
A Cross-Discipline Modeling Capstone Experience

Marian L. Frazier∗ Thomas LoFaro∗

Abstract
The Mathematical Association of America and the American Statistical Association have both

updated and revised their curriculum guidelines. The guidelines of both associations recommend
that students engage in a “capstone” experience, be exposed to applications, and have opportunities
to communicate mathematical and statistical analysis, among other recommendations [1, 15]. In
this article, we describe a mathematics and statistics capstone course, implemented at a small liberal
arts college. We provide evidence that this course accomplishes the goals set forth by the MAA and
ASA. We include guidance for other institutions on implementing a similar course.
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1. Introduction

Since 2000, the National Survey of Student Engagement (NSSE) has tracked various stu-
dent engagement activities. They define a “culminating senior experience” as capstone
course, senior project or thesis, comprehensive exam, or portfolio [11]. They classify such
a culminating experience as an “enriching experience”, along with activities like working
with a faculty member on a research project, studying abroad, and internships and field ex-
periences. The NSSE and the Association of American Colleges and Universities both use
the term “high-impact practices” for these experiences [5]. According to the NSSE 2013
report,

“High-impact practices share several traits: they demand considerable time
and effort, provide learning opportunities outside of the classroom, require
meaningful interactions with faculty and students, encourage interaction with
diverse others, and provide frequent and meaningful feedback. Participation in
these practices can be life-changing.” [11, p. 21]

According to the NSSE 2013 report, participation in culminating senior experiences and
research projects is associated with both size of institution and major field of study. Ap-
proximately 70% of physical sciences seniors report that they have participated or will
participate in such an experience.

The NSSE’s definition of a culminating senior experience is written so it can apply
to various fields of study. Certainly mathematics and statistics departments at both large
and small institutions have implemented culminating experiences for undergraduates using
all of these approaches: research projects, theses, capstone courses, and comprehensive
exams, or a combination thereof (see [9] for an excellent summary of these approaches
with statistics undergraduates). But we may ask: What are the qualities of a successful
culminating experience in mathematics and/or statistics? Are there essential elements that
should be included, regardless of the type of experience?

Brown and Kass [2] present four recommendations in the training of (graduate-level)
statisticians. However, we (and others; see [9]) believe their recommendations are relevant
to the elements of a successful undergraduate capstone experience as well. The recom-
mendations are: 1) minimize prerequisites to research; 2) identify ways to foster statisti-
cal thinking; 3) require real-world problem solving; 4) encourage deep cross-disciplinary
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knowledge. They stress the need to move beyond just methodology courses and encour-
age true “statistical thinking”, which is more than just a collection of methods. In their
response to Brown and Kass, Nolan et al. [12] add to this list, stressing the importance of
computing and experiential learning. Levine [8] makes his own recommendations as part
of the “senior year experience”. Students should have opportunities to: 1) integrate their
existing knowledge; 2) add breadth to their existing knowledge base 3) use their expert
knowledge to produce a substantial product; 4) prepare them for the transition from college
to the world beyond.

In this paper, we describe a capstone experience for mathematics and statistics majors
at a small liberal arts college. We hope that our capstone course addresses many, if not all,
of the recommendations made by [2], [12], and [8], applied to both disciplines. In Sec-
tions 2.2 and 3, we address many of these recommendations, along with those made by the
American Statistical Association [1] and the Mathematical Association of America [15].
First, however, we will present some history of our capstone course (Section 2.1) and some
details about coverage and structure of the course (Section 2.2). Finally, in Section 4, we
present some student feedback about the course, along with suggestions for other institu-
tions who wish to implement a similar course.

2. History and Structure of this Course

2.1 Background

Gustavus Adolphus College is a selective liberal arts college of approximately 2500 stu-
dents located in southern Minnesota. The Mathematics, Computer Science, and Statistics
(MCS) Department has twelve full-time faculty, currently consisting of two Ph.D. statisti-
cians, three Ph.D. computer scientists, and seven Ph.D. mathematicians. In addition, the
department employs an adjunct with an M.S. in Statistics who teaches a 2/3 load of mostly
statistics courses. The department graduates 17 math majors per year, on average, along
with an average of 14 computer science majors. In Spring 2016, the department graduated
the first class of 5 statistics majors; in Spring 2017 we expect 10 statistics graduates.

