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Preface

A new era is dawning for learning and education. It has emerged from the urgent
need to provide opportunities for lifelong learners to develop skills and habits of
mind that are relevant to today’s complex and interconnected society. In this new
era, we recognize that extant atomistic and disconnected ways of teaching and
learning do not allow new standards to be implemented effectively, nor do they help
people grapple with the growing complexity of science, technology, engineering,
and mathematics (STEM). Network Science In Education: Transformational
Approaches in Teaching and Learning represents a different, interconnected way of
thinking about learning and a pathway into leveraging a network paradigm for new
approaches to developing methods, curricular materials, and resources for learning
and teaching. It also suggests ways to gain insights into the structure of the con-
nected nature of teaching and learning communities and curricula.

The concept of networks—discrete structures that consist of nodes (also called
vertices, entities, actors, items, etc.) and links (also called edges, relationships, ties,
connections, etc.) that connect nodes to each other—has proliferated rapidly as a
way of improving the understanding of nearly every system that affects life on
Earth. The systems all around us, and even inside us, often include network struc-
tures. Examples of such systems include the Internet, social media, financial sys-
tems, transportation systems, ecosystems, organizations and corporations of all
kinds, friendships, kinships, schools, classrooms, learning materials, brains, immune
systems, genes/proteins within a single cell, and much more. Network science—the
science of connectivity—is an interdisciplinary field of research on connected sys-
tems that offers a powerful approach for conceptualizing, developing, analyzing,
and understanding solutions to complex social, health, technological, and environ-
mental problems. It is also a promising pedagogical approach, and it is becoming
increasingly prominent in education practice.

Since 2004, we have facilitated the growth of this work through organizing a
variety of outreach programs, conference talks, curricula and other kinds of
resources, and, most recently, annual symposia on Network Science in Education
for the International School and Conference on Network Science (NetSci). Network
Science In Education explores the variety of ways that networks are being brought
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to learners of all ages, including: new courses, new curricula, new tools, new tech-
niques, and even the structure of systems of education and how they work. For
educators, Network Science In Education is intended (1) to promote network think-
ing among students, teachers, administrators, curriculum developers, and the gen-
eral public and (2) to improve their understanding of the complex systems around
us through networks. For researchers, Network Science In Education is intended to
increase awareness both of the value of network science in learning and education
and of the need to cultivate a generation of network-literate people to bring this
knowledge to everyday life, leverage network science to improve discovery, and
better understand our relationship with nature and with each other.

Network Science In Education represents a rapidly growing community of
network science researchers and educators from around the world who have come
together because of a shared passion for making network science tools and ideas
accessible to everyone, everywhere. The purpose of this volume is to help expand the
dialog among research and educational communities to share knowledge and realize
the value of network science in a multitude of learning settings, and for all learners.
The structure of this book reflects the diverse audiences for network science con-
cepts, tools, and resources: undergraduate and graduate students, K—12 learners and
teachers, and the general public (e.g., through informal learning opportunities). We
also envision that this volume will contribute to helping transform the learning,
teaching, and understanding of the structure and function of learning communities.

We realize that network thinking is, for many, a new kind of lens on the world,
and while this “science of connectivity” is intuitive and familiar to readers in many
ways, it may be helpful to gain more depth of understanding on how networks
appear in many areas of human culture and in our understanding of nature. There
are myriad resources available that are accessible through keyword searches on
search engines. A few useful and accessible ones include:

e The Network Science in Education Resource Page
(https://sites.google.com/a/binghamton.edu/netscied/teaching-learning/
resources)

e The Wikipedia page for Network Science (https://en.wikipedia.org/wiki/
Network_science)

e Network Science by Albert-Laszl6 Barabdsi (http://barabasi.com/network
sciencebook/)

We would like to acknowledge Albert-Ldszl6 Barabdsi for encouraging this
work; the National Science Foundation for its ongoing interest and support; and the
entire network science community for their deep interest in and concern for educat-
ing future generations.

New York, NY, USA Catherine B. Cramer
Los Angeles, CA, USA Mason A. Porter
Binghamton, NY, USA Hiroki Sayama
West Point, NY, USA Lori Sheetz

Corona, NY, USA Stephen Miles Uzzo
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An Undergraduate Mathematics Course
on Networks

Mason A. Porter

1 Introduction

The study of networks incorporates tools from a diverse collection of areas—such
as graph theory (of course), computational linear algebra, dynamical systems, opti-
mization, statistical physics, probability, statistics, and more—and it is important
for applications in just about any area that one can imagine [1, 2]. It is thus impor-
tant to teach courses on networks in mathematics, statistics, computer science,
social and organizational sciences, and other disciplines. Graph theory is an old
subject, and mathematics departments have taught courses in it for decades. One
can also find courses on various aspects of networks in departments such as statis-
tics, computer science, sociology, and others. Many of them have existed for quite a
while, but the notion of studying the mathematics of networks—as involving sub-
jects like graph theory, but distinct from it in crucial ways—is relatively new, and
both undergraduate and graduate mathematics curricula need to include courses
with such a focus.

The importance of teaching courses on networks in mathematics departments
goes far beyond the establishment of the topic of “networks” as having a distinct
identity from subjects such as graph theory. The study of discrete data has under-
gone a revolution, and people with mathematics degrees need to be well-versed
in it. Many mathematics majors go on to careers in some form of data science
(in academia, industry, government, and elsewhere) [3], and mathematics curricula
need to prepare them for these careers. One way to do this is to offer a suite of
courses to develop a “discrete structures and data science” track through degree
programs in the mathematical sciences, including through a mathematics major itself.

M. A. Porter (<)
University of California Los Angeles, Los Angeles, CA, USA

© Springer International Publishing AG, part of Springer Nature 2018 3
C. B. Cramer et al. (eds.), Network Science In Education,
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Students who undertake such a track focus predominantly on discrete structures,
and they should master elements of theoretical (“pure”) mathematics, statistics,
applied mathematics (including mathematical modeling), computer science, and
data analysis. In addition to networks (the science of connectivity), such students
should learn about subjects such as optimization, probability theory, machine
learning, information theory, and complex systems.

In both teaching and research, my approach to the study of networks takes the
perspective of “physical applied mathematics™ [2]—focusing on modeling, with an
origin and practice associated most traditionally with differential-equation models
of physical phenomena—and I developed my undergraduate networks course with
this philosophy in mind. I put a strong emphasis on mechanistic modeling, which
contrasts both with the approaches to studying networks in courses on graph theory
and with those in courses in statistics and computer-science departments. My blog
associated with the University of Oxford version of my networks course [4] includes
links to review articles and other online sources to supplement the lecture notes and
main text.

In addition to my course, numerous other existing networks courses (with the num-
ber expanding rapidly), at multiple curricular levels, are taught in a variety of depart-
ments (e.g., statistics, computer science, physics, and so on) and emphasize different
topics and approaches. For some examples, see [5—18]. See Chapter 7 for a compari-
son of the topics and organization in many existing courses on networks [19].

The rest of this chapter is organized as follows. In Sect. 2, I overview the topics
that I cover in my networks course. In Sect. 3, I discuss how my course evolved
from an informal set of lectures to a masters-level course and finally to a course for
both undergraduates and masters students (including a version that is only for
undergraduates). I highlight a few of the challenges in teaching my course in Sect. 4,
and I conclude in Sect. 5.

2 Topics

The goal of (all versions of) my course, which I first taught in the University of
Oxford’s mathematics department, called the “Mathematical Institute” (MI), is to
survey the study of networks from the perspective of mathematical modeling and
to allow students to jump into the research literature. For example, my course’s
learning outcomes in the 2015 blurb in the MI's undergraduate handbook read as
follows:

Students will have developed a sound knowledge and appreciation of some of the tools,
concepts, and computations used in the study of networks. The study of networks is pre-
dominantly a modern subject, so the students will also be expected to develop the ability to
read and understand current (2015) research papers in the field.

In Table 1, I overview the topics that I cover in my networks course, which
at University of Oxford included 16 hours of lectures and in later years—after
being converted to a course that is intended primarily for undergraduates—also
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Table 1 An overview of the topics in my undergraduate networks course at University of Oxford.
There are 16 lectures of about 50 minutes (or so) each. I covered some of the listed topics in detail.
I touched upon others briefly as generalizations of ideas, concepts, models, or methods that I
discussed in detail.

Unit Examples of topics

1. Introduction and basic | Nodes, edges, adjacencies, weighted networks, unweighted
concepts (1-2 lectures) | networks, degree and strength, degree distributions, other types of

networks

2. Small worlds Clustering coefficients, paths and geodesic paths, Watts—Strogatz
(2 lectures) networks (focus is on modeling and heuristic calculations)

3. Toy models of network | Preferential attachment, generalizations of preferential
formation (2 lectures) attachment, network optimization

4. Additional summary Modularity and assortativity, degree—degree correlations,
statistics and other centrality measures, communicability, reciprocity and structural
useful concepts balance
(2 lectures)

5. Random graphs Erdés—Rényi graphs, configuration model, random graphs with
(2 lectures) clustering, other models of random graphs or hypergraphs,

application of generating-function methods (focus is on modeling
and heuristic calculations; material in this section forms an
important basis for units 6 and 7)

6. Community structure Linkage clustering, optimization of modularity and other quality
and other mesoscale functions, overlapping communities, other methods and
structures (2 lectures) generalizations

7. Dynamics on networks | General ideas, models of biological and social contagions,

(3—4 lectures) percolation, voter and opinion models, other topics

8. Additional topics Examples of possibilities: games on networks, exponential

(0-2 lectures) random graphs, network inference, temporal networks, multilayer
networks, other topics of special interest to students (depending
on how much time there is and the interests of current students)

incorporated “classes” (i.e., recitation sections) to discuss problem sheets. When I
am teaching, I often have a tendency to include too much information.! An alternative
design for an introductory networks course would be to cover fewer topics but to
study them in greater depth.

For most topics, I based my presentation largely on discussions in Mark Newman’s
textbook [1], although I drastically changed both presentation order and the relative
emphases on topics. For more advanced topics, such as community structure and
dynamical processes on networks, my course departed rather substantially from
(and/or built substantially on) the discussions in [1]. For these capstone topics, I drew
a lot of the material from survey, tutorial, and review articles [4, 20, 21]. I also
extracted material from particularly instructive research articles (e.g., [22]), and 1
referred students to additional resources on my course blog [4]. The topics that I
discussed in units (6) and (7) of the course (see Table 1) have varied over the years,

'T advocate a philosophy that students should “drink from the firehose of knowledge” (to quote a
saying that I learned as an undergraduate at Caltech).
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and I put some of them in homework problems only rather than in the lectures.
For all units, I also discussed (at least briefly) some generalizations of ideas that are
explored in [1]. For these generalizations, students (if they desire it) need to examine
other sources to learn more details. In practice, covering topics (6) and (7) in a rea-
sonable way, even at an introductory level, takes so much time that I have always
chosen to spend more time on them than what is indicated in Table 1, rather than
having lectures dedicated to topics from unit (8).

3 Evolution of My Course

From the beginning, it was my intention to ultimately offer my networks course to
undergraduates in the mathematical sciences at University of Oxford, but it started
out as an informal set of lectures, which were attended by some masters students,
doctoral students, and others.

3.1 Stage 1: An Informal Set of Lectures

The prehistory of my course dates to 2010. Invited by David Cai, in July 2010,
I gave a set of ten lectures (of about 2.5 hours each) on “Network Dynamics”
(although I covered both structure and dynamics) at an applied-mathematics sum-
mer school for masters students at Shanghai Jiao Tong University. I started adapting
material from [1] and organized the material mostly as presented in Table 1 (though
I added new topics to the possibilities in unit (8) as network science advanced).
In practice, however, I spent way too much time on early units and ended up focus-
ing mostly on units (1)—(4), with only a little bit of material from units (5)—(7).
Using the organization that I developed for the summer school as a template, I signed
a book deal to write an undergraduate textbook (which I still haven’t finished) for
mathematicians and other quantitative scientists, where my choice of 8 units specifi-
cally matched the 16 one-hour (technically, 50 minutes or so) lectures in a standard
MI course.

At University of Oxford, I first gave my networks course as an informal set of
lectures in the spring term (“Trinity term”) in 2012. I taught one day a week, using a
two-hour slot with a roughly 10-minute break at some natural point in the middle.?

21 typically mention temporal networks and multilayer networks very briefly in passing, in part
because of their prominence and in part because I spend a lot of time thinking about them in my
research. Additionally, unit (6) interfaces with topics like network inference, which I mention only
in passing when teaching my course.

3At University of Oxford, it is more common to meet twice a week for “one hour” (which encom-
passes 50 minutes of lecturing), but my course met for one double-slot each week in most of the years
that I taught it at Oxford, as I felt that this choice fit better with the 8-unit organization in Table 1.
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I taught my course in the MI, and it was attended by students from the MI’s Master
of Science (MSc) program in Mathematical Modelling and Scientific Computation
(MMSC), various doctoral students, occasional faculty members, and others. The
MMSC students could use my course as a “special topic” if they wrote an extended
essay on a subject that was agreed by them and me (as is standard for options courses
in their program).* I did not assign any homework, though I pointed students to topics
that they might be interested in pursuing in more detail.

3.2 Stage 2: A More Formal, Masters-Level Course

In Spring 2013, students from both the MMSC program and the MSc program in
Mathematical Foundations of Computer Science (MFoCS) could take my networks
course.’ Over the years, many MFoCS students were becoming increasingly inter-
ested in applied topics, and it was desirable for my course on networks to be avail-
able for them to take as an option. To accommodate requirements for the MFoCS
program, I needed to add two things: (1) homework problems for those students
that went beyond what I assigned to undergraduate students (to ensure that the
course was an MSc-level course) and (2) final “miniprojects” to determine student
grades.

In 2013, I did not assign any homework assignment for most students, so I added
a couple (three in the first year, but two in subsequent years) of homework assign-
ments that required summarizing a research article and “refereeing” it. These
assignments compel students to read papers in depth, learn how to evaluate papers
and hopefully also some lessons about how to write papers, and learn good scientific
citizenship (through volunteer work as referees).S I also met with the students to
discuss each paper. The students typically did a very good job at the refereeing
assignments, and paper authors to whom I showed these reports (with the students’
permission) mentioned that my students’ feedback was typically much more helpful
than the actual referee reports that they received.

Following MFoCS rules, the students had 3 weeks at the end of a term to do their
miniprojects, which are supposed to take 3—4 days of dedicated work. For a mini-
project, which was required to be “double-marked” (with the grades from different
people subsequently reconciled to determine a final grade) because of its open-ended
nature, I asked the students to write a short paper on a specified advanced topic on
networks. I changed the focal topic from year to year, and I show the miniproject
that I assigned to the MFoCS students in my course in 2016 in Fig. 1. My goal was

“These special topics were marked both by at least one other person and by me (so-called “double
marking”), and a reconciled mark from those scores became the student’s grade in my course.
5The MFoCS program is a joint venture between the MI and the Department of Computer Science.
T sometimes assigned papers that I knew well. Other times, I used the refereeing assignments as
an excuse to carefully read a paper that interested me (and which, in practice, I otherwise might
not read).
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The University of Oxford

MSc (Mathematics and Foundations of Computer Science)

Networks (C5.4)
Hilary Term 2016

Below is listed a broad topic. Write a report on a specific subtopic within
that general heading. Your report must include at least some numerical simu-
lations (which you produce) and must include salient discussions of modeling
issues, random-graph ensembles, and empirical data.

e Spatial Networks

Your report should be in the format and style of an article for the journal
Proceedings of the National Academy of Sciences, and the main text must
be no more than 6 typeset pages and must use their LaTeX style files (a
template and style files will be provided). The report must include all sections
(abstract, significance statement, etc.) in papers published in that journal
(2016 format of papers). It is permissible to include a section of Supplemental
Information that shows additional figures and calculations. In your report,
indicate explicitly which ideas are new and which come from existing sources,
and use appropriate and explicit attributions for all references (which must
include papers reporting original research) or anything else (e.g., including
code and figures) from other sources.

[You need not submit scripts for any code you produce, but you may include
them as part of Supplemental Information if you wish.]

[Your report need not contain original research results, though you must use
some original research papers (not just review articles or books) as resources.]

