Mismatches between goals often occur
between students and teachers, especially when performance goals are in place. Performance goals give
students a threshold to work toward to demonstrate basic competence and pass the course. While
students are primarily focused on performance goals, instructors often focus on learning goals. Learning

22
goals focus solely on the mastery of the material for understanding and retention purposes [25]. This
disconnect with goals often causes frustration on both the instructor and student sides of the classroom.
As stated earlier, the two main pillars of motivation are value and expectancy. The overall
importance of a goal is defined as its subjective value. Students are often motivated to engage in
behaviors that will allow achievement of the highest valued goals. Value can be separated into three
distinct types: attainment value, intrinsic value, and instrumental value. Attainment value is the
satisfaction that is gained from mastering a concept or task, whereas intrinsic value relates to value gained
by simply performing the task and not the final outcome. Instrumental value relates to how the current
task relates to reaching other goals and gaining rewards such as praise or recognition. Expectancies in the
classroom relate to the students’ perception of a successful or failed outcome. Students must hold
positive expectancies when pursuing a desired outcome for maximum motivation. One important factor
in predicting student expectancies in the classroom is their overall success in a prior experience [26].

2.3.4 The Relationship between Satisfaction, Self-Efficacy, and Motivation
Satisfaction, self-efficacy, and motivation are most effective when all three are maximized in the
classroom. The relationship between how each of these student perceptions feeds on one another is of
pivotal importance for instructors to understand. When students are satisfied with the educational
experience and hold positive self-efficacy beliefs, the students will be more motivated to participate and
excel in the classroom. Self-efficacy is the driver of motivation, as personal capability views can be
heavily influential in the student mind. Positive self-efficacy correlates with college achievement and high
levels of motivation [25].
The factor that truly connects satisfaction, self-efficacy, and motivation is the classroom
environment as determined by the instructor. Students in positive and supportive classroom environments
are able to learn, integrate, and apply new knowledge gained in the classroom. Students also have
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increased satisfaction through student-teacher interactions in the classroom. The student-teacher
relationships can help build self-efficacy, through the teacher reinforcing that the student is capable of
completely the tasks within the course. These relationships can also cause students to be more motivated,
since the students feel more engaged to the material and the instructor. Often, when the student sees the
instructor is passionate and willing to help students understand the material at hand, students are
motivated and curious about the topic. Instructors can also act as mentors and explain potential routes for
success in the course, which will create a supportive environment that builds student satisfaction and selfefficacy [25].
The ARCS model provides a connection between these three student perceptions in the classroom
and provides implementation strategies for instructors. In 1999, Keller created the ARCS model of
motivation, which provides strategies and analysis of reaching students. The four categories on which the
model is based are attention, relevance, confidence, and satisfaction. This model is the synthesis of many
bodies of literature on student motivation (some of which are outlined in earlier sections of this chapter).
The instructor must find a way to grasp the students’ attention in the beginning of the course, as well as
introduce variety in the classroom to maintain attention for the class period. Secondly, the instructor must
build a bridge between the students’ interest and the course material. The students must know the value
of the material to either their current life, the realm of the course such as quizzes or exams, or future
careers. The third construct is confidences, which are directly related to self-efficacy concepts. By
making the objectives clear and providing goals that are attainable to students, students will build a sense
of confidence and ability in the classroom. If students are able to stay attentive, see relevance in the
material, and have confidence in their abilities, the students are more likely to be satisfied. Satisfaction
can also be obtained through recognition of success. Grades, promotions, or other privileges allow
students to see tangible success [27].
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2.4 Engineering Education
Engineering education has quickly become a fascinating and widespread research topic
worldwide. A vast portion of the research today focuses on student attrition rates, student retention, and
implications for careers in engineering. The National Science Board published a paper named “Moving
Forward to Improve Engineering Education” in 2007, focusing on improving engineering education for
the changing economy. The board stated that “engineering education must change in light of changing
workforce demographics and needs”. The study and improvement of engineering education allows for
response to the changing global context of engineering, but many students have a skewed perception of
engineering, so they either choose another field of study or leave engineering after a few semesters [28].
Outside of national movements sponsored by the National Science Foundation, instructors and
graduate students at Universities are studying the engineering classroom to find potential areas of
improvement. Many have focused on changing the first-year engineering education experience, as this
can determine whether the student will remain in the major and be satisfied with the educational
experience. Other Engineering Education research includes the movement to online education as opposed
to a traditional engineering classroom. The applications of specific teaching styles, such as problembased learning, collaborative learning, and lab activities, are also being studied in the engineering
classroom. Within this body of research, learning styles and modeling student satisfaction were analyzed
within the Industrial Engineering classroom at The Pennsylvania State University. The following
sections highlight other work being performed in Engineering Education relating to learning styles and
student satisfaction in engineering.

2.4.1 Learning Styles
Dr. Richard Felder is a pioneer in understanding the learning styles and teaching styles in
engineering education. Through studying the Learning styles of engineers, Dr. Felder was able to create

25
a Learning Styles assessment that can be widely used in engineering programs. As more research has
unfolded since the creation of this model in the late 1980s, instructors have begun seeing the differences
within engineering majors. Just as humanities majors do not learn in the same manner as STEM majors,
Industrial Engineering students do not learn in the same way that Nuclear Engineering students learn. Dr.
Felder also performed significant research to match teaching styles to learning styles, thereby improving
the educational experience that engineers receive [4, 5, 6]. Instructors should be focused on teaching to
the students and their learning styles instead of pure content, just as doctors treat patients and not
symptoms [25].
Research has been performed to better understand the learning styles of Industrial Engineering
majors, especially when in comparison to other Engineering majors. In a study performed at an
Engineering School in Brazil, first year Civil Engineers, Electrical Engineers, Mechanical Engineers, and
Industrial Engineers were compared on the Four Index of Learning Styles. Industrial engineering
students had results of being active, sensing, visual, and sequential/global learners. The results actually
showed an even split between sequential and global learners within the sample of students. In a similar
study performed by Richard Felder and Rebecca Brent at North Carolina State University, it was found
that Industrial Engineering students at the University of Sao Paulo are more Active and sensory learners
than other STEM majors and Engineering majors [29]. Other research has been performed comparing
and contrasting different learning models in the classroom, such as the Kolb Learning Style model.

2.4.2 Quantitative Modeling of Educational Experience in Engineering
Many instructors are conducting engineering education research to better understand the
motivation and satisfaction of engineering students in relation to persistence within engineering programs.
Models and factor analyses have been built in order to better understand student satisfaction in the
classroom and in online classroom settings. Multiple regression models with predictors have been built
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to study student retention rates in the first year of attending a university. One such study used predictor
variables that related skills, pre-college characteristics, and social integration in order to predict attrition
rates from the College of Engineering at the University of Michigan. Since retaining students in many
engineering programs has become a cause for concern, the regression model was built to show three
significant predictors to students remaining in the engineering curriculum [30].
In a study performed between Dr. J Fredericks Volkwein at the University of Albany and Alberto
F. Cabrera at The Pennsylvania State University, the factors that most directly influence classroom
vitality were studied. Classroom experience was found to be the single most influential factor in student
growth and satisfaction. A multivariate regression model was built for better understanding of the
classroom experience. As opposed to other work, this particular model analyzed the social influences on
education, such as demographics, academic integration, economic factors, and campus climate. Faculty
interaction and goal clarity showed more significance within the model to predict positive classroom
experiences than other studied factors [31].
Other research studies within the traditional classroom have delved into classroom environment
and teacher practices on student satisfaction. One such study was performed at The Pennsylvania State
University in a first-year engineering design course. Over 1500 students were analyzed using the
Classroom Activities and Outcomes Questionnaire developed by Penn State’s Center for the Study of
Higher Education for factors within the following categories: Instructor Interaction and Feedback,
Collaborative Learning, Instructor Climate, and Peer Climate within the classroom. This study also
analyzed the learning outcomes and specific variables like group skills, problem solving skills,
occupational awareness, and engineering competence. Instructor interaction and Feedback was the only
variable studied that was significantly associated with each of the learning outcomes. The results of this
model showed the significant predictors and specific teaching practices that could increase student
satisfaction and learning outcomes [21].
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2.5 Previous Research Findings within this study at Pennsylvania State University
In the fall of 2012, another M.S. student at The Pennsylvania State University started Engineering
Education research under the direction of Dr. Paul Lynch to find the driving factors of student satisfaction
and motivation in the classroom. The research performed by Miss Jennifer Mines, who graduated in the
summer of 2013, was used as a screening experiment. Jennifer’s research led to an understanding of the
learning styles of the student population and the significant drivers of student satisfaction in satisfying
and unsatisfying classrooms. The following sections are a general review of the research performed by
Jennifer Mines, as this research laid the foundation for the current research work within Industrial
Engineering education and student satisfaction.

2.5.1 Learning Styles of Industrial Engineering Undergraduates
In the first phase of this research, the NC State University Index of Learning Styles Questionnaire
by Dr. Richard Felder was administered to fifty-one junior and senior level industrial engineering students
at The Pennsylvania State University. The Exact Binomial Test for Population Proportion was used to
find the dominant proportion in each of the following dimensions: Active vs. Reflective, Sensing vs.
Intuitive, Visual vs. Verbal, and Sequential vs. Global. This was used due to the non-normal nature of
the data within each learning style dimension [32].
Determining the breakdown of learning styles of the undergraduate industrial engineering junior
and senior level students allows the classroom to be modified to reach the learning styles of the students.
Table 1 and Table 2 display the individual breakdown of the Felder’s Index of Learning Styles within
each dimension, whereas Table 3 displays the overall results of the assessment.
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Table 1. Detailed Results of Felder's learning styles assessment for Active/Reflective,
Sensing/Intuitive [32]
Score Range
1 to 3
5 to 7
9 to 11

Dimension
Fairly well-balanced
Moderate
Very Strong

Active
33.33%
25.49%
13.73%

Reflective
17.65%
9.80%
0.00%

Sensing
19.61%
37.25%
19.61%

Intuitive
17.65%
1.96%
3.92%

Table 2. Detailed Results of Felder's learning styles assessment for Visual/Verbal,
Sequential/Global [32]
Score Range
1 to 3
5 to 7
9 to 11

Dimension
Fairly well-balanced
Moderate
Very Strong

Visual
17.65%
25.49%
37.25%

Verbal
15.69%
3.92%
0.00%

Sequential
37.25%
25.49%
7.84%

Global
21.57%
5.88%
1.96%

Table 3. Summary Results of Felder's learning styles assessment [32]
Active
77.25%

Reflective
22.45%

Sensing
76.47%

Intuitive
23.53%

Visual
80.39%

Verbal
19.61%

Sequential
70.58%

Global
29.42%

The Learning Style Assessment was also analyzed for potential differences between males and
females. A Mann-Whitney U Test was used to compare twenty-six males and twenty-five females. This
test was chosen due to the underlying non-normality issues. Figure 4 shows the learning style preferences
of males and females separately using a spider graph. Figure 4 clearly shows a significant difference in
learning styles does not exist between genders, as the two categories are acting in a similar way in all four
dimensional categories [32].
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Figure 4. Spider graph displaying breakdown of learning styles [32]

In conclusion, from the 51 students that completed Felder’s Index of Learning Styles Analysis,
the majority of the industrial engineering students surveyed at The Pennsylvania State University were
Active, Sensing, Visual, and Sequential learners. To reach Active learners, instructors should
incorporate group work or problem solving sessions into the classroom. For sensing learners, more
emphasis on real-world applications and numerical examples should be used in order to reinforce the
theoretical concepts. For visual leaners, instructors can use graphs and charts to display important
information. Most engineering classrooms are already set-up for sequential learners, as structure is given
via the course syllabus, moving through basic concepts to more in-depth and difficult concepts [32].
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2.5.2 Screening of Critical Factors: Satisfaction Questionnaire Findings
A self-designed questionnaire was created and administered to forty-one junior and senior level
industrial engineering students at The Pennsylvania State University during the spring 2013 semester. The
survey was designed to show the most important factors that motivate students to have a satisfying or
unsatisfying classroom experiences in the Industrial Engineering Department. This phase of the research
was used as a screening experiment to identify predictors to overall satisfaction in the Industrial
Engineering classroom [32].
The created questionnaire focused on classroom procedures, student/teacher interaction, class
attendance, and other important factors found by studying previous work on Engineering Education.
Several other pedagogical methods and confounding factors were explored including modes of
instruction, class attendance, and educational experiences in satisfying and unsatisfying classes [32].

2.5.2.1 Screening of Critical Factors: Satisfaction Questionnaire Findings
The questionnaire explored various classroom practices used in a satisfying and an unsatisfying
junior level industrial engineering class. These classroom practices were deemed potentially significant
through literature research and first-hand experience by the instructor. These questions rated how the
students felt about the “real-world” applications of the material, the grading procedures of the course, the
approachability of the instructor, etc. The series of questions listed below were asked for both a satisfying
and unsatisfying classroom experience [32].
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Please rate your agreement with the following statements regarding the class selected in
question 3/11 on a scale of 1 (I do not agree at all) - 10 (I agree completely).

A. The class topics interested me.

1

2

3

4

5

6

7

8

9

10

B. The class focused material on “real-world” applications.

1

2

3

4

5

6

7

8

9

10

C. The skills I learned will be applicable to my future career.

1

2

3

4

5

6

7

8

9

10

D. The course material was understandable.

1

2

3

4

5

6

7

8

9

10

E. Grading procedures were clear.

1

2

3

4

5

6

7

8

9

10

F.

1

2

3

4

5

6

7

8

9

10

G. I knew my grade throughout the semester.

1

2

3

4

5

6

7

8

9

10

H. It was clear what was needed to prepare for assessments.

1

2

3

4

5

6

7

8

9

10

I.

Material on assessments reflected material taught in class.

1

2

3

4

5

6

7

8

9

10

J.

My instructor was approachable.

1

2

3

4

5

6

7

8

9

10

K. My instructor offered to help me if needed.

1

2

3

4

5

6

7

8

9

10

L. My instructor was passionate about the class material.

1

2

3

4

5

6

7

8

9

10

M. My instructor stressed the importance of class material.

1

2

3

4

5

6

7

8

9

10

N. My instructor was fair.

1

2

3

4

5

6

7

8

9

10

O. The way the material was taught met my learning preferences.

1

2

3

4

5

6

7

8

9

10

I received timely and productive feedback on my work.

Due to the paired nature of the data, a Wilcoxon Signed-Rank test was used to determine a
significant difference existed between the responses from a satisfying and unsatisfying course. At a 5%
significance level, the median of responses in a satisfying class is larger than the median responses for an
unsatisfying class [32].
Many class and instructor components, such as receiving timely and productive feedback on
work, knowledge of grade throughout the semester, instructor approachability and willingness to help, are
pivotal to a satisfying classroom. For a student to have the highest motivation in the classroom, the
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student must place value in goals, believe in his or her capability for success and feel the learning
environment is supportive. The instructors should relate class material to the students’ interests, as
students place more value on topics that are relatable to their lives. Instructors should also try to relate the
course material to real-world applications, as this will allow students to see the actual applications of the
theory to a potential career path. Instructors should also strive to present clear grading procedures and
provide timely and productive feedback on student work. Students also stated that knowing how to
prepare for assessments and having assessments that reflected material covered in class would lead to a
satisfying course experience. The interaction between faculty and students is a crucial factor to student
satisfaction in the classroom. Instructors should be approachable to allow for students feel comforting
asking questions and seeking help in the classroom. The instructors should also show passion about the
course material, as the students can become motivated from seeing this enthusiasm from the instructor
[32].

2.5.2.2 Modes of Instruction
The modes of instruction in a satisfying and unsatisfying class were also analyzed. Blackboard
lecture, PowerPoint lecture, problem-solving sessions, hands-on activities, demonstrations, and group
activities were analyzed. The results of the responses to the questions are shown visually in Figure 5. In
an unsatisfying class, blackboard lecture was used more than in a satisfying class. However, in a
satisfying class, there were more problem solving sessions, group activities, hands-on activities, and
demonstrations. Since the majority of Industrial Engineering students at The Pennsylvania State
University are “Active” learners, it is understandable that most prefer hands-on activities, such as problem
solving sessions and demonstrations. Students tend to enjoy learning material in an interactive manner in
the classroom. Instructors should take steps to implement more problem-solving sessions and hands-on
activities in the classroom to increase student satisfaction [32].
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Figure 5. Modes of instruction used in a satisfying and unsatisfying class [32]

2.5.2.3 Class Attendance
The questionnaire included a section that inquired about class attendance in satisfying and
unsatisfying classes. It is crucial to know if attending class helps students understand the material. In a
satisfying class, attendance was included in grading more frequently (70% of the time), and in an
unsatisfying class, attendance was not included in grading as frequently (30% of the time). In a satisfying
class, attendance was included in the grading procedures more frequently and in an unsatisfying class,
attendance was not included in the grading procedures. Virtually all students in a satisfying class stated
that attending class helped understanding of class material. More than half of students in an unsatisfying
class stated that attending class did not help understanding of class material [32].
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2.5.2.4 Overall Learning Experience
Using a Likert scale item from “0” to” 7”, from a poor learning experience to an excellent
learning experience, students were asked to rate a satisfying and unsatisfying course. Students were also
asked to rate the quality of the instructor in a satisfying and unsatisfying course. As expected, students
had overall better learning experiences in satisfying courses. Students also rated their instructors higher
for satisfying classes than in unsatisfying classes. Clearly, the rating of the overall learning experience is
directly correlated to the quality of the instructor. Effective learning experiences help students understand
the important concepts and contribute to an overall positive learning experience [32].

2.5.2.5 Online Education
As many universities are increasingly moving toward an online education style, the last part of
the survey asked about online education preferences. Approximately 40% of the students polled have
taken an online Industrial Engineering course. Students were also asked if they would have an interest in
pursuing an online Master’s degree in Industrial Engineering. Approximately 50% of the students
answered “maybe”, as the majority of students do not prefer learning in an online format. Nearly 90% of
students stated that they prefer a traditional in-class format to an online classroom format [32].

2.6 Summary
Improving Engineering education is a widely researched topic, as the changing dynamic of the
society will require driven and motivated engineers to lead the technological advancements. Many
national organizations, such as the National Science Foundation, and many universities are studying how
to improve engineering education, from first-year educational improvements to the driving factors of a
vital classroom. The learning styles of different types of engineers are being studied to modify classroom
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techniques from the original lecture style of learning. Quantitative models are also being built for a
variety of different variables to show statistical significance of predictors on the output variables.
Learning styles and teaching styles are extremely important to the classroom environment.
Educators play a very critical role in designing and delivering courses to meet the learning needs of the
students. The thought is that if the learning styles of students were better understood by instructors,
students could not only learn more effectively, but also enjoy the academic experience exponentially
more. Learning style models, such as Felder’s Index of Learning Styles, can be helpful to categorize
students and determine how students acquire and retain information.
When the learning styles of the students and the teaching styles of the instructor match within the
classroom, the students can retain more information and be more satisfied with their education. Many
forms of teaching are present and although the list may seem daunting, most teaching methods can be
easily implemented into the classroom. For example, moving away from the classic “lecture based”
teaching, also classified as deductive teaching, can allow students to be challenged in the classroom [9].
Inductive teaching styles are generally more effective to the modern day engineer, as the self-directed and
hands-on learning allows more student engagement [9, 14].
Student satisfaction, self-efficacy, and motivation are factors within the classroom that the
students control, but the teacher can easily modify the classroom practices to improve all three categories.
Learners can gain satisfaction in many ways, from feeling a sense of achievement when receiving a high
exam score to receiving reinforcement throughout the course of a project [20]. Students can also become
satisfied with a course due to the teacher-student interactions or real-life applications. The concept of
self-efficacy relates to the student’s individual judgment on the capability of completing a task. The
environment set by the instructor is one of the most important factors that allow students to increase selfefficacy perceptions. At the core of student motivation is the subjective value of a goal within a course
and the expectancies of achieving that goal [26]. Without these two foundations, students will lack
motivation, leading to a possible lack of learning and poor performance. When students are satisfied
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with the classroom experience and carry positive self-efficacy beliefs, the students will become more
motivated to master the material [25].
The research within the Industrial Engineering department at The Pennsylvania State University
has been in progress since fall 2012, when another graduate student studied the learning styles of a sample
population of Industrial Engineering students. A screening experiment was performed to find the
significant drivers of student satisfaction in a satisfying and unsatisfying course in their education. The
results of the previous phase of this research were used as a foundation moving forward.
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Chapter 3
Research Methods
In the fall 2012 semester, a student survey was created by Miss Jennifer Mines, in order to
analyze the driving factors of student satisfaction in the classroom. The findings from this research
survey were used as a screening survey to better understand the factors that significantly influence
satisfaction that Penn State Industrial Engineering students gain from their education [32].
Using the previous research as a foundation, a new student survey was created in the fall of 2014
that used the significant factors found in the screening survey, but was created to allow for statistical
models to be built accurately.