All mathematics, computer science, and statistics majors must graduate with a “cap-
stone” course. By far the most popular capstone course is MCS 358: Mathematical Model
Building. The description of this course is as follows:

“This course provides an introductory study of the formulation of mathemat-
ical models to represent, predict, and control real-world situations, especially
in the social and biological sciences. The course will use ideas from calculus,
linear algebra, differential equations, probability, and statistics to describe pro-
cesses that change in time in some regular manner, which may be deterministic
or stochastic.

A mathematical model is a mathematical representation of some physical pro-
cess or system. Since real-world phenomena are often too complex to model
exactly, there are always simplifications and assumptions that one must make
in building a mathematical model. In this course we will look at the model-
building process and how to critique and refine models.”

Our desire in this course is to have students see two perspectives of mathematical modeling:
the deterministic perspective, and the stochastic perspective. We believe strongly that this
course successfully provides the elements of a good capstone experience for both math and
statistics majors.

JSM 2016 - Section on Statistical Education

635



Gustavus Adolphus College requires each student to complete two January terms (for-
mally known a the January Interim Experience or IEX) during their residency at the col-
lege. IEX emphasizes experiential learning and these experiences range from internships to
study-abroad courses to on-campus project based courses. The Mathematical Model Build-
ing course takes this last perspective. The project-oriented, application-focused pedagogy
of this course exemplifies the institutional goals for IEX. Students may only complete one
IEX at a time (e.g., one course, one internship). Thus, because students are only taking this
course, they have the opportunity to focus on these projects in a way that would be difficult
during a regular semester. On-campus IEX classes usually meet twenty days and classes
must meet for a minimum of two hours per day.

2.2 Course Coverage and Structure

Mathematical Modeling is offered every other January and has almost always been team-
taught by a a statistician and an applied mathematician. Since 2000, we have used the text
A Course in Mathematical Modeling by Douglas Mooney and Randall Swift [10] which we
have found has an organization that is conducive to this team-teaching approach. The text,
and hence our course, alternates between deterministic modeling techniques and statistical
analysis methods. Moreover, each chapter concludes with a set of projects that focus on the
techniques discussed in that chapter.

Because MCS-358 is a capstone, it has a relatively long list of prerequisites including

• single and multivariable calculus,

• linear algebra,

• introduction to Computer Science (using Python),

• introduction to statistics, and

• the departmental “introduction to proofs” course.

The typical student is nearing graduation and thus usually has additional quantitative expe-
riences such as the completion of our probability and statistics sequence or another math-
ematical sequence. In addition, we get a large number of double-majors, with the second
major typically physics, computer science, economics, or biology.1

Because of this significant quantitative background, students have seen many of the
mathematical and statistical ideas used in this course previously in their education. The
focus of the classroom time is on the application of these ideas and not the underlying
mathematical and statistical fundamentals. Additionally, the amount of homework designed
to provide experience with any given technique is minimal (or nonexistent, in many cases).

The combination of text organization and student familiarity with statistical and mathe-
matical tools allows for a project oriented structure that basically follows the outline below:

• 2 days of classroom activity led by professor M on chapter n,

• 1 day of student presentations from chapter n− 1 projects,

• 2 days of classroom activity led by professor S on chapter n+ 1,

• 1 day of student presentations from chapter n projects,
1Occasionally, we admit students will math minors and majors in other other departments, such as biology

and economics. Sometimes these students don’t have every mathematical prerequisite; we will discuss this
further in Section 5.
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• repeat.

The course is scheduled with a 10:30-12:30 meeting time; although there are no formal
afternoon meeting times, students are strongly encouraged to use afternoons for project
work. Both professors hold “office hours” during the afternoon; we spend quite a lot of
that time in the computer lab, working with individual groups who have specific questions
or issues. All of these factors combine to produce a busy and productive schedule for
the student. Mornings are spent in the classroom discussing a deterministic method (for
example) while afternoons are spent in the computer lab working on a statistics based
project. As the week progresses, this repeats with the roles switched. The fourth week of
term is dedicated almost exclusively to student work on their term-long project.