Fig. 1 The miniproject that I assigned to the MFoCS students in my networks course in “Hilary
term” (winter term) in 2016. Their final grade was based on this miniproject, which was marked by
at least two people (one of which was me), and then a final grade arose from a process of reconciling
these grades.

for the students to have a miniature research experience (though the MFoCS
program also includes a several-month dissertation as its capstone) and to cover an
advanced topic in depth. Each year, I chose a focal topic that went beyond the
course lecture material. Sometimes this entailed going into more detail on a capstone
topic from units (6) or (7); other times, I selected a topic (e.g., “spatial networks” or
“multilayer networks”) from unit (8), even though I did not cover it in lectures beyond
making a few cursory comments. As I discuss in Sect. 3.4, some computation (and
potentially a lot of computation) is very important for the miniprojects, and ensuring
that students are prepared to do them can be challenging.
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3.3 Stage 3: Fourth-Year Undergraduates and Masters
Students

In 2014, fourth-year (“Part C”’) undergraduates were able to take my networks course
for the first time. Because of Oxford’s end-of-year examinations, this necessitated
moving my networks course from the spring term to the winter term (“Hilary term”).
Unlike in the USA, most undergraduate courses in the MI are designated for students
from one specific year, and these students also have to be from the mathematical
sciences.” In the process of converting my networks course to an undergraduate
course (which MSc students could also take), I also needed to formalize details such
as recommended prerequisites, learning outcomes, assessment, and so on.

Iindicated my learning outcomes in Sect. 2, and my course overview in the 2015
MI undergraduate course booklet read as follows:

This course aims to provide an introduction to network science, which can be used to study
complex systems of interacting agents. Networks are interesting both mathematically and
computationally, and they are pervasive in physics, biology, sociology, information science,
and myriad other fields. The study of networks is one of the “rising stars” of scientific
endeavors, and networks have become among the most important subjects for applied math-
ematicians to study. Most of the topics to be considered are active modern research areas.

As I mentioned in Sect. 2, the goal of my course is to survey networks from the
perspective of mathematical modeling and to teach students knowledge and skills to
help them read the current research literature.

To make my course available for as wide a variety of students as possible, I did
not suggest any prerequisites beyond what all undergraduates majoring in (i.e.,
“reading,” to use UK parlance) Mathematics (and Mathematics & Statistics) are
required to take anyway. For example, in the MI’s official description of my 2015
networks course, I wrote the following text for recommended prerequisites:

None [in particular, C6.2a (Statistical Mechanics) is not required], though some intuition
from modules like C6.2a, the Part B graph theory course, and probability courses (at the level
that everybody has to take anyway) can be useful. However, everything is self-contained, and
none of these courses are required. Some computational experience is also helpful, and ideas
from linear algebra will certainly be helpful.

The reason that I brought up the statistical-mechanics course, which I also devel-
oped, was that my networks course was labeled as C6.2b at the time, and the
numbering could lead one to believe erroneously that material from the C6.2a
course was required.

I was purposefully vague in my phrasing of “computational experience” in the
recommended prerequisites, and the MI's computation requirement for first-year
students was in the process of changing. As I discuss in Sect. 4, students’ prior

"My UCLA version of the course (see Sect. 3.5), which I taught for the first time in spring 2017,
included students from multiple majors and undergraduates in their fourth, third, and second years.
A benefit of including second-year and third-year students is that some of them may desire to do
an undergraduate research project on networks, and taking a networks course sufficiently early
may also influence the subsequent courses that they elect to take.
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experience with computation is one of the main challenges of teaching my course.
The linear algebra that is required for students who are reading Computer Science
(or Mathematics & Computer Science) is somewhat different than that for other
undergraduates in the mathematical sciences, but in practice this issue never
came up (or at least it never came to my attention) in my networks course. The
students did occasionally ask questions about concepts from linear algebra and
probability (e.g., generating functions show up a lot) that are important for my
course, and such questions have been even more prominent in the UCLA version
of my course (see Sect. 3.5).

With undergraduates now taking my course, I also needed to develop more
formal homework assignments. To discuss these assignments, the lectures were
supplemented with six hours of problem classes. (In practice, the total amount of
time is somewhat shorter than six hours.) I arranged these as four 1.5-hour classes
in 2014 and 2015 and as six one-hour classes in 2016. Problem classes are like the
recitation sessions (sometimes called “discussion sessions”) in US universities—
although the UK problem classes are arguably structured more around homework
assignments than is the case in the USA—and they normally are attended by under-
graduates, MFoCS students, and students in the Mathematical and Theoretical
Physics (MTP) program.® In problem classes, a “tutor” (who is in charge of one or
more sets of classes), with some help from a teacher’s assistant (TA), goes through
homework problems that students find difficult, discusses reading assignments and
any papers for which the students are supposed to write referee reports, walks
through bits of code for computational exercises, and so on. I was a tutor for some
sets of classes that were associated with my lectures, and postdocs or senior PhD
students were tutors for other sets of classes.

Initially, as is standard in the MI, undergraduates received a grade for my course
based entirely on one exam that they took at the end of the academic year. The fourth-
year students in the mathematical sciences start having their exams in the middle of
Trinity term (and hence starting around the end of May). Homework problems and
other materials are meant to help undergraduate students learn and prepare for a final
exam, but any “grades” on assignments are intended only for feedback; they do not
affect the course grade. My homework assignments were a mix of problems that
I hoped would help students prepare for the exam and longer (and occasionally
open-ended) problems to encourage them to explore topics in detail in a way that is
impossible in an exam question.

My course’s exam lasted for 1.5-1.75 hours (it varied because of rule changes)
and included three problems. The students received a grade based on their top-two
marks among those problems. Because of this setup, which I inherited from MI
rules, many students choose one problem to skip (sometimes based on course mate-
rial that they had decided that they would not bother studying in detail) and focus
their efforts on the other two problems. Because of this mechanism, people who
write exams often try to make problems of equal difficulty, a very time-consuming

8 Starting in Hilary 2016, students from Oxford’s initial cohort of a new MSc program (which I
helped design) in Mathematical and Theoretical Physics could also take my course.
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and essentially impossible task, given that sometimes different topics have inherently
different difficulty levels.

Assessment of the masters students followed the norms for their various programs.
The MFoCS students were required to do the standard homework assignments in
addition to their refereeing homework assignments, and they were assessed by
miniproject at the end of Hilary term (see Sect. 3.2). The MMSC students could
choose to do a special topic in my networks course (as one of the set of special
topics that they are required to do for the program) if they wanted to receive a grade
in it (see Sect. 3.1). The MTP students were required to do the same miniproject as
the MFoCS students.

3.4 Stage 4: Changing from Exam Assessment
to “Miniproject” Assessment

The final major change in my networks course at University of Oxford was converting
the undergraduate assessment from exams to miniprojects. (See my discussion at
the end of Sect. 3.3.) I taught the 2016 version of my course with miniproject-based
assessment.

In my view, examination-based assessment is particularly inappropriate for a
course about networks. Problems in this format are artificially short and depart sub-
stantially in both scope and time allotted from the types of problems that one actually
studies in network science. Thus, although I used exam-based assessment voluntarily
during the first year that undergraduates could take my course (see Sect. 3.3), I did
so with the expectation of changing it shortly thereafter. After a long and (very) tedious
battle, I was able to convince the MI's teaching committee to allow this change in
2015, which allowed me to implement it in 2016.°

Assessing the undergraduates in my course using miniprojects, which I was
already doing for MFoCS students (see Fig. 1 for an example), gave them an oppor-
tunity to explore a topic in depth and provided an introduction to doing research in
network science. The benefits of using miniprojects for teaching students about
networks also hold at other levels, as demonstrated by the NetSci High program for
teaching network science to high-school students [24].

Although the miniprojects that I used for the undergraduates in my course closely
resembled the ones that I was already using for the MFoCS students, there were a
couple of important differences. First, instead of picking one broad topic for the
students, as I did with the MSc students, I gave undergraduate students a choice
between two broad topics—"“‘community structure and other mesoscale structures in
networks,” which goes predominantly with unit (6), and “spreading processes on
networks,” which goes predominantly with unit (7)—partly because I wanted them

°T believe that my course was the first lecture-based course in the MI to be approved for minipro-
ject-based assessment. It was the first domino to fall, and at least one other course soon followed
suit. I expect that there will be more.
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to have some choice and partly because I wanted to give myself a bit more variety,
given that I was going to be evaluating more than two-dozen reports. The other
instructions in the miniproject (again see Fig. 1) were the same for both undergradu-
ate and MSc students. Second, I purposely connected the project topics directly
with capstone subjects in the course, whereas I was a bit more adventurous with the
MSc students, who I felt should spend time on a topic that itself went beyond what
was in the course.

Using miniproject-based assessment necessitated some tricky changes in timing.
To the extent possible, the MFoCS miniprojects (which I also used for the MTP
students) and undergraduate miniprojects needed to be synchronized—and both
types of projects were to be undertaken during a 3-week window, with an expected
commitment of 3—4 days of strenuous work—so the undergraduate miniprojects
needed to occur at the end of Hilary term (as that time was fixed for the MSc stu-
dents), rather than in the middle of Trinity term. For the undergraduates, we
released the miniproject on Monday of the eighth and final week of Hilary term.
The sixth and last problem class could thus occur no later than during the seventh
week; this enforced more rigid timing at the end of my course than was the case
when assessment was based on an exam to be taken a few months later. Grading so
many projects (about three dozen, counting all students) was rather strenuous and
time-consuming, and some of the grade reconciliation with the other markers was
highly nontrivial. On the bright side, I didn’t need to grade any exams or spend
dozens of hours constructing an exam.

Importantly, the change from exam-based assessment to miniproject-based
assessment gave me much more freedom to teach my course in the way that I
wanted. I made my homework assignments “more realistic” with respect to what
practitioners of network science do in their research. Even before the change, my
homework assignments included several problems that allow exploration, a signifi-
cant departure from the norm in the MI. After the change, I further reduced focus on
problems of a style that align with exam preparation, and I increased emphasis on
computation, as this is a very important aspect of network science. Practicing com-
putational explorations also helps prepare students for undertaking a miniproject.'
Another of my changes was to reduce the number of problems with similar calcula-
tions, such as generating-function analyses with progressively more intricate ran-
dom-graph models, as I wanted students to see a small number of examples to get
an idea about methods, rather than overemphasizing some topics at the expense of
others. I also added some “refereeing” problems (though many of the undergrads
seemed to struggle with these, or at least were perplexed by them), like the ones that
I had already been assigning for several years to the MSc students (see Sect. 3.2).
The MFoCS students needed to do both these refereeing problems and the ones that
were designed specifically for them.

"Even before changing my course’s mode of assessment, my homework assignments included
some computational exercises, which many students tended to ignore, perhaps because they
thought (mistakenly) that I couldn’t test the material in these problems on timed exams without
computers.
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My revamped course worked much better than the examination-assessed
version—which already worked much better the second time that it was offered it to
undergrads, as there were many kinks to iron out from the first year—and I think
that most of my students agreed with me. The MI ended up giving me a teaching
award in recognition of designing and teaching my networks course.

The networks course still exists at University of Oxford, and it was taught by
Heather Harrington in 2017 and by Renaud Lambiotte in 2018. Even though the
course is only a few years old, it was already well-attended the first time that it was
offered to undergraduate students, and in 2017 more undergraduates were enrolled
in it than in any other fourth-year mathematics course at Oxford.

3.5 Stage 5: Transferring My Course to UCLA

In 2016, I moved to the Department of Mathematics at UCLA, and I taught a version
of my undergraduate networks course in spring 2017. I taught it as a special-topics
course, and it joined the course catalog as a regular offering starting in the 2017-2018
academic year.

For the initial UCLA version of my course, I mostly followed what I had been
doing at Oxford, as I wanted to see what transpired in practice to have a better under-
standing of what, if any, substantive things needed changes. (I'd rather make such
changes once rather than twice, and I felt that the existing form of the course was
rather good.) Given that I moved back to the USA, I also went back to having formal
office hours, which doesn’t occur for courses at Oxford. Naturally, I am also available
by appointment and answer queries by e-mail and on the course discussion board.

The extra freedom in the US system compared to Oxford allowed me to make a
few formatting changes, such as in how I assess students and determine their grades.
My class still has miniprojects, though I decided to make them group projects,
allowing students to go further with them and making it more manageable to grade
them. The miniprojects constitute 50% of the course grade, and there is both a group
written report (in the format of the journal Proceedings of the National Academy of
Sciences, as 1 was doing with the course at Oxford) and a group oral presentation.
The homework assignments make up 25% of the grade, and quizzes and one mid-
term (where the midterm, which the students take during one 50-minute class period,
counts as three quizzes) accounts for the final 25% of the grade.

In the spring-2017 offering of my course, there were 3—4 students in each mini-
project group, and I determined the groups a few weeks into the course after solicit-
ing ideas from the students about what topic they might want to study (though
without a commitment to a specific topic) and with whom they might wish to work.
In practice, with various other course commitments (such as homework assign-
ments), the students had about three weeks to do their miniprojects. As with a PhD-
student-level networks course that I taught during the winter-2017 term, I met with
each group of students to help get them started in the early stages of their miniproj-
ects (e.g., to make sure their project was doable, such as by ensuring that they were
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not using data that would take much longer than the three-week project timescale to
clean before they could do analysis), and I was also available for consultation about
their miniprojects throughout the time that they were working on them.

With 10 weeks rather than 8 weeks in a term and with three scheduled lectures
each week (except for a couple of holidays), a UCLA course has a lot more lecture
time than the ones that I taught at Oxford, and there is also a one-hour (technically
50 minutes) recitation section once a week. There is a single weekly discussion
session for all students (in spring 2017, there were about 23 of them) in my course,
in contrast to Oxford, where my course had multiple such sessions (with about
8—12 students each). I haven’t added new mathematical material to the course, and
I have instead used the extra time to add introductory discussions to cover the “big
picture” in both complex systems and network science, go through some of the
material more slowly, and interact more closely with the students in lectures.
Having only 16 lecture hours at Oxford rushed things, and even student questions
in lectures typically couldn’t get the attention that they deserved. Moreover, when
I was using exam-based assessment—and I was required to submit exam materials
extremely early, entailing a strict commitment to cover the material that was
being tested—I had almost no leeway to veer away from the course’s intended
trajectory, and not getting through the necessary material was simply not an
option. At UCLA, in contrast, if one doesn’t cover a topic, one can just not put it
on an exam. Moreover, my networks course is an elective, and I don’t need to
worry about covering material that is prerequisite for other courses.

As was the case at University of Oxford, my homework assignments at UCLA
include a mixture of straightforward problems that are meant to help the students
learn definitions and concepts, trickier problems to stretch their knowledge about
them, and computational exercises (including open-ended ones). Because I no longer
have exclusive responsibility for working out detailed solutions of the homework
problems (TAs help with this at UCLA), I assign several problems from [1], unlike
what I did at Oxford. When I first taught my networks course at UCLA, I intended to
again include paper-refereeing problems, though I didn’t do so in practice; I hope
to include them sometimes in future years. I also created a couple of homework
“problems” of an unusual nature. For example, as part of the first homework assign-
ment, I ask the students to take a picture of a local network (either on campus or in
Westwood, which is an area next to campus), to identify the nodes and edges, and to
indicate any other features that they notice (e.g., whether it is a spatial network, has
multiple types of edges, and so on). My hope with this problem is to encourage my
students to think about the fact that networks are everywhere.

All of my quizzes at UCLA have been “pop” quizzes (lasting about 15-20
minutes), and there were three of them in total in my spring-2017 course, though
I did not fix the number before the term started. The main purpose of the quizzes—
and especially of not announcing in advance when they are going to occur—is to
encourage the students to attend lectures and to keep up with the homework and
the reading. Similarly, the main purpose of the midterm (for which the students
can use hard copies of their lecture notes, their homework assignments, and [1])
is to encourage students to spend time poring over the material to learn it better.
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Unsurprisingly, the student composition of my networks course has been rather
different at UCLA than it was at Oxford. At UCLA, most of the enrolled students
are majoring in the mathematical sciences, though there are some exceptions, and
there are now third-year and second-year students in addition to fourth-year
students. Additionally, my course now includes only undergraduates. I now need
to list recommended prerequisites—which are appropriate linear-algebra and
probability courses, along with the desirability of some prior experience with
programming—as it is no longer guaranteed that students who want to enroll in
my course have previously seen certain essential topics. As was the case at
University of Oxford, some relevant topics (such as generating functions) aren’t
covered in the prerequisite courses at UCLA, so I introduce them myself and
encourage the students to look them up in detail on their own if they want more
information. The level of prior programming experience (and degree of difficulty in
getting started with the computational exercises) is mixed among the students, much
like what I had observed at Oxford, and the command of linear algebra among my
UCLA students is weaker overall than was the case for my Oxford students. I have
allowed students to take my networks course even if they haven’t taken courses in
the prerequisite subjects. The point of specifying those subjects is to convey what
knowledge I am going to assume from the first day of my course.