Together, the results of the previous research and the continuing research

under Dr. Lynch will allow instructors to better understand the driving factors of satisfaction and
educational experience for Industrial Engineering students.

3.1 Student Satisfaction Survey

3.1.1 Data Source
The created questionnaire was administered at-will to 107 junior-level Industrial Engineering
students in an Undergraduate Industrial Engineering course (see Appendix A for IRB Approval). The
survey was administered in a junior-level Industrial Engineering class. Therefore, all 107 survey
participants were Industrial Engineering majors (this is not necessarily the case in all industrial
engineering courses, but this was important to this study as it relates to student satisfaction within the
Industrial Engineering department). Background of the goals and purpose of the research were given by
verbal form to all students in the classroom. Students did not have to participate if they did not desire.
The survey also had no distinguishing student characteristics or any relation to the course grade.
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3.1.2 Survey Creation
The created survey (as shown in Appendix B) focused on three main areas that were found to be
potentially significant to satisfaction in the Industrial Engineering classroom: Instructor Interaction and
Feedback, Classroom Environment, and Modes of Instruction. In previous phases of this research, the
data was not able to be used in a regression model due to its paired nature between student answers
relating to a “satisfying” and “unsatisfying” course experience within the Industrial Engineering
department. Therefore, to alleviate this issue, only one course was assigned to each student volunteer.
The survey contained a series of eight questions relating to student satisfaction. Students were asked
about specific facets of the three aforementioned categories, as well as their overall satisfaction with each
of the categories and with the overall course.
The students were each randomly asked to complete the survey about a specific Industrial
Engineering course within the department. The courses will be left unnamed and simply referred to as
Class A, Class B, and Class C, as the differences between the courses in question were of no significance
to the overall research goal. The three versions of the survey (Class A, Class B, and Class C) were
equally distributed to the classroom, allowing for approximately 35 students for each class sample. The
questions between the three versions of the survey remained constant; the only changing factor was the
course in question denoted at the top of the page. Different courses were used on the survey to remove
the potential of all students ranking one particular course very highly or very lowly in all satisfaction
dimensions, leading to a null model that shows little significance. It was also known that the three
courses only had one instructor teaching the particular course in the fall 2014 semester. It was assumed
that if three courses were used randomly throughout the sample of the student population, very high
ratings would balance very low ratings and allow for the actual factors that are statistically significant to
show within the regression models.
Throughout the creation of the survey, I visited the Penn State Statistical Consulting Center to
ensure that the formatting of the questionnaire would allow for proper regression analysis to be
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performed. The Survey Research Center through Penn State University was also consulted for advice in
the planning stages of the created survey. Dr. Kurt Johnson, the Director of the Survey Research Center,
assisted Dr. Lynch and I in the proper survey research methods for our research goal. This allowed for
proper survey set-up for data collection. Consulting with these on-campus resources offered through the
University allowed validation that the survey was properly planned and prepared for data collection.

3.1.3 Likert-item Scale Assumptions
Likert-item scales are often used in survey research to score an item from best to worst using five
or seven point scales. Although survey data can be nominal, interval, or ratio data, it is often treated
along an ordinal scale. By definition, an ordinal scale involves data in which a natural ranking of
responses exists within the data. As an example, a “1” rating would be deemed lower than a rating of “7”.
However, it cannot be stated whether the distance between rankings is equal in this type of data set. It
would be difficult to define the theoretical distance between “1” and “2” as the same as “5” and “6” on a
7-point Likert-item scale. For this reason, the analysis of ordinal survey data can become complicated, as
it cannot be analyzed with normal statistical measures such as mean and standard deviation [33]. Special
measures and types of regression analyses that will be discussed later in this chapter must be used to
analyze ordinal data that originates from a survey.
Within this research, a Likert-type scale was used, measuring responses on a scale from “1” to
“5”. A 5-point Likert-item scale is the most commonly used scale, as it allows the respondent to choose
from “very unsatisfying” to “extremely satisfying” with a neutral option in the middle of the scale. The
5-point scale is also more easily analyzed than more complex 7-point scales. For example, on a 7-point
Likert-item scale, the difference between the response of “7” response of “Extremely Satisfying” and the
“6” response of “Very Satisfying” leaves little room for interpretation on what the difference between
these responses actually mean to the researcher. Therefore, it was decided to only allow extreme values
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on each end of the Likert-item scale, which would allow for more easily interpreted regression modeling
[33]. It is also assumed that the interval between the responses of “1”-“2” and “4”-“5” is the same width.
This is an important assumption for using the data in statistical analyses. It should also be noted that if a
student did not rate a category or the factor did not appear in the classroom in question, the response was
assumed to be a rating of“1”.
The following ratings were used throughout the created survey to measure satisfaction levels with
specified classroom factors:
Table 4. Likert-item Scale
Rating
1
2
3
4
5

Satisfaction Level
“Extremely Unsatisfying”
“Unsatisfying”
“Neutral”
“Satisfying”
“Extremely Satisfying”

3.1.4 Explanatory and Predictor Variable Notation
The following notation is followed throughout the remainder of this research in reference to the
four Logistic Ordinal Regression models. The predictor variables are each matched with the respective
factor descriptions. The response variables of Instructor Interaction and Feedback, Classroom
Environment, Modes of Instruction, and Overall Satisfaction in the Classroom are modeled by “x”, “t”,
“z”, and “y” respectively, as seen in the following variable definitions:
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Table 5. Instructor Interaction and Feedback Model –Predictor Variables
Model 1: Instruction Interaction and Feedback (x)
Predictor
Predictor Description
a1
“The instructor gives detailed feedback”
a2

“The instructor gives frequent feedback”

a3

“My instructor was approachable”

a4

“My instructor was available to help with course material”

a5

“My instructor was passionate about course material”

a6

“My instructor stressed the importance of course material”

a7

“The instructor relates class topics to student interested to increase motivation and value in
course”

a8

“The instructor incorporates different modes of learning styles”
Table 6. Classroom Environment Model – Predictor Variables

Model 2: Classroom Environment (t)
Predictor
Predictor Description
b1
“Real World Applications of course material”
b2
“Skills gained applicable to future career”
b3
“Grading procedures were clearly defined and consistently used”
b4
“Presentations, assignments, and activities relate”
b5
“Knowledge of current grade throughout semester”
b6
“Material on assignments and exam reflects material taught in course”
b7
“Students are encouraged to be active participants in classroom”

Table 7. Modes of Instruction Model- Predictor Variables
Model 3: Modes of Instruction (z)
Predictor
c1
c2
c3
c4
c5
c6

Predictor Description
Blackboard lectures
PowerPoint lectures
Problem-solving sessions
Hands-on activities
Demonstrations
Group-work
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Table 8. Overall Satisfaction Model- Predictor Variables
Model 4: Overall Satisfaction in the Classroom (y)
Predictor
Predictor Description
x
Instructor Interaction and Feedback
t
Classroom Environment
z
Modes of Instruction

3.1.5 Selection of Predictor and Explanatory Variables
Instructor Interaction and Feedback, Classroom Environment, and Modes of Instruction are the
three main categories being analyzed for the effect on overall student satisfaction in the classroom. Each
of the main factor categories were further divided into sub-categories. For example, Instructor
Interaction and Feedback had eight sub-categories that further explained the drivers to satisfaction in
relation to “Instructor Interaction and Feedback”. The following explanations delve into the literature
and previous research that support using these variables as predictor or explanatory variables. The
variable notation summarized in section 3.1.4 will be used to reference each explanatory or predictor
variable, as seen in parentheses after the variable description.

A. Instructor Interaction and Feedback (x)
Instructor interaction and feedback was found to be the driving factor of another study performed
at Penn State University relating to a first-year engineering course. The students showed increased
satisfaction through gaining positive student-teacher interactions in the classroom. In this study,
principle component analysis was used to identify relationships between several variables that affect
student satisfaction and gains in learning. Instructor Interaction was the only variable significantly
associated with all of the learning outcomes of interest and student satisfaction in the course [22].
Instructor interaction is also influential in the association between motivation, satisfaction, and
self-efficacy beliefs. These three student perceptions can be nurtured through a supportive and
welcoming environment as determined by the instructor. Student-teacher relationships can help build

43
student self-efficacy beliefs, as the teacher acts as a supportive reinforcement that the student is capable
of successfully completing the task. Instructors can act as mentors to the students, providing feedback
and routes to success inside and outside of the classroom, which has been correlated to increased student
motivation [25].
Feedback on assignments and exams has been shown to be crucial to the student experience in the
classroom. Within earlier phases of this research, it was found that more students associated timely and
productive feedback on their work with satisfying classes when compared to the results of unsatisfying
classes [32]. Ambrose et. al. stressed the importance of timely feedback and its effect on student
understanding, professional abilities, fundamental skills, and future applications of skills [25]. Vines and
Rowland applied the concept of feedback in the classroom to create a model, which suggests that faculty
may implement a “sensor” to monitor student feedback throughout the course [32]. These sensors act as
gauges for the student to continuously improve as the semester unfolds.
The following eight factors were found to be of potential significance through an intensive review
of literature and previous research:
a. “The instructor gives detailed feedback” (a1)
Detailed feedback was found to be a substantial factor within satisfying courses
through the screening experiment performed by Miss Jennifer Mines [32]. In other
literature, it is also noted that more frequent feedback can allow students to gain
confidence and positive self-efficacy beliefs [24, 25]. Through detailed feedback, the
student is able to gain direction to improve throughout the semester, which will increase
motivation to continue learning and lead to overall satisfaction within the course [34].

b. “The instructor gives frequent feedback” (a2)
Similar to the last factor of “detailed” feedback, if instructors provide frequent
feedback, the student is able to monitor progress and make changes to their study habits
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before too much of the semester has passed. Immediate feedback also relates to
“automatic processing” of information that can lead to storing information for longer
periods of time, while delayed feedback requires students to recall the material and make
a concerted effort to process the feedback on assignments[34]. It is recommended that
instructors provide feedback on assignments as quickly as possible, potentially by the
next class meeting if possible.

c. “My instructor was approachable” (a3)
When instructors are approachable, the student feels the environment of the
course is welcoming to questions, therefore allowing the students to seek help when
needed [25]. The teacher must create this environment, which largely relies on the
personality of the instructor [21]. The Instructor must have a respectful and open
attitude toward students in order to foster an environment where students would feel the
instructor is an ally in their success in the classroom [35]. One student noted in the
screening survey of previous research that a certain course “…would have been better if
the Instructor was more open and accepting to students when they actually have questions
and need help…”[32].

d. “My instructor was able to help with course material” (a4)
This factor is closely related to the approachability of instructors and the ability
to teach to different learning styles. When students approach instructors in office hours,
the instructor should be able to discuss the topic or problem with the student in order to
get a gauge on how to explain the problem to the student. This can allow for better
alignment of learning styles and teaching styles, which can increase understanding of
course material and increase student satisfaction [1, 8].
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e. “My instructor was passionate about course material” (a5)
When an instructor is passionate about course material, the students become
instantly more interested. Students have peaked curiosity about the topic due to the
passion that the instructor shows for the material [25]. One student who participated in
the screening survey stated that “The Instructor was passionate and invested in the class
and the students. This motivated me to come to class and try harder, because I felt that
my instructor deserved that respect…” Students felt more satisfied in a course when their
instructor was passionate and eager to teach the course each day [32].

f.

“My instructor stressed the importance of course material” (a6)
Litzinger states that instructors should stress the importance of the material to
stimulate interest in the subject area, regardless of the major or background of the student
[5]. Stressing the importance of the course material also relates to how the student will
retain and use this information in future classes and in the workforce [5, 35]. This was
found to be correlated to a satisfying class in the screening survey of previous research
under Miss Mines [32].

g. “The instructor relates class topics to student interest to increase motivation and value of
course” (a7)
Motivation is a focal point in the classroom to keep students satisfied in the
learning process. Motivation is based on two pillars, value and expectations, as noted in
section 2.3.3. Students must see the value of a goal and the expectations of students to
achieve that goal within a course [25]. The instructors should strive to connect material
to future course work or future careers to keep student interest in the material.
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Engineering students often hold higher value and sense of social utility when they are
knowledgeable of the relevance of course material to their future [26].

h. “The instructor incorporates different modes of learning styles into the classroom (e.g.
problem sets, group work”)” (a8)
Learning styles in the classroom can be a “make or break” factor for students. If
the course is solely taught to a specific learning style, the majority of students will often
not be motivated to learn or actively participate in the class [6. 25]. Dr. Richard Felder
suggests that instructors “teach around the cycle”, ensuring that the learning needs of all
types of learners is met at a certain point of the course. Within The Pennsylvania State
University sample population, it was found that the majority of students were Active,
Sending, Visual, and Sequential learners. For active learners, instructors should
incorporate group work or problem solving sessions. For sensing learners, real-world
examples and numerical examples should be commonly used in lectures or labs. Visual
learners tend to like graphs and charts to display information. Sequential learners enjoy
moving through the material in a manner that allows foundational concepts to be
mastered and then move toward more difficult concepts [32].

B. Classroom Environment (t)
The classroom environment is the core of marrying student satisfaction, self-efficacy beliefs, and
motivation. Students that are in positive and supportive classroom environments are able to learn and
retain information taught in each class. The student-teacher interaction in the classroom or in office
hours is pivotal to the overall climate of the course. Other factors that can affect classroom environment
are the tone set by instructors, student-student interactions, and the range of perspectives relating to
course content. Climate can either be “inclusive/productive” or “chilly/marginalizing” in some research
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perspectives, but others in academia like to think of the classroom environment as a continuum [25]. The
continuum perspective allows many factors and changes to be made during the course that affect
classroom climate.
Many factors can contribute to the classroom environment that can affect student satisfaction.
After reviewing literature and the screening survey results, the following seven factors were used as
predictor variables for the explanatory variable “Classroom Environment”:

a.

“’Real-World’ applications of course material” (b1)
Felder and Silverman state that incorporating real-world applications and events
into the classroom are linked to satisfaction. The students should understand the
applications of theory learned in the classroom to a specific, real situation that could be
encountered in industry [5, 25]. In the screening survey of this research, a student stated
“I love the lectures where the material is introduced, explained, and shown in an
example. It is simplified to the perfect level and applied to the real-world. It is cut and
dry…” [32]. Often, case studies and problems based on current events in industry can be
effective methods to reaching students in the classroom.

b. “The skills gained in this classroom will be applicable to future career” (b2)
This factor is very closely related to the “real-world” application factor, as
discussed in section (a) earlier. Satisfaction can be gained by having an alumnus return
to the course and explain the importance of the skills gained in the classroom toward a
specific career path [20]. Alumni speakers would be related to intrinsic reinforcement
that can help increase overall satisfaction. Students also see more value in the course
when it is related to careers in industry [21, 25]. In an initiative started by the National
Science Board to improve Engineering Education across the United States, it was noted
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that engineering education must more directly prepare students for the changing
engineering industry [28]. Many do not believe that enough emphasis is being put on
professional development and carrying a project from the design phase through the
implementation phase within the current classroom environment.

c. “Grading procedures were clearly defined and consistently used” (b3)
In the screening survey of this research, students agreed with this statement more
in a satisfying class than in an unsatisfying class [32]. If grading procedures are clearly
defined and used in the same manner throughout the semester, students are able to more
clearly establish goals and make study plans to reach those goals [25]. Students in the
screening survey noted that grading was often subjective and the expectations of students
were not clearly defined. The lack of clear grading procedures directly affects the
student’s self-efficacy and motivation to continue to work diligently in a class.

d. “Presentations, assignments, and activities relate” (b4)
This factor is particularly important to the overall classroom environment, as
many courses are disjointed in the modern engineering classrooms. The lecture material
does not reflect the assigned homework problems or the material covered in laboratory
activities. In an engineering education study at The Pennsylvania State University within
a first-year engineering design course, one of the significant predictors of student
perceptions in the classrooms was found to be the relation between course material,
assignments, and activities [21].
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e. “Knowledge of current grade throughout the semester” (b5)
When instructors stay up to date on grade-keeping practices, students are
knowledgeable of their status within the course, offering the continuous opportunity to
improve overall grades. One student noted this exact dilemma in the screening survey:
“I feel it is very important for me to always know my grade in the course, whether I need
to seek help or not” [32]. This pairs well with providing timely and productive feedback
from the “Instructor Interaction and Feedback” model discussed earlier.

f.

“Material on assignments and exams reflects material taught in course” (b6)
Planning material on assignments and exams in alignment with material covered
in the course is directly related to the earlier factor within this model of “Presentations,
assignments, and activities relate”. Students should be able to use the course material as
a benchmark of expectations for assignments and exams. Although it seems like an
obvious statement, educators sometimes create assessments that are not reflective of the
course material [36]. Direct relation to course material on assignments and exams allows
students to set goals based on the course material that are achievable, which in turn
increases motivation in the course [26]. This increases motivation to study for
assessments. If students are overloaded with coursework, they will tend to dedicate their
time to studying for the assessments that have clear topics and objectives, as opposed to
assessments that are vague or unclear.

g. “Students are encouraged to be active participants in the classroom” (b7)
Students are more likely to be active participants and ask questions frequently if
the instructor is approachable. This classroom climate can be set early on by instructors.
When students are satisfied with their education and carry positive self-efficacy beliefs,
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each student can become more relaxed and will participate in the classroom [25]. This
factor directly relates to the approachability of the instructor. Instructors should also
strive to answer questions in a manner that appeal to the specific student’s learning style.