Each chapter project is done in teams of 3 - 4 students with the teams changing from
chapter to chapter. Generally we create teams randomly, but on occasion make adjustments
based on a variety of concerns including project difficulty, student background, and our
desire to have each student work with all other students by the end of the term. Each group
needs to prepare both a written report and a short (about 15 minute) presentation on their
assigned topic.

In addition to the chapter projects, students self-select teams for a term-long project.
We have tried a variety of methods in assigning these term projects but have found that
the greatest consistency in interest and difficulty is gained by having students choose from
a list of old Mathematical Contest in Modeling (MCM) projects [3]. These are projects
of significant length and difficulty and given that the students are busy with the chapter
projects, we find it necessary to establish milestones for the term projects.

End of week 1 Choose team and list top 3 project choices.

End of week 2 Submit timeline, outline of approach, and list of possible sources.

Midweek 3 Meet with professors to give a progress report.

End of week 4 Papers due, presentations in class.

3. Skills needed for statisticians and mathematicians, and how they are addressed by
this course

The 2014 American Statistical Association Guidelines for Undergraduate Programs in Sta-
tistical Science [1] states that statistical programs should provide statistics majors “suf-
ficient background” in five areas: statistical methods and theory, data manipulation and
computation, mathematical foundations, statistical practice, and discipline-specific knowl-
edge. The authors of the guidelines maintain that development in these skill areas should
follow a progression throughout the student’s academic career. Moreover, “[t]hese skills
need to be introduced, supported, and reinforced throughout a student’s academic program,
beginning with introductory courses and augmented in later classes. Ideally such a program
would culminate with capstone and/or internship experiences.” [1, p. 9].

The Committee on the Undergraduate Program in Mathematics (CUPM) of the Math-
ematical Association of America (MAA) published an updated curriculum guide to majors
in the mathematical sciences in 2015 [15]. The recommendations of this committee are
similar to those outlined above. In particular, they present a list of the four “cognitive
goals” for all curricula in the mathematical sciences. These are

Cognitive Recommendation 1 Students should develop effective thinking and commu-
nication skills.
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Cognitive Recommendation 2 Students should learn to link application and theory.

Cognitive Recommendation 3 Students should learn to use technological tools.

Cognitive Recommendation 4 Students should develop mathematical independence and
experience open-ended inquiry.

Additional “content recommendations” are also represented in the report. Because these
recommendations focus on the whole of the mathematics curriculum, several of them are
not relevant to this capstone course. However, the following recommendations are particu-
larly relevant to our course.

Content Recommendation 3 Mathematical sciences major programs should include con-
cepts and methods from data analysis, computing, and mathematical modeling.

Content Recommendation 8 Students majoring in the mathematical sciences should work,
independently or in a small group, on a substantial mathematical project that involves
techniques and concepts beyond the typical content of a single course.

In this section, we hope to convince the reader that our capstone course addresses all of
the skill areas recommended by the ASA, in addition to the cognitive and content recom-
mendations made by the MAA.

3.1 Statistical Methods and Theory

As described in Section 2.2, students come to this course from a variety of backgrounds:
math, statistics, computer science, biology, physics, economics. Although some have quite
extensive backgrounds in applied and/or theoretical statistics, they are required only to have
taken an introductory statistics course. For some students, their last statistics course was
AP Statistics, taken (three or four years ago) in high school. And yet the level of statis-
tical topics covered in the course is quite advanced: random variables, demographic and
environmental stochasticity in population dynamics, χ2 tests for model validation, multi-
ple regression and non-linear modeling, and Poisson processes and queueing theory. Even
our statistics majors will enter this course without any previous exposure to some of these
topics.

Recall that the focus of this course is mathematical and statistical modeling. Although
we discuss χ2 tests for model validation, and assessing a regression model (F tests, vari-
able selection), we do not spend time on other formal inference procedures. (Of course,
our statistics majors see such procedures extensively in their other courses.) That being
said, we believe this course provides valuable experience in statistical reasoning. Students
must think about the variables involved in the process they are trying to model, which of
those variables may vary randomly, what distribution those variables may follow, how to
assess their choices, and how to summarize, graph, and report on that variability and on the
resulting model. In this way, they practice the modeling process from “start” to “finish”.
We believe this type of reasoning is extraordinarily valuable to all those who build models
to describe processes, regardless of academic major or future career choice.