I expected some hiccups in my course from the institution change and the ensuing
differences in its composition of students, but its UCLA debut in spring 2017 was
unexpectedly smooth. My course was very popular among the students who took
it—I received even more positive course evaluations than the ones from the 2016
course at Oxford—and it benefited a great deal from the extra lecture time (especially
from not having to rush things and being able to interact a lot more with the students),
having office hours, and other things. There were just over 20 students in my course,
and learning about networks appears to have inspired them: several of them are col-
laborating with me on research projects, and two others contacted me to let me know
that they were using skills and knowledge from my networks course in their job
internships. One comment from the students that I have implemented for my course
in 2018 is to start the projects earlier, which had been my intention last year. The
delayed time before starting project work arose from wanting to show the students
enough topics so that they would have a better idea of what they might want to work
on and how to go about doing it, and presenting this amount of material took lon-
ger than I expected. I like the pace at which I can now present the course material,
and I have tried to preserve that while also introducing project work earlier to give
the students a bit more time on their projects.

4 Some Challenges

Teaching my networks course has been very challenging. Key challenges have
included (1) finding the right balance, especially given the diverse backgrounds
of my students, between mathematical rigor and models, methods, and using a
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physical-applied-mathematics approach; (2) computational exercises and expectations,
in conjunction with diverse student backgrounds in computation and programming;
and (3) exam-based assessment (until I was able to change this).

The diversity of the mathematical backgrounds of the students in my course has
been a persistent challenge. For example, in the University of Oxford version, most
students had one of two principal backgrounds: (1) people who had taken many
applied-mathematics courses (e.g., in topics like fluid mechanics, differential equa-
tions, and mathematical biology) but who had taken few or no advanced courses in
pure mathematics, where the focus is on mathematically rigorous arguments, and
who were also not used to applying ideas from “physical applied mathematics” to
discrete structures; and (2) people who had taken a lot of courses in discrete math-
ematics (in topics such as graph theory, probability, and various areas of statistics)
who were more comfortable with mathematically rigorous arguments and/or statis-
tical modeling than with doing physical-applied-mathematics modeling [25, 26]
using arguments that usually are not mathematically rigorous.

My approach to studying networks—in both teaching and research—follows the
tradition of physical applied mathematics [2], which emphasizes modeling and
scientific rigor (and domain relevance) but typically does not focus on demanding
mathematical rigor. In my networks course, I put strong emphasis on mechanistic
modeling, but I usually sacrifice mathematical rigor (especially given the time con-
straints), and I almost never present things in a precise definition—example—theorem
format. Moreover, many topics that I discuss would take a very long time to present
in a mathematically rigorous way or are not yet even known at that level. I discuss
much more complicated models than what one typically sees in a graph-theory
course (or in a rigorous statistics course on networks),'" and I discuss the application
of (mechanistic) modeling principles that are taught much more commonly in
applied-mathematics courses than in statistics (where descriptive modeling is
emphasized) or pure-mathematics courses.

It is very challenging to cover formal definitions and theory, and then to discuss
dynamics and modeling, and then to relate them to real data sets and numerical
computations. This challenge was already present when only MSc students were
taking my networks course, as MMSC students are mostly of type (1), but MFOCS
students are predominantly of type (2); and it became even more prominent when
I was also teaching undergraduate students. In my course, I occasionally bring up
some physics jargon (much of which is used in [1]) to help make connections
(e.g., to some topics in statistical mechanics), though I try to do so without overem-
phasizing it. Because some of the classical models in network science are not

"For example, in graph theory, one might spend a lot of time rigorously proving results on Erdés—
Rényi (ER) random graphs, but I want to spend time on more intricate random-graph models (such
as configuration models and their generalizations) that are more appropriate for studying real-
world networks. I do introduce ER graphs in my course, and various homework problems are about
them, but I discuss heuristic arguments for analyzing them, rather than presenting mathematically
rigorous arguments (which carries the risk of drowning students in details), to demonstrate important
ideas (such as a phase transition to a giant connected component).



An Undergraduate Mathematics Course on Networks 17

well-defined mathematically in most of the standard presentations of them,'? it is
easy to fall into a trap in the middle of a lecture of not specifying everything that is
necessary in a manner that is sufficiently precise. This was especially frustrating to
Oxford students with a pure-mathematics background, as most of them are not used
to this style of presentation. I try to be more precise in my presentation of network
models than is often the case in research papers, but it is rather challenging to strike
the right balance between precision of model specifications—as well as the level of
mathematical rigor when analyzing the models, especially given that there are many
features of these models for which mathematically rigorous analysis remains an open
challenge—and an emphasis on modeling and discussing examples of many different
types of models. Thankfully, when students examine these network models computa-
tionally on homework assignments and in their miniprojects, they get a chance to see
(and, ideally, discover for themselves) exactly what information is needed to ensure a
complete, precise specification. Moreover, investigating the consequences of making
different choices in a given family of models is an important topic to study. (I like to
include homework problems that encourage such exploration.)

A second major challenge, which occurred both at University of Oxford and at
UCLA, is the diversity in students’ past experiences and knowledge about doing
computations. When I assign computational exercises as part of homework—note
that it is very hard to make these problems equally accessible to students of widely
differing computational backgrounds—I go out of my way to ensure that code (e.g.,
in MATLAB, for which University of Oxford has a site license) is available online,
such as through the Brain Connectivity Toolbox [27] or other resources. Several of
my homework problems and the course miniprojects require the use of real-world
data sets, and many students stumble upon some of the famous (and infamous) data
sets, such as ones that are available from Mark Newman’s website [23]. Eventually,
I started including some tutorial computational exercises at the beginning of my
course. This helps a lot, but it has not completely removed the challenges for students
with less computational experience or knowledge. Starting with release R2016a,
MATLAB has included some functionality for network analysis [28], and this has
been helpful for my course. Some of my students have decided that they prefer using
Gephi [29] (e.g., for visualization), Python with NetworkX [30], or R with igraph
[31]. I am happy with the students using whatever software they want.

My concern for my course is not whether the undergraduates can program in
MATLAB or using any other language or software package, but rather that they can
successfully use, understand, and interpret the output of computations. If that means
running somebody else’s .m file in MATLAB, so be it. Some programming experi-
ence does help, but strictly speaking it has never been something that my course has
required (despite the feelings of some students to the contrary). One frustrating
issue, especially for students, that sometimes arose at Oxford is that students may
not know where to go if they cannot get code or a software package to work. In US

2For example, one needs to make choices for how one rewires or adds shortcuts in a Watts—
Strogatz network [32, 33], one needs an initial (“seed”) network when studying preferential-
attachment models [1], and so on.
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universities, such issues tend to be less problematic, as the office hours of professors
and teaching assistants are great for addressing these kinds of individual queries.
There were fewer opportunities at Oxford to help students sort through such techni-
cal problems (which often are not easy to address with e-mail communications), and
my TAs and I encouraged students to talk to other students who had managed to get
a particular package to work or to look things up online. As I mentioned previously,
when my networks course was assessed by a final exam, many students ignored the
computational exercises on the homework assignments, as they seemed to think
that they weren’t testable (despite my explicit comments to the contrary). However,
that is mistaken, as an exam can include questions that describe or show output, and
I can then ask the students about it.

Another issue that is worth bringing up is my course’s reading assignments. In
mathematics courses at Oxford, lecturers are not allowed to compel students to buy any
textbooks for courses—a marked difference from the norm in US universities—so it is
standard to provide students with a terse set of lecture notes. I wanted my students to
read material beyond what was in my notes. In early versions of my course, in addition
to a scanned version of my notes (I received complaints that they weren’t typeset),
I gave the students a copy of an in-progress textbook in its very rough state, and I made
it clear that it was very far from polished. I also strongly encouraged my students to go
through various parts of [1], as well as other resources (such as parts of some review
articles), though they did not always find it clear which source they should use for a
given topic. Mathematics undergrads at Oxford tend to focus on material in lecture
notes, and my MI courses were unusual in expecting much more reading than what is
in a short set of notes. Naturally, there is far more to the material in an advanced course
than what is included in a terse set of notes. Such reading was optional, though I
strongly encouraged it, through the 2014 version of my course, because I was unable to
ensure that all students had easy access to [1] without forcing them or their Colleges
(each Oxford student is a member of a College) to buy the book.

A few months into 2014, the first year that my course was open to undergradu-
ates, I found out from one of my students that all Oxford students could freely
access [1] online, so starting in 2015 I assigned explicit reading from [1] and else-
where as the first “problem” on every homework sheet. I thereby informed students
exactly what I required them to read, and I also suggested some optional additional
reading that I felt would be helpful. This largely solved the problem of what the
students should read—and it helped the 2015 version of my course to work out a lot
better than the 2014 version, which was extremely rough—though some students
complained that there was too much material to read. Others felt that [1] is fast and
easy to read and that reading about 50 pages per week of it is very manageable. For
the UCLA version of my course, I require my students to buy [1] (but only that
book), and I continue to use sources like review articles and other online resources
(as well as my lecture notes). From my experience teaching undergraduates at
University of Oxford, I think that too many of them seem to prefer the boring Oxford
model of lectures and exams, with “examinable” material specified in a terse set of
lecture notes, and I purposely (and purposefully) taught my networks course in a
more exotic way. I think that my adventuresome approach greatly benefits the students
in my courses, even if some of them are not always happy about it.
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5 Conclusions

When I was at University of Oxford, I developed an introductory course in network
analysis that is now taken by numerous fourth-year undergraduates and masters
students from several programs in the mathematical sciences. I have also translated
this course into one for undergraduates (at “upper division” level) that I teach in the
mathematics department at UCLA. In both variants, my networks course links
ideas from applied mathematics, theoretical (i.e., “pure”’) mathematics, and com-
putation through the modeling and investigation of discrete structures. An intro-
ductory mathematics course about networks is an important component of a
“discrete structures and data science” pathway through an undergraduate degree in
the mathematical sciences, and it is crucial for universities to include these types
of pathways.

I hope that the present article will help encourage faculty—especially those in
mathematics and mathematical-science departments—at other institutions to design
and teach introductory courses in network analysis. My course is for advanced
undergraduates, and it would also be good to develop courses in network analysis
(e.g., freshman seminars) that are appropriate at an earlier stage of undergraduate
education. Such courses complement existing courses in graph theory and other
subjects, and they give a chance to introduce students to state-of-the-art topics that
apply ideas from graph theory, probability, dynamical systems, and other important
subjects in fascinating ways. I have suggested topics that are appropriate for an
introductory networks course, and I have strongly advocated the use of miniprojects
as a key method of assessment. As I have discussed, there are various challenges
(e.g., diverse computational and coursework backgrounds among the students) in
teaching an introductory course on networks, but it is a very valuable offering, and
every mathematical-science department should include one. I hope that my description
of my experiences will encourage the development of more undergraduate-level
courses on networks in mathematics programs.
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Ralucca Gera

1 Introduction

The current work describes the method that has been used since 2014 at a the Naval
Postgraduate School (NPS) in teaching MA 4404, the Structure and Analysis
of Complex Networks course, primarily to USA and international officers during
their master’s and doctoral program. This course is taught in the Applied Mathematics
Department, as part of the Network Science Academic Certificate that students can
receive along with their master’s or doctoral degrees in any math-related curricu-
lum. The students interested in the course have a technical background, generally in
mathematics, computer science, operations research, or engineering. Additional
information on this course and how it fits within the certificate can be found at
http://faculty.nps.edu/rgera/NetSci/Certificate/dist/index.html.

Researchers have taught and used network analysis since the eighteenth century,
starting with the classic Seven Bridges of Konigsberg problem in graph theory [31].
In many mathematics courses, students in the same curricula with the same back-
ground and interest were exposed to information building on the same mathematical
prerequisites. In recent years, students with mixed backgrounds want to learn about
networks, which initiated the desire to modify standard teaching, from motivation
to solutions and their interpretations, in particular, taking on a guided discovery
approach, asking students to experiment with networks, and discover the reasons
behind what they observed, in order to support student learning (which sometimes
is hard to optimally use) [18, 27, 41].

As I promote active learning in teaching, defined by Bonewell et al. [17], the chal-
lenge is to undertake learning activities that will engage students and motivate their
learning, regardless of the individual background. This stimulates interest in the
class, improves the learning experience, and increases their chance of successfully
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recalling and using learned ideas in the future [13, 33]. As student interest in a course
increases if the course is relevant to the student, I make it pertinent by allowing stu-
dents to pick individual networks that they will analyze for the rest of the course. As
I teach new concepts, they apply them to this chosen network, making it both inter-
esting to them and to the rest of the class as they see a variety of networks analyzed.
As the analysis of these networks is discussed in the class, it brings the contrast and
diversity needed for learning.

Since I had the freedom of designing the first course in network science at NPS,
I made the following choices, which may change. The analysis tools chosen for the
course incorporate choices for each type of student background: Gephi [1], Python
[2], and R [3], commonly used in network science [10, 20, 24, 39, 45]. Most stu-
dents use Gephi for visualization and either Python or R for analysis and construc-
tions. A Research Project (Sect. 5.3) is incorporated in the course, as I believe that
project-based learning is a good approach to education designed to engage students
[15]. Moreover, through the design of the Research Project (Sect. 5.3), students
learn LT:X, most of them typing their theses in L°TX in the quarters following
the current one. The last main component of the class (and of the grade as well) is
the alternative to standard mathematical homework assignments: the Network
Profile Summary (Sect. 5.4) in which students apply weekly learned concepts to
analyze a personal network, rather than all students analyzing the same network/
data. I believe it promotes self-determination and confidence in the learned topics,
and it has been shown that self-determination motivates student learning [28, 52].

The course generally starts by showing existing networks, as well as how big
data can be modeled by networks. Currently this is of interest to most of my officers
in trying to understand emerging phenomena in technology and society. Some
examples of networks presented in class are online social networks, the Internet, the
World Wide Web, neural networks, food webs, metabolic networks, power grids,
airline networks, national highway networks, the brain, and others. These examples
are complemented by networks that students choose to create based on their inter-
ests and previous experience, including: terrorist networks, the US Tesla network,
the global transportation network, snapshots from YouTube, and Twitter data.

The course then proceeds with the basic generative models (random graphs,
small-worlds, preferential attachment) and newer ones based on the interest of the
class. I start with the Erdés—Rényi random networks that combine the just-learned
concepts of graph theory with probability theory, followed by more sophisticated
models of network formation, including: Milgram’s 1967 experiment [53] and
Watts—Strogatz small-world networks [55], the Barabasi—Albert preferential attach-
ment growing model [9] and its variants, the Molloy-Reed configuration model
[47], the random geometric model [29], and other ones that are relevant at that time.
In the last couple of years, the Research Project (Sect. 5.3) has built on this over-
view of generative models by asking students to create new ones.

Once armed with the real and synthetic networks examples, the rest of the course
focuses on analysis of networks. The topics covered are not consistent from year to
year. As this field is evolving so quickly, one of the goals for this course has been
not to use a static book for teaching but rather to present slides and research articles
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based on exposure to ideas presented at the most recent conferences, such as NetSci
(https://www.netsci2018.com/), CompleNet (http://complenet.weebly.com/), SIAM
Workshop on Network Science (http://www.siam.org/meetings/ns18/), ASONAM
(http://asonam.cpsc.ucalgary.ca/2018/), and Sunbelt (https://sunbelt.sites.uu.
nl/). Before coming to my lectures, students have to watch TED talks on the topics
that I will be teaching that day. This way, they have a different point of view of why
the topic is interesting, and how other researchers have used it. They then come to
my class with questions for me, which allows them to hear the answers I have on
what I teach that day. The presentation slides are updated regularly, exposing the
students to updated information and from several sources. It is important to me that
students get multiple points of view on the topics, since network science researchers
come from different fields of studies, emphasising the motivation and application
they found. The slides are complimented with articles and recorded lectures from
conferences and one or two standard books for references.

The rest of this chapter is organized as follows. Section 2 presents the course
learning outcomes and objectives, followed by the content and software used in the
class and detailed in Section 3. Section 4 gives the overview of the course format,
detailed in Section 5, as well as including the assessment for each activity. Finally
there is a conclusion and student feedback.

2  Course Learning Outcomes and Objectives

The goal for students in this class is to develop the mathematical sophistication
needed to apply learned methodologies to, and understand properties of new net-
works. This course enables them to have enough exposure and practice to readily
use existing concepts or further read and understand published research as needed
for future projects.