C. Modes of Instruction (z)
The manner in which a course is taught can heavily influence the amount of information the
student retains, as well as overall satisfaction. Many teaching methods exist today, as mentioned in
Section 2.2. The teaching methods in engineering education are moving towards increasing student
engagement and providing more active learning techniques. After reviewing the literature on these
methods, the more common modes of instruction at The Pennsylvania State University Industrial
Engineering Department were further analyzed.

a. Blackboard Lecture (c1)
Blackboard lectures are very popular in the engineering classroom. As noted in
the deductive teaching methods section, most classrooms are taught deductively –
meaning an instructor stands at the front of the classroom and lectures for the entire class
period with little to no student interaction [14, 15]. Although the student is able to listen,
see, and write the information, many students are not able to process the information, as
they are simply worried about getting all the material down on paper to process at a later
date. In the screening survey, blackboard lecture was used more often in an unsatisfying
class than in a satisfying class. This is understandable, as the sample of The
Pennsylvania State University Industrial Engineering students were mainly Active
learners [32].
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b. PowerPoint Lecture (c2)
Depending on the style of the PowerPoint lecture, this mode of instruction may
be considered an inductive or deductive teaching style. If the lecture is primarily the
instructor at the front of the classroom speaking, then the use of the PowerPoint slides
just acts as another way to present the material. If the slides have a “fill-in the blank”
nature, the students are forced to process the information more actively. The slides can
also be enhanced through the addition of problems, allowing the students to attempt
solving the problem in small groups, followed by reviewing the problem as a class [14].
In the screening survey, one student noted that fill-in the blank slides were much more
effective to the learning process than slides that simply regurgitated material from the
textbook.

c. Problem-Solving Sessions (c3)
Problem-solving sessions are an active way for students to get experience
working with the course material. These sessions can be the entire class period or simply
small breakout sessions between lecture slides. This can be classified as an example of
cooperative learning, where small, informal groups within the course are utilized to
enhance learning experiences. These groups allow for students to work together to
understand the material and identify any gaps in understanding. This technique also
allows the class to be less monotonous and re-engages students after each breakout
session [10, 11]. A student within the screening survey of Miss Jennifer Mines’ research
stated: “I think repetitive problem solving examples of uses of course materials help best
because that's what we will really remember and take with us as students when we
graduate into industry” [32].
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d. Hands-on Activities (c4)
Hands-on activities refer to getting the student engaged with the course material,
whether it be testing a machine in a lab setting or having the students work through an
activity in class. This method speaks to the active learners within engineering, allowing
students to manipulate an equation or settings on a machine to test different results.
Since the sample of Industrial Engineering students favored the active learning style
dimension, it is not surprising that the majority of students were satisfied with courses
that incorporated hands-on activities. In a course that had a lab component within the
screening survey, one student said “this class could improve by exposing us to more
hands-on experiences with the different machines” [32]. Experience often helps students
process and retain information for future use.

e. Demonstrations (c5)
Demonstrations can be led by the instructor of the course or by a guest-speaker
from industry. This mode of instruction allows the students to actively process the
information within the course and see the implications first-hand [6]. Demonstrations
also allow the students to collaborate on possible solutions to an issue before the class
regroups and debriefs on the topic. Students are able to make connections to previous
knowledge within their lives while learning new material. In a course where
manufacturing is being discussed, it may be useful to have items at the front of the course
that are referenced throughout the class. Students are more likely to retain information
when meaningful connections are made with the material and future career paths [25].
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f.

Group-Work (c6)
Group-work within traditional engineering classrooms can take on many forms, from
project-based learning to model-eliciting activities. It is vital for instructors to use
various types of group-work to not only grow the team skills of each student, but also
reach the various types of learning styles. Cooperative learning allows for more formal
group-work to be created and the success of the group equally rests on the shoulders of
each member [10]. In model-eliciting activities, groups are assigned a problem and are
tasked with working through the problem by building a basic mathematical model [12].
Group-work can also be presented in the form of problem-based or project-based work
within the course [14, 18]. Students often perform better on exams and gain better
problem solving skills through the use of group-work, while also providing a glimpse of
the interworking nature of teams that will be encountered in industry [18].

3.2 Ordinal Logistic Regression
Ordered Logit models or Ordinal Logistic Regression models are a specific extension of multiple
regression models. Multiple regression models have many predictor variables that can have an effect on
the dependent variable. Regression is useful to be able to statistically show the relationship between the
independent variables and the dependent variables. The results of regression can often be used to help
predict future states and implement changes to a system that will have the most significant effect [37].
SPSS, statistical software created by IBM, will be used for the Ordinal Logistic Regression, as this
software was identified as the most robust in nature to handle the models.
Ordinal logistic regression is used to explain an ordinal dependent variable given one or more
independent variable(s). The dependent variable must be ordinal in nature to proceed with this type of
model.

Ordinal variables have a specific order to the responses, such as Likert items (5-point scale) or
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physical activity levels (from “extremely sedentary” or “extremely active”). The model must also have
one or more independent variables that are classified as either continuous, ordinal or categorical variables
[38]. Survey respondents often choose answers on scales from strongly disagree to strongly agree [37].
In this research, the dependent variable is a 5-point Likert Item scale, specifically with the answers
“Extremely Unsatisfying”, “Unsatisfying”, “Neutral”, “Satisfying”, and finally “Extremely satisfying”

3.2.1 Cumulative Odds Ordinal Logistic Regression with Proportional Odds
The most popular type of ordinal logistic regression is one that uses cumulative categories and is
also known as the “cumulative odds ordinal logistic regression with proportional odds” model. The odds
of an event occurring is related to its probability of occurring versus its probability of not occurring. This
is often stated as a probability of a success or failure, in binomial terms, as seen by Equation (1) [38].
𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑠𝑢𝑐𝑐𝑒𝑠𝑠)

𝑜𝑑𝑑𝑠 = 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑓𝑎𝑖𝑙𝑢𝑟𝑒)

(1)

A Logit or logistic is the natural log of the odds of an event occurring. In this case, Equation (1)
becomes the form of Equation (2).
𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑠𝑢𝑐𝑐𝑒𝑠𝑠)

𝑜𝑑𝑑𝑠 = 𝑙𝑛 (𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑓𝑎𝑖𝑙𝑢𝑟𝑒))

(2)

In logistic regression, the log odds of an event occurring can be modeled as a linear expression of
a set of independent variables, where x1 through xn represents the independent variables and β1 through βn
represent the slope coefficients of the model [37, 38]. This relationship is seen in Equation (3).
𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑠𝑢𝑐𝑐𝑒𝑠𝑠)
)
𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑓𝑎𝑖𝑙𝑢𝑟𝑒)

𝑙𝑜𝑔𝑖𝑡 (𝑠𝑢𝑐𝑐𝑒𝑠𝑠) = 𝑙𝑛 (

= 𝛼 + 𝛽1 ∗ 𝑥1 + 𝛽2 ∗ 𝑥2 + ⋯ + 𝛽𝑛 ∗ 𝑥𝑛 (3)

Equation (3) actually represents the binomial case of the ordered logistic regression model. When
more than two categories exist, the regression models turn into a series of binomial logistic regression
models run simultaneously. These are referred to as a cumulative logit function, which represents the log
odds of an event and all events that are ordered after the event. For example, in the realm of this research,
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the first ordered logit model would be the natural log of the respondent answering “1” for “Extremely
Unsatisfying” versus all higher categories in the Likert-item scale [37, 38]. This particular example from
this research is seen by equation (4) below:

𝑙𝑜𝑔𝑖𝑡 (𝑠𝑢𝑐𝑐𝑒𝑠𝑠) = ln (

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 ≤"𝐸𝑥𝑡𝑟𝑒𝑚𝑒𝑙𝑦 𝑈𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔")

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 >"𝐸𝑥𝑡𝑟𝑒𝑚𝑒𝑙𝑦 𝑈𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔")

) (4)\

When there are X categories of ordinal dependent variables, then there exists X-1 cumulative logit
models. Therefore, four cumulative logit models will exist within this research model.
Table 9. Cumulative Logit Models defined
Category

Target Rating

Other Ratings

1

“Extremely Unsatisfying”

2

“Extremely Unsatisfying” and
“Unsatisfying”

“Unsatisfying”, “Neutral”, “Satisfying”,
“Extremely Satisfying”
“Neutral”, “Satisfying”, “Extremely
Satisfying”

3

“Extremely Unsatisfying”,
“Unsatisfying”, and “Neutral”

“Satisfying”, “Extremely Satisfying”

4

“Extremely Unsatisfying”,
“Unsatisfying”,
“Neutral, and “Satisfying”

“Extremely Satisfying”

As long as another assumption regarding the slope coefficients (that will be discussed in further
detail) is met, the effect of each independent variable is identical within each of the four cumulative logit
models. The odds of occurrence will be the same; the only “changing” factor will be the intercept of the
regression equation [38]. Since this type of regression model is cumulative, a category is added to the
target ratings with each successive model. This will be important to note within this research, as the
significant independent variables will allow for a predicted probability of attaining a “satisfying” or
“extremely satisfying” rating within the current state of the three courses questioned on the survey. The
probabilities that will be discussed throughout this thesis are based on this current dataset and the current
state of the three courses used for data collection within the department.
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3.2.2 Model Assumptions
The following assumptions must be met for the results of an ordinal logistic regression model to
be considered valid [38]:
a. Dependent Variables
There must be (1) ordinal dependent variable within the model [38].

b. Independent Variables
The model must contain one or more independent variables that are classified as either
ordinal, categorical, or continuous [38].

c. Multicollinearity
Multicollinearity refers to variables being highly correlated with one another. Although
interaction effects are important in other forms of regression, it is difficult to tell the exact
independent variable contributing to the dependent variable within ordinal logistic regression
[38]. Tolerance and Variance Inflation Factor (VIF) statistics must be consulted to see if the data
set passes the multicollinearity assumption. VIF represents the variance inflation factor and
estimates the coefficient βj associated with the jth explanatory variable, xj. The VIF is calculated
by using the coefficient from the regression results, in the form [39].
𝑉𝐼𝐹 = 1⁄
(1 − 𝑅𝑗2 )
Therefore, when the R2 value is close to one, the VIFj value will be large and there is
strong evidence of dependence between the variables. The tolerance column represents the
reciprocal of the VIF. If the Tolerance is less than 1 or the VIF values are greater than 10,
respectively, there may be a dependence or “collinearity” problem within the data set [38, 39]
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d. Proportional Odds
Proportional odds must be met within the model, meaning that each independent variable
has an identical effect at each split of the dependent variable. This refers to the slope of the
independent variables remaining the same through each cumulative logit model. The number of
cumulative logistic models is related to the number of categories of the dependent variable.
Within the realm of this research, this model will have four cumulative logistic models, as there
are five ordinal categories for the dependent variable. In SPSS, an Ordinal Regression was run in
order to assess the assumption of proportional odds. Specifically, the test is called the “Test of
Parallel Lines”, which tests that the independent variables will have the same slopes between the
four models. Therefore, the four lines would be parallel in nature, only differing in the yintercept [38].
The “Test of Parallel Lines” works by comparing the model fit between the two different
cumulative odds model. The two models that are compared are the Proportional Odds model that
assumes that proportional odds (i.e. same slope coefficients) are being met, against the “General”
Model that relaxes this constraint. These two models are compared through taking the
difference of the “-2 Log Likelihood”, as seen in the Chi-Square column [38].

𝐻0 : 𝑇ℎ𝑒 𝑠𝑙𝑜𝑝𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑎𝑐𝑟𝑜𝑠𝑠 𝑡ℎ𝑒 𝑓𝑜𝑢𝑟 𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑙𝑜𝑔𝑖𝑡 𝑚𝑜𝑑𝑒𝑙𝑠
𝐻𝑎 : 𝑇ℎ𝑒 𝑠𝑙𝑜𝑝𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑎𝑐𝑟𝑜𝑠𝑠 𝑡ℎ𝑒 𝑓𝑜𝑢𝑟
𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑙𝑜𝑔𝑖𝑡 𝑚𝑜𝑑𝑒𝑙𝑠
To assume that the assumption of proportional odds is not violated, the following two
conditions would have to be met: Chi-square value is relatively small and the p-value would be
greater than 0.05 [38]. This test was run at a confidence level of 95% to ensure that all included
independent variables had the same effect within each cumulative logit model. This would allow
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it to be stated that the null hypothesis is true that the slope coefficients are the same across the
cumulative logit models.

3.2.3 Goodness of Fit Test
Goodness of fit tests are often used to measure whether the model fits the data well. Within
Ordinal Logistic Regression in SPSS, there are a few ways to assess model fit. In the case of this model
and the following models, the Likelihood-ratio test will be used to compare the intercept only model
(assuming all other slope coefficients are zero) as compared to the full model with the intercept and all
terms with slope coefficients. The difference in the “-2 Log Likelihood” value is modeled by a Chisquare value with degrees of freedom specified by the total number of parameters minus one [40]. This
test is based on the following hypothesis test:

𝐻0 : 𝛽1 = 𝛽2 = 𝛽3 = 𝛽4 = 𝛽5 = 𝛽6 = 𝛽7 = 𝛽8 = 0
𝐻𝑎 : 𝐴𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙 𝑖𝑠 𝑛𝑜𝑡 𝑧𝑒𝑟𝑜
This hypothesis test can also be stated in terms of statistical significance to the overall model:

𝐻𝑜 : 𝑇ℎ𝑒 𝑖𝑛𝑑𝑒𝑝𝑒𝑑𝑒𝑛𝑡 𝑡𝑒𝑟𝑚𝑠 𝑑𝑜 𝑛𝑜𝑡 𝑎𝑑𝑑 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑐𝑒 𝑡𝑜 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙
𝐻𝑎 : 𝑇ℎ𝑒 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑡𝑒𝑟𝑚𝑠 𝑎𝑑𝑑 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑐𝑒 𝑡𝑜 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙
The smaller the Log Likelihood value in the table given by SPSS, the better the data fits the
model. The Chi-Square value and corresponding p-value are used to test the hypotheses given above. A
small p-value and large Chi-Square value correspond to the rejection of the null hypothesis at a level of
alpha [38, 40]. Alpha (α) represents the significance level of the test.
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3.2.4 Significance of Parameter Estimates
Estimates of each parameter or independent term will be given in the output of the SPSS Ordinal
Regression output. The parameter estimates are the most important factor to consider when building the
final, significant ordinal logistic regression model. The parameters represented by the “estimate” column
in the output show the log-odds regression coefficient terms. The log-odds regression coefficient terms
represent the following statement: “for a one unit increase in the independent variable, the dependent
variable will change by its log-odds coefficient while all other terms are held constant” [38]. To
determine if these estimates are significant, the Wald Chi-Square test was used under the following
hypothesis. Let βi represent the estimate for each independent variable, xi:

𝐻𝑜 : 𝛽𝑖 = 0
𝐻𝑎 : 𝛽𝑖 ≠ 0
Therefore, the Wald-Chi-Square test with each term at 1 degree of freedom (or 1 estimated term),
and the p-value allows conclusions to be made regarding the significance of the term within the overall
model. The Wald Chi-Square takes the square of the predictor’s estimated value and divides by the square
of the standard error of that term [41]. The p-value represents the probability that within a given model,
the null hypothesis that the regression coefficient of the predictor is zero while the rest of the terms are
still in the model. The alpha level for these models was set at 0.10, allowing for 90% confidence to be
assumed in the models and predictor coefficients. Many examples of ordinal logistic regression used
either 90% or 95% confidence intervals [38, 41]. Therefore, if the p-value is less than 0.10, the null
hypothesis is rejected that the coefficient estimate for the predictor is zero – thereby concluding that the
coefficient of the predictor is significant in the model. For the purpose of this research, only significant
predictor terms will be included in the final cumulative logit regression models.
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3.2.5 Ordinal Independent Variable Assumption
Within Ordinal Logistic regression, the independent variables must be treated as categorical or
continuous, as common software like SPSS and Minitab, do not have the ability to classify ordinal data as
strictly ordinal [43]. Ordinal data, such as Likert-item scales, have a specific order to the response values.
It will be assumed that the interval between responses of “1” to “2” and “4” to “5” within this model are
of the same width. When the differences between values are not uniformly quantifiable, the data is often
treated as categorical [42]. Measures were taken to explicitly state the levels of the 5-point Likert-item
scale to have the width between responses to be uniform.
It is still widely debated in academia whether ordinal scales should be treated as continuous or
categorical data within an ordinal logistic regression model. Likert-item scales have an underlying
continuous variable denoting a student’s level of satisfaction. This scale is mapped onto the five
categories that are separated by assumed equal distances. The dependent variable is still treated as ordinal
through using an ordered logit regression model. Logit regression is based on nonlinear estimation
methods to ensure that the ordinal nature of the dependent variable is retained. Most of the debate on this
topic is whether the mean and standard deviation of ordinal data is valid to make assumptions [42, 44]. It
would not make sense to try to answer the question of “What is the mean of ‘extremely unsatisfying’ and
‘unsatisfying’?” within a data set [43]. Within this research, the parameters of mean and standard
deviations are not of interest, but rather, finding the significant predictors of student satisfaction in the
Industrial Engineering classroom is the topic of interest.
Many consider ordinal data to be continuous when the following two conditions are met: five or
more categories and the interval between successive responses is the same throughout the five categories.
Therefore, in the case of this research, the ordinal independent variables with 5 categories ranging from
“Extremely Unsatisfying” at “1” to “Extremely Satisfying” at “5” will be treated as continuous predictors.
Within continuous variables, each unit change is treated as having the same effect on the explanatory or
dependent variable [44].
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Chapter 4
Results
The following section shows the statistical results of running four Ordinal Logistic regression
models in SPSS. The tables and information presented in this section show each of the fulfilled
assumptions, as well as the pivotal results that show the significant predictors to student satisfaction
within each model. The full statistical tests from SPSS for each model after running the set of specified
commands are seen in complete form in Appendix C.

4.1 Instruction Interaction and Feedback Model

4.1.1 Assumption for Multicollinearity
A linear regression of the model variables and the dependent variable was run in SPSS to
specifically find the collinearity diagnostics [38]. Table 10 shows the results of this test for the Instruction
Interaction and Feedback model, with independent terms a1-a8 (as defined in section 3.1.4):
Table 10. Assumption of Multicollinearity - Instructor Interaction & Feedback Model
Collinearity Statistics
Predictor Variables

Tolerance

VIF

a1

0.252

3.969

a2

0.259

3.867

a3

0.423

2.362

a4

0.438

2.283

a5

0.437

2.288

a6

0.407

2.458

a7

0.392

2.552

a8

0.537

1.863
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In this model, all of the tolerance and VIF values meet the assumption that the predictor variables
are not dependent on one another. This can be determined due to VIF values being less than 10 and
Tolerance values being less than 1. The specific calculation of VIF and its meaning are further defined
earlier in section 3.2.2 “Model Assumptions”. Therefore, each variable is independent and can
potentially have a significant effect on the dependent variable.

4.1.2 Assumption for Proportional Odds
This test works by comparing the model fit between two different cumulative odds models (one
with the slope coefficients being the same between all cumulative log models against the “General”
model that says the slope coefficients are not the same). The assumption of proportional odds was met, as
seen by the full likelihood ratio test comparing the two model possibilities, χ2 (24) = 30.405, p=0.172.
The p-value has to be larger than 0.05 in order to conclude that the assumption of proportional odds was
met. Table 11 shows the results of the Test of Parallel Lines for the Instructor Interaction and Feedback
model.
Table 11. Test of Parallel Lines - Instructor Interaction and Feedback Model
Model

-2 Log Likelihood

Proportional Odds Model
General

152.239
121.834

Chi-Square

Degrees of Freedom

p-value

30.405

24

0.172

4.1.3 Overall Model Fit
The Likelihood-ratio test was used to compare the intercept only model (assuming all other slope
coefficients are zero) as compared to the full model with the intercept and all terms with slope
coefficients. This was compared with a Chi-Square test with an underlying hypothesis test, as seen in
section 3.2.3. The results of testing whether the data fit this model well are seen in Table 12.
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Table 12. Model Fitting Information - Instruction Interaction and Feedback Model
Model
Intercept Only
Final

-2 Log Likelihood Chi-Square Degrees of Freedom p-value
322.099
152.239

169.860

8

0.000

In this model, it can be seen that the Chi-Square value and corresponding p-value show rejection
of the null hypothesis at any level of alpha. The p-value is significantly less than 0.10, as shown by the
model output of 0.000 (as a note, the p-value is not actually 0.000, but that represents the number of
significant figures that the SPSS software uses for this test). Therefore, it can be concluded that at least
one of the regression coefficients in the model is not zero and at least one term in the model is significant
for Instructor Interaction and Feedback.