3.2 Data manipulation and Computation

Depending on the instructors, different programming, mathematical, and statistical pack-
ages have been used over the years. In the most recent incarnations of the course, Mathe-
matica was used for mathematical work and R was used for statistical work. Many students
had no (or very limited) previous background in one or both of these packages. All students
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are expected to have a basic working knowledge of Python, since Computer Science I is a
pre-requisite and that is the language used in that course.

R and Mathematica are parts of the course and students are provided with the introduc-
tion and information needed to work in those programs. However, students are encouraged
to work with whatever program they feel comfortable. In the past, we have had students use
Maple, MatLab, and even Excel. Some students enjoy the challenge of taking a calculation
or simulation presented in class, and “translating” it into the language with which they are
more comfortable.

Depending on a particular student’s assigned chapter projects and his or her choice of
final project (see Section 2.2), he or she may encounter more or fewer explicit programming
tasks, and more or less data management. Many projects require students to find real data,
which they must then clean and format appropriately. Simulation studies are a major part
of the course for every student. For example, when discussing environmental and demo-
graphic stochasticity, several of the chapter projects require students to change the values
of various parameters, to investigate the effect on a population. Again, they see simulations
performed in both Mathematica and R; some use those packages and some choose to use
other programs.

3.3 Mathematical Foundations

As described in Section 2.2, half the course is taught from a mathematical, deterministic
point of view. The mathematical modeling techniques covered in this course focus on dis-
crete and continuous time dependent models. On the discrete side, iterative models/discrete
dynamical systems are introduced first, and students are encouraged to explore these mod-
els both numerically and analytically. Higher-dimensional models such as Markov chain
models and age structured models are also investigated using methods of linear algebra.
Finally, we discuss continuous modeling using systems of ordinary differential equations.
Students are introduced to phase-plane analysis methods including linear-stability analysis
of equilibria using eigenvalues and eigenvectors.

3.4 Communication and Collaboration

In [1], “statistical practice” is described thusly: “Graduates should be expected to write
clearly, speak fluently, and construct effective visual displays and compelling written sum-
maries. They should demonstrate ability to collaborate in teams and to organize and man-
age projects.”[1, p. 10]. In this course, a huge amount of emphasis is put on written and
oral communication, teamwork, and collaboration. As explained in Section 2.2, traditional
“homework” is not assigned; rather, assessment of student learning is entirely through team
projects. After two days of lecture on a particular chapter, students are randomly assigned
to 3- to 5-person teams and assigned a chapter project. They have two to three days before
a written and oral report on that project is due. Each team is assigned a separate project,
often with very different goals, and requiring different mathematical/statistical/computing
skills.

All students in this course have completed at least two writing intensive courses at Gus-
tavus, including at least one in the MCS department. Nonetheless, they come to us with
varying abilities and experience in writing mathematics. We have found that explicit in-
struction in writing is worth a small amount of class time. At the beginning of the term,
students are provided a model paper written by one of the instructors, along with a com-
panion document that describes and analyses the organization, structure, and voice. Ad-
ditionally, we assign F. E. Su’s “Guidelines for Good Mathematical Writing” [13], which
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provides advice about mathematical writing. We see students’ writing improve substan-
tially over the term because they are getting constant feedback.

The written and oral reports from the chapter projects are graded independently by
each instructor. Projects are assessed on several dimensions, according to rubrics (see Ap-
pendix). Written reports are expected to be both thorough and crisp. Oral reports are
presented to the entire class, and all group members are expected to contribute. The final
grade for the chapter project is determined by combining the two instructors’ total grades
on the written project rubric, combining the two instructors’ total grades on the oral pre-
sentation rubric, then adding those two grades. (The written project is worth more in the
final grade than the oral presentation.)

For each new chapter, groups are re-arranged. After each project is completed, students
are asked to self-assess their group dynamics in two ways. One, they fill out a short ques-
tionnaire about the strengths and weaknesses of their group. Secondly, they choose how
to divide a (hypothetical) honorarium among their group members, based on contributions
to the group. These group assessments are collected and reviewed by the instructors, to
keep abreast of any major conflicts that may be brewing or anyone who is not contributing
consistently. However, students are strongly encouraged to work out interpersonal conflicts
among themselves. We also continually remind students that this setting closely mirrors
what they may face in a work environment, with the final product relying on the contribu-
tions of all group members.