To achieve this, students analyze their personal network for the Network Profile
Summary by practicing the introduced concepts of complex network analysis and
by describing the structure of the chosen network. Furthermore, they contrast net-
work models to real networks, by explaining features some complex networks have
that others do not. This allows them to synthesize the new research in this evolving
area and critique a peer’s research. Students also read papers for which they have to
grasp and explain new research ideas in complex networks.

The outcome of the course is that through new network research, the students
will design new network models building on existing ones and available data. They
will be able to design experiments to test hypotheses based on analyzed data and
generate new methodologies by expanding on the designed experiments.

The learning outcomes above are achieved through building and analyzing per-
sonalized networks, reading scientific papers, writing technical research articles for
publication, and presenting them at network science conferences. In my view, these
are exactly the puzzle pieces for attaining the learning objective of the course:
understanding the concepts, models, and methodologies needed to identify how to
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use knowledge of complex networks to produce a research article or apply in a real-
world situation. This gives students the mathematical sophistication and confidence
to use gained experience as situations arise.

3 Course Content and Software

The course materials are available at http://faculty.nps.edu/rgera/MA4404.html.
The topics of the course are the following:

1. Types of networks:

2. Synthetic network models: Erdés—Rényi random networks, Watts-Strogatz
small-world networks, the Barabdsi—Albert preferential attachment growing
model and its variants, the Malloy-Reed configuration model, and the random
geometric model;

3. Network statistics/properties: degree, clustering coefficient, diameter, density,
shortest paths, node similarity, and homophily; and

4. Centralities: degree, closeness, betweenness, eigenvector, Katz, PageRank, hubs,
and authorities.

These topics get augmented by presentations based on information from current
conferences. Because of the fragmented literature—with inconsistent terminology
and frequent reinvention of concepts and methodologies of network science due to
the mix of the backgrounds of their researchers—this class builds on several manu-
scripts and conference presentations. Presentation slides are available for each lec-
ture day at http://faculty.nps.edu/rgera/MA4404.html, and they are updated based
on new research and information and animations from conferences. The main arti-
cles used as the class references are (a) Newman’s 2003 article “The Structure and
Function of complex networks” [48] which can be found at http://epubs.siam.org/
doi/pdf/10.1137/S003614450342480 from SIAM and (b) Barabasi—Albert’s free
and interactive book Network Science which can be found on his website at http://
barabasi.com/networksciencebook (and also in print [8]).

The main visualization tool is the open-source graph visualization and manipula-
tion software Gephi, found at http://gephi.org/ [1]. To complement Gephi’s analysis
ability, I generally use Python or R, open-source programming languages with wide
interoperability, and other tools [10].

For Python users https://www.python.org/ [2], I suggest NetworkX (https://net-
workx.github.io/) and igraph (http://igraph.org/redirect.html), two Python libraries
developed for the study of graphs and networks.

For R users https://www.r-project.org/ [3], I suggest igraph, http://kateto.net/
networks-r-igraph and an overview found here (http://www.necsi.edu/events/iccs6/
papers/c1602a3c126ba822d0bc4293371c.pdf) [24], or Statnet with the following
tutorial from a Sunbelt conference: https://statnet.org/trac/raw-attachment/wiki/
Resources/introToSNAinRsunbelt2012tutorial.pdf.

Auvailable tools are updated on a regular basis, as this information is not static:
http://faculty.nps.edu/rgera/MA4404.html


http://faculty.nps.edu/rgera/MA4404.html
http://faculty.nps.edu/rgera/MA4404.html
http://epubs.siam.org/doi/pdf/10.1137/S003614450342480
http://epubs.siam.org/doi/pdf/10.1137/S003614450342480
http://barabasi.com/networksciencebook
http://barabasi.com/networksciencebook
http://gephi.org
https://www.python.org
https://networkx.github.io
https://networkx.github.io
http://igraph.org/redirect.html
https://www.r-project.org
http://kateto.net/networks-r-igraph
http://kateto.net/networks-r-igraph
http://www.necsi.edu/events/iccs6/papers/c1602a3c126ba822d0bc4293371c.pdf
http://www.necsi.edu/events/iccs6/papers/c1602a3c126ba822d0bc4293371c.pdf
https://statnet.org/trac/raw-attachment/wiki/Resources/introToSNAinRsunbelt2012tutorial.pdf
https://statnet.org/trac/raw-attachment/wiki/Resources/introToSNAinRsunbelt2012tutorial.pdf
http://faculty.nps.edu/rgera/MA4404.html

Leading Edge Learning in Network Science 27
4 Course Format

Classes meet Monday through Thursday, for 50 min each. For the first 3 weeks of
the quarter, interactive lectures are provided for each class. During this time, stu-
dents are exposed to an overview of network science and real and synthetic
networks.

There are two assignments due in these 3 weeks. The first assignment is the
Introduction to Multilayer Networks Project, in which students are exposed to mul-
tilayer networks. The type of multilayer network that I am interested in captures
each of the diverse types of relationships between the nodes into a separate layer of
the network.

An example of such a network is the terrorist network in Fig. 1. I also provide the
link to the comprehensive review (including temporal networks, networks of net-
works, and interdependent networks) which can be found in [16]. For visualization
for multilayer networks, I suggest that they try Pymnet [44] found at http://people.
maths.ox.ac.uk/kivela/mlnlibrary/, Muxviz [26] found at http://muxviz.net/, or
Gephi [10] found at http://gephi.org/.

The students’ assignment is to create a classroom multilayer network whose
nodes are the students in the current class. Different student attributes get captured,
which allow the formation of edges/relationships between the students, and are cat-
egorized into layers of a multilayer network. The students decide on the relation-
ships they wish to capture, the end goal being to partition the class into teams of 3—4
students to write a research paper together. An expansion of this will follow in
Section 5.2.

The second assignment for this period of time is to create or search for a network
to analyze during the course of study, called the Network Profile Summary (Sect.
5.4). Each of these networks serves as data that each student analyzes for his/her
homework by applying his/her understanding of the topics introduced in class that
week. Thus the assignments are personalized, as the student chose the data, while
all the students try all the learned concepts of the week and report their observations
into one presentation slide per week (PowerPoint or LATgX). The requirement of
summarizing their findings in one slide provides the opportunity for the student to

Fig. 1 An example of multiplex networks, in which each layer captures different relationships,
such as friends, training, classmates, meetings, and operations
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present synthesized information. Presenting the observed results enables the student
to identify and explain the “why” behind the “what” of the findings, rather than ask-
ing the authority, the professor. Each student individually gives a 5-min presentation
on his/her Network Profile Summary, based on the topics learned on that particular
week. Presentations are followed by in-class discussion of that week’s topics on a
variety of networks that students present in class. An extended discussion on the
Network Profile Summary follows in Sect. 5.4, and Gera et al. examine it in detail
in [36].

Starting with the fourth week of the quarter is a transition to the following
schedule:

* Mondays and Wednesdays: lectures.

e Tuesdays: teams meet to work on the Research Project (see Sect. 5.3). Each year
a research topic is provided to the class, and each team finds a new methodology
for solving one of the couple of choices of the open problems. While teams work
on their projects, I work with each team to validate the direction of the research
approach and to answer questions.

e Thursdays: students give their presentations on the Network Profile Summary
(Sect. 5.4), followed by team discussions contrasting the results presented.

5 Student Learning and Assessment

The point value of the class activities are summarized in Table 1, with a longer dis-
cussion on each activity following the table.

5.1 In-Class Participation (70 Points)

The interactive teaching style requires everyone to participate in classroom discus-
sions. Students are encouraged to be engaged in these discussions while giving
everyone else a chance to confirm their understandings or mend their confusions.
The in-class conversations allow students to modify and improve existing percep-
tions about the network science topics.

Table 1 The breakdown of Activity Points (of 300 total)
points for the final grade In-class participation 70

Introduction to Multilayer 30

Networks Project

Network Profile Summary 100

Research Project 100
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Assessments of learning: Participation is measured by evidence of class prepara-
tion, interactions during class. This is objectively measured by asking relevant ques-
tions, showing the ability to express critical thinking, and making connections even
if they are not correct. These behaviors show whether students are actively engaged
or passively listening.

5.2 Introduction to Multilayer Networks Project (30 Points)

The following has been used as an introductory project, modifying it for different
cohorts of students, and it works well each time. While I talk about edge coloring in
graph theory, there is a different purpose for the categories that form the colors there
versus the layers; and thus this is the first exposure to multilayer networks.

As students will work in teams for the main Research Project detailed in Sect.
5.3, the first activity of this course provides the teams for the Research Project. That
is, while learning about multilayer networks, students produce a multilayer network
of their current class and identify a possible breakdown into teams to complete the
Research Project. This way, while students start to think of multilayer networks for
the first time, they have an interest in listening to the various solutions since (1) they
thought about the problem as the whole class has the same task, and (2) they will be
affected by the created teams.

Students work based on a description provided in advance and detailed below.
Then they present the Introduction to Multilayer Network Project results at the end
of the third week of classes. Each team has 10-13 minutes to convince me that their
proposed teams (and reasoning for the team formation) should be the one to be
adopted for the classroom. The following summarizes the project as given to the
students:

Description: Research is a major component of this course. Since literature
shows the best research is done in teams whose members have diverse backgrounds
to integrate the research endeavor [40, 50], students are tasked to partition the class
so that each team can accomplish the research goals. The students are provided with
the class roster for MA4404 and some attributes that help them decide what rela-
tionships to add between the students. Such an example is shown in Table 2.

Goal: Students are asked to create a multilayer network (each attribute is
captured in a different layer) and partition the MA4404 class into research teams.
Ideally, members should complement each other based on the given attributes,
and additional information can be collected. The goal is to minimize variability
among performance of the teams, rather than to maximize the performance of
one team.

Data: Table 2 presents sample data format used to create the class network,
which could be augmented by other characteristics as the class sees useful. Each
row represents a student, and each column captures the entry of that attribute per
student.
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Table 2 Possible data for the Introduction to Multilayer Networks Project

Major | Known coding language
(dual (first/second), Beginner Other
degree | (B)/ Intermediate (I)/ Military | Graduating |relevant | Previous
Name with) Advanced (A) service month/year | skill(s) partners
Student 1 | MA Python (B) Army June *17 Good Student 1
speaker
Student 2 | CS Python (A) and R (I) Navy Sep ’17 Good Student
writer 4,8
SE None Air force | Dec ’17 Visual
Studentn | OR R (A) Marines | Sep ’17 Detailed
Tasks:

Describe the methodology of network creation: Students must identify nodes,
edges, and layers. Visualization is optional as they use their creativity to explain
the network.

Describe the methodology of team assignment: Students must describe the meth-
odology for team creation, identify what characteristics were most important in
selecting individuals for teams, and reasons why.

Describe the results: Students must present their proposed teams and argument
for why this distribution of talent meets the goals established for this project.
Multiple solutions may be presented if needed, but not encouraged.

Present conclusions and future work: Students expand on what they took away
from this task. They provide other attributes they believe could inform these
results and explain why those attributes matter.

Assess learning: The assessment will be driven by the accuracy and creativity of
the model and its solution. However, the following should shape the presenta-
tions and be taken into account: helpful visual aids and clear, complete, and
organized presentation (labeled pictures/tables).

5.3 The Research Project (100 Points)

The goal is to explore a novel research topic and learn the process of turning an
exploration into a research paper. To begin this process, each student will review

one paper that will be used as one of the references for the project and turn in one to

two paragraphs (or up to a page) synthesizing the paper. This allows students to
critically look at the research, carefully analyzing examples of papers to follow as
they work on their project.

I provide an environment in which students have a chance to think creatively

and make educated hypotheses. As researchers learn a great deal from both success
and failures, I maintain the perspective that mistakes are inevitable, and progress
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still happens since the missteps spark creativity and deepen understanding. While
negative results are not always desirable, they will not impact the final grade if the
procedure to obtain the hypothesis is correct. The final goals for the project are:

* A short, 5-minute update of the team research idea and findings each Tuesday.
* A final 20-minute presentation during the last week of classes.
e A team research paper (about 10 pages), due to the week of finals.

In 2017, the topic for the Research Project was to create a mathematical model
for synthetic multilayer networks, as will be described next.

Creating multilayer synthetic networks (or generative models): We live in a
connected world, where networks dominate our economy, our environment, and our
society. Understanding these networks can aid researchers in devising plans for
devastating natural disasters, such as the eruption of the Eyjafjallajokull volcano in
2010 [56] or the Ebola outbreak [42]. While real networks are insightful, they come
with challenges: they are usually hard to obtain (such as repetitive samples of the
same type of network) to create temporal networks; data collected to create net-
works may contain personally identifiable information, or the sampled data may be
at the wrong scale; or it can be very time-consuming to create several data sets for
analysis. Thus, researchers desire methodologies to create synthetic networks that
mimic the real ones and that allow the researchers to change the parameters to create
different scales of networks that have similar properties to those observed in the real
networks.

Goal: The goal of this project is to create networks that are multilayer, have a
varying parameter to get different scales, and have similar scaled properties to real
ones at the layer and global levels (matching the properties of the real one when the
synthetic network is at the same scale as the real network).

Data: For a multilayer data set, the following link for the European Union Airline
Data can be used as an example: http://faculty.nps.edu/rgera/MA4404/EUAirports.
zip. Students were encouraged to search other data sets as well. Larger data sets are
available on Clauset’s website [21] at https://icon.colorado.edu/.

A multilayer network has two or more layers based on the type of edges (See
Fig. 1). A longer discussion can be found on Domenico’s website [30] at https://
comunelab.fbk.eu/multinet.php or in Kivela et al.’s (2014) paper [43]. The choices
for visualization tools are MuxViz [26], Pymnet [44], or Gephi [10] used to visual-
ize each layer individually, or anything like it.

Assessments of learning: The weekly updates serve as formative assessments in
preparation of the summative ones. I strongly suggest to students that they build
their PowerPoint and research paper weekly, so I can provide feedback. I use the
rubric in Table 3 for assessing the presentations. The outline below guides the
Research Project that will emerge as a paper:

1. 25 points for ongoing weekly progress.
2. 75 points for research paper: Abstract, 5; Related Work, 10; Methodology, 10;
Ingenuity (or reasoning for the existing method), 15; Analysis, 30; Conclusion, 5.
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Table 3 Assessment rubric for slides and all the presentations, see Gera et al. Reference [36]

Criteria Task Detailed Step (0-10 points)
Content An analysis is | Correct analysis synthesizing learned concepts
performed

A (9-10 points)

Relevant and clearly explained findings, insightful
contextualization of findings, and thoughtful synthesis and
interpretation of metrics

B (8 points)

Minor errors

C (7 points)

Significant errors

D (6 points)

Major conceptual errors

F (0-5 points)

Little to no work of merit

Presentation Results are Clarity and style of graphics
presented (could they be presented in a more significant way)
A (9-10 points)
Slide Deck

Clear and succinct slides, correct spelling and mathematical
notation, figures and tables are labeled and have captions
consistent in tense and active voice, references are provided,
thoughtful synthesis and interpretation of metrics
Conveying the information

Clear verbal explanation, correct use of terminology while
explaining, clear and loud speaking

B (8 points)

Minor errors

C (7 points)

Significant errors

D (6 points)

Incoherent presentation

F (0-5 points)

Little to no work of merit

This paper’s quality is given by knowledge integration:

1. Accuracy and vision: The modeling assumptions need to be appropriate, and the
model needs to be checked against true network(s). The publication needs to
give insight beyond a restatement of existing work and the exposition of the raw
analysis of data; however, it should be related to existing work so that it has a
place the current field of research.

2. Critical reasoning and exposition of relevant course material: Contrast the newly
introduced methodology/parameter to existing ones. Present arguments for this
methodology, and test statistics demonstrating competence with the content of
complex networks. Explain connections to the real world and the observations/
implications of the found results.
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3. Clarity: Students must communicate the problem and questions addressing the
introduced methodology and approach, their insights, solutions, and remaining
open questions. Students are asked to make their explanations concise by elimi-
nating unnecessary verbiage.

4. Rigor and precision: The resulting paper must be mathematically precise (using
proofs if such results are presented) and logical in its reasoning throughout.
Any methodology used should be justified, and limitations or assumptions
should be clarified.

The two main parts of the project are:

e Theory development: Students propose a theoretical direction and present reasons
for the new methodology.

e Data set analysis: students must compare the networks chosen for the Research
Project to the synthetic networks they create, with the goal of showing similarities
and discrepancies. Previous years’ work on the Research Project has materialized
in the following publications [5, 7, 11, 19, 22, 23, 25, 37].