4.1.4 Significant Terms
When running an Ordinal Logistic Regression Model, the GENLIN procedure was used in SPSS.
The parameters represented by the “estimate” column in Table 13 are the log-odds regression coefficients
terms. Table 13 shows the results of the estimate, standard error, the Chi-square value, the degrees of
freedom, and p-value for each tested term within the model.
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Table 13. Parameter Estimates - Instructor Interaction and Feedback Model

Estimate (βi) Std. Error Wald Chi-Square

Degrees of
Freedom

p-value

Threshold [x = 1.00]

10.461

1.825

32.849

1

0.000

[x = 2.00]

13.952

2.100

44.128

1

0.000

[x = 3.00]

16.454

2.336

49.613

1

0.000

[x = 4.00]
a1

21.573
1.221

2.962
0.364

53.055
11.242

1
1

0.000
0.001

a2

0.267

0.324

0.681

1

0.409

a3

1.121

0.274

16.757

1

0.000

a4

0.234

0.330

0.503

1

0.478

a5

0.611

0.402

2.314

1

0.128

a6

0.513

0.297

2.972

1

0.085

a7

0.447

0.271

2.716

1

0.099

a8

0.297

0.201

2.188

1

0.139

Predictor

Since there are 5 ordered categories of the ordinal dependent variable, there are four cumulative
logit models, as there is always one less cumulative logit model as the total number of categories for the
dependent variable [38]. These four models have the intercepts see in the upper half of Table 13, named
“Thresholds”. Each of the estimates for the threshold values is significant with a p-value of 0.000, which
is significantly less than the significance level of 0.10. By analyzing the other p-values for the predictor
variables a1 through a8, the terms that are significant can be found. Table 14 shows the four significant
variables for the Instructor Interaction and Feedback model.
Table 14. Significant Variables - Instructor Interaction and Feedback Model
Predictor
a1
a3
a6
a7

p-value
0.001
0.000
0.085
0.099

Predictor Description
“The Instructor gives detailed feedback”
“My Instructor was approachable”
“My Instructor stressed the importance of the course material”
“The Instructor relates class topics to student interest to increase motivation
and value in course”
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The p-values are all less than the significance level of 0.10. Therefore, the terms a1, a3, a6, and a7
can be deemed significant predictors to the dependent variable of overall student satisfaction in relation to
Instructor Interaction and Feedback.

4.1.5 Cumulative Logit Model Equations
For the Instructor Interaction and Feedback Model, the following four cumulative logit models
are written knowing the significant predictors found through the Wald Chi-Square test and the p-values.
The thresholds (y-intercepts) change for each cumulative logit equation. The subscript name on each
model represents the threshold of that particular cumulative logit model. For example, the second
equation represented by xunsatisfying includes both categories of “Extremely Unsatisfying” and
“Unsatisfying”, as compared to all other categories. The cumulative logit functions are adding a response
category with each model. For example, the four cumulative logit models for Instructor Interaction and
Feedback are finding the probability of having a satisfaction rating of “1” or “2” or “3” or “4” compared
to “5. Therefore, the predicted probabilities are based on the current data sample and will have similar
percentages to the actual breakdown of student responses from the survey data collected in fall 2014.
SPSS gives the estimated probabilities for each category based on the given data sample directly by
utilizing the current data and created models.
The first equation represents the cumulative logit between “Extremely Unsatisfying” and all
higher categories:

𝑙𝑛 (𝑥𝑒𝑥𝑡𝑟𝑒𝑚𝑒𝑙𝑦 𝑢𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 10.461 − (1.221 ∗ 𝑎1 + 1.121 ∗ 𝑎3 + 0.513 ∗ 𝑎6 + 0.447 ∗ 𝑎7
The second equation represents the cumulative logit between “Extremely Unsatisfying” and
“Unsatisfying” opposed to all higher categories:

𝑙𝑛 (𝑥 𝑢𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 13.952 − (1.221 ∗ 𝑎1 + 1.121 ∗ 𝑎3 + 0.513 ∗ 𝑎6 + 0.447 ∗ 𝑎7 )
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The third equation represents the cumulative logit between “Extremely Unsatisfying”,
“Unsatisfying” and “Neutral” opposed to all higher categories:

𝑙𝑛 (𝑥 𝑛𝑒𝑢𝑡𝑟𝑎𝑙 ) = 16.454 − (1.221 ∗ 𝑎1 + 1.121 ∗ 𝑎3 + 0.513 ∗ 𝑎6 + 0.447 ∗ 𝑎7 )
The fourth equation represents the cumulative logit between the “Extremely Unsatisfying”,
“Unsatisfying”, “Neutral”, and “Satisfying” category as opposed to “Extremely Satisfying”:

𝑙𝑛 (𝑥 𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 21.573 − (1.221 ∗ 𝑎1 + 1.121 ∗ 𝑎3 + 0.513 ∗ 𝑎6 + 0.447 ∗ 𝑎7 )
Within the SPSS output, the estimated probabilities of each response variable are given. This
probability gives the probability of receiving each overall satisfaction score for Instructor Interaction and
Feedback based on the current student survey data sample. For future data samples taken under the same
conditions, the estimated probabilities should be similar to the probabilities seen in Table 15 for this data
set. If the model was tested under different conditions (such as different instructors or if the significant
factors for student satisfaction were implemented), the model would have to be re-tested to find new
estimated probabilities of each response category under different conditions.
Table 15. Estimated Response Probability for Instructor Interaction and Feedback Model
Response Variable

Description

Average Probability

EST_1

Estimated probability of
“Extremely Unsatisfying”
Estimated probability of
“Unsatisfying”
Estimated probability of
“Neutral”
Estimated probability of
“Satisfying”
Estimated probability of
“Extremely Satisfying”

9.29%

EST_2
EST_3
EST_4
EST_5

17.60%
16.69%
31.14%
25.11%
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4.1.6 Crosstab for Model Verification
Crosstabs, or confusion tables as named by SPSS, are used to compare actual dependent variable
answers from students against predicted values [38]. The predicted values are calculated within SPSS and
then compared to the actual response values from the survey results. The predicted values simulate a new
dataset based on the current data sample to act as verification to the model. A crosstab table shows the
count and percentage of the correctly predicted values (true positives), as well as true negatives within the
model. Table 16 shows the full crosstabs for every combination of predicted and actual response
categories for the Instructor Interaction and Feedback model. This table shows conditional probabilities
that are comparing the probability of correctly predicting the response category when the actual category
is given. Conditional probabilities follow the formula, where the predicted probabilities are the values
created by SPSS and the actual values are the response from the student survey:

𝑃(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|𝑎𝑐𝑡𝑢𝑎𝑙) =

𝑃(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ⋂ 𝑎𝑐𝑡𝑢𝑎𝑙)
𝑃(𝑎𝑐𝑡𝑢𝑎𝑙)

For the Instructor Interaction and Feedback model for the “Extremely Unsatisfying” response
category, the following calculation was performed in order to find the 70% value seen in the top left of
Table 16.

From this calculation, the majority of the predicted student responses were classified as
“extremely unsatisfying” by the model when the actual data set showed the response of “extremely
unsatisfying”. The four other response categories were calculated in a similar manner to verify the
prediction capabilities of the current model based on the current data set.
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Table 16. Crosstab Table - Instructor Interaction and Feedback Model
Predicted Response Category
Actual Response
x Extremely Count
Unsatisfying % within x
Unsatisfying Count
% within x
Neutral

Count
% within x

Satisfying

Count
% within x

Extremely
Satisfying
Total

Count
% within x
Count
% within x

Extremely
Unsatisfying Unsatisfying Neutral Satisfying

Extremely
Satisfying

Total

7

2

0

1

0

10

70.0%

20.0%

0.0%

10.0%

0.0%

9.34%

4

12

4

0

0

20

20.0%

60.0%

20.0%

0.0%

0

4

9

4

23.5% 52.9%

23.5%

0.0%
0

0

4

22

0.0%

0.0%

12.1%

66.7%

0

0

0

2

0.0%

0.0%

0.0%

7.4%

11

18

17

29

10.3%

16.8%

15.9%

27.1%

0.0% 18.69%
0

17

0.0% 15.88%
7

33

21.2% 30.84%
27

25

92.6% 25.23%
32

107

29.9% 100.0%

By analyzing each row, it can be seen where the majority of the prediction values fell within the 5
categories of the Likert-Item Scale. On the left hand side of this table are the 5 categories for the
dependent variable from the actual student survey data. The crosstab calculated predicted values based on
the data in the surveys. Therefore, within the first row, the model correctly predicted that the students
would find the classroom “Extremely Unsatisfying” 70% of the time within that row, as seen in the
calculation above [38]. The model correctly predicted a student satisfaction rating of “Unsatisfying” 60%
of the time. Similar logic can be applied to the last three categories of “Neutral”, “Satisfying”, and
“Extremely Satisfying”. This model correctly classified each predicted response category, which acts as a
good validation technique for the overall model. The predicted probabilities for the Instructor Interaction
and Feedback model can be related to the estimated response probabilities in Table 15, as both are using
predicted responses for data samples under the same conditions as the original data sample.
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4.2 Classroom Environment Model

4.2.1 Assumption for Multicollinearity
A linear regression of the model variables and the dependent variable was run in SPSS to
specifically find the collinearity diagnostics [38]. Table 17 shows the results of this test for the
Classroom Environment Model, with independent terms b1-b7 (as defined in section 3.1.4):
Table 17. Assumption of Multicollinearity Results - Classroom Environment Model
Collinearity Statistics
Predictor Variables

Tolerance

VIF

b1

0.528

1.894

b2

0.524

1.909

b3

0.371

2.695

b4

0.419

2.388

b5

0.615

1.626

b6

0.494

2.024

b7

0.569

1.759

In this model, all of the tolerance and VIF values meet the assumption that the predictor variables
are not dependent on one another. For this assumption to be held the VIF values must be less than 10 and
the Tolerance values must be less than 1. Therefore, each variable is independent and can potentially have
a significant effect on the dependent variable.

4.2.2 Assumption for Proportional Odds
The “Test of Parallel Lines” within SPSS is used to verify this assumption by comparing the
model fit between two different cumulative odds models (one with the slope coefficients being the same
between all cumulative log models against the “General” model that says the slope coefficients are not the
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same). The assumption of proportional odds was met, as seen by the full likelihood ratio test comparing
the two model possibilities, χ2 (21) =25.848, p=0.212, as seen in Table 18. This p-value is larger than the
alpha level of 0.05, therefore leading to the acceptance of the null hypothesis.
Table 18. Test of Parallel Lines - Classroom Environment

Model

-2 Log
Likelihood

Proportional Odds Model
General

202.001
176.152

Chi-Square

Degrees of
Freedom

p-value

25.848

21

0.212

4.2.3 Overall Model Fit
The Likelihood-ratio test was used to compare the intercept only model (assuming all other slope
coefficients are zero) as compared to the full model with the intercept and all terms with slope
coefficients. This was compared with a Chi-Square test with an underlying hypothesis test, as seen in
section 3.2.3. The results of testing the fit of this model to the data are seen in Table 19.
Table 19. Model Fitting Information - Classroom Environment
Model

-2 Log Likelihood

Chi-Square

Degrees of Freedom

p-value

Intercept Only
Final

322.697
202.001

120.697

7

0.000

The p-value is significantly less than 0.10, as shown by the model output of 0.000 (the p-value is
not actually 0.000, but that represents the number of significant figures that the SPSS software uses for
this test). Therefore, the null hypothesis is rejected and it can be concluded that at least one of the
regression coefficients in the model is not zero and at least one term in the model is significant for
Classroom Environment.
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4.2.4 Significant Terms
The parameters represented by the “estimate” column in Table 19 show the log-odds regression
coefficients terms for the Classroom Environment Model. The results of the ordinal logistic regression in
SPSS are seen in Table 20, with the estimates, standard error, Chi-square values, degrees of freedom, and
p-values for each variable in the model.
Table 20. Parameter Estimates – Classroom Environment Model
Estimate (βi) Std. Error Wald Chi-Square Degrees of Freedom p-value
Threshold [t = 1.00]

6.504

1.193

29.724

1

0.000

[t = 2.00]

8.720

1.278

46.544

1

0.000

[t = 3.00]

11.551

1.535

56.601

1

0.000

[t = 4.00]
b1

14.086
0.461

1.748
0.277

64.971
2.770

1
1

0.000
0.096

b2

0.474

0.261

3.306

1

0.069

b3

0.357

0.241

2.204

1

0.138

b4

0.523

0.262

3.976

1

0.046

b5

0.090

0.141

0.407

1

0.523

b6

0.161

0.241

0.450

1

0.502

b7

1.133

0.242

21.947

1

0.000

Location

The four cumulative logit models have intercepts seen in the upper half of Table 20, named
“Thresholds”. Each of the estimates for the threshold values is significant with a p-value of 0.000, which
is significantly less than the significance level of 0.10. By analyzing the other p-values for the predictor
variables b1 through b7, Table 21 shows the four predictor variables that are deemed significant within this
model for the Classroom Environment.
Table 21. Significant Variables - Classroom Environment Model
Predictor
b1
b2
b4
b7

p-value
0.096
0.069
0.046
0.000

Predictor Description
“Real World Applications of course material”
“Skills gained applicable to future career”
“Presentations, assignments, and activities relate”
“Students are encouraged to be active participants in classroom”
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The p-values are all less than the significance level of 0.10. Therefore, the terms b1, b2, b4, and b7
can be deemed significant predictors to the dependent variable of overall student satisfaction in relation to
Classroom Environment.

4.2.5 Cumulative Logit Model Equations
For the Classroom Environment model, the following four cumulative logit models are written
knowing the significant predictors found via the Wald Chi-Square test and the p-values. The thresholds
(y-intercepts) change from each cumulative logit equation. The subscript name on each model represents
the threshold of that particular cumulative logit model. For example, the second equation represented by
tunsatisfying includes both categories of “Extremely Unsatisfying” and “Unsatisfying”, as compared to all
other categories. The cumulative logit functions are adding a response category with each model. For
example, the four cumulative logit models for Classroom Environment are finding the probability of
having a satisfaction rating of “1” or “2” or “3” or “4” compared to “5” for this data sample. Therefore,
the predicted probabilities are based on the current data sample and will have similar percentages to the
actual breakdown of student responses from the survey data collected in fall 2014. SPSS gives the
estimated probabilities for each category based on the given data sample directly by utilizing the data and
created models.
The first equation represents the cumulative logit between “Extremely Unsatisfying” and all
higher categories:

𝑙𝑛 (𝑡𝑒𝑥𝑡𝑟𝑒𝑚𝑒𝑙𝑦 𝑢𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 6.504 − (0.461 ∗ 𝑏1 + 0.474 ∗ 𝑏2 + 0.523 ∗ 𝑏4 + 1.133 ∗ 𝑏7 )
The second equation represents the cumulative logit between “Extremely Unsatisfying” and
“Unsatisfying” compared to all higher categories:

𝑙𝑛 (𝑡 𝑢𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 8.720 − (0.461 ∗ 𝑏1 + 0.474 ∗ 𝑏2 + 0.523 ∗ 𝑏4 + 1.133 ∗ 𝑏7 )
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The third equation represents the cumulative logit between “Extremely Unsatisfying”,
“Unsatisfying” and “Neutral” compared to all higher categories:

𝑙𝑛 (𝑡𝑛𝑒𝑢𝑡𝑟𝑎𝑙 ) = 11.551 − (0.461 ∗ 𝑏1 + 0.474 ∗ 𝑏2 + 0.523 ∗ 𝑏4 + 1.133 ∗ 𝑏7 )
The fourth equation represents the cumulative logit between the “Extremely Unsatisfying”,
“Unsatisfying”, “Neutral”, and “Satisfying” category as compared to “Extremely Satisfying”:

𝑙𝑛 (𝑡𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 14.086 − (0.461 ∗ 𝑏1 + 0.474 ∗ 𝑏2 + 0.523 ∗ 𝑏4 + 1.133 ∗ 𝑏7 )
Within the SPSS output, the estimated probabilities of each response variable are given. This
probability gives the probability of receiving each overall satisfaction score for Classroom Environment
based on the current student survey data sample. For future data samples taken under the same
conditions, the estimated probabilities should be very similar to the probabilities seen in Table 22 for this
current data sample. If the model was tested under different conditions (such as a different instructors or
if the significant factors for student satisfaction were implemented), the model would have to be re-tested
to find new estimated probabilities of each response category under different conditions.
Table 22. Estimated Response Probability for Classroom Environment Model
Response Variable

Description

Average Probability

EST_1

Estimated probability of
“Extremely Unsatisfying”
Estimated probability of
“Unsatisfying”
Estimated probability of
“Neutral”
Estimated probability of
“Satisfying”
Estimated probability of
“Extremely Satisfying”

7.37%

EST_2
EST_3
EST_4
EST_5

16.57%
26.55%
25.01%
24.33%
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4.2.6 Crosstab for Model Verification
Crosstabs, or confusion tables as named by SPSS, are used to compare actual dependent variable
answers from students against predicted values [38]. The predicted values are calculated within SPSS and
then compared to the actual response values from the survey results. The predicted values simulate a new
data sample based on the current data sample to act as verification to the model. A crosstab table shows
the count and percentage of the correctly predicted values (true positives), as well as true negatives within
the model. Table 23 shows the full crosstabs for every combination of predicted and actual response
categories for the Classroom Environment model. This table shows conditional probabilities that are
comparing the probability of correctly predicting the response category when the actual category is given.
Conditional probabilities follow the formula, where the predicted probabilities are the values created by
SPSS and the actual values are the response from the student survey:

𝑃(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|𝑎𝑐𝑡𝑢𝑎𝑙) =

𝑃(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ⋂ 𝑎𝑐𝑡𝑢𝑎𝑙)
𝑃(𝑎𝑐𝑡𝑢𝑎𝑙)

For the Classroom Environment model for the “Extremely Unsatisfying” response category, the
following calculation was performed in order to find the 37.5% that appears as the highest percentage in
the first row of Table 23. This percentage shows the comparison of the actual student survey values
against the predicted category response (based on the original data sample) in the form of conditional
probability.

𝑃(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|𝑎𝑐𝑡𝑢𝑎𝑙)𝑢𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 =

3
(107)
8
(107)

= 0.375

From this calculation, the majority of the predicted student responses were classified as
“unsatisfying” by the model when the actual data sample showed the response of “extremely
unsatisfying”. The four other response categories were calculated in a similar manner to verify the
prediction capabilities of the current model based on the current data sample.
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Table 23. Crosstab Table - Classroom Environment Model
Predicted Response Category
Actual Response
t Extremely
Unsatisfying

Count

Unsatisfying

Count

% within t
% within t

Neutral

Count
% within t

Satisfying

Count
% within t

Extremely
Satisfied
Total

Count
% within t
Count
% within t

Extremely
Unsatisfying Unsatisfying Neutral Satisfying

Extremely
Satisfying

Total

2

3

2

1

0

8

25.0%

37.5%

25.0%

12.5%

0.0%

7.47%

3

8

7

1

0

19

15.8%

42.1%

36.8%

5.3%

0

5

19

5

16.7% 63.3%

16.7%

0.0%
0

0

5

13

0.0%

0.0%

20.8%

54.2%

0

0

0

6

0.0%

0.0%

0.0%

23.1%

5

16

33

26

4.7%

15.0%

30.8%

24.3%

0.0% 17.75%
1

30

3.3% 28.03%
6

24

25.0% 22.42%
26

20

76.9% 24.29%
27

107

25.2% 100.0%

By analyzing each row, it can be seen where the majority of the prediction values fell within the 5
categories of the Likert-Item Scale. On the left hand side of this table are the 5 categories for the
dependent variable. The crosstab calculated predicted values based on the data in the surveys. Therefore,
within the first row, the model did not correctly predict a student satisfaction rating in relation to
Classroom Environment (the majority of the predicted responses were found to be “Unsatisfying” – when
the survey showed the actual responses should have been “Extremely Unsatisfying”). However, in the
four remaining categories, the model accurately predicted the majority of responses to the correct
category of the dependent variable. Since the majority of the model accurately predicted the student
response, this model is verified for prediction uses. The predicted probabilities for the Classroom
Environment model can be related to the estimated response probabilities in Table 22, as both are using
predicted responses for data samples under the same conditions as the original data sample.
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4.3 Modes of Instruction Model

4.3.1 Assumption for Multicollinearity
A linear regression of the model variables and the dependent variable was run in SPSS to
specifically find the collinearity diagnostics [38]. Table 24 shows the results of this test for the Modes of
Instruction Model, with independent terms c1-c6 (as defined in section 3.1.4):
Table 24. Assumption of Multicollinearity Results - Modes of Instruction Model
Collinearity Statistics
Predictor Variables

Tolerance

VIF

c1

0.889

1.125

c2

0.913

1.095

c3

0.860

1.162

c4

0.726

1.378

c5

0.735

1.361

c6

0.753

1.328

In this model, all of the tolerance and VIF values meet the assumption that the predictor variables
are not dependent on one another. This can be determined due to VIF values being significantly less than
10 and Tolerance values being less than 1. The specific calculation of VIF and its meaning are further
defined earlier in section 3.2.2 “Model Assumptions”. Therefore, each variable is independent and can
potentially have a significant and unique effect on the dependent variable.