For the final project, described in Section 2.2, students choose their own 3- to 5-person
groups. Oral reports are longer (30 minutes) and presented to not only the class, but also
most of the MCS Department faculty. Other interested parties are also invited, such as the
students’ advisors, the Dean of the Natural Science division, and the head of the college’s
Marketing department. Professionalism is stressed. In addition, the written report is graded
with a more critical eye than the chapter projects. We see the final project as the culmination
of the course, so the mathematical content, the quality of the written report, and the quality
of the oral presentation are all expected to be more detailed and of higher quality.

3.5 Interdisciplinary Practice

The ASA Guidelines state that the “approach to teaching should ... emphasize authentic
real-world data and substantive applications” [1, p. 13]. Similarly, Content Recommenda-
tion 3 of the CUPM report recommends that majors “... should include concepts from ...
mathematical modeling.” This course is, first and foremost, an applied course. There are
no rote mathematical or statistical “homework problems,” in the traditional sense. Every
project is a real-world, open-ended problem to be solved. In addition, the flexible and un-
determined nature of scientific investigation is stressed. Although we often expect students
working on a certain chapter project to reach certain insights, there is never one “right”
answer.

Consistent with the realities of scientific inquiry, students are encouraged to go beyond
the textbook project. A paper that clearly explains the goals and background of the project,
clearly states any underlying assumptions of the model(s), discusses the advantages and
limitations of the model(s), relates the mathematics/statistics to the phenomenon being
modeled, and provides a conclusion that clearly summarizes the work . . . this is a ‘B’ paper.
In order to earn an ‘A’, they must do all this in a thorough and concise way, and they must
explore possible extensions to the model(s) and/or the project in detail. We provide little or
no guidance as to possible extensions, nor do we have expectations about what the “right”
extensions are. We want the students to think as scientists: What additional questions
have arisen from their investigations? Is there another perspective they could take on this
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problem? What happens if you relax or change the assumptions?
We feel that a major strength of this course is its focus on application of mathemati-

cal/statistical modeling to a variety of areas. Chapter projects cover topics as diverse as
chickadee populations, tree ecology, the Dow Jones index, capture-recapture models, hu-
man birth and death rates, CPU speeds, traffic models, disease tracking, and predation by
vampires. Final projects come from an even larger list of possibilities, including applica-
tions from biology, ecology, sociology, anthropology, physics, engineering, and computer
science. Since groups choose their own final project (from past MCM projects), they can
focus on something that interests them, or about which they have pre-existing knowledge
or expertise.

Any student with any major is welcome in this course, as long as they have completed
the pre-requisites. Over the years, this has included students majoring in mathematics, com-
puter science, statistics, biology, physics, and economics. More importantly, the variety of
student majors, experiences, expertise, and areas of interest brings valued diversity to the
course. For example, a biology major whose interest is ecology will have different insight
and bring different skills to a project on disease modeling than a computer science major.
Because every student will work with every other student at least once during the course,
they learn a lot from each other. This includes not just mathematics and computer program-
ming, but also different perspectives on a problem. We believe this starts at the top: the
two instructors have two different perspectives (one mathematician and one statistician),
and have themselves experienced varied applications. Thus, we are from the beginning
modeling the legitimacy and value of approaching projects from different directions.

4. Looking Back and Looking Forward

4.1 Student Responses

In this section we present some student responses to an online anonymous evaluation. The
responses are from January 2014, when 16 out of the 22 students responded to the evalua-
tion form.

When asked about their gains in understanding of various course topics, between 12
and 14 students (out of 16) reported “good” or “great” gains in each of the main course
topics: discrete dynamical systems, discrete stochasticity, Markov chains, and empirical
modeling. For the two topics that come at the end of the term and are given less weight (see
Sections 3.1 and 3.3), differential equations and queuing theory, between 6 and 9 students
reported “good” or “great” gains in their understanding of the material.