5.4 Network Profile Summary (100 Points)

By the end of the third week of classes, each student must choose a network that (s)
he is interested in understanding. For the remaining of the quarter, (s)he will be
analyzing the chosen network and present results about it. This type of a project
transitions from knowledge exposure to practice (without mimicking the instructor’s
particular example).

During and outside the class, students have the opportunity to experiment on
their network, exploring the variety of topics as they present and as their intellectual
curiosity inspires them. At the end of each week, each student creates one presenta-
tion slide (or two slides if absolutely needed) with the performed analysis of the
topics presented that week, which is applied to his/her individual network.

Each Thursday four to five students present their findings, followed by a class
discussion of all the networks’ analysis (similarities and dissimilarities). Each
student presents three times during the quarter, each being worth 20 points; the final
presentation wraps up the takeaways from the study of the network and incorporates
the personal updates provided weekly, and it is worth 40 points. The final presentation
slides are due the last day of classes.

Data: Students search for data based on their interest. They can also bring the
data they analyze for their theses, as they usually take this course during the time
they work on the thesis projects (allowing students to incorporate network theory
into their own research). I also provide scholarly sources and data that can be down-
loaded from a list compiled over the years http://faculty.nps.edu/rgera/MA4404/
NetworkProfileSummaryResources.html. One can also collect personal data from
Facebook or LinkedIn (anonymized and not published); also based on hashtags, one
can easily collect data using Netlytic [38].


http://faculty.nps.edu/rgera/MA4404/NetworkProfileSummaryResources.html
http://faculty.nps.edu/rgera/MA4404/NetworkProfileSummaryResources.html
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Examples: Now included are some examples from the 2017 cohort presentations,
with the approval of the students. These slides have not been published; they are
duplicates of the slides presented during the regular Thursday individual Network
Profile Summary classroom presentations.

Major (Maj) Daniel Funk created the Global Maritime Transportation network
(Figs. 2 and 3). There are 120 “ports and chokepoint,” and the edges were built
based on data of ports’ exports and imports.

The data originated from CIA World Factbook https://www.cia.gov/library/
publications/the-world-factbook [32]. The data is separated into a sea layer and a

Network Analysis

Road Layer

Degree Distribution

- Min. degree: 1 - Min. degree:; 2

- Max. degree: 62 - Max. degree: 24
- 120 nodes 3 - 83 nodes
- Average: 25.3 - Average: 8.8
- 1518 edges - 365 edges
- 11 communities - 8 components
- Average shortest path length: 2.2 - Average shortest path lengths: 3.1, 1.6, 1,
1,111 3
.'«- WWWLNPS DL
b
: UATE Data Collection (“web scraping”)
- Create a model of
the global shipping
H network
- container ports
. - chokepoints
- ldentify relevant
& container ports

(CIA World Factbook)

- Compute/collect
sea route distances
between the nodes
(searates.com)

- Augment the
network with road
distances
(Google Maps)

L

Fig. 2 An introduction of the Global Maritime Transportation System, by Maj Daniel Funk. (a)
Highlighting the two types of nodes, (b) Highlighting the two layers


https://www.cia.gov/library/publications/the-world-factbook
https://www.cia.gov/library/publications/the-world-factbook
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Centrality
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0.354 found.

Fig. 3 The two layers of the Global Maritime Transportation System, by Maj Daniel Funk. (a)
Centrality analysis, (b) Modularity and communities

road layer based on real travel distances (in nine nautical miles) on sea and land
routes between the locations.

The data was collected from Bing Maps, Google Maps, and SeaRates https://www.
Searates.com [4]. The PowerPoint slides present the results of modularity and com-
munity detection. Community detection partitions the network into groups by maxi-
mize modularity; it is one approach to studying communities in networks [49].

Captain (CPT) Brian Weaver analyzed the Storm of Swords data from Game of
Thrones (Figs. 4 and 5). The data was collected and used in the article [12] to see
who is the most degree central node.


https://www.searates.com
https://www.searates.com

36 R. Gera

Centralities
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Community Detection
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Fig. 4 The Storm of Swords of Game of Thrones network, by CPT Brian Weaver. (a) Centrality
analysis, (b) Louvain community detection
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Small world
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Fig. 5 The Storm of Swords as a small world and its homophily, by CPT Brian Weaver. (a)
Comparing to Watts—Strogatz and Erdos—Renyi, (b) Homophily and assortativity analysis
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Brian augmented their analysis based on the topics studied in the class. The
examples particularly present the Louvain community detection results, in which
the Louvain method is one way to partition the network in community based on
maximizing modularity [14]. Porter et al. provide a comprehensive article on other
methods of community detection [51].

Lieutenant Commander (LCDR) Kevin Garcia presented the Tesla Superchargers
network (Figs. 6 and 7). The data and distances between the Superchargers were

Actual Tesla Supercharger Network
4N, —— 4

.

8 Communities

o . : [ Northeast
} [ mid-Atlantic (NC, VA, MD)
! ’ . [ southeast (FL, LA, AL, GA)
wa T : [ Midwest
Mountains & Plains
(CO, OK, TX, KS, NM)
Southwest (AZ, UT)

[

=

[ california / Nevada

[ Northwest (WA, OR, WY, MT)

L

Results:
'_n'-"....h +  Modularity: 0.748
"%+ Modularity with resolution: 0.748
== * Number of Communities: 8

w

WWW.NPS EDL

Fig. 6 An introduction of Tesla’s Superchargers network, by LCDR Kevin Garcia. (a) A view
based on the geolocation of the data, (b) Louvain community detection
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Fig. 7 Centralities and comparable synthetic networks, by LCDR Kevin Garcia. (a) Highlighting
the different types of nodes, (b) Highlighting the different types of nodes

compiled by Maj Daniel Funk, using Tesla Supercharger locations obtained from
www.Tesla.com.

The network has 259 nodes and 1700 edges based on the distance travelled on a
full battery assumed to be 250 mile range. The actual range for different Tesla mod-
els varies from 240 miles up to 335 miles. Edges connect charging stations of dis-
tances up to 250 miles apart.

Kevin noted that, “While many networks slowly evolve over time, Tesla (and
specifically Elon Musk) built the Tesla supercharger network because he was told


http://www.tesla.com
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that he wouldn’t be able to. Instead of it evolving over time, he forced it, to make
cross-country routes in a Tesla possible. This caused there to be very few nodes that
are out on the periphery and not connected well to the graph. There are still several
nodes that have a high degree in the metropolitan areas.”

He concluded in his presentation slides [35] that for future work one should....
“analyze the network using all distances from each charging station to all other
charging stations, not just the ones within 250 miles. From this information, edge
weights could be added based on distances.”

A more detailed explanation of the Network Profile Summary can be found in
[36]. Some of previous students’” work on the Network Profile Summary has become
part of their theses publications [6, 34, 46, 54].

Assessment rubric for weekly presentations (and final presentation): This
knowledge, skill, and ability assessment are both formative and summative assess-
ment, allowing students to incorporate weekly feedback to refine the final project.
A refined comprehensive presentation slide deck including the weekly draft presen-
tation slide and a conclusion is due during the finals week. The details of the assess-
ment are captured in Table 3.

6 Conclusion and Feedback from Students

This course and the teaching methods practiced have one underlying principle in the
design: allow students the freedom in choosing what they analyze, while the instruc-
tor provides minimum guidance and explanations of the observed phenomena on
the networks that students analyze. The instructor presents the high level overview
of the topics covering the “why study” (during lectures and using TED talks) and
“how to do it”. However, the students apply the concepts to their chosen network,
presenting the reasoning for what is observed.

Much like a building must pass certain control thresholds and a certain minimum
quality control before moving on to the next stage, there is a need for a process
approach to teaching that allows all students to obtain an accepted/approved level of
understanding of newly learned topics before exposing them to additional informa-
tion. With the current method, I believe that student’s understanding is supported to
be above a certain threshold by increasing their interest (letting them choose the
network they study) and by asking them to find the “why” behind the “what is
observed.” I strongly believe that while I can provide them answers (i.e. teaching
them), they only hear and understand it if they ask the questions to which I provide
the answers. The practices described in this article allow the students to ask the
questions, in order for them to hear my answers (the messages I express through my
teaching) or find their own answers (which certainly empowers them and makes the
inforamtion relevant and interesting).

The structure of the course facilitates an environment in which students can learn
at their pace and depth. Each student is in control of the depth (s)he goes to understand
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her/his network Network Profile Summary, and each student must at a minimum
apply all the topics (s)he was exposed to each week. The students then present their
analyses and conclusions of what they learned of their network based on the new
concepts learned that week. This step-by-step exploration of the unknown allows the
students and professor to have an incremental approach to navigating through their
network. Furthermore, this learning style is unlike the traditional one in which stu-
dents mimic the examples worked in the book or classroom. This promotes creativity
and allows the student to decide how to synthesize the information rather than mim-
icking an existing template.

Secondly, students work on Research Projects as a team, as they most probably
work on everything else in the military environment. This way everyone contributes
based on their strength(s), they see how useful they are to the team, and they build
up confidence. The fact that the topic given is open for research rather than being a
solved problem, allows them to consider ideas beyond what people in the field
would normally think of, as well as freeing them from trying to come up with the
answer that the professor already had. It allows them to experience what it means to
do research. Neither the graduation nor the grade depend on the result itself but
rather on creativity and the use of critical thinking based on the newly learned
concepts.

The third reason is that pursuing their individual, or team’s, interests while
learning network science enables the student to correlate the learned concepts and
methodologies to their preexisting knowledge. This is because they have freedom in
their actions while taking responsibility for the choices of data, methodology, and
presented results. These choices make the class relevant and allow students to
synthesize the information they are exposed to, which makes the topics accessible
in the future as need arises.

There are multiple advantages and ramifications to allowing the students to
practice concepts on their personal network used for the Network Profile Summary
since there are no expectations of certain results, and nobody to compare against as
is traditionally done with homework. The expectation is that they make sense for the
network, or the student finds an explanation if they don’t make sense. Students first
and foremost feel empowered by taking responsibility for their own learning since
they have to understand and explain the results. Also, they answer questions over the
interpretation of the results, as they are the experts of their own network. This moti-
vates them to search for the reasons behind what is observed and gives them confi-
dence in their findings.

Using the Network Profile Summary gives them the potential to obtain the
needed understanding of the concepts before moving on. This is based on the obser-
vation that junior teachers get a deeper understanding of topics when they have to
teach them to others, trying to find the best way to explain the topic and explaining
the reasons behind the presented information. Lastly, it allows the students to
further present a synthesis of the results obtained into convincing, coherent, and
cohesive arguments for their personal network and team project.
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Following is the feedback from students in the course:

“This class is structured in the way I thought graduate school classes should be
structured. Open research questions were effective in inspiring more advanced
learning. An excellent class.”

“Great course! I enjoyed exploring the course concepts by implementing them on
my network profile. Great way to learn!”

“This was an engaging and interactive course. It covered an incredibly interesting
topic and the instructor did a great job bridging the ‘math’ with the real world
applications. I enjoyed working in the team for projects and believe that this is by
far the best way to learn. The lectures were interesting, improved my understand-
ing of the material, and contributed directly to the quality of the projects.
The instructor is passionate about the topics and passed that enthusiasm to the
class. I wouldn’t change anything.”

“Best. Teacher. Ever. Loved the course, and if you had a mic Ralucca, this is the part
where you would drop it and walk away.”
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1 Introduction

Real-world problems, challenges, developments, and systems are displaying
increasing levels of complexity [1, 4]. Complex issues require studying the inter-
play between agents and factors [2]. Therefore, analytical methods should be coun-
terbalanced with methods that stress synthesizing skills on the systemic level. In
education, this could pose serious challenges to curricula, in particular in programs
that are using real-world contexts while teaching mainly analytical skills to their
students. Much of our existing education, it seems, still shows a considerable legacy
of centuries of traditional reductionistic sciences. The persistence of this path
dependency can be easily seen when studying the twenty first century skills that are
currently being promoted as a cornerstone for future education. A recent report from
the World Economic Forum shows analytical skills being mentioned explicitly [3].
However, systemic awareness, sense of interconnectivity, or synthesizing skills
remain unmentioned.

In Sect. 2, we will first shed some light on the concept of real-world complexity.
Section 3 will focus on the context of tertiary professional education in the
Netherlands. In Sect. 4, we describe the method of nontechnical network literacy
that was used. Section 5 captures lessons learned from various experiments at
Windesheim University of Applied Sciences. This chapter concludes with questions
that set the agenda for future experiments in Sect. 6.
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2 Real-World Complexity

Even though complexity science has been around for more than three decades, its
multidisciplinary nature makes it hard to reach consensus about the mere definition of
complexity [4, 5]. In order to move forward in creating a methodology of nontechni-
cal network literacy, we chose to define complexity by taking the perspective of ety-
mology. As “plexus” is Latin for “wicker work,” complexity should always be about
interconnected or interdependent agents, organizations, and things. Furthermore, we
chose to label an issue as “complex” only if its interconnectedness was ambiguous
and unstable over time. Thus, we made our definition applicable to many real-world
problems and challenges. The choice to focus on ambiguity and instability also
enabled us to separate complex problems from simple and complicated problems [6].
Thus, our working definition of complexity consisted of three elements:

1. Connectivity: complex issues always involve various kinds of agents and factors
that are influencing each other.

2. Ambiguity: there are multiple ways in which they can influence each other.

3. Instability: the way they influence each other can change over time. Using this
working definition, Table 1 shows some examples of real-world complexity in
the Netherlands.

In many programs in Dutch tertiary (or higher) education, these types of complex
issues are commonly used, not only as case studies but also as starting points for
assignments. Issue A, for example, is almost certainly discussed in applied health
science programs but also in applied information technology programs and manage-
ment programs. It is to this higher professional education that we turn now.

3 Higher Professional Education in the Netherlands

Dutch higher education has two distinct paths. The first path offers scientific
research-oriented education at universities, embedded in a bachelor-master struc-
ture. Currently, about 260,000 students take this path at some 20 institutes. The

Table 1 Real-world complexity: three examples from the Netherlands

A. Some 390 local governments are responsible for the provision of healthcare services for

their citizens. They work with suppliers from a cluster of 6000 healthcare organizations,
resulting in 1-year contracts or longer term commitments. Healthcare services are categorized
into 120,000 different product codes

B. Students map all known existing initiatives concerned with improving youth health in a city.
They come up with 180 initiatives, many of which are interrelated in a variety of ways. For
instance, they found financial relationships between initiatives but also personal connections and
connections of legal ownership

C. A 15-year-old girl posts a birthday party invitation on Facebook. She not only invites her 78
friends but also ticks the box “friends of friends,” which causes her invitation to go viral.
Ultimately, thousands of youths turn up in the small village of Haren in September 2012, and
the resulting riots came to be known as Project X Haren [7]
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Table 2 Examples of Bachelor programs at Windesheim University

Domain Examples of professional fields

Technology Engineering, Industrial Design, IT

Media Journalism

Health Applied Gerontology, Speech Therapy

Business Financial Services Management, Business and Information
Management

Social Work Socio-Pedagogical Care, Child Care Management

Education Teaching in primary and secondary education, subjects ranging
from Sports to Theology

Multidisciplinary honors Global Project and Change Management

programs

second path offers higher professional education at universities of applied sciences,
embedded in a bachelor structure. Currently, over 440,000 students follow this track
at 37 institutes [8].

Our experiments took place in the context of higher professional education.
Specifically, we tried out network literacy education at Windesheim University of
Applied Sciences. This university has been ranked as one of the Dutch top institu-
tions for a number of years. With a student population of over 25,000 and a staff of
2000, it hosts 50 bachelor programs [9], preparing students for a great variety of
professions. Table 2 provides examples of typical 4-year bachelor programs from
various domains at Windesheim University.

In the old days, students encountered real-world issues mainly during profes-
sional internships. During the rest of the curriculum, real-world problems only sur-
faced when mentioned by lecturers or in the literature. This situation of “selective
exposure” has changed. Nowadays, external professionals and other stakeholders
are increasingly invited to present their complex issues to students in various parts
of curricula. Many times, the issues are turned into assignments or research ques-
tions that students have to tackle, e.g., various innovative design processes and con-
sultancy assignments. Item B in Table 1 provides an example.

Within the context as presented here, we now turn to question how network lit-
eracy experiments were conducted in various programs at the university. In order to
answer this question, we first have to describe the methodology that we developed.

4 A Method of Nontechnical Network Literacy

In this section, our method is described by its basic assumptions, key characteristics,
and learning objectives.