4.3.2 Assumption for Proportional Odds
The assumption of proportional odds was met, as seen by the full likelihood ratio test comparing
the two model possibilities, χ2 (18) = 27.201, p=0.075. This p-value is greater than 0.05, not by a

77
substantial amount [38]. Therefore, it can be concluded that the assumption of proportional odds was met
within this model. The full results of the Test of Parallel Lines in SPSS in seen in Table 25.
Table 25. Test of Parallel Lines - Modes of Instruction Model
Model

-2 Log Likelihood

Chi-Square

Degrees of Freedom

p-value

Proportional Odds Model
General

248.000
220.799

27.201

18

0.075

4.3.3 Overall Model Fit
The Likelihood-ratio test within SPSS was used to compare the intercept only model (assuming
all other slope coefficients are zero) as compared to the full model with the intercept and all terms with
slope coefficients. These hypothesis tests represented in section 3.2.3 are tested with a Chi-Square test.
The full results of testing if this model is a good fit for the data is represented by Table 26.
Table 26. Model Fitting Information - Modes of Instruction Model

Model

-2 Log Likelihood

Chi-Square

Degrees of
Freedom

Intercept Only
Final

308.022
248.000

60.022

6

p-value
0.000

In this model, it can be seen that the Chi-Square value and corresponding p-value show rejection
of the null hypothesis at any level of alpha. The p-value is significantly less than 0.10, as shown by the
model output of 0.000. Therefore, it can be concluded that at least one of the regression coefficients in
the model is not zero and at least one term in the model is significant for “Modes of Instruction” Model.
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4.3.4 Significant Terms
The parameters represented by the “estimate” column in Table 27 show the log-odds regression
coefficients terms. Table 27 shows the result for all variables included in the model, such as the
parameter estimate, standard error, Chi-Square statistic, degrees of freedom, and p-value.
Table 27. Parameter Estimates - Modes of Instruction Model

Estimate (βi) Std. Error Wald Chi-Square

Degrees of
Freedom

p-value

Threshold [z = 1.00]

3.521

1.059

11.043

1

0.001

[z = 2.00]

5.590

1.102

25.736

1

0.000

[z = 3.00]

7.064

1.170

36.470

1

0.000

[z = 4.00]
Predictor c1

9.726
0.090

1.339
0.155

52.730
0.336

1
1

0.000
0.562

c2

0.864

0.207

17.469

1

0.000

c3

0.461

0.130

12.563

1

0.000

c4

-0.088

0.164

0.287

1

0.592

c5

0.182

0.176

1.065

1

0.302

c6

0.624

0.205

9.235

1

0.002

These four models have the intercepts as seen in the “Threshold” column of the left side of Table
27. Each threshold represents one of the four cumulative logit models for Modes of Instruction. Each of
the estimates for the threshold values is significant with a p-value of 0.001or less, which is significantly
less than any defines significance level. By analyzing the other p-values for the predictor variables c1
through c6, it can be seen that the predictors shown in Table 26 are significant, with p-values less than
0.10.
Table 28. Significant Variables - Modes of Instruction Model
Predictor
c2
c3
c6

p-value
0.000
0.000
0.002

Predictor Description
PowerPoint Lecture
Problem-Solving Sessions
Group-Work
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These p-values are all less than the significance level of 0.10. Therefore, the terms c2, c3, and c6,
can be deemed significant predictors to the dependent variable of overall student satisfaction in relation to
Modes of Instruction.

4.3.5 Cumulative Logit Model Equations
For the Modes of Instruction model, the following four cumulative logit models are written
knowing the significant predictors found via the Wald Chi-Square test and the p-values. The thresholds
(y-intercepts) change from each cumulative logit equation. The subscript name on each model represents
the threshold of that particular cumulative logit model. For example, the second equation represented by
zunsatisfying includes both categories of “Extremely Unsatisfying” and “Unsatisfying”, as compared to all
other categories. The cumulative logit functions are adding a response category with each model. For
example, the four cumulative logit models for Modes of Instruction are finding the probability of having a
satisfaction rating of “1” or “2” or “3” or “4” compared to “5”. Therefore, the predicted probabilities are
based on the current data sample and will have similar percentages to the actual breakdown of student
responses from the survey data collected in fall 2014. SPSS gives the estimated probabilities for each
category based on the given data sample directly by utilizing the data and created models.
The first equation represents the cumulative logit between “Extremely Unsatisfying” and all
higher categories:

𝑙𝑛 (𝑧𝑒𝑥𝑡𝑟𝑒𝑚𝑒𝑙𝑦 𝑢𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 3.521 − (0.864 ∗ 𝑐2 + 0.461 ∗ 𝑐3 + 0.624 ∗ 𝑐6 )
The second equation represents the cumulative logit between “Extremely Unsatisfying” and
“Unsatisfying” compared to all higher categories:

𝑙𝑛 (𝑧𝑢𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 5.590 − (0.864 ∗ 𝑐2 + 0.461 ∗ 𝑐3 + 0.624 ∗ 𝑐6 )
The third equation represents the cumulative logit between “Extremely Unsatisfying”,
“Unsatisfying” and “Neutral” compared to all higher categories:

𝑙𝑛 (𝑧𝑛𝑒𝑢𝑡𝑟𝑎𝑙 ) = 7.064 − (0.864 ∗ 𝑐2 + 0.461 ∗ 𝑐3 + 0.624 ∗ 𝑐6 )
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The fourth equation represents the cumulative logit between the “Extremely Unsatisfying”,
“Unsatisfying”, “Neutral”, and “Satisfying” category as compared to “Extremely Satisfying”:

𝑙𝑛 (𝑧𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 9.726 − (0.864 ∗ 𝑐2 + 0.461 ∗ 𝑐3 + 0.624 ∗ 𝑐6 )
Within the SPSS output, the estimated probabilities of each response variable are given. This
probability gives the probability of receiving each overall satisfaction score for Modes of Instruction
based on the current student survey data sample. For future data samples taken under the same
conditions, the estimated probabilities should be very similar to the probabilities seen in Table 29 for this
current data sample. If the model was tested under different conditions (such as a different instructors or
if the significant factors for student satisfaction were implemented), the model would have to be re-tested
to find new estimated probabilities of each response category under different conditions.
Table 29. Estimated Response Probability for Modes of Instruction Model
Response Variable

Description

Average Probability

EST_1

Estimated probability of
“Extremely Unsatisfying”
Estimated probability of
“Unsatisfying”
Estimated probability of
“Neutral”
Estimated probability of
“Satisfying”
Estimated probability of
“Extremely Satisfying”

5.46%

EST_2
EST_3
EST_4
EST_5

14.76%
21.76%
40.73%
17.23%

4.3.6 Crosstab for Model Verification
Crosstabs, or confusion tables as named by SPSS, are used to compare actual dependent variable
answers from students against predicted values [38]. The predicted values are calculated within SPSS and
then compared to the actual response values from the survey results. The predicted values simulate a new
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data sample based on the current data sample to act as verification to the model. A crosstab table shows
the count and percentage of the correctly predicted values (true positives), as well as true negatives within
the model. Table 30 shows the full crosstabs for every combination of predicted and actual response
categories for the Modes of Instruction model. This table shows conditional probabilities that are
comparing the probability of correctly predicting the response category when the actual category is given.
Conditional probabilities follow the formula, where the predicted probabilities are the values created by
SPSS and the actual values are the response from the student survey:

𝑃(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|𝑎𝑐𝑡𝑢𝑎𝑙) =

𝑃(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ⋂ 𝑎𝑐𝑡𝑢𝑎𝑙)
𝑃(𝑎𝑐𝑡𝑢𝑎𝑙)

For the Modes of Instruction model for the “Extremely Unsatisfying” response category, the
following calculation was performed in order to find the 50% that appears as the highest percentage in the
first row of Table 30. This percentage shows the comparison of the actual student survey values against
the predicted category response (based on the original data sample) in the form of conditional probability.

𝑃(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|𝑎𝑐𝑡𝑢𝑎𝑙)𝑢𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 =

6
(107)
18
(107)

= 0.50

From this calculation, the majority of the predicted student responses were classified as
“unsatisfying” by the model when the actual data sample showed the response of “extremely
unsatisfying”. The four other response categories were calculated in a similar manner to verify the
prediction capabilities of the current model based on the current data sample.
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Table 30. Crosstab Table - Modes of Instruction Model
Predicted Response Category
Actual Response
z Extremely
Count
Unsatisfying % within z
Unsatisfying Count
% within z
Neutral

Count
% within z

Satisfying

Count
% within z

Extremely
Satisfying
Total

Count
% within z
Count
% within z

Extremely
Unsatisfying Unsatisfying Neutral Satisfying

Extremely
Satisfying

Total

1

3

1

1

0

6

16.7%

50.0%

16.7%

16.7%

0.0%

5.60%

1

6

5

6

0

18

5.6%

33.3%

27.8%

33.3%

0

5

5

13

0.0%

21.7%

21.7%

56.5%

0

2

2

34

0.0%

4.8%

4.8%

81.0%

0

0

0

9

0.0%

0.0%

0.0%

50.0%

2

16

13

63

1.9%

15.0%

12.1%

58.9%

0.0% 16.82%
0

23

0.0% 21.49%
4

42

9.5% 39.25%
18

9

50.0% 16.82%
13

107

12.1% 100.0%

By analyzing each row, it can be seen where the majority of the prediction values fell within the 5
categories of the Likert-Item Scale. The red highlighted cells show the majority of the predicted values
as compared to the actual values for that specific category of the dependent variable. On the left hand
side of this table are the 5 categories for the dependent variable. The crosstab calculated predicted values
based on the data in the surveys. Therefore, within the first row, the model falsely predicted that students
would respond “Unsatisfying” 33.3% of the time within that row when the actual response was
“Extremely Unsatisfying” [38]. The model also inaccurately predicted the “Neutral” category, as 56.5%
the model predicted “Satisfying” instead of the correct response of “Neutral”. The rest of the categories
of the dependent variable were correctly predicted by this model. Although two of the five categories
were incorrectly predicted, the model will still allow for the significant predictors to be analyzed and
implemented in the classroom. The predicted probabilities for the Modes of Instruction model can be
related to the estimated response probabilities in Table 29, as both are using predicted responses for data
samples under the same conditions as the original data sample.
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4.4 Overall Satisfaction Model

4.4.1 Assumption for Multicollinearity
A linear regression of the model variables and the dependent variable was run in SPSS to
specifically find the collinearity diagnostics [38]. Table 31 shows the results of this test for the Overall
Satisfaction model, with independent terms x, t, z (as defined in section 3.1.4):
Table 31. Assumption of Multicollinearity Results - Overall Satisfaction Model

Predictor
Variables

Collinearity
Statistics
Tolerance

VIF

x

0.252

3.966

t

0.264

3.791

z

0.306

3.263

In this model, all of the tolerance and VIF values meet the assumption that the predictor variables
are not dependent on one another. This can be determined due to VIF values being less than 10 and
Tolerance values being less than 1[38]. Each of the three independent variables is independent and can
potentially have a significant effect on the dependent variable.

4.4.2 Assumption for Proportional Odds
The assumption of proportional odds was met, as seen by the full likelihood ratio test comparing
the two model possibilities, χ2 (9) = 15.419, p=0.080. The p-value is greater than the significance level of
0.05, therefore concluding that the assumption of the slope coefficients between each cumulative logit
model is met. The Test of Parallel line results from SPSS are shown in Table 32.
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Table 32. Test of Parallel Lines - Overall Satisfaction Model

Model

-2 Log Likelihood

Chi-Square

Degrees of
Freedom

Null Hypothesis
General

78.752
63.333

15.419

9

p-value
0.080

4.4.3 Overall Model Fit
The Likelihood-ratio test was used to compare the intercept only model (assuming all other slope
coefficients are zero) as compared to the full model with the intercept and all terms with slope
coefficients. This was compared with a Chi-Square test with an underlying hypothesis test, as seen in
section 3.2.3. The results from testing if this model was a good fit for the data is seen in Table 33.
Table 33. Model Fitting Information - Overall Satisfaction Model

Model
Intercept Only
Final

-2 Log Likelihood
282.805
78.752

Chi-Square
204.053

Degrees of
Freedom

p-value
3

0.000

In this model, it can be seen that the Chi-Square value and corresponding p-value show rejection
of the null hypothesis at any level of alpha. The p-value of 0.000 is very small and will allow this model
to have at least one of the coefficients in the regression to be significant for the Overall Satisfaction
model.

4.4.4 Significant Terms
The parameters represented by the “estimate” column in Table 34 show the log-odds regression
coefficient terms for the Overall Satisfaction model. Table 34 shows the estimate, standard error, ChiSquare, degrees of freedom, and p-value for each of the variables included in the model.
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Table 34. Parameter Estimates - Overall Satisfaction Model

Estimate (βi) Std. Error Wald Chi-Square

Degrees of
Freedom

p-value

Threshold [y = 1.00]

7.699

1.211

40.403

1

0.000

[y = 2.00]

13.382

1.832

53.335

1

0.000

[y = 3.00]

17.111

2.255

57.567

1

0.000

[y = 4.00]
Predictor x

21.949
2.341

2.756
0.433

63.443
29.246

1
1

0.000
0.000

t

0.763

0.375

4.146

1

0.042

z

1.848

0.443

17.423

1

0.000

The four models have intercepts on the vertical axis, as seen by the “Threshold” column on the
left side of Table 34. Each of the estimates for the threshold values is significant with a p-value of 0.000,
which is less than the significance level of 0.10. By analyzing the other p-values for the predictor
variables x, t, z, it can be seen in Table 35 that the following predictors are significant with their
respective p-values:
Table 35. Significant Variables - Overall Satisfaction Model
Predictor
x
t
z

p-value
0.000
0.042
0.000

Predictor Description
Instructor Interaction and Feedback
Classroom Environment
Modes of Instruction

The p-values are all less than the significance level of 0.10. Therefore, the terms x, t, and z can
be deemed significant predictors to the dependent variable of Overall Satisfaction in the Industrial
Engineering classroom.

4.4.5 Cumulative Logit Model Equations
For the Overall Satisfaction model, the following four cumulative logit models are written
knowing the significant predictors found via the Wald Chi-Square test and the p-values. The subscript
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name on each model represents the threshold of that particular cumulative logit model. For example, the
second equation represented by yunsatisfying includes both categories of “Extremely Unsatisfying” and
“Unsatisfying”, as compared to all other categories. The cumulative logit functions are adding a response
category with each model. For example, the four cumulative logit models for Overall Satisfaction are
finding the probability of having a satisfaction rating of “1” or “2” or “3” or “4” compared to “5”.
Therefore, the predicted probabilities are based on the current data sample and will have similar
percentages to the actual breakdown of student responses from the survey data collected in fall 2014.
SPSS gives the estimated probabilities for each category based on the given data sample directly by
utilizing the data and created models.
The first equation represents the cumulative logit between “Extremely Unsatisfying” and all
higher categories:

ln(𝑦𝑒𝑥𝑡𝑟𝑒𝑚𝑒𝑙𝑦 𝑢𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 7.699 − (2.341 ∗ 𝑥 + 0.763 ∗ 𝑡 + 1.848 ∗ 𝑧)
The second equation represents the cumulative logit between “Extremely Unsatisfying” and
“Unsatisfying” compared to all higher categories:

ln(𝑦 𝑢𝑛𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 13.382 − (2.341 ∗ 𝑥 + 0.763 ∗ 𝑡 + 1.848 ∗ 𝑧)
The third equation represents the cumulative logit between “Extremely Unsatisfying”,
“Unsatisfying” and “Neutral” compared to all higher categories:

ln(𝑦 𝑛𝑒𝑢𝑡𝑟𝑎𝑙 ) = 17.111 − (2.341 ∗ 𝑥 + 0.763 ∗ 𝑡 + 1.848 ∗ 𝑧)
The fourth equation represents the cumulative logit between the “Extremely Unsatisfying”,
“Unsatisfying”, “Neutral”, and “Satisfying” category as compared to “Extremely Satisfying”:
ln(𝑦 𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 ) = 21.949 − (2.341 ∗ 𝑥 + 0.763 ∗ 𝑡 + 1.848 ∗ 𝑧)
Within the SPSS output, the estimated probabilities of each response variable are given. This
probability gives the probability of receiving each overall satisfaction score for the Overall Satisfaction
model based on the current student survey data sample. For future data samples taken under the same
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conditions, the estimated probabilities should be very similar to the probabilities seen in Table 36 for this
current data sample. If the model was tested under different conditions (such as a different instructors or
if the significant factors for student satisfaction were implemented), the model would have to be re-tested
to find new estimated probabilities of each response category under different conditions.
Table 36 Estimated Response Probability for Overall Satisfaction Model
Response Variable

Description

Average Probability

EST_1

Estimated probability of
“Extremely Unsatisfying”
Estimated probability of
“Unsatisfying”
Estimated probability of
“Neutral”
Estimated probability of
“Satisfying”
Estimated probability of
“Extremely Satisfying”

7.50%

EST_2
EST_3
EST_4
EST_5

21.46%
16.63%
30.11%
24.22%

4.4.6 Crosstab for Model Verification
Crosstabs, or confusion tables as named by SPSS, are used to compare actual dependent variable
answers from students against predicted values [38]. The predicted values are calculated within SPSS and
then compared to the actual response values from the survey results. The predicted values simulate a new
data sample based on the current data sample to act as verification to the model. A crosstab table shows
the count and percentage of the correctly predicted values (true positives), as well as true negatives within
the model. Table 37 shows the full crosstabs for every combination of predicted and actual response
categories for the Overall Satisfaction model. This table shows conditional probabilities that are
comparing the probability of correctly predicting the response category when the actual category is given.
Conditional probabilities follow the formula, where the predicted probabilities are the values created by
SPSS and the actual values are the response from the student survey:
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𝑃(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ⋂ 𝑎𝑐𝑡𝑢𝑎𝑙)
𝑃(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|𝑎𝑐𝑡𝑢𝑎𝑙) =
𝑃(𝑎𝑐𝑡𝑢𝑎𝑙)

For Overall Satisfaction model for the “Extremely Unsatisfying” response category, the following
calculation was performed in order to find the 75% that appears as the highest percentage in the first row
of Table 37. This percentage shows the comparison of the actual student survey values against the
predicted category response (based on the original data sample) in the form of conditional probability.