Table 1 below summarizes reported student gains in skills that we believe are important
in this course, and Table 2 summarizes reported student gains in integrating skills and ideas.
We are especially proud of the gains students report in communication skills, as we feel that
is a major benefit of our course structure. While students receive explicit guidance at the
beginning of the term on “How to write a modeling paper”, they do not receive explicit
instructions about oral and non-oral presentation skills. However, they are graded on these
skills throughout the semester, they receive frequent feedback, and every few days they see
their peers present so they can learn best practices from each other. We also feel that Table
2 shows that the students are clearly integrating and synthesizing the knowledge and skills
they learn in this course, as suggested by [2] and [8].

It is worth noting that “critically reading scientific research articles” (Table 1) is not a
structured part of the course. However, students often turn to outside sources when working
on their chapter projects or researching their final projects. We were surprised and excited
to see that so many students reported gains in this area, even though it is not something
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we focus on. In addition to the skills below, 12 out of the 16 students said they had made
“good” or “great” gains in their comfort level in working with complex ideas. 12 students
said they had made “good” or “great” gains in their comfort with computer programming.

Skills no
gains

little
gain

moderate
gain

good
gain

great
gain

Formulating questions, interpreting problems, and
thinking about existing problems in a more mathe-
matical/algorithmic way

0 0 2 4 10

Writing documents in discipline-appropriate style
and format

1 0 0 2 13

Critically reading scientific research articles 0 3 3 5 5
Using R 0 1 4 2 9
Using Mathematica 0 4 1 7 4
Oral communication 0 2 3 3 8
Non-oral presentation skills (such as making appro-
priate slides, or timing presentations)

0 3 2 4 7

Effectively working in groups 0 0 4 2 10

Table 1: Reported student gains in skills.

Gains made in integrating the following: no
gains

little
gain

moderate
gain

good
gain

great
gain

Connecting key class ideas with other knowledge 0 1 2 5 8
Applying what I learned in this class in other situa-
tions

0 1 3 5 7

Using systematic reasoning in my approach to prob-
lems

0 1 0 9 6

Using a critical approach to information and argu-
ments I encounter in daily life

0 1 1 9 5

Communicating my work (either in writing or
orally) in a way others can understand

0 1 0 5 10

Table 2: Reported student gains in integration of learning.

4.2 Suggestions for Other Departments

As mentioned in Section 2.1, our department is a combined mathematics, statistics, and
computer science department. Mathematics and statistics majors must take a capstone
course, of which this course is one option. However, it is by far the most popular op-
tion, with approximately half of our math majors in any given year choosing this course as
their capstone. Course enrollments in previous years have ranged up to 32 students, with
an average of 22.

The 2014 ASA Guidelines state that “[w]henever possible, the undergraduate experi-
ence should include opportunities for internships, senior-level capstone courses, consulting
experiences, research experiences, or a combination.” [1, p. 13] This is similar to CUPM
Content Recommendation 8. For small institutions and/or small departments that want to
revise or build new statistics majors (as we have), it may be daunting to develop a new
capstone course. Especially in departments with only one or two statistics faculty, staffing
pressures may be such that faculty feel they have neither the mental space nor the course
availability to create such a course. We appreciate these concerns, and we feel that a course
such as ours could be a solution for many other small undergraduate institutions.

First of all, offering the course only once every other year decreases the pressure on the
rest of the teaching load. Requiring a relatively short list of pre-requisite courses means
that any on-track junior or senior student can take the course, which reduces the logistical
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problems inherent in every-other-year courses. The large number of topics, both mathe-
matical and statistical, could be daunting to a single statistician or a single mathematician.
We have found great success in team-teaching the course. Not only does this break up the
course topics, it also spreads out the course management load. Instead of a work load that
is overwhelming, we find the course to be very manageable for two people and allows both
instructors to really enjoy and immerse themselves in the course, as the students do. Obvi-
ously, the commitment of two faculty rather than one increases the pressure on the rest of
the teaching load. For departments that can not feasibly dedicate two faculty to one course,
we suggest choosing one professor as the instructor of record, and bringing in colleagues
for guest lectures on the topics with which the instructor is not as comfortable. Finally, we
encourage departments to consider a combined math/stat capstone such as this for the inter-
disciplinary and cross-disciplinary value it offers. As we argued in Section 3.5, we feel that
students benefit from seeing the perspectives of their fellow students in other disciplines,
in addition to the different perspectives offered by the two instructors.