Assumptions Setting up experiments is often preceded by a formal assessment of
the initial conditions. In our case, we chose not to conduct such formal research, in
order to initiate the experiments as quickly as possible. Instead, we operated prag-
matically, conducting experiments where we were given the opportunity, evaluating
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learning along the way. The analogy with a “fail forward and pivot” strategy seems
fitting. We framed all experiments in a setting of “innovative frontrunners” with
possible ripple effects to other parts of programs.

The nontechnical network literacy concept we used was based on three assump-
tions. First, as pointed out in the introduction and in Sect. 1, real-world issues that
students have to tackle are characterized by increasing complexity. They display
growing connectivity, ambiguity, and instability. Second, as mentioned in the intro-
duction, much of the existing education emphasizes analytical skills, thus teaching
students to take a reductionist approach in tackling real-world problems. This makes
students focus on aspects of the problems at hand, ignoring interconnectedness
between the various aspects, let alone ambiguity and instability. Third, visualizing
the interconnectedness between agents and factors in real-world issues can help
students to balance the analytical approach by zooming out to the system level. This
should strengthen their synthesizing skills. Network visualizations are very well
suited to display interconnectedness. As Manuel Lima, author of Visual Complexity,
states: ... the network is a truly ubiquitous structure present in most natural and
artificial systems you can think of, from power grids to proteins, the internet and the
brain. ... Networks are an inherent fabric of life.” [10]

4.1 Characteristics of Preparation and Learning Objectives

The experiments were not designed as a stand-alone series of sessions. Instead, we
developed plug-in workshops, because we consciously wanted to operate within
existing curricula that were based on problem-centered education. This ensured that
there already was a group of students who were working on a real-world complex
issue. Obviously, this accelerated the speed of operations. On the other hand, it
implied that our first step was to go out and find teachers that were willing to open
up their lessons to the workshops.

The next step was to negotiate timing and quantity, in relation to expected out-
comes. What was the best moment for the workshop to be plugged in? For optimal
efficacy, we expected students to have familiarized themselves with the complex
issue at hand on a basic level. That meant they would have had some weeks to do
desk research, interviews, etc., in order to gather information on agents and factors
of their complex issue. The following questions were: how much time was the
teacher willing to free up?, and how many workshops could be conducted in that
time frame? Given that setting, the last question was: what outcomes could reason-
ably be expected?

We related outcomes to the following learning objectives:

1. The workshop should create systemic awareness and strengthen students’ syn-
thesizing skills. By introducing key network science concepts like clustering and
hubs in a nontechnical way, students’ insights into the problem should deepen.
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2. The workshop should enhance the quality of students’ research into the problem.
The network diagram should be used to map out the known knowns as well as
the known unknowns, thus enabling students to prioritize their research agenda.

3. The workshop should foster dialogue within student teams or between students
and real-world stakeholders. This, in turn, should enhance the emergence of a
shared vision on the problem.

Before each experiment, we sat down with the teacher to discuss the outcomes that
could be expected given the scope of the actual setting. This also was the best
moment to ask the teacher for a list of the complex issues that students were work-
ing on. This ensured that the workshops could be fitted optimally into the existing
lessons.

We ended up doing a variety of experiments. The smallest ones were one-session
workshops of less than 3 hours, and the largest ones were three-session workshops
of over 3 hours each. Table 3 provides an overview.

4.2 Characteristics of the Workshops

Taking a problem-based approach implied that students came to the workshop with
a known real-world complex issue, which they ideally had been researching for
some time. Many students were at the point of experiencing lack of coherence and
high levels of fragmentation due to information overload.

In each workshop, whether small or large, we tried to pay attention to five ele-
ments. Table 4 shows these workshop elements and relates them to expected out-

comes and also to the three learning objectives.

Table 3 Overview of experimental network literacy workshops at Windesheim University

Domain Bachelor program Workshop aspects | Frequency
Media Journalism 3rd-year students; Done twice (April 2016
one-session and September 2016)
workshop
Health Applied Gerontology 2nd-year students; | Done once (January
two-session 2017)
workshop
Business Business & Information 3rd-year students; Done twice (November
Management one-session 2015 and November
workshop 2016)
Education Teaching in primary and | 1st-year students; Done twice (both May
secondary education two-session 2017)
workshop
Multidisciplinary | Global Project and 2nd-year students; | Done once (May 2017)
honors programs Change Management three-session
workshop
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Table 4 Experimental workshop elements related to outcomes and learning objectives

Element Expected outcome and [corresponding learning
number | Description objective]
1 Creating systemic Basic knowledge of concepts of complexity and systems
awareness thinking. Applying this to the complex issue at hand [1]
2 Connecting the dots Hand-drawn network diagram of agents, factors, and their
interconnectedness of the complex issue at hand [1]
3 Creating dialogue Deepened insight into the complex issue at hand. In
student teams, fostering a shared vision on the complex
issue [1, 3]
4 Improving the network | Deepened insight into the complex issue at hand. In
diagram by integrating | student teams, fostering a shared vision on the complex
dialogue outcomes issue [1, 3]
5 Studying the network Applying basic knowledge of network science to the
diagrams complex issue at hand. Mapping research, creating insight

into known knowns and known unknowns [1, 2]

Table 5 A taxonomy of problems based on systems thinking

System components: agents and factors | Type of connectivity
Simple problems Few Unambiguous and stable
Complicated problems Many Unambiguous and stable
Complex problems Few or many Ambiguous and unstable

Each workshop ended with what might be called a network topology of the real-
world complex issues that students were working on. We explicitly told students
that this status quo was very likely going to change in the future, because of the
inherent ambiguous and unstable nature of complex connectivity. In a few experi-
ments, we had time to address this topic, which we called network dynamics. We
asked students to develop what-if scenarios, which they could start by adding any
change in either a network component or a connection. In the following description
of workshop characteristics, we will focus on network topology as we had very
limited experiences with network dynamics.

The first part of the workshop was all about the creation of systemic awareness.
We did this by introducing the concepts of complexity and systems thinking and
relating those to the students’ problems, using the taxonomy shown in Table 5.

This led most students to discover that they were dealing with a complex prob-
lem because of ambiguity and instability in the connections between agents and
factors. We then discussed the consequences of this discovery, focusing on the pit-
falls of over-analyzing the systems’ components while forgetting to pay attention to
the effects of their interconnectedness. In this way, students were nudged into think-
ing about the follow-up question: how can we ensure that we pay explicit attention
to connectivity? At this stage, we presented network literacy as an answer to that
question and told them it was time for the second part of the workshop: “connecting
the dots.”
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The “connecting the dots” assignment instructions were as follows:

e Hand-draw a network diagram of the interconnected agents and factors in your
complex issue.

* If you are working in a team, please make this sketch individually. Later, you will
discuss individual diagrams and create a final diagram as a team.

* The goal of this exercise is not to get a complete picture, merely to map out all
you know from your research.

» Use different shapes and different colors to denote categories in agents and
factors.

e Mark different kinds of connections, relationships, or links. For example, you
could draw thicker lines to denote strong connections and thinner lines for
weaker ones.

e There is no such thing as “the perfect diagram,” so feel free to take another sheet
of paper and start anew.

» If you are struggling, try the two-step approach: first map out agents and factors
and then think about connections.

* Figure 1 illustrates this two-step approach.

This exercise usually took classically trained students out of their analytical-
reductionist mode, as they had to explicitly think about not only the dots but also
about the connections between them.

When these sketches had been drawn, we started the third part of the workshop:
creating a dialogue. The assignment looked like this:

e Share your network diagram with another student. If you work in a team, share
with a team member.

e Sharing means presenting your diagram to the other student and, reversely,
listening to her presentation.

e After listening to the presentation, ask each other questions about the diagrams.
Your questions should not only address system components but also connections.
When possible, ask questions about components or connections that you think
are missing in the diagram.
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Fig. 1 A two-step approach to create a hand-drawn network diagram
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This assignment usually led to productive dialogue between students. Within
teams, it opened up the possibility of a more coherent shared vision on the problem
at hand.

The fourth part of the workshop consisted of integrating insights from the
dialogue assignment into the network diagrams. We provided students with flip
chart paper and asked them to revise their original sketch, taking into account the
outcomes of the dialogue. Teams could take this opportunity to integrate their indi-
vidual diagrams into one “team diagram.” Thus, this part of the workshop ended
with a collection of network diagrams, hand-drawn on flip chart paper. We asked
students to hang them on walls or windows in the workshop location. If time permit-
ted, we then did another round of peer review, asking students to study all diagrams
and leave at least one comment using sticky notes.

The fifth part of the workshop was to study these network visualizations using
very basic network science insights. Depending on how much time we had to con-
duct the workshop, we discussed questions such as:

* Does your diagram show clustering? If so, what can you say about the degree of
homogeneity/diversity within the clusters? Do you consider this an opportunity
or a threat to your complex issue?

* Do you see a difference between strongly connected dots (the core) and weakly
connected dots (the periphery)?

* Do you see hubs? Who can explain why they are relevant for fast flows (of infor-
mation, money, etc.) between, e.g., core and periphery?

* Are clusters connected? Who can explain why cluster connectors are relevant for
fast flows (of information, money, etc.) between, e.g., core and periphery?

* How many different types of relationships did you draw?

*  We are now “zoomed out,” looking at all diagrams on the wall from a distance.
Do you spot missing links in your diagram? If so, what makes them potentially
interesting?

This part of the workshop was also when we returned to the research that students
had done prior to the workshop. This research had given them basic information
about their complex issue, enabling them to draw agents, factors, and connections. If
time permitted, we gave them the following research-plotting assignment:

* You have been researching your complex issue over the past few weeks. Take the
list of references or literature that you compiled and number all items.

* Now turn to your network diagram and plot the numbers near components or
connections that are covered by that specific source. For instance, if a database
containing school alliances has the number 4 on your list, you could plot a “4”
near the cluster of schools that you drew in your network.

Evaluating this exercise, we explained to students that they now had a map of
“known knowns” and “known unknowns.” The last category would enable them to
better prioritize their future research efforts.
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S Lessons Learned

First and foremost, we learned that nontechnical network literacy showed great
potential to empower students to deal more effectively with real-world complex
issues. Thus, it proved to be of considerable value to Dutch higher professional
education. By making and studying a topology of their complex issue with hand-
drawn network diagrams, students were being nudged into consciously strengthen-
ing their synthesizing skills. Many times, we saw that this was the first moment in
their school career that they were urged to take the systems’ perspective and were
being explicitly encouraged to extend their thinking beyond “the dots,” taking into
account the influence of “the connections.” One student expressed her empower-
ment by stating:

To me, the workshop was a real eye-opener. I am not very good at relating and integrating
concepts and research findings. Thus, my research mostly results in lots of incoherent lists
of findings. By connecting the dots, I gained far more insight.

As stated earlier, most experiments covered network topology but did not leave
us enough time to cover network dynamics. That leaves us with future lessons to be
learned about teaching students to better deal with the uncertainty of instability in
their complex problems or challenges.

From an organizational perspective, we can conclude that within the course of a
school year, we were able to experiment with nontechnical network literacy by con-
ducting plug-in workshops in existing curricula in professional higher education.
Moreover, a basis for continuation emerged, as all workshops were evaluated more
or less positively. First, students were asked to rate the value of the workshop by
reviewing the three learning objectives. The majority of students reacted positively.
Second, teachers were asked to review the outcomes and were also asked if they
were willing to host the workshop again next year. Nearly all teachers answered
positively.

Experience offered other insights, such as get to know what is already going on
and who is involved.

1. The existence of programs or parts of programs that offer problem-centered edu-
cation. In higher professional education, this almost automatically implies that
you have found real-world issues.

2. The existence of teachers who are open to listening to your case for network lit-
eracy and are consequently willing to free up time for an experimental work-
shop. By reaching out to the teachers, you are bound to find out whether the
real-world issues at hand display complexity. In later years of 4-year bachelor
programs, they often are.

By sitting down with the teachers to prepare for the workshops, we learned a
second lesson: try to get the expectations right. It helps to show the teacher some
slides you are planning to show in your workshop and monitor her/his reaction.
Sometimes, teachers implicitly expect you to help students to “solve” the complex
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problems or challenges. If so, you can point out that accepting complexity means
letting go the assumption that one can solve the issue like a complicated puzzle.

It may also help to explicitly discuss the three learning objectives, and ask the
teacher where he/she thinks the students’ learning curve will be the steepest. We
learned the added value of this point the hard way. One of the collaborating teachers
wanted to plug in the workshop in an early stage of the curriculum. During the
preparation, we didn’t bring up the topic of research. By the time we were conduct-
ing the workshop, we soon discovered that the students hadn’t spent proper time to
do research into their complex issue. Consequently, they did not know which agents
and factors were involved, and they weren’t able to make a purposeful network
diagram. We improvised by asking students to draw a conceptual network diagram
as a starting point for research.

It may also help to ask the teacher to be present during the workshop. This may
prove helpful for two reasons. First, it simply shows students that the teacher is
really committed to the workshop and its added value to the program. Second, it
provides the teacher with an opportunity to learn about network literacy, perhaps
silently adjusting pre-existing assumptions and judgments and even become a
“Network Literacy Ambassador” within the institution.

In conducting the workshops, we learned many straightforward lessons. Here we
name four:

1. Use the native language as much as possible. During the first part of the work-
shops (Creating awareness; see Table 4), students were taken out of the dominant
analytical problem-solving mode into a more systemic mode, requiring synthe-
sizing skills. This meant that many students were experiencing a large gap
between their regular way of working and a new systemic way of working. Using
English terms and concepts, such as emergence, nonlinearity, nodes, and edges,
enlarged the gap and dampened the learning curve. It seems safe to state that
using plug-in network literacy workshops in existing curricula is best combined
with using the native language. This proved to be an important lesson, albeit an
unwelcome one, because it urged the need for learning materials in Dutch. Apart
from a Dutch version of the network literacy “Essential Concepts and Core
Ideas” brochure [11], suitable learning materials are still very scarce.

2. Stress the importance of connections explicitly and more than once. During the
dialogue assignment, we learned to explicitly urge students to talk about the con-
nections in their diagrams. It also proved necessary to explicitly evaluate this
part of the assignment afterward. When we failed to do so, we frequently saw
students discussing only the components in their diagrams with each other, for-
getting the connections in the networks.

3. Use larger paper and smaller pens. In the course of time, we found ourselves
switching from A4/letter size paper to A3/ledger/tabloid size paper and replaced
the whiteboard markers with a wide range of color pens with regular tips. Even
in workshop stage 4 (Table 3), when using flip chart paper, we encouraged stu-
dents to use the regular pens, having discovered that many students quickly filled
the smaller paper with their sketch. This problem recurred when students were
transferring their sketches to the flip chart paper and used whiteboard markers.
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4.

Hold onto the flip chart diagrams. In workshop settings with multiple sessions,
we learned that holding on to the flip chart papers yourself was the best way to
go. Most of the times, the flip chart papers weren’t allowed to stay on the walls
of the room. Letting students take their paper home with them, guaranteed that
some of them forgot to take it with them for the next session. Letting them take
a photo instead proved much more effective.

Questions for Future Experiments

. Network visualizations work reasonably well as a means for dealing with com-

plex issues. Nevertheless, we encountered people who seemed to be almost aller-
gic to (network) diagrams and reluctant to draw dots and lines on a piece of
paper. What other methods are available to use in network literacy education?

. Plug-in workshops are an effective way to get started quickly. How can we scale

up? Should we use the lessons learned to create a stand-alone, complete “com-
plexity curriculum”? Or should we connect the various experiments across the
university, in order to create a “learning community of network literacy
Ambassadors”?

. How can we create a lasting effect from the workshops? On several occasions,

students and teachers were happy with the workshop, and some great network
diagrams were made. However, chances were most of these outcomes were not
used in the weeks and months after the workshop.

. How can software help us in workshops? Should we stop drawing on paper and

let students draw on screens with stylus pens? Could this also open up possibili-
ties to convert hand-drawn diagrams into more stylized diagrams, enabling us to
get network statistics? Could it also open up possibilities to simulate what if-
scenarios and study network dynamics?
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Network Science Undergraduate Minor:
Building a Foundation

Chris Arney

1 Introduction

As an interdiscipline, network science (NS) encompasses several intellectual
perspectives and subjects, including mathematics, sociology, psychology, informa-
tion science, and biology. Unlike traditional statistical approaches, which assume
data independence, NS assumes dependent interconnection that can then be mod-
eled by a graphical structure. Through its methodology, NS focuses on the impact
of the relationships among individual entities. This enables NS students to identify
and analyze the essential characteristics and properties of the structures and pro-
cesses on the network. Many systems rely on both physical connections, such as
those supporting communications or shared computing, and sociocultural connec-
tions, such as the web of trust-based relationships that exist among people [1, 2]. NS
methods provide the tools to study many elements of contemporary information
society as described in Easley and Kleinberg [3]. NS is an active, growing discipline
in the modern information world, and consequently, undergraduate institutions are
beginning to offer academic courses and programs in NS. This paper will discuss
and provide information on the NS education minor program at USMA as an exam-
ple of the type of program that can educate undergraduates in this important area of
modern science.