From this calculation, the majority of the predicted student responses were classified as
“extremely unsatisfying” by the model when the actual data sample showed the response of “extremely
unsatisfying”. The four other response categories were calculated in a similar manner to verify the
prediction capabilities of the current model based on the current data sample.
Table 37. Crosstab Table - Overall Satisfaction
Predicted Response Category
Actual Response
y Extremely
Unsatisfying

Count

Unsatisfying

Count

% within y
% within y

Neutral

Count
% within y

Satisfying

Count
% within y

Extremely
Satisfying
Total

Count
% within y
Count
% within y

Extremely
Unsatisfying Unsatisfying Neutral Satisfying

Extremely
Satisfying

Total

6

2

0

0

0

8

75.0%

25.0%

0.0%

0.0%

0.0%

7.48%

3

16

4

0

0

23

13.0%

69.6%

17.4%

0.0%

0

2

10

6

11.1% 55.6%

33.3%

0.0%
0

1

2

25

0.0%

3.1%

6.3%

78.1%

0

0

0

2

0.0%

0.0%

0.0%

7.7%

9

21

16

33

8.4%

19.6%

15.0%

30.8%

0.0% 21.50%
0

18

0.0% 16.82%
4

32

12.5% 29.91%
24

26

92.3% 24.30%
28

107

26.2% 100.0%
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By analyzing each row, it can be seen where the majority of the prediction values fell within the 5
categories of the Likert-Item Scale. Therefore, within the first row, the model correctly predicted that
students would find the class “Extremely Unsatisfying” 75% of the time within that row [38]. The model
correctly predicted a student satisfaction rating of “Unsatisfying” 69.6% of the time. Similar logic can be
applied to the last three categories of “Neutral”, “Satisfying”, and “Extremely Satisfying”.

This model

correctly classified each predicted response category, which allows this model to be verified for accuracy
of predicting future student satisfaction ratings. The predicted probabilities for the Overall Satisfaction
model can be related to the estimated response probabilities in Table 36, as both are using predicted
responses for data samples under the same conditions as the original data sample.
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Chapter 5
Discussion

5.1 Significant Predictors in Ordinal Logistic Regression Models
For each of the four models (Instructor Interaction and Feedback, Classroom Environment,
Modes of Teaching, and the Overall Satisfaction Model) the predictors that were found to be significant
were included in the final models. Statistically, factors with a p-value less than the significance level of
0.10 were deemed “significant”. The underlying hypothesis test for the significance of the factors fails
under this significance level in favor of the alternate hypothesis (full test shown in section 3.2.4). Each of
the significant predictors within the models will be further discussed and compared to educational
literature. Also, when it is stated that the factor is implemented into the classroom, it is assumed that the
independent variable in question is binomial in nature – meaning that the factor was not present in the
classroom before (“0”) and when implemented, the factor is completely implemented according to the
recommendations made in this section (“1”). The factor that is implemented is then rated on a “1” to “5”
Likert-item scale on the amount of satisfaction gained from the implementation of that particular factor.
It should be noted that all the factors originally included in these models and tested for
significance were found to be important in the classroom in other research or literature. Therefore,
although some factors may not be deemed statistically significant, these conclusions hold true for this
sample population at The Pennsylvania State University. Often, instructors who are asked to implement
similar findings find the list exhaustive and too complicated for their classroom. Therefore, the goal of
this research was to find the most significant factors to student satisfaction in the classroom, for easy
implementation in the classroom. But that is not to say that the other tested factors that were not included
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in the final model are not important to student satisfaction and motivation in relation to Instructor
Interaction and Feedback, Classroom Environment, and Modes of Instruction.

5.1.1 Instructor Interaction and Feedback Model
a. “The Instructor gives detailed feedback” (a1)
This predictor variable had a very small p-value of 0.001, which when compared
to the significance level of the test (α=0.10) leads to the conclusion that this predictor
variable is significant in predicting the student satisfaction rating of “Instructor
Interaction and Feedback” model. This factor was also found to be a substantial factor in
predicting student satisfaction in the screening experiment performed by Miss Jennifer
Mines [32]. This predictor had the highest coefficient in the ordinal logistic regression
equation, which implies that for a unit increase in this predictor, the dependent variable of
student satisfaction to instruction interaction and feedback would have an increase of
1.221.
Through the use of detailed feedback, the instructor is able to guide the students’
learning throughout the course. Feedback can act as a motivator for students to continue
to thrive or improve their progress in the course [34]. Motivation is one of the three keys
of the classroom and can be heavily influenced by the instructor and classroom practices
such as receiving feedback on assignments or exams. When instructors take the time to
provide detailed feedback on work, the students are more likely to see value in the
assignments of the course. At the core of motivation are the value and expectancy of
achieving that goal. When instructors provide feedback to students, students have
tangible performance goals to attain for the next assignment or exam, which in turn, also
accomplishes the learning goals, set by instructors [25].
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Litizinger mentions a study performed by Pintrich in 2003 that shows the role of
motivation on effective learning experiences. Pintrich found that students feel more in
control of their performance in a course when feedback is provided. Research has shown
that feedback should focus on the relation of teaching to student learning styles. Detailed
feedback also allows students to have a realistic perspective of what can and cannot be
done to acquire the expertise of the material [36]. Students are more satisfied with the
classroom experience if feedback explicitly communicates the performance on a specific
assignment or task to a learning goal or criteria within the course. Ambrose et. al suggests
the following cycle to providing feedback and its impact on the retention of material:
practicing the material through assignments and exams allows for feedback to be given,
which in turn allows for further practice [25].

b. “My Instructor was approachable” (a3)
The predictor of “My Instructor was approachable” had a very small p-value of
less than 0.000, which when compared to the significance level of the test (α=0.10) leads
to the conclusion that this predictor variable is significant in predicting the student
satisfaction rating of “Instructor Interaction and Feedback” model. This variable has a
coefficient of 1.121 within the ordinal logistic regression model, which means that for a
unit increase in this variable, the dependent variable will change by 1.121.
The approachability of instructors is largely intertwined with the environment of
the classroom. If students feel that the instructor is supportive and can seek help from the
instructor, then the student will be more satisfied with the overall course. Astin (1993)
found that the factor that relates to the climate of the course the most directly is the
faculty-student interaction. Student perceptions relating to the approachability of the
instructor both inside and outside of class regarding course topics, departmental
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questions, or career paths all factor into the student satisfaction with the instructor [25].
Research also confirms that when instructors have a respectful and open attitude towards
all students, the students believe that the instructors are on their “team” in the academic
realm. Instructors should act as a “coach” to the students, with the students and instructor
playing on the same figurative academic “team” toward the ultimate goal of student
satisfaction through increased self-learning, motivation, and satisfaction. When students
have the ability to approach professors, they are also more likely to be involved in other
educationally purposeful activities while in school [36]. The climate set by instructors in
the classroom often lends itself to a particular extent of approachability. The students
must be able to feel comfortable enough to ask questions in order to succeed and improve
within the classroom.

c. “My Instructor stressed the importance of the material” (a6)
The p-value of this predictor was 0.085, which when compared to the
significance level of 0.10, can be deemed a significant predictor within this model. This
predictor variable has a coefficient value of 0.513 within the ordinal logistic regression
model, meaning that for each unit increase in this factor, the dependent variable will see a
0.513 magnitude change.
Stressing the importance of course material can either relate to future academic
paths or career paths that students may embark on. For this reason, it is important for
students to know the practical applications of knowing the course material past the
midterm and final exam [36]. These future ties of the course material will increase
student motivation in the classroom [25, 36]. It is also important for students to see that
the instructor is passionate and feels the material is a significant stepping stone in their
academic careers.
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d. “The Instructor relates class topics to student interest to increase motivation and value in
the course” (a7)
The predictor “The Instructor relates class topics to student interest to increase
motivation and value in the course” had a p-value of 0.099 under the ordinal logistic
regression model that was performed in SPSS. Since this p-value is less than the
significance level of 0.10, this factor significantly impacts the dependent variable of
student satisfaction for Instructor Interaction and Feedback. By implementing this factor
into the classroom, there would be a unit change of 0.447 in the dependent variable of
student satisfaction.
Value is one of the two cores of motivation. When the professor defines the
subjective value of an assignment or project within a course, students are able to find a
path to easily obtain and retain that goal for future use inside or outside of the classroom.
Students must value the course objectives and assignments and hold positive
expectancies of achieving a goal within a course to reach maximum motivation [26].
Often, if students can see the connections to their personal lives, either currently or a
future career path, students actually value the topic at hand more and tend to perform
better within the classroom. Instructors can teach students in a manner that make
connections to previous knowledge, which allows for the material to be more easily
retrieved in exams and future use, through providing authentic tasks [36].

5.1.2 Classroom Environment Model
a.

“Real World Applications of course material” (b1)
The predictor “Real- World applications of course material” within the
Classroom Environment model had a p-value of 0.096, which allows it to be deemed
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significant to predicting the dependent variable at a significance level of 0.10. When
implementing this factor into the classroom, the dependent variable of student satisfaction
would change by a coefficient of 0.461.
Students often gain satisfaction through having a real-life case study or problem
set to work through within a course. This application helps the students move from
theory based work that is traditionally seen in classrooms to special scenarios and cases
that would be seen only in a specific environment such as a manufacturing floor. Often,
case-studies, class discussions on industry, and field trips to sites allow students to see the
theories at hand in real-life [5, 25]. Felder and Silverman found this factor to be
specifically linked to satisfaction in the classroom [5]. This factor was also found to be
important in the screening survey of the research performed at The Pennsylvania State
University, which further confirms that real-world applications are essential to the student
satisfaction in the classroom [32]. Also, since it was found that the majority of The
Pennsylvania State University Industrial Engineering Students were sensing learners, it is
very important to this sample population of students to have real-world applications.

b. “Skills gained applicable to future career” (b2)
Skills relating to future career paths had a p-value of 0.069 within the ordinal
logistic regression model. Therefore, under the significance level of 0.10, this variable is
a significant predictor within the “Classroom Environment” model. For a unit change in
this factor, the dependent variable of student satisfaction in relation to classroom
environment would change by a factor of 0.474.
The predictor of “skills gained in a classroom being applicable to the future
career” is very closely related to the “real-world “application factor within this model, b1.
However, this factor is more generally related to the future career. Preparing students for
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future careers is recognized as a very important turning point in the improvement of
engineering education by the National Science Foundation. Many researchers have
confirmed that student satisfaction increases, as well as the ability of engineers to handle
the workload of industry [28]. Many engineers can find their career paths very
exploratory – going into one specific industry or manufacturing path, but then ending up
in a more business, managerial role. For this reason, it is important that the skills gained
in the classroom be presented in a way that is universally applied across career paths. As
stated with predictor b1, student motivation in the classroom increases when the students
know that the information will be important to their future success in industry [25].
Alumni speakers can often help students see the real-world connections, and students can
better visualize how the material could affect future career paths [20]. Many researchers
have found that more emphasis needs to be placed on professional development and the
life cycle of a project in the academic setting so that students can be better prepared for
industry.

c. “Presentations, assignments, and activities relate” (b4)
The relationship between class presentations, assignments, and activities is
significant to the student satisfaction in the classroom, as it had a p-value of 0.046 within
the ordinal regression model. Significance within this model means that the factor has a
significant impact on predicting the output of the dependent variable. For a unit change
in this factor, the dependent variable would change by a coefficient of 0.523.
This factor was also found to be important in a first-year engineering study at
The Pennsylvania State University to overall student perceptions in the classroom [21]. It
has been noted in several studies that instructors should create assessments that reflect the
material taught in class, as the students have a benchmark for the expectations of exams.
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Ambrose et al. also notes that when the course has a coherent picture (all parts of the
course relating); the students feel more in control of their grade and become more
confident and motivated to learn [25].

d. “Students are encouraged to be active participants in the classroom” (b7)
Being an active participant in the classroom was the most significant predictor of
student satisfaction in relation to the classroom environment. The p-value from this
predictor was less than 0.001 from the ordinal logistic regression output, meaning that
when compared to the significance level of 0.10, this factor is extremely significant to the
dependent variable of student satisfaction in relation to the classroom environment. This
factor most significantly affects the dependent variable of student satisfaction in relation
to classroom environment, as the magnitude of change would be 1.133.
This factor directly relates to the approachability of the instructor. Students are
more likely to feel comfortable to ask questions and be an active part of the classroom
when they are comfortable with the instructor. Students must also hold positive selfefficacy beliefs to be willing to participate in the classroom [25]. As an example, some
students are intimidated by asking questions for the fear of being “wrong”, which could
be alleviated if the students held more positive self-efficacy beliefs that the questions
being asked will actually help their overall success. Active participation in the classroom
also relates to inquiry based learning, where the students are actively participating in the
classroom to absorb the material [9, 14].
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5.1.3 Modes of Instruction Model
a. PowerPoint Lecture (c2)
Within the Modes of Instruction model, the PowerPoint Lectures factor was
found to be significant with a p-value less than 0.001. As this p-value is very small in
comparison to the significance level, this predictor is likely to heavily influence the
dependent variable of student satisfaction in relation to modes of instruction. This factor
had the largest coefficient within the ordinal logistic regression model, leading to a 0.864
increase in the dependent variable when this factor is implemented into the classroom.
In the screening survey performed by Miss Jennifer Mines, PowerPoint Lectures
were used the most frequently in a satisfying class [32]. The findings from the Modes
of Instruction Model also reinforce these findings, showing that the use of PowerPoint
lectures significantly influence student satisfaction in the classroom. A smaller version
of typical problem-based learning can also be used in the classroom in conjunction with
PowerPoint Lectures [17]. Students have noted that PowerPoint lectures with intentional
blanks or problems scattered through the lecture help them learn and retain the material
more easily [32]. As it has been found that inductive teaching styles allow for students to
be more engaged and retain information, PowerPoint lectures should be interactive and
force the students to process and think through the information [14].

b. Problem-Solving Sessions (c3)
Problem-solving sessions were also found to be a significant predictor to student
satisfaction in relation to modes of instruction. This factor had a p-value of less than
0.000 within the ordinal logistic regression model, meaning that in comparison to the
significance level, this factor significantly influences the dependent variable. When this
factor is implemented into the classroom, the dependent variable will change by 0.461.
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Breakout sessions within the classroom can often fall under the cooperative
learning umbrella of teaching methods, as well as problem-based learning. Small groups
are formed within the classroom to allow students to help one another with the material,
as well as identify gaps in understanding the course material [10, 11]. Sensing learners
enjoy problem-solving sessions in the classroom and repetitive techniques when studying
[5, 6]. Working with problems during the class also reaches active learners, who tend to
enjoy working through an example to apply the theoretical concepts [6]. Breakout
sessions within the classroom will also help reach visual learners and any verbal learners,
as the visual learners tend to like to see solutions and graphical forms of the data and
verbal learners can teach other students the concepts during problem-solving sessions.
Solving problems as the material is learned will also reach sequential learners in the
classroom, as sequential learners like to build from basic concepts to working through
complex applications [6, 7]. The Industrial Engineering student population at The
Pennsylvania State University favored Active, Sensing, Visual, and Sequential learning
styles within the screening survey; therefore, those learning styles were focused on while
analyzing how problem-solving sessions can help the students [32].

c. Group-Work (c6)
Group-work within the classroom was also found to be a significant predictor of
student satisfaction to modes of instruction. This predictor was found to be significant at
a significance level of 0.10 with a p-value of 0.002. When group-work is introduced to
the classroom, the dependent variable of student satisfaction in relation to modes of
instruction would change by 0.624 under this ordinal logistic regression model.
Working in teams within engineering classrooms is important to reaching the
different types of learning styles, but also allows students to be prepared for the team-
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based projects they will face in industry. Cooperative learning involves traditional
student groups working in teams to accomplish a common goal. Through these groups, it
has been found that students generally have higher academic achievement, gain better
reasoning skills, and leave the course with a deeper understanding of the material [10].
Through research, it has also been found that students tend to stay in STEM majors more
often when group-work is involved, as the students feel that they have other students to
rely on for help or guidance [11]. Problem-based and project-based learning also often
uses student teams to complete the work [14]. Active learners can be reached through the
use of group-work as well, as active learners tend to enjoy working through problems and
discussing the results with other students [6].

5.1.4 Overall Satisfaction Model
a. Instructor Interaction and Feedback (x)
Instructor Interaction and Feedback is a very important overall factor in the
classroom. Within this model, it was found that this factor was significant with a p-value
of less than 0.001. This conclusion of significance is aligned with other research findings
that show instructor interaction and feedback is crucial to student satisfaction and
learning outcomes in the classroom. In the realm of the overall satisfaction model (with
the three factors presented in this section), this factor has a very small p-value and has the
largest coefficient within the logistic ordinal regression models presented in section 4.4.5.
Therefore, for a unit increase in this factor, the dependent variable of overall satisfaction
will be increased by 2.341.
In another study performed at The Pennsylvania State University within a firstyear engineering course, it was found that the student-teacher interactions were of pivotal
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importance to overall satisfaction in the classroom. Student satisfaction and gains in
learning within the classroom were studied within this research and the results showed
that Instructor Interaction was the only variable associated with positive student
satisfaction and learning outcomes [22]. It is also important for the instructor to create
an environment that allows for motivation, self-efficacy beliefs, and satisfaction to be
fostered within the classroom. Instructors often become more like mentors to students,
providing guidance on a particular curriculum option or career path [25].

b. Classroom Environment (t)
The classroom environment of the course was also found to be a significant
factor in predicting overall student satisfaction. This predictor variable had a p-value of
0.042, which when compared to the significance level, leads to the conclusion that
Classroom Environment significantly influences the dependent variable of overall student
satisfaction. When instructors take steps to improve the classroom environment, the
overall satisfaction is predicted to change by a factor of 0.763.
The classroom climate set by the instructor heavily influences many parts of the
students’ academic experience. Students that are in a positive and welcoming learning
environment tend to understand and retain the course information for longer periods of
time. Classroom environment encompasses everything from the instructor tone, studentteacher interactions, student-student interactions, and the course content. Researchers
have concluded that the classroom environment is very important to overall student
satisfaction and that the climate of the classroom can be changed and modified
continuously [25].
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c. Modes of Instruction (z)
Modes of Instruction were found to be extremely significant to the overall
satisfaction model, with a p-value less than 0.001. Modes of instruction often relate to the
way material is presented and if the presentation is meeting the learning styles of the
students. Modes of instruction, along with the “Instructor Interaction and Feedback”
factor, both significantly affect the dependent variable. When modes of instruction are
adjusted to meet the learning styles of the students, the overall student satisfaction is
predicted to change by a factor of 1.848.
The way the course content is conveyed is often the most important part of the
classroom for some students. Matching the learning styles of students and the teaching
styles of instructors can lead to the most student retention and satisfaction in the
classroom. Many teaching methods exist today; however, few are used simultaneously.
If the different modes of instruction would be used together, more of the student learning
styles could be met. Felder has performed a significant amount of research on the
learning styles of engineers, noting that the way the course content is conveyed is
extremely important. Felder has promoted the “teaching around the cycle” method,
which ensures that all of the learning styles within the classroom are being met in some
way throughout the semester [1].

5.2

I-C-D Teaching Model for Implementation into the Classroom

In order to incorporate the findings of this model into the classroom, instructors must implement
the eleven factors found to be significant across the three models. Each of the models found within
this research feed into one another to create the overall satisfaction model. Specific implementation
techniques were discussed in section 5.1, which details each of the significant factors and potential
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paths for implementation in the classroom. Therefore, if instructors would like to have high student
satisfaction ratings, the instructor should “Interact, Cultivate, and Deliver” according to the
following classroom recommendations in Figure 6. This model is also known as “I-C-D”. This
implementation technique leads to increased motivation, higher satisfaction levels, and increased
perseverance in self-learning. The eleven steps split between “Interact, Cultivate, and Deliver” are
pivotal to changing the classroom environment within Industrial Engineering. Instructors should
remember to be a “coach” figure to the students, allowing the students to feel that the professor is
metaphorically on their “team” to increase student motivation and satisfaction with the ultimate goal
of increased self-learning with the course material.