We also recognize that the existence of January term (IEX) is relatively unusual, and
colleagues at many other institutions will not have the opportunity to run such a course over
a “mini-mester”. Obviously, some changes would need to be made to organize a course like
this one over a full semester. We believe the most important logistical aspect of the course
is the two-hour class period. This block of class time allows plenty of time for activities,
discussions, lecture, and computer work. Much of the background material is review for
the students, but it may have been a few years since they last saw the material. A two-hour
class period gives us time to review (usually in the context of some real-world example),
discuss extensions or interesting cases within that example, introduce new concepts that
build on their existing knowledge, and practice those concepts through lab work or activ-
ities. Another important benefit of the two-hour class time is the ability to have several
student presentations on the same day, all of substantial length, with time for questions
between presentations.

Hence, for departments that want to implement a course like this one within a standard
semester, we suggest a two days per week, two hours per day schedule. In a 12- to 15-week
semester, this would result in 24 to 30 two-hour class days (compared to our 20 two-hour
class days). As mentioned in Section 2.2, although there are no formal afternoon meet-
ing times, students usually spend afternoons in the computer lab, working on their group
chapter projects, or their final projects. In fact, there is a lot of (informal, but important)
teaching that happens during this time! We can expect this dedication because the students
have very few other demands on their time, as they are not taking any other courses. Dur-
ing a regular semester, of course, it is unreasonable to expect students to spend all of their
free time in the lab, and it is more difficult for students to jockey their schedules to find
time for their entire group to meet. Thus, during a full semester, some class days could
be dedicated to work days: one day (or more) per chapter, depending on the length of the
semester. Or considerable time could be spent on the final two topics, differential equa-
tions and queueing theory, which as we have mentioned we tend to cut short due to time
constraints. The topics within this course are so varied and deep, we have no doubt that our
colleagues who implement such a course during a standard semester will have no problems
filling the “extra” time.

4.3 Open Questions

A course is never a “finished product”, however, and we do still struggle with open ques-
tions about how to improve the course. One such question regards students from outside
majors: that is, those without a mathematics, statistics, or computer science (MCS) major.
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In the past ten years, we have allowed a handful of such students into the course, even if
they did not have the full list of prerequisites. In all cases, we felt that they contributed to
the course in an important and different way than the MCS majors. Since their major fields
of study are not math, statistics, or computer science, they have insight on real-world appli-
cations in their disciplines, and often approach problem-solving differently. Of course, the
students who want to take such a course outside of their major are an exceptionally bright
and driven bunch, so there is a self-selection bias at work. However, an open question for
us as instructors is how to be more intentional about encouraging these types of students to
take on the challenge, and how to evaluate their experiences. Our belief is that they may
see a value in the course that is different than the value our MCS students recognize.

5. Conclusion

As stated in Section 1, we believe that the capstone course we have implemented here at
Gustavus Adolphus addresses the suggestions made not just by [8] and others in the last
fifteen years, but also those skills stressed by the ASA and MAA in their guidelines [1, 15].
We also have evidence that the students recognize the contribution this course makes to
their future, in both academic and non-academic contexts. When asked on the anonymous
evaluation at the end of January 2014, “What will you carry with you into other classes or
other aspects of your life?”, these are responses of two students:

“The mindset developed here will carry with me during problems I am trying
to solve. The final project questions were extremely open ended, and that led
to needing to approach the problem in steps. The use of breaking a problem
down is going to be needed further in my academic career.”

“I think this class opened my mind to using math in a modeling context. My
whole life math has been about solving equations but this class challenged
individuals to solve real life problems with math.”

Recall that the National Survey for Student Engagement defines “high-impact” prac-
tices as those that “demand considerable time and effort, provide learning opportunities
outside of the classroom, require meaningful interactions with faculty and students, en-
courage interaction with diverse others, and provide frequent and meaningful feedback”
[11, p. 21]. Our Mathematical Modeling course does all of things and more, thus providing
our students with a truly transformative experience.
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