C. Arney (P<)
United States Military Academy, West Point, New York, NY, USA
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2 Background

Network science has been enhanced by an entirely new arsenal of methods and
models. As an interdiscipline, its methods connect quantitative concepts from sev-
eral disciplines such as mathematics, biology, physics, computer science, data sci-
ence, operations research, cognitive science, sociology, and information science,
with qualitative approaches from sociology, linguistics, social science, behavioral
science, and psychology. By its very nature, NS uses methods and theories that
involve emerging areas of science such as complex adaptive systems, cooperative
game theory, agent-based modeling, and data analytics. NS is modeling with a
structured, entity-linked, framework. Much of the strength of network modeling is
in its ability to embrace the complexities of the real world. NS has become an
important and empowering form of interdisciplinary analysis and problem solving
to confront the important issues of the society. Network science research is still
building its underlying framework, inventing new computational tools and tech-
niques, and organizing network relevant data. This makes NS an exciting, relevant,
modern field of study at all levels of education.

3 Network and Information Science

As the world becomes more globally connected, it is increasingly defined by net-
works. Our ability to quantify underlying factors that drive these networks contin-
ues to improve [ibid] and [4]. Whether systems are made up of physical,
technological, informational, or social networks, they share many common organiz-
ing principles and thus can be studied with similar approaches. With this powerful
framework, we have discovered how networks form, grow, transform, dissolve,
evolve, and behave; how they facilitate the flow and the spread of information,
behaviors, resources, and diseases; how knowledge transforms the network and how
the networks transform knowledge; what mechanisms drive network formulation
and operation; and how we can intervene to disrupt or rehabilitate networks.
Undergraduate education is designed for the future success of the students, and
reports on the future of network science given by National Research Council
Network Science Committee [5] and Coronges et al. [6] provide these application
domains with great potential for impact by network science:

e Group decision-making

e Personal and population health

* Biological systems and brain activity
* Socio-technical infrastructure

¢ Human-machine partnerships
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The academic minor program that we have established at USMA seeks to build
a foundation in the basic science of networks for our students. These foundational
elements include:

e Mathematical computation to measure properties and modeling methods for
dynamic processes

* Data analysis and processing methods for data visualization, network inference
techniques, and tools to navigate and synthesize network data

e Theory and mechanisms for understanding network processes, such as diffusion,
control, and coordination

* Ethics in collecting, storing, sharing, and using information

One way to define a network is to establish its components (nodes, links, data,
processes, etc.), its properties (dynamic, functional, layered, etc.), and its applica-
tions (logistics, flow, transportation, information transfer, metabolic networks,
social networks, organizational networks, etc.). The foundational research manage-
ment report on network science written by the National Research Council Network
Science Committee [5] used a layered approach for the network roles — physical,
communicative, informational, biological, and social/cognitive. Modern networks
often contain a critical information layer that can be exploited; security is always an
issue. Therefore, cybersecurity is a big part of informational network science [7].

Many networks are too complex to rely on visualization to achieve understanding.
Defining, computing, and measuring well-defined properties can counter those mis-
guided visual perceptions and improve network modeling and analysis. According to
Arney [8], the roles of the discipline include: working with information scientists to
build explicative (based on a theory or conjecture) and empirical (based on statistical
analysis of data) models, creating appropriate measures for important applications, find-
ing appropriate properties, formalizing measurement systems for properties, and
increasing security of the information in the network system.

It is interesting to look at a topical family tree for network science. While the
historical development and the contribution relationships are subjective (based on
an aspect of the transition but possibly not all elements) and incomplete (often lim-
ited to one primary contributor being listed when there were many), one can see in
Fig. 1 the disciplinary web that brings together some of the many elements that have
contributed to network science.

4 Undergraduate Curricula

At USMA, we have seen that undergraduate students have considerable interest in
network science. Courses and programs that traditionally were offered at the graduate
level are attracting undergraduates’ interest. As social media and online systems are
seen to be parts of NS, student interest in NS has grown in leaps and bounds. NS is a
valuable addition to the academic program at USMA for several important reasons.
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Fig. 1 Disciplinary connection network model showing links between subjects (Green denotes
biological subject, maroon denotes mathematics subjects, and orange denotes computing sub-
jects). (Fig. 1 was assembled by network science student John McCormick as part of his senior
thesis at USMA)

4.1 Network Science Minor

At USMA, the network science minor consists of five academic courses:

* One required course (Foundations of Network Science). This course provides the
basic introductory framework necessary for learning and understanding network
science.

e Three electives within the minor. Students are required to select three courses
from an extensive, flexible, multidisciplinary list of possibilities, thus designing
their program to complement their other coursework and interests. The selected
courses must fulfill the required elements of theory, modeling, and application.
The theory requirement can be fulfilled by a course such as:

— Linear Algebra

— Discrete Mathematics

— Graph Theory

— Sociological Theory

— Design And Analysis Of Algorithms

* The modeling requirement can be fulfilled by:

— Human Physiology
Genetics

Data Structures

— System Simulation
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Mathematical Modeling

— Deterministic Models
Stochastic Models

Systems Dynamics Simulation

* The application elective has many possible courses, some that fulfill this require-
ment are:

— Infrastructure Engineering

— Computer Networks

— Artificial Intelligence

— Cyber Security Engineering

— Comparable Military Systems

— Supply Chain Engineering

— Urban Geography

— Geographic Information Systems

— Cyber Policy, Strategy, and Operation
— Leading teams

— Human-Computer Interaction

— Econometrics

— Network Science for Cyber Operations

* One required course in integration of their learning. This final course in the net-
work science minor is a capstone of their learning within the minor. Students
select a topic of interest in conjunction with a faculty advisor. This integration
experience is an opportunity for cadets to synthesize previous material in tack-
ling a demanding problem. This course provides experiences in presenting tech-
nical results both orally and in a technical report. Recent titles of projects that
fulfilled this requirement include “Modeling Household Vulnerability in
Kampala, Uganda,” “Optimizing Intelligent Walks for Dark Network Discovery,”
“A Heuristic for Approximating a Minimum Dominating Set of an Arbitrary
Directed Graph,” “Undersea Communication Cables,” and “Analyzing a Network
of NATO Scientists.”

5 Network Science Minor Learning Model

Academic curriculum has three principal structural components: breadth, depth,
and integration. Network science, as an interdisciplinary minor, provides opportu-
nity for additional study in an area beyond the major, thus reinforcing all three
academic components. The network science minor also offers military-related
knowledge, which enhances graduates’ ability to meet the USMA overarching aca-
demic program goal to respond effectively to the uncertainties of a changing tech-
nological, social, political, and economic world.
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o Structure of learning experiences: the structure of the network science minor
program is designed to expose cadets to an emerging interdisciplinary field with
enough depth to develop their modeling, analysis, and problem-solving skills.
The program nurtures creativity, critical thinking, and self-directed learning
through activities performed in theory, modeling, and application settings. The
minor includes both the acquisition of a body of knowledge and the development
of thought processes judged essential to understanding fundamental ideas and
principles in network science.

* Process of learning experiences: the introductory course provides theoretical and
mathematical foundations for further study and experience in applying network
concepts to real-world problems. The three elective courses selected by the cadet
give depth in the discipline. The integration course is generally taken last and
provides an opportunity to work on a more complex problem involving analysis
of real-world data or understanding of an important issue. The goal of the integra-
tion course is to enhance conceptual understanding of key concepts and to unify
concepts through their application to a real-world problem. Learning takes place
through various means such as reading, discussion, laboratory discovery, research
projects, and leveraging the various emerging technologies in network science.

6 Fundamentals in Network Science Course!

This required course starts the educational minor by exposing students to the basic
concepts of networks and gives them an opportunity to apply techniques learned in
the course to real-world problems. Students develop skills and problem-solving
strategies for modeling complex networks associated with physical, informational,
and social phenomena. The Organizational Risk Analysis (ORA) software package
(http://www.casos.cs.cmu.edu/projects/ora/) is used to investigate application prob-
lems and augment understanding of the course material. The course seeks to build
the students’ ability to understand and learn and solve problems through these fol-
lowing goals:

* Acquire a base of knowledge. Learn basic graph theory terms and acquire the
fundamental skills and concepts required to conduct network analysis. These
skills include representing networks of nodes and links with graphs and matrices,
calculating network level and node level measures, identifying group structures,
analyzing the distribution of centrality measures, and evaluating the underlying
causes for link formation. Students learn to calculate and measure centralities
(degree, closeness, betweenness, eigenvector), PageRank, homophily, transitiv-
ity, reciprocity, and balance.

e Apply technology. Use software to build and analyze models using network anal-
ysis software.

"Much of the new content for the Fundamentals of Network Science course was developed by
Donald Koban in 2016 and 2017.
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e Communicate effectively. The students improve their communication skills, both
verbally and in writing by presenting article summaries throughout the course,
writing a technical paper and creating a research poster.

* Solve problems confidently and competently. The students analyze problems by
formulating models, discussing critical assumptions, analyzing networks, and
interpreting the results.

* Develop habits of mind. Students practice several important intellectual elements
such as creativity, critical thinking, curiosity, and teamwork.

o Think with an interdisciplinary perspective. This course embraces the complex-
ity of modeling the structures and processes of organizations, systems, and net-
works [9].

The course textbooks are Newman [1] (2010), which provides an overview and
introduction to network science, and Easley, Kleinberg [3] (2010), which provides
more exposure to diverse applications. The videos watched in class include:

* http://www.wimp.com/wolvesrivers/

e https://www.youtube.com/watch?v=nJmGrNdJ5Gw

* http://www.opte.org/the-internet/

e http://www.ted.com/talks/nicholas_christakis_the_hidden_influence_of_
social_networks

The data sets used include:

e Stanford Large Network Dataset Collection: http://snap.stanford.edu/data/

e Clauset et al. Collection [10]: http://tuvalu.santafe.edu/~aaronc/powerlaws/data.
htm

e UC Irvine Network Data Repository: http://networkdata.ics.uci.edu/

e Mark Newman Collection: http://www-personal.umich.edu/~mejn/netdata/

e Sean Everton Noordin Top Terrorist Network: https://sites.google.com/site/
sfeverton18/research/appendix-1

e Visualization of A Day in the Life of Americans: http:/flowingdata.
com/2015/12/15/a-day-in-the-life-of-americans/

The articles used for readings are an important component of the course. Getting
the students into the network science literature early in the sequence of the program
helps them in their courses later in the program. In addition to the two textbooks, the
students also read articles [11-24].

7 Network Science for Cyber Operations?

This course fulfills the application component of the minor. The course goal is to
enable students to confront cyberspace issues by modeling, solving, analyzing, and
understanding problems involving cybersecurity on networks. Students learn about

>The content of the Network Science for Cyber Operation was developed by Professors Chris
Arney and Natalie Vanatta, who have team-taught this course several times.
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networks, perform complex modeling, work on a project of their choosing, write
and present a book review, produce a poster on their project, and give presentations
on their project. Much of the material is learned through individual reading, class
discussions, and lectures by cyber professionals. The course material is supple-
mented by the many examples in the news related to cybersecurity. The course
embraces the complexity of determining human-based security measures (utility
functions) for the structures and processes of cyber systems and information net-
works. From a cyber perspective, this course explores the role of cyber policies and
practices on networked systems, communities, and all of society.

Defensive cyber operations seek to maintain network performance and reliability
while protecting and securing information and communication validity. Offensive
cyber operations seek to disrupt network performance or damage the information
and communications of an adversary. Cyber concerns are critical to the functional-
ity of the Internet and the World Wide Web. The layers of the various networks
within the dark or deep web can affect critical infrastructure and information used
for national and global commerce and communications. Disruptions in the Internet
or World Wide Web or lapses in their security put the infrastructure and economic
health of the United States at risk. The sheer volume and heterogeneity of the data,
the dynamics of evolving threats, and the sensitivity of normal and malicious behav-
ior all pose major challenges. The course content includes:

* Cryptography: This material traces the history of cryptography from Caesar to
modern elliptic curves. Students will explore the innovation of encryption
through the mathematical foundations that they are built on. Emphasis will be
placed on the military applications of encryption and how they have changed the
face of the battlefield.

* Cyber Mission Forces: The Cyber Mission Forces are a new addition to the US
military to concentrate on cyber-related military operations.

* Internet of Things: The Internet of Things is quickly becoming our new reality—
or perhaps the greatest threat to our way of life. Students explore the complex
issues (both technical and non-technical) that create the foundation for the
Internet of Things.

* Social Sciences: There are many important aspects to cyber operations that are
nontechnical in nature. Students study cyber policy, regulation, and law as it
pertains to both military and nonmilitary operations. Special emphasis is placed
on cyber ethics and the tug-of-war between privacy and security.

e Data Analytics and Science: Visualization and how to do data analytics for the
security of large-scale networks.

The course uses Network Science by Albert-Laszl6 Barabdsi [25] for its network
science textbook along with each student selecting one of these three books as a
second textbook:

1. Cyber War [26] (policy, regulation, and nation state actors)

2. Code Book [27] (historical to modern ciphers and a brief chapter on the future)

3. Cybersecurity and Cyberwar [28] (how the Internet and basic tenants in cyber-
space work)
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The students are asked to consider the course material in the context of the cyber
book they select and these questions:

e What kind of public policy should be in place to regulate/manage access to infor-
mation technology?

* Should we establish a list of laws and rules that carry severe penalties for viola-
tors, or should we use incentives, and build an infrastructure that guides usage?

* How can we identify trends found in social media to understand how changes in
networks can signal shifts in beliefs and behaviors?

e How can social media be used to sway public opinion and create consensus to
vote or protest?

* Who has knowledge about the security of the Internet (including the resource
providers and resource consumers)?

*  What is the complexity or interconnectedness of public systems networks?

*  What kinds of policies or controls would help regulate security in such a com-
plex system?

*  What are the roles of the public and private sector in these public needs?

8 Network Science Problems in the Interdisciplinary
Modeling Contest

The Interdisciplinary Contest in Modeling (ICM) http://www.comap.com/under-
graduate/contests/index.html is a large international modeling contest conducted
annually involving over 24,000 undergraduates from over ten different countries.
For 4 days, teams of up to three undergraduates research, model, analyze, solve,
write, and submit 20-page solutions to an open-ended problem. The solution papers
are judged and categorized as described in the contest’s history and overview [29].
The problems are chosen from three areas (network science, environmental sci-
ence, or policy). Some of the popular network science problems from the contest
are as follows:

2012  This problem required teams to investigate the relationships of the members
of a criminal conspiracy network within a business organization through
social network analysis of their message traffic. It required teams to under-
stand concepts from the informational and social sciences to build effective
network and statistical models to analyze the message data between 83 peo-
ple involving over 400 messages that were categorized into 15 topics. In
order to accomplish their tasks, the students had to consider many difficult
and complex disciplinary and interdisciplinary issues. An Outstanding-
category solution paper by Guo et al. [30] can be found in the UMAP Journal.

2013 This problem required teams to investigate the relationships of local and
regional ecosystems to the global health of the planet. It required teams to
understand concepts from the informational, environmental, and social sci-
ences to build network and statistical models to track the potential changes
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in Earth’s global health. In order to accomplish their tasks, the students had
to consider many difficult and complex disciplinary and interdisciplinary
issues. An Outstanding-category solution paper by Moitinho de Almeida
[31] can be found in the UMAP Journal.

The NS requirement investigated the relationships involved in network
models for determining influence in alarge coauthor network (Mathematician
Paul Erdos’ 511 coauthors) and measuring impact within a set of founda-
tional papers within the discipline of network science. This problem
required teams to mine a large data set and understand concepts from the
informational sciences to build effective models for these complex phenom-
ena. The problem contained many multifaceted issues to be analyzed and
had several challenging requirements for innovative scientific and network
modeling and analysis. In addition to network modeling, informational
analysis, and data collection, the teams had to explain the nature of influ-
ence and impact in an academic social network and show how their models
could be used to help make informed decisions. An Outstanding-category
solution paper by Wang et al. [32] can be found in the UMAP Journal.