Figure 6. I-C-D Implementation Technique for the Classroom
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5.3 SRTE and Student Satisfaction at the Pennsylvania State University
Student Rating of Teaching Effectiveness (SRTEs) are used at The Pennsylvania State University
to gather student feedback at the end of a course. The SRTEs use a variety of questions that rate the
presentations, the instructor knowledge of the subject area, the organization of the class, etc. The overall
quality of the course is one of the overarching important questions that lead to student satisfaction within
the classroom. Therefore, the overall satisfaction model within this research can be related to the overall
quality of the course question on the SRTEs. On the SRTEs, a scale of “1” to “7” is used, with “1” being
the “Lowest Rating”, “4” being classified as an “Average Rating” and a “7” being denoted as the
“Highest Rating”. Although the SRTE Likert scale is not of the same dimension as the Likert scale used
within this research, it is assumed that the implementation of the recommended factors will increase
SRTE scores on the “overall quality of the course” above the “Average Rating” of “4” on the SRTE
Likert-item scale.
By providing instructors a path to increase their SRTE scores at The Pennsylvania State
University, both the students and the instructors will benefit from the findings of this research. The
students will be more satisfied with their education within the Industrial Engineering department and the
instructors will be able to see the time and effort they have put into enhancing the classroom reflected in
increased motivation, satisfaction, and learning of the students while also increasing course SRTE scores.
Students that are satisfied with their education experience are more likely to give back to the next
generation of students at the university after completing their degrees.

5.4 Model Verification by Conditional Probability
Within the results of each ordinal logistic regression, a crosstab was provided through SPSS. The
output of the table showed the percentage of time that the cumulative logit models correctly classified the
student response. The given probabilities are conditional probabilities that are verifying the actual
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responses against predicted responses created by SPSS. This acts as a validation technique to ensure that
the model would be appropriate and accurate for predicting student satisfaction ratings for future samples
of students. The given probabilities are the percentage of time that the model correctly categorized the
overall satisfaction rating when compared to the actual response from the fall 2014 survey results. The
output for the overall satisfaction model gives a 92.3% probability of correctly predicting a “5” when the
actual student survey response was “Extremely Satisfying”. This percentage shows that the model will
correctly predict student satisfaction with the three significant factors in that model when the actual
response was “5” or “Extremely Satisfied”. The conditional probability of obtaining each of the ratings
is given in the Table 38. The majority of the time, the highest probability of each category occurs within
the actual category. The crosstabs for each model can be seen in Chapter 4.
Table 38. Conditional Probabilities of Satisfaction Ratings
Conditional Probability
Model
Instructor
Interaction and
Feedback
Classroom
Environment
Modes of
Instruction
Overall
Satisfaction

“Extremely
Unsatisfied” or “1”

“Unsatisfied”
or “2”

“Neutral” or
“3”

“Satisfied”
or “4”

“Extremely
Satisfied” or
“5”

70.0%

60.0%

52.9%

66.7%

92.6%

25.%

42.1%

63.3%

54.2%

76.9%

16.7%

33.3%

21.7%

81.0%

50.0%

75.0%

69.6%

55.6%

78.1%

92.3%

As stated earlier, the conditional probabilities of this model are based on the current data sample
that represents in the current state of satisfaction within the three courses in question from the survey
taken in fall 2014. SPSS created a “predicted” data sample that was meant to simulate a new sample of
data being taken to verify the model. In theory (and in a perfect statistical scenario), a new data sample
under similar conditions would be taken to verify the use of the current student satisfaction model. In this
case, the model was verified using the current data sample. Each future data sample will act slightly
differently, but it would be expected to have similar results if the survey was distributed again in a similar
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classroom scenario, where the students would be asked about the same three courses. The courses would
have to be verified that the same instructors were teaching as in fall 2014. If any of the classroom
practices were changed (either a different instructor or if some or all of the significant factors were
implemented into the classroom), the new data sample may act differently. The newly collected data may
act differently as each instructor has his/her own practices. If the instructor was the same as fall 2014, it
is also possible that the instructor has modified practices to increase student satisfaction. It would be
expected that the student satisfaction rating percentages for the categories of “satisfying” and “extremely
satisfying” would increase as more of the I-C-D significant factors are implemented into the classrooms
of the courses in question. If all of the eleven significant factors from the I-C-D model are implemented
in all three courses, it is assumed that the predicted probabilities would be high for both “satisfying” and
“extremely satisfying”.

5.5 Predicted Probabilities for “Satisfied” and “Extremely Satisfied” Ratings
Using the estimated probabilities given by SPSS from each model, the probabilities for each
response ratings (“1” to “5”) for satisfaction were found. These results are presented in Chapter 4 in
Tables 15, 22, 29 and 36. For each of the four models, the instructor has greater than approximately 50%
probability of receiving a score of “Satisfied” or “Extremely Satisfied” when the significant factors are
implemented under the current sample of student survey data. Table 39 shows the results of the
probabilities for each model. Since the three courses in question in the survey (Class A, Class B, and
Class C) did not individually include all the factors in question, the percentages of “4” or “5” ratings are
ranging between 50% and 60%. This is expected, as some courses did not have the factors implemented
into the classroom at all, leading to lower scores that would decrease the higher percentage of positive
scores. Through implementing the significant eleven factors found within this study, the percentages of
“4” or “5” satisfaction ratings would be driven higher.
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Table 39. Estimated Probability of receiving a "4" or "5" Rating

Estimated Probability

Model Name

“Satisfied”
or “4”

“Extremely
Satisfied
or “5”

Total

31.14%

25.11%

56.25%

25.01%

24.33%

49.34%

40.73%

17.22%

57.95%

30.11%

24.22%

54.33%

Instructor Interaction and Feedback





Detailed Feedback
Approachability of Instructor
Instructor stresses importance of course material
Class topics relate to student interest to increase
motivation

Classroom Environment





Real-World Applications of material
Skills gained applicable to future career
Presentations, assignments, and activities relate
Active participation encouraged in classroom

Modes of Instruction




PowerPoint Lecture
Problem-Solving Sessions
Group-Work

Overall Satisfaction Model




Instructor Interaction and Feedback
Classroom Environment
Modes of Instruction

5.6 Implementation into the IE 302 Classroom
Throughout the course of this research, many of the factors that were found to be significant to
student satisfaction in the classroom were implemented into the IE 302 Classroom under the direction of
the instructor. IE 302 is an introductory level Engineering Economics course in the Industrial
Engineering department. This course aims to teach students how to prepare cost justifications and make
economic decisions regarding technical alternatives in industry. The course objectives are to gain an
understanding of how engineering decisions affect the company’s cash flow and bottom line, while
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preparing engineers to perform economic cost analyses of various engineering projects that could be
implemented.
a. Instructor Interaction and Feedback Implementation
Within IE 302 at The Pennsylvania State University, the instructor ensures that each quiz
is given back to the students by the next class period and any exams are given back to
students within a week of the exam date. This ensures that frequent and productive
feedback is being given to the student. Students have expressed that feedback is helpful
to knowing where they stand in the course and how to improve as the course moves
forward.
From the first day of class, the instructor ensures that the students are aware that
he is available and willing to help with any course, curriculum or industry questions. The
teacher and/or teaching assistants have office hours every day of the work week
(Monday-Friday). The instructor sets up the course in a way that provides an open and
willing attitude to students, as well as providing pathways to success for the course. It
has been found in research that students are more satisfied with their course experience
when the instructor is approachable inside and outside of the classroom.
During each class period of IE 302, the instructor attempts to relate the material
at hand to real-world applications in a manner that connects with the student interest and
everyday life. The students must be aware that the concepts learned in IE 302 such as
cost justification and return on investment for projects will be encountered later in their
careers. Relating these concepts to real-life examples will increase motivation in the
classroom, leading to increased satisfaction in the classroom. The time value of money,
as well as interest rates, and contemporary topics such as 401K, Roth IRA, Mortgages,
and financial statements are all incorporated into this course and related to the current and
future every-day life of students inside and outside of their engineering careers.
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b. Classroom Environment Implementations
Within IE 302, the instructor tries to incorporate as many real-world applications
into the classroom as possible. For instance, many of the concepts of engineering
economics can be related to real-life IRA and cost analyses that students will face in their
personal and professional lives. The most significant change that has been recently
implemented into the classroom is the group case-study. Since this factor was found to
be significantly linked to student satisfaction within this research and other literature, the
instructor has taken steps to work with real companies on case-study projects, thereby
providing students with the chance to work with a problem that Industrial Engineers at
that company actually faced. The case-study implementation also relates to the skills
gained being applicable to future career paths. Throughout the course of a career, many
engineers must justify the financial aspects of a particular decision. Therefore, learning
how to calculate and work through data to compute return on investments and estimate
company financial growth over time will help the students become more cost-informed
and financially literate engineers before entering industry.
For any student, it is important that presentations, assignments, and activities
relate within the classroom. The instructor includes problems in the PowerPoint lecture
slides within the class that resemble the types of problems that could be found on
assessments such as quizzes. This relation gives students a baseline to work with when
learning the material for an assessment. The instructor also always ensures that students
are aware of what it takes to succeed on an assignment, quiz, or exam. Knowing what is
needed to succeed on exams or assignments helps increase student motivation and sparks
interest in studying for student success within the classroom.
Lastly and most importantly, the instructor tries to create an open environment in
the classroom. Students are encouraged to ask questions at any point throughout the
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lecture or problem-solving sessions to further clarify the material. The instructor tries to
have a lecture that is more of a dialogue with the students instead of a formal lecture.
This ensures that students hold positive self-efficacy beliefs within the classroom and
believe in their capability of successfully completing the course tasks.

c. Modes of Instruction Implementation
The instructor ensures that the IE 302 classroom has a variety of teaching styles
to meet the learning styles of the Industrial Engineering students. Active learning is used
often in the classroom, with interactive, fill-in the blank PowerPoint presentations. Since
PowerPoint presentations were found to be a significant predictor of student satisfaction
within the Modes of Instruction model, PowerPoint slides are used in the classroom with
small breakout problem-solving sessions. These modes of instruction falls under the
inductive teaching style branch – a branch of teaching styles that often allow students to
be more engaged and retain more information for further use.
Incorporating problem-solving sessions into the classroom has also been vital to
the IE 302 classroom. Mini problem solving sessions are used within classes and longer
problem solving sessions accompany each exam. Problem-solving sessions were also a
significant factor within the Modes of Instruction model in this research. This type of
teaching style often helps sensing learners because these students enjoy working through
problems. Solving problems also helps active learners who enjoy seeing theoretical
concepts applied in a problem. Problems are solved within the lecture daily in the IE 302
classroom. Solving problems also reaches sequential learners who enjoy moving from
the basics of a topic to more complex applications.
Within IE 302, groups were assigned to complete a real-life case study with a
large corporation. The unique aspect that the instructor was able to incorporate into this
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classroom was working with a group of employees from the company to provide this
case-study to the students, as most case studies must be created by the instructors. The
case-study was performed in groups of four students, which allowed the students to be
exposed to team-building skills that will be used in academic and industry settings. The
case-study acts as both cooperative learning (group-work) and case-based learning.
Case-based learning uses a problem that can actually be found in industry. The casestudy tested their knowledge of the content within the course, as well as provided an
opportunity to expand the application of the course to industry.

5.7 Implementation Results in the IE 302 Classroom
The SRTE survey used at the end of each semester within classrooms at The Pennsylvania State
University has many questions relating to the classroom practices and quality of the course. In the fall
2014 semester report, the SRTE scores were analyzed to count how many students either answered a “6”
or “7” on selected questions. These ratings fall on the “Highest Rating” spectrum of the scale. The
selected questions related to the overall quality of the course and the overall quality of the instructor.
These questions reflect a relation to student satisfaction within the classroom. The percentage of “6” or
“7” responses for the question “Rate the overall quality of this course” was 98.61%. The percentage of
“6” or “7” responses for the question “Rate the overall quality of the instructor” was also 98.61% on the
instructor report of scores. These scores reflect that implementing the eleven significant factors within
the “Instructor Interaction and Feedback”, “Classroom Environment”, and “Modes of Instruction” have a
positive and significant effect on the ratings of student satisfaction. If an instructor chooses to implement
the eleven significant factors summarized by the I-C-D model in their classroom, he/she should notice a
similar increase in ratings. The students would have increased satisfaction and motivation in the
classroom, leading to increased interest in learning. The instructors also obtain the satisfaction that
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students are enjoying and learning the material, while also seeing the improvements reflected in overall
instructor and course ratings. Therefore, the students and the instructors benefit from implementing the
significant factors found within the models.
IE 302 was one of the three courses in question on the different forms of the student survey
administered in the fall 2014 semester to students. All eleven significant factors were implemented into
the IE 302 classroom, as discussed earlier in this chapter. By focusing on the subset of data pertaining to
IE 302 where the factors were implemented, the percentages of “4” or “5” responses for each model are
able to be analyzed. The results of the student survey for IE 302 can be seen in Table 40.
Table 40. Results from IE 302 Student Survey
Satisfaction Rating
Model
Instructor
Interaction and
Feedback
Classroom
Environment
Modes of
Instruction
Overall
Satisfaction

“Extremely
Unsatisfied” or “1”

“Unsatisfied” “Neutral” or
or “2”
“3”

“Satisfied”
or “4”

“Extremely
Satisfied” or
“5”

0%

0%

0%

27.77%

72.22%

0%

0%

5.55%

27.77%

66.66%

0%

0%

5.55%

47.22%

47.22%

0%

0%

0%

36.11%

63.88%

Earlier in this chapter, the predicted probabilities of the overall response for each model being a
“4” or “5” on the satisfaction rating scale was analyzed for all three classes simultaneously. The
probabilities were found using the SPSS statistical software and simultaneously using the cumulative
ordinal logistic regression models to obtain specific rating probabilities. These percentages were
weighted down by the courses that did not have all of the significant factors incorporated into the
classroom. Table 41 shows the comparison between predicted probabilities using the ordinal logistic
regression models to the actual result from the three courses combined and the IE 302 classroom.
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Table 41. Comparison of Predicted Probabilities to IE 302 Results
Rating Classification
“Satisfied” or “4”
“Extremely Satisfied” or “5”
IE 302
Model
IE 302
Model
Actual
Actual
Result
Prediction
Result
Prediction
Result (all 3
Result (all
(all 3
(all 3
courses)
3 courses)
courses)
courses)
Instructor
Interaction and
Feedback

30.84%

27.77%

31.14%

25.23%

72.22%

25.11%

Classroom
Environment

22.42%

27.77%

25.01%

24.29%

66.66%

24.33%

Modes of
Instruction

39.25%

47.22%

40.73%

16.82%

47.22%

17.22%

Overall
Satisfaction

29.91%

36.11%

54.33%

24.30%

63.88%

24.22%

When comparing the IE 302 classroom, where all of the eleven I-C-D factors were implemented
into the course, to the overall result and the model predicted probabilities for the “Satisfying” and
“Extremely satisfying” categories, it can be seen that the overall percentage of student satisfaction
increases. Another classroom could be tested after implementing the significant predictors to student
satisfaction to ensure that the model within this research is appropriate as classroom conditions change.
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Chapter 6
Conclusion
Although there is a wealth of research and literature on engineering education, very few
researchers are solely analyzing how to quantify student satisfaction of engineering students in classic
classroom environments. Within the three statistical models of “Instructor Interaction and Feedback”,
“Classroom Environment”, and “Modes of Instruction”, a total of twenty-one factors were tested for
significance based on previous research at The Pennsylvania State University and Engineering Education
literature. Through this research, eleven significant factors were identified, providing the basis for the IC-D implementation method across three models that, if implemented, should lead to increased student
satisfaction within the classroom. Instructor Interaction and Feedback, Classroom environment, and the
Modes of Instruction were all found to be significant predictors of overall satisfaction in the classroom.
The findings of this research further solidify the conclusion that it is not the concept, course text,
or subject area that satisfies and motivates students to learn and thrive in the classroom. To improve
student satisfaction and motivation, instructors must make adjustments to how the course is presented to
student, the environment of the class, and the student-teacher interactions. These factors were found to be
statistically significant predictors of student satisfaction within this research and in literature. The
statistical models within this research will help instructors understand the factors that most significantly
relate to student satisfaction in the undergraduate Industrial Engineering classroom. The following
factors must be implemented for optimal satisfaction levels, as each factor was found to be statistically
significant in the analyses:


Detailed feedback should be provided to students on exams, assignments, and activities.
Students excel by having feedback that gives an idea of their standing within the course
and how to improve and thrive moving forward. By providing feedback, the student
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motivation and satisfaction will increase as the students will have obtainable goals with a
path to success.


Instructors should create a classroom environment that allows for the students to
approach the instructor for help. The classroom environment is the connection point of
student motivation, satisfaction, and self-efficacy beliefs. Therefore, the environment
should nurture students so that each student is able to thrive while gaining the necessary
knowledge. This creates an environment where students feel as though the instructor is on
their “team” for success within the course.



The importance of the course material should be stressed in relation to future academic
and career paths. The students will feel motivated that the course content is important to
their futures and will spend more time and effort in order to master the material and
perform well within the classroom.



Relate course topics to student interests every day to increase motivation in the
classroom. Students are more interested when the course content is connected to
previously held knowledge or future knowledge. Students must place value and have an
expectation of the course material to hold interest in the course.



A clear connection between the course material and real-world applications should be
made when possible. Often, many of the engineers today are not adequately prepared for
industry. Thus, by connecting the course content to direct relations to industry that the
students may face in their career paths, the students will be able to more easily recollect
the information in the future.



Instructors should ensure that skills gained in the classroom will be applied in a future
career. Alumni speakers and previous students from previous semesters of the course can
help students see that the material is directly related to their future career paths.
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All presentations, assignments, and activities within the course should relate. Students
tend to retain more information from a course when the lab activities, course
assignments, and exams all reinforce the same body of knowledge being studied in the
course.



Instructors should encourage active participation from students within the classroom. By
being active participants, the students will be able to hold positive self-efficacy beliefs
that they are capable of completing the tasks within the course.



Instructors should use PowerPoint Lectures with fill-in slides and mini problem solving
sessions within the class sessions. Within the screening survey of this research, it was
found that PowerPoint lectures were in satisfying classes more often than in unsatisfying
classes. The PowerPoint lectures should be interactive, reaching the active learners that
exist within industrial engineering.



Problem-solving sessions should be incorporated into the course to reach sensing, active,
and sequential learners. Sensing learners enjoy problem-solving sessions and repetitive
techniques while learning. This also reaches active learners who enjoy applying
theoretical concepts to real problems. Problem-solving sessions allow the students to
identify gaps within the material that has been learned in the course. Lastly, sequential
leaners are also reached as the students move from the basic concepts to the most
complex type of concepts.



Group-work has been found to be essential to the student success within academia and
industry. Students who participate in group-work often have higher academic
achievement, gain better reasoning skills, and retain more of the course material for
future use.



The “Interact, Cultivate, and Deliver” implementation methodology, also known as I-C-D
was created to provide instructors a short list of classroom modifications to improve the
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classroom learning experience for the students. This implementation technique
summarizes the eleven significant factors that should be implemented into the classroom
to improve student satisfaction, motivation, and self-learning. The eleven factors were
deemed significant in the ordinal logistic regression models of this study. Through
implementing these factors, the students will be more motivated to learn and have
continued satisfaction with their education.


The ordinal logistic model probabilities were compared to the overall percentages and IE
302 classroom specific percentages for the “satisfying” and “extremely satisfying”
response categories from the student survey data. The IE 302 classroom was compared
to the model probabilities of all three courses, as well as the actual percentages of student
satisfaction responses for all three courses captured from the fall 2014 student survey.
When the eleven factors under the I-C-D method were implemented into the IE 302
classroom, a significantly larger proportion of “4” or “5” ratings was observed when
compared to courses in which all eleven factors were not implemented. This shows that
the implementation of the I-C-D method has a significant, positive impact on student
satisfaction, motivation, and self-learning.



The eleven significant factors were implemented into the IE 302 classroom, among other
known factors that increase student satisfaction and motivation in the fall 2014 semester.
The end of semester SRTE scores for the IE 302 course also reflected that the I-C-D
implementation methodology had a positive and significant effect on the students’ rating
of teaching effectiveness. For both the overall quality of the instructor and the overall
quality of the course questions on the SRTE survey, 71 out of 72 students of 98.61% of
the course rated a “6” or “7”. These teaching effectiveness results further confirm that
the eleven significant factors found to be significant in this study can significantly
improve student satisfaction and motivation to learn in the classroom.
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To further solidify the findings of this model, another data sample should be gathered using the
same survey and the same courses under similar conditions (the same instructors and course policies).
This collection of data would allow for the current model to be verified by testing the findings with a new
but similar data sample. The I-C-D method should be implemented into all three courses in question,
followed by additional survey data being collected. By testing the model with survey data from changed
courses, student satisfaction can be monitored and the statistical models can be further monitored for
potential modifications. It would be hypothesized that the student satisfaction ratings would increase if
the significant predictors were implemented into the three courses. However, the model would need to be
re-tested for verification before proceeding.
For future research within this field, other engineering majors could be analyzed in a similar
manner to better understand the differences between engineering majors. The factors that have been
implemented into the Industrial Engineering classroom could also be further monitored to track the effect
on student satisfaction over time within the classroom. Another model could be created that further
mimics the SRTEs at The Pennsylvania State University, which would allow satisfaction with the overall
quality of the course to be predicted by the statistical models within research. By making this connection
between the statistical models and the SRTEs, the instructors would be able to predict their SRTE rating
change when the significant factors were implemented into the course. The ultimate goal is to increase
student satisfaction, student motivation, and student learning within the classroom. Students that are
increasingly satisfied and motivated will learn more, retain more information moving forward, and will be
more likely to give back to their university post-graduation.
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Appendix B

Student Satisfaction Created Survey
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Appendix C

Ordinal Logistic Regression Models SPSS Results

C.1: Instructor Interaction and Feedback SPSS Results

C.1.A: Linear Regression Test for Multicollinearity

Variables Entered/Removed
Variables
Entered

Model
1

Variables
Removed

a8, a5, a1, a4,
a3, a7, a6, a2b

. Enter

a. Dependent Variable: x
b. All requested variables entered.

Coefficients
Collinearity Statistics
Model
1

Method

Tolerance

VIF

a1

.252

3.969

a2

.259

3.867

a3

.423

2.362

a4

.438

2.283

a5

.437

2.288

a6

.407

2.458

a7

.392

2.552

a8

.537

1.863

a. Dependent Variable: x
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Variance Proportions
Model Dimension Eigenvalue Condition Index (Constant) a1 a2 a3 a4 a5 a6 a7 a8
1

1

8.629

1.000

.00 .00 .00 .00 .00 .00 .00 .00 .00

2

.107

8.976

.08 .04 .05 .00 .01 .02 .01 .04 .05

3

.091

9.727

.00 .05 .03 .00 .00 .00 .00 .00 .65

4

.058

12.171

.00 .01 .00 .44 .01 .00 .02 .24 .00

5

.036

15.423

.02 .05 .01 .06 .05 .00 .34 .42 .06

6

.031

16.553

.14 .02 .21 .17 .00 .00 .25 .24 .13

7

.020

20.683

.00 .63 .50 .20 .18 .02 .00 .00 .01

8

.018

21.918

.15 .19 .16 .11 .74 .02 .04 .03 .05

9

.009

30.926

.60 .02 .04 .02 .02 .93 .33 .03 .04

a. Dependent Variable: x

C.1.B: PLUM- Ordinal Logistic Regression Test

Warnings
There are 365 (79.3%) cells (i.e., dependent variable levels by observed
combinations of predictor variable values) with zero frequencies.

Case Processing Summary
Marginal
Percentage

N
x

Extremely
Unsatisfied

10

9.3%

Unsatisfied

20

18.7%

Neutral

17

15.9%

Satisfied

33

30.8%

27
107
0
107

25.2%
100.0%

Extremely Satisfied
Valid
Missing
Total
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Model Fitting Information
Model

-2 Log Likelihood

Intercept Only
Final

Chi-Square

322.099
152.239

df

169.860

Sig.
8

.000

Link function: Logit.

Goodness-of-Fit
Chi-Square
Pearson
Deviance

df

6137.281
147.597

Sig.
356
356

.000
1.000

Link function: Logit.

Pseudo R-Square
Cox and Snell
Nagelkerke
McFadden

.796
.834
.516

Link function: Logit.
Parameter Estimates
90% Confidence Interval
Estimate Std. Error Wald df Sig. Lower Bound Upper Bound
Threshold [x = 1.00]

10.461

1.825 32.849 1 .000

7.459

13.464

[x = 2.00]

13.952

2.100 44.128 1 .000

10.498

17.407

[x = 3.00]

16.454

2.336 49.613 1 .000

12.612

20.297

[x = 4.00]
a1

21.573
1.221

2.962 53.055 1 .000
.364 11.242 1 .001

16.702
.622

26.445
1.820

.681 1 .409

-.266

.800

.274 16.757 1 .000

.670

1.571

Location

a2

.267

a3

1.121

a4

.234

.330

.503 1 .478

-.309

.778

a5

.611

.402

2.314 1 .128

-.050

1.272

a6

.513

.297

2.972 1 .085

.024

1.002

a7

.447

.271

2.716 1 .099

.001

.893

a8

.297

.201

2.188 1 .139

-.033

.627

Link function: Logit.

.324
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Test of Parallel Lines
Model

-2 Log
Likelihood

Null Hypothesis
General

Chi-Square

152.239
121.834

df

30.405

Sig.
24

.172

The null hypothesis states that the location parameters (slope
coefficients) are the same across response categories.

C.1.C: Crosstab Test

Case Processing Summary
Cases
Valid
N
x * Predicted Response
Category

Missing

Percent
107

100.0%

N

Total

Percent
0

0.0%

N

Percent
107

100.0%
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x * Predicted Response Category Crosstab
Predicted Response Category
Extremely
Unsatisfied
x Extremely
Unsatisfied
Unsatisfied

Count
%
within x

Neutral

7

2

0

1

70.0%

20.0%

0.0%

10.0%

4

12

4

0

20.0%

60.0%

20.0%

0.0%

0

4

9

4

0.0%

23.5%

52.9%

23.5%

0

0

4

22

0.0%

0.0%

12.1%

66.7%

0

0

0

2

0.0%

0.0%

0.0%

7.4%

11

18

17

29

10.3%

16.8%

15.9%

27.1%

Count
%
within x
Count
%
within x

Satisfied

Count
%
within x

Extremely
Satisfied
Total

Count
%
within x
Count
%
within x

Unsatisfied Neutral Satisfied

C.2: Classroom Environment SPSS Model

C.2.A: Linear Regression Test for Multicollinearity

Variables Entered/Removed
Model
1

Variables
Entered

Variables
Removed

b7, b5, b1, b2,
b6, b4, b3b

a. Dependent Variable: t
b. All requested variables entered.

Method
. Enter

Extremely
Satisfied

Total
0

10

0.0% 100.0%
0

20

0.0% 100.0%
0

17

0.0% 100.0%
7

33

21.2% 100.0%
25

27

92.6% 100.0%
32

107

29.9% 100.0%
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Coefficients
Collinearity Statistics
Model
1

Tolerance

VIF

b1

.528

1.894

b2

.524

1.909

b3

.371

2.695

b4

.419

2.388

b5

.615

1.626

b6

.494

2.024

b7

.569

1.759

a. Dependent Variable: t
Collinearity Diagnostics
Variance Proportions
Model Dimension Eigenvalue Condition Index (Constant) b1 b2 b3 b4 b5 b6 b7
1

1

7.601

1.000

.00 .00 .00 .00 .00 .00 .00 .00

2

.159

6.920

.02 .01 .01 .01 .00 .67 .01 .01

3

.077

9.928

.10 .02 .02 .02 .00 .04 .00 .62

4

.055

11.771

.05 .00 .00 .47 .06 .23 .01 .25

5

.040

13.762

.03 .00 .11 .03 .33 .01 .37 .01

6

.024

17.714

.75 .10 .13 .21 .00 .01 .29 .08

7

.024

17.829

.02 .00 .48 .23 .60 .03 .12 .02

8

.020

19.341

.03 .86 .25 .04 .01 .02 .20 .02

a. Dependent Variable: t

C.2.B: PLUM- Ordinal Logistic Regression Test

Warnings
There are 390 (79.6%) cells (i.e., dependent variable levels by observed
combinations of predictor variable values) with zero frequencies.
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Case Processing Summary
Marginal
Percentage

N
t

Extremely
Unsatisfying

8

7.5%

Unsatisfying

19

17.8%

Neutral

30

28.0%

Satisfying

24

22.4%

26
107
0
107

24.3%
100.0%

Extremely Satisfied
Valid
Missing
Total

Model Fitting Information
Model

-2 Log Likelihood

Intercept Only
Final

322.697
202.001

Link function: Logit.

Goodness-of-Fit
Chi-Square
Pearson
Deviance

978.747
198.529

Link function: Logit.

Pseudo R-Square
Cox and Snell
Nagelkerke
McFadden
Link function: Logit.

.676
.709
.367

df

Sig.
381
381

.000
1.000

Chi-Square
120.697

df

Sig.
7

.000
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Parameter Estimates
90% Confidence Interval
Estimate
Threshold

Location

Std. Error

Wald

df

Sig.

Lower Bound

Upper Bound

[t = 1.00]

6.504

1.193

29.724

1

.000

4.542

8.467

[t = 2.00]

8.720

1.278

46.544

1

.000

6.618

10.822

[t = 3.00]

11.551

1.535

56.601

1

.000

9.026

14.077

[t = 4.00]
b1

14.086
.461

1.748
.277

64.971
2.770

1
1

.000
.096

11.212
.005

16.961
.916

b2

.474

.261

3.306

1

.069

.045

.903

b3

.357

.241

2.204

1

.138

-.039

.753

b4

.523

.262

3.976

1

.046

.092

.955

b5

.090

.141

.407

1

.523

-.142

.322

b6

.161

.241

.450

1

.502

-.234

.557

b7

1.133

.242

21.947

1

.000

.735

1.531

Link function: Logit.

Test of Parallel Lines
Model
Null Hypothesis
General

-2 Log
Likelihood
202.001
176.152

Chi-Square
25.848

df

Sig.
21

The null hypothesis states that the location parameters (slope
coefficients) are the same across response categories.

.212
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C.2.C: Crosstab Test

Case Processing Summary
Cases
Valid
N
t * Predicted Response
Category

Missing

Percent
107

N

100.0%

Total

Percent
0

N

0.0%

Percent
107

100.0%

t * Predicted Response Category Crosstabulation
Predicted Response Category
Extremely
Extremely
Unsatisfying Unsatisfying Neutral Satisfying Satisfying
t

Extremely
Unsatisfying
Unsatisfying

Count
%
within t
Count
%
within t

Neutral

Count
%
within t

Satisfying

Count
%
within t

Extremely
Satisfied
Total

Count
%
within t
Count
%
within t

2

3

2

1

25.0%

37.5%

25.0%

12.5%

3

8

7

1

15.8%

42.1%

36.8%

5.3%

0

5

19

5

0.0%

16.7%

63.3%

16.7%

0

0

5

13

0.0%

0.0%

20.8%

54.2%

0

0

0

6

0.0%

0.0%

0.0%

23.1%

5

16

33

26

4.7%

15.0%

30.8%

24.3%

0

Total
8

0.0% 100.0%
0

19

0.0% 100.0%
1

30

3.3% 100.0%
6

24

25.0% 100.0%
20

26

76.9% 100.0%
27

107

25.2% 100.0%
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C.3: Modes of Instruction SPSS Results

C.3.A: Linear Regression Test for Multicollinearity

Variables Entered/Removed
Variables
Entered

Model
1

Variables
Removed

c6, c1, c2, c3,
c5, c4b

Method
. Enter

a. Dependent Variable: z
b. All requested variables entered.
Coefficients
Collinearity Statistics
Model
1

Tolerance

VIF

c1

.889

1.125

c2

.913

1.095

c3

.860

1.162

c4

.726

1.378

c5

.735

1.361

c6

.753

1.328

a. Dependent Variable: z

Collinearity Diagnostics
Variance Proportions
Model Dimension Eigenvalue Condition Index (Constant) c1 c2 c3 c4 c5 c6
1

1

6.358

1.000

.00 .00 .00 .00 .00 .00 .00

2

.242

5.125

.00 .66 .01 .19 .00 .00 .00

3

.164

6.235

.00 .20 .00 .61 .13 .03 .01

4

.090

8.425

.06 .01 .28 .15 .36 .01 .00

5

.068

9.674

.00 .10 .00 .01 .10 .89 .13

6

.053

10.969

.00 .01 .19 .02 .40 .05 .64

7

.026

15.586

.93 .01 .52 .02 .00 .01 .22

a. Dependent Variable: z
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C.3.B: PLUM- Ordinal Logistic Regression Test

Warnings
There are 405 (79.4%) cells (i.e., dependent variable levels by observed
combinations of predictor variable values) with zero frequencies.

Case Processing Summary
Marginal
Percentage

N
z

Extremely
Unsatisfied

6

5.6%

Unsatisfied

18

16.8%

Neutral

23

21.5%

Satisfying

42

39.3%

18
107
0
107

16.8%
100.0%

Extremely Satisfying
Valid
Missing
Total

Model Fitting Information
Model

-2 Log
Likelihood

Intercept
Only
Final

Chi-Square

Sig.

308.022
248.000

60.022

Link function: Logit.

Goodness-of-Fit
Chi-Square
Pearson
Deviance

df

425.031
243.841

Link function: Logit.

df

Sig.
398
398

.168
1.000

6

.000
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Pseudo R-Square
Cox and Snell
Nagelkerke
McFadden

.429
.454
.192

Link function: Logit.

Parameter Estimates
90% Confidence Interval
Estimate
Threshold

Location

Std. Error

Wald

df

Sig.

Lower Bound

Upper Bound

[z = 1.00]

3.521

1.059

11.043

1

.001

1.778

5.263

[z = 2.00]

5.590

1.102

25.736

1

.000

3.777

7.402

[z = 3.00]

7.064

1.170

36.470

1

.000

5.140

8.988

[z = 4.00]
c1

9.726
.090

1.339
.155

52.730
.336

1
1

.000
.562

7.523
-.165

11.929
.345

c2

.864

.207

17.469

1

.000

.524

1.204

c3

.461

.130

12.563

1

.000

.247

.675

c4

-.088

.164

.287

1

.592

-.358

.182

c5

.182

.176

1.065

1

.302

-.108

.472

c6

.624

.205

9.235

1

.002

.286

.961

Link function: Logit.

Test of Parallel Lines
Model
Null Hypothesis
General

-2 Log
Likelihood
248.000
220.799

Chi-Square
27.201

df

Sig.
18

The null hypothesis states that the location parameters (slope
coefficients) are the same across response categories.

.075
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C.3.C: Crosstab Test

Case Processing Summary
Cases
Valid
N
z * Predicted Response
Category

Missing

Percent
107

N

Total

Percent

100.0%

0

N

0.0%

Percent
107

100.0%

z * Predicted Response Category Crosstabulation
Predicted Response Category
Extremely
Unsatisfied
z Extremely
Unsatisfied
Unsatisfied

Count
%
within z
Count
%
within z

Neutral

Count
%
within z

Satisfying

Count
%
within z

Extremely
Satisfying
Total

Count
%
within z
Count
%
within z

Unsatisfied Neutral Satisfying
1

3

1

1

16.7%

50.0%

16.7%

16.7%

1

6

5

6

5.6%

33.3%

27.8%

33.3%

0

5

5

13

0.0%

21.7%

21.7%

56.5%

0

2

2

34

0.0%

4.8%

4.8%

81.0%

0

0

0

9

0.0%

0.0%

0.0%

50.0%

2

16

13

63

1.9%

15.0%

12.1%

58.9%

Extremely
Satisfying

Total
0

6

0.0% 100.0%
0

18

0.0% 100.0%
0

23

0.0% 100.0%
4

42

9.5% 100.0%
9

18

50.0% 100.0%
13

107

12.1% 100.0%
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C.4: Overall Satisfaction SPSS Results

C.4.A: Linear Regression Test for Multicollinearity

Variables Entered/Removed
Variables
Entered

Model

Variables
Removed

Method

z, t, xb

1

. Enter

a. Dependent Variable: y
b. All requested variables entered.

Coefficients
Collinearity Statistics
Model
1

Tolerance

VIF

x

.252

3.966

t

.264

3.791

z

.306

3.263

a. Dependent Variable: y

Collinearity Diagnostics
Model Dimension
1

Eigenvalue

Condition
Index

Variance Proportions
(Constant)

x

t

z

1

3.881

1.000

.01

.00

.00

.00

2

.077

7.077

.88

.06

.04

.01

3

.022

13.385

.09

.04

.39

.92

4

.020

13.920

.03

.90

.57

.07

a. Dependent Variable: y
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C.4.B: PLUM- Ordinal Logistic Regression Test

Warnings
There are 122 (71.8%) cells (i.e., dependent variable levels by observed
combinations of predictor variable values) with zero frequencies.

Case Processing Summary
Marginal
Percentage

N
y

Extremely
Unsatisfying

8

7.5%

Unsatisfying

23

21.5%

Neutral

18

16.8%

Satisfying

32

29.9%

26
107
0
107

24.3%
100.0%

Extremely Satisfying
Valid
Missing
Total

Model Fitting Information
Model

-2 Log
Likelihood

Intercept
Only
Final

Chi-Square

Sig.

282.805
78.752

204.053

Link function: Logit.

Goodness-of-Fit
Chi-Square
Pearson
Deviance

df

89.234
54.820

Link function: Logit.

df

Sig.
129
129

.997
1.000

3

.000
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Pseudo R-Square
Cox and Snell
Nagelkerke
McFadden

.851
.893
.624

Link function: Logit.

Parameter Estimates
90% Confidence Interval
Estimate Std. Error Wald df Sig. Lower Bound Upper Bound
Threshold [y = 1.00]

7.699

1.211 40.403 1 .000

5.707

9.691

[y = 2.00]

13.382

1.832 53.335 1 .000

10.368

16.397

[y = 3.00]

17.111

2.255 57.567 1 .000

13.402

20.821

[y = 4.00]
x

21.949
2.341

2.756 63.443 1 .000
.433 29.246 1 .000

17.416
1.629

26.481
3.053

4.146 1 .042

.147

1.379

.443 17.423 1 .000

1.120

2.577

Location

t

.763

z

1.848

.375

Link function: Logit.

Test of Parallel Lines
Model
Null Hypothesis
General

-2 Log
Likelihood
78.752
63.333

Chi-Square
15.419

df

Sig.
9

The null hypothesis states that the location parameters (slope
coefficients) are the same across response categories.
a. Link function: Logit.

.080
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C.4.C: Crosstab Test

Case Processing Summary
Cases
Valid
N
y * Predicted Response
Category

Missing

Percent
107

N

Total

Percent

100.0%

0

N

0.0%

Percent
107

100.0%

y * Predicted Response Category Crosstabulation
Predicted Response Category
Extremely
Unsatisfying Unsatisfying Neutral Satisfying
y Extremely
Unsatisfying
Unsatisfying

Count
% within
y
Count
% within
y

Neutral

Count
% within
y

Satisfying

Count
% within
y

Extremely
Satisfying
Total

Count
% within
y
Count
% within
y

6

2

0

0

75.0%

25.0%

0.0%

0.0%

3

16

4

0

13.0%

69.6%

17.4%

0.0%

0

2

10

6

0.0%

11.1%

55.6%

33.3%

0

1

2

25

0.0%

3.1%

6.3%

78.1%

0

0

0

2

0.0%

0.0%

0.0%

7.7%

9

21

16

33

8.4%

19.6%

15.0%

30.8%

Extremely
Satisfying

Total
0

8

0.0% 100.0%
0

23

0.0% 100.0%
0

18

0.0% 100.0%
4

32

12.5% 100.0%
24

26

92.3% 100.0%
28

107

26.2% 100.0%
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