The network problem for 2015 involved modeling human capital issues
(especially employee churn) in a hypothetical organization of 370 employ-
ees with the intent of aiding managers and decision-makers to build suc-
cessful systems for recruiting, hiring, training, and evaluating employees.
Having teams analyze the network-related issues of human capital is a rel-
evant issue in improving performance and profits of many modern organiza-
tions. An Outstanding-category solution paper by Blanc et al. [33] can be
found in the UMAP Journal.

The network problem was set in a historical context where society’s infor-
mation networks of five time periods (1870s, 1920s, 1970s, 1990s, and
2010s) were compared. By using the news and media networks of each
period, measures for the flow of information relative to the value of infor-
mation were established and compared. Teams used historical data and
developed measures and models to determine what qualifies as news and to
track the evolution of news throughout the ages. An Outstanding-category
solution paper by Norman et al. [34] can be found in the UMAP Journal.

The ICM offers an opportunity each year for teams of undergraduate and high
school students to tackle challenging, real-world problems that require skills in net-
work science. ICM problems are open-ended, challenging problems. The complex
nature of the ICM problems and the short time limit require effective communica-
tion and coordination of effort among team members. One of the most challenging
issues for the team is how to best organize and collaborate to use each team mem-
ber’s skills and talents. Teams that solve this organizational challenge often submit
excellent solutions. We have included information on the network science problems
of the ICM because it can be a significant motivator for students to study more NS
in their undergraduate programs.
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9

Conclusion

The discipline of network science in the undergraduate curriculum has followed
similar paths as operations research and computer science in the later part of the
twentieth century [7, 35, 36]. If that trend continues, many colleges will have under-
graduate network science programs similar to the one at the USMA described here.
This the way that science and its curricula evolve and impact our society and educa-
tion system.
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in Network Science: Developing Twenty-
First-Century Thinkers to Meet

the Challenges of a Globalized Society

Evelyn Panagakou, Mark Giannini, David Lazer, Alessandro Vespignani,
and Kathryn Coronges

1 Introduction

1.1 Purpose of the Program

As the world becomes more globally connected, it is increasingly defined by net-
works. Our ability to quantify underlying principles that drive network dynamics
and evolution has vastly improved in the last decade. With roots in physical, infor-
mation, and social sciences, network science provides a formal set of methods,
tools, and theories to describe, prescribe, and predict network dynamics. Despite
this formalization, there is still considerable debate over what constitutes the funda-
mental techniques, methods, and theories of network science. That is, how do we
identify ourselves in a field of study that is by its very nature transdisciplinary and
that has become so pervasive and is being taught across so many disciplines? Our
PhD program attempts to establish, from the multitude of disciplinary methods and
theory, a general framework that defines network science as a coherent field and will
define the next generation of network scientists.

Dramatic improvements in information technology over the past 20 years,
including increased storage capacity and computing power, have made it possible
to archive and study multiple levels and multiple dimensions of biological and
sociotechnical systems with unprecedented detail in areas such as communica-
tion, transportation, natural resources, infectious diseases, and political and cyber
systems. Science and technology are growing exponentially, not only in terms of
ideas and knowledge produced and spread but also in terms of the emerging appli-
cations that utilize this knowledge. The approaches and methods of network sci-

E. Panagakou (0<) - M. Giannini - D. Lazer - A. Vespignani - K. Coronges
Network Science Institute, Northeastern University, Boston, MA, USA

© Springer International Publishing AG, part of Springer Nature 2018 71
C. B. Cramer et al. (eds.), Network Science In Education,
https://doi.org/10.1007/978-3-319-77237-0_5


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-77237-0_5&domain=pdf

72 E. Panagakou et al.

ence have synergies across disciplines and pervade data science and data analytic
methodologies. The latter are the core expertise sought after by many companies
in their hiring plans. In the 2011 McKinsey Global Institute (MGI) study [1], it
was predicted that by 2018 the United States alone could face a shortage of
140,000 to 190,000 people with this expertise. In a more recent analysis, the 2014
MGI study [2] suggests that understanding networked capabilities — both techni-
cally and behaviorally — will transform organizational practices and will drive
two-thirds of the value creation opportunities afforded by social technologies.
Further, a series of reports from the National Science Foundation, National
Institutes of Health, National Research Council, and Institute of Medicine [3]
have highlighted two fundamental directions for future scientific progress, com-
plexity and transdisciplinarity, both of which are hallmarks of network science.
Research on network connections among multiple types and levels of “actors”
offers a powerful paradigm to understand the workings of complex systems across
broad areas of science, including information and technology, biological systems,
health and health care, local and global political and economic processes, and
sociotechnical infrastructures and sustainability.

Adopting a “network view” requires novel evaluations of, reconfigurations in,
and innovations for standard methods of theorizing, data collection, and analysis.
However, the new techniques capable of evaluating, designing, and influencing
these systems and their interdependencies developed in network science and other
computational methodologies have not yet been systematically formalized into an
educational curriculum. We do not yet have a workforce with the background to
effectively capitalize on these new techniques. To meet new challenges arising from
an increasingly interconnected globalized society, we have developed a doctoral
program to grow a new kind of scholars with an interdisciplinary quantitative and
social scientific training, tailored to leverage these new capabilities.

2 Program Description and Overview

The Northeastern University’s Network Science PhD program couples fundamental
network science methods with disciplinary knowledge, enabling theoretical and
substantive understanding of the appropriate use of network scientific tools and
techniques. Thus, the PhD program is built on the following standards:

* Rigorous training in mathematical, computational, and theoretical concepts, fun-
damental to network science. Students gain this knowledge in the first 2 years of
coursework with the core classes.

» Exposure to key tools and techniques of network modeling across disciplines —
including data collection strategies, computing languages, modeling approaches,
and theoretical and problem-solving strategies. While we cannot expect trainees
(or even faculty) to be expert, or even proficient, in these tools, the understanding
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of and respect for their potential contributions to novel interdisciplinary
approaches to network science is paramount. Students gain this expertise through
considerable hands-on core coursework, as well as through selection of elective
courses that allow them to become proficient in a set of capabilities appropriate
to their interests and research area.

» Experience with applied knowledge in disciplinary fields of study and the ability
to frame the major problems in these fields into a set of network-based problems.
Students gain this knowledge primarily through mentored research, starting in
their second year. Applicants to the program select one of four concentration
areas: natural sciences (physics, biology, ecology); social sciences; health sci-
ence (epidemiology); and computer and information sciences. Tracks loosely
guide the student through their coursework and function to help students navi-
gate the selection of electives and dissertation advisor.

* Foundational training in all aspects of network science (e.g., approaches, lan-
guages, problems), beginning in the first year of graduate training, as it is neces-
sary in order to build an inherently interdisciplinary science and the next
generation of researchers and projects.

* Deep dive and practice in matching theoretical and substantive questions with
the appropriate use of network-based tools and techniques. This knowledge is the
most complex and nuanced and the hardest to assess. Students gain these per-
spectives from weekly journal club discussions, in which mathematical, concep-
tual, and even philosophical notions of the field are explored. In addition, active
speaker and workshop series offer students a great breadth of scientific excel-
lence across fields.

Finally, the program relies on a team of research-active faculty members to pro-
vide mentorship and advising.

The interdisciplinary nature of the proposed program draws students who are
interested in applying network science in different areas and disciplines. The pro-
gram has attracted students who are not only technically strong but are also inter-
ested in major scientific challenges and the solution of real-world problems. The
program provides a path for students to acquire experience and skills in networks
while at the same time being knowledgeable in a specific application area.

2.1 Program Structure

The doctoral program is an interdisciplinary program, supported by multiple col-
leges and departments at Northeastern University. The Network Science Institute at
Northeastern University serves as the primary research organization for doctoral
students. The Institute is currently made up of ten core faculty collocated in a mod-
ern, largely open floor setup. Our core faculty and affiliated faculty members are
from a range of academic departments, including physics, political science,



74 E. Panagakou et al.

communication, computer science, health sciences, and business. Applicants to the
doctoral program are evaluated on their academic readiness (e.g., GPA, exam
scores), interest and understanding of network science (assessed by their personal
statement), and, in some cases, research experience (while this is not required,
exposure and success in research environments is weighed heavily). Successful
applicants must show outstanding academic and intellectual capabilities as well as
having interest in an area that is aligned with the Institute’s projects. When students
apply to the program, they must identify a focus area — political science, health sci-
ence, computer science, or physics. We use these categorizations to help us create
diverse cohorts and identify possible faculty mentors. Students invited into the pro-
gram are offered fellowships for their first year, allowing them time to explore dif-
ferent areas of research and mentorship styles. By the end of the first semester of
year 2, students will have selected a dissertation advisor from the core network
science faculty or associated faculty.

2.2 Program Objectives

The purpose of the program is to build competence in network science through: (1)
coursework, (2) research collaboration and exchange (through an extensive sched-
ule of speakers, research visitors, workshops, and team meetings), and (3) indepen-
dent (mentored) research on a range of large-scale projects that draw extensively
from the multiple disciplines and tools offered by the field.

The key goals for the network science program are to:

* Develop interdisciplinary scientists who understand and appreciate the full scope
of network science and who are poised to engage challenging questions across
multiple disciplines

e Understand the diverse languages, foci, and tools of network research by intro-
ducing students early in their graduate training to both disciplinary and interdis-
ciplinary orientations regarding the influence of interconnections in complex
social, virtual, physical, and natural systems

e Acquire skills using relevant theories and advanced modeling methods

e Understand the range and value of different (qualitative and quantitative) data
collection methods and analytic techniques

* Develop intellectual flexibility regarding approaches to network-based research

* Serve as a catalyst for a new generation of network research and the emerging
field of network science

e Understand important issues in scientific careers, including challenges and
opportunities (e.g., from the logistics of funding/publication to considerations of
ethical, institutional, and societal challenges in scientific work)

We expect that the graduates from our PhD program will have acquired:
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* Comprehension of the mathematics of networks, and their applications to biol-
ogy, sociology, technology, and other fields, and their use in the research of real
complex systems in nature and human-made systems

* Adequate knowledge on network modeling, on network data mining clustering,
visualization techniques, statistical descriptors of networks and computational
statistics, data acquisition and handling, measurement, and research design

* Ability to communicate network science concepts, processes, and results effec-
tively, both verbally and in writing

e Preparation to enter many potential career paths including industrial research
positions, government consulting positions, and postdoctoral or junior faculty
positions in academic institutions

2.3 Admission Criteria and Process

Application materials include transcript(s), personal statement, three letters of ref-
erence, and the general GRE scores. Students are accepted with a bachelor’s or
higher degree in any field and should have either academic or work experience
demonstrating a commitment to working in network science. Interest in the program
has steadily increased with 13 applicants in 2014, 61 applicants in 2015, 71 appli-
cants 2016, and 86 in 2017. Currently, the Institute is training 21 network science
PhD students. Over the four admission cycles that have taken place, approximately
17% of the applicants have received an offer of admission. Successful applicants
typically have an average undergraduate GPA of 3.61; verbal and quantitative GRE
general scores at 85th and 86th percentile or higher, respectively; analytical GRE
general score of 4.4; and a minimum TOEFL score of 100 (in the case of interna-
tional applicants). Offers of admission are made based on the applicant’s qualifica-
tions, the alignment of research goals with existing faculty, and space within the
program. The students will obtain a PhD Degree in network science.

3 Characteristics of the PhD program

The PhD curriculum is designed to provide students with graduate-level under-
standing of foundational network science concepts. In addition to course evalua-
tions, there are three assessments over the doctoral training: Qualifying Exam,
Comprehensive Evaluation, and Dissertation Defense. The successful student will
master the following fundamental skills:

* Comprehension of the mathematics of networks and their applications to biol-
ogy, sociology, technology, and other fields.

 Statistical descriptors and biases of network data

* Measures and metrics of networks
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e Network clustering techniques

* Network modeling

e Network data mining techniques from real-world datasets to networks

e Understanding process modeling on networks

* Network visualization

* Familiarity with the ongoing and current research in the field of network science

e Understanding of additional (non-network methods) that enable network
research, including:

— Computational statistics (e.g., inferential methods)
— Data acquisition and handling
— Measurement and research design

Graduates of the program should also be capable of leading and performing inde-
pendent, new research projects related to network sciences. Students will need to
show competency to communicate network science concepts, processes, and results
effectively, both verbally and in writing. It is expected that graduates will be well-
prepared to enter many potential career paths including industrial research posi-
tions, government consulting positions, postdoctoral researchers, or junior faculty
positions in academic institutions.

4 Degree Requirements

Required coursework includes: (1) Three network science foundational courses
(Complex Networks and Applications, Network Science Data I, and Dynamical
Processes in Complex Networks); (2) data analytic courses (students select either
Social Network Analysis or Data Mining Techniques); (3) three to four elective
courses (twelve semester hours), defined by their specific track and research goals;
and (4) two independent research courses with core faculty of the program. Electives
are dependent on a student’s area of concentration and subject to approval by their
faculty advisor. The expected time to degree is 5 years. Below we give the descrip-
tion of the courses that our PhD students most usually take (required and elective).
Additional information on the course syllabi can be found here: https://www.net-
workscienceinstitute.org/phd.

4.1 Required Core Courses

1. Complex Networks and Applications

Introduces network science and a set of analytical, numerical, and modeling
tools used to understand complex networks in nature and technology. Focus is on
the organizing principles that govern the emergence of real networks and the theo-
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retical concepts necessary to characterize and model them, with examples coming
from biology (metabolic, protein interaction networks), computer science (World
Wide Web, Internet), and social systems (e-mail, friendship networks). Covers
elements of graph theory, statistical physics, biology, and social science as they
pertain to the understanding of complex systems.

2. Network Science Data I

An introductory course on programming for network and data scientists. Students
learn the fundamentals of computer programming (e.g., control structures, data
structures, algorithms) with particular focus on applications to network and data
sciences, such as how to create a network and analyze its basic features using
Python.

3. Dynamical Processes in Complex Networks

Immerses students in the modeling of dynamical processes in complex networks
(contagion, diffusion, routing, consensus formation, etc.). Provides a rationale for
understanding the emergence of tipping points and nonlinear properties that often
underpin the most interesting characteristics of sociotechnical systems. The course
reviews the recent progress in modeling dynamical processes that integrate the com-
plex features and heterogeneities of real-world systems.

4. Data Analytic Courses
a. Social Networks

Offers an overview of social network analytic methods including topics such as
how to characterize topology and visualize and analyze networks. Explores major
social network research, covering seminal work from political science, sociology,
economics, and physics including small-world literature and the spread of informa-
tion and disease.

b. Data Mining Techniques

Covers various aspects of data mining, including classification, prediction,
ensemble methods, association rules, sequence mining, and cluster analysis. The
class project involves hands-on practice of mining useful knowledge from a large
data set.

5. Independent Research

Offers advanced students an opportunity to work with an individual instructor on
a topic related to current research. Instructor and student negotiate a written agree-
ment as to what topics are covered and what written or laboratory work forms the
basis for the grade. Viewed as a lead-in to dissertation research.
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4.2 Concentration Elective Courses

1. Network Science Data II

Explores advanced topics of network analytical approaches and practical exer-
cises in real network data. Students learn how to retrieve network data from the real
world, analyze network structures and properties, study dynamical processes on top
of the networks, and visualize networks. Covers topics such as centrality measures,
network sampling and filtering, temporal networks, community detection, network
visualization, multiplex networks, and big data network analysis.

2. Statistical Physics of Complex Networks

Covers applications of statistical physics to network science. Focuses on
maximum-entropy ensembles of networks and on applicability of network models
to real networks. Main topics covered include micro-canonical, canonical, and
grand-canonical ensembles of networks, exponential random graphs, latent variable
network models, graphons, random geometric graphs and other geometric network
models, and statistical inference methods using these models. Covers applications
of maximum-entropy geometric network models to efficient navigation in real net-
works, link prediction, and community structure inference.

3. Special Topics: Bayesian and Network Statistics

An introduction to advanced quantitative methods including maximum likeli-
hood, hierarchical models, sampling, and network modeling. The course begins
with a review of probability and then examines maximum likelihood methods for
estimating regression models with continuous and categorical dependent variables,
followed by examining a variety of procedures for sampling from posterior distribu-
tions. These methods are applied to hierarchical modeling and other simple proba-
bilistic models. The course then takes a closer look at the statistical modeling of
networks as it has been developed in the social sciences, beginning with the expo-
nential random graph model (ERGM) and finishing with the temporal SIENA
model.

4. Introduction to Computational Statistics

Introduces the fundamental techniques of quantitative data analysis, ranging
from foundational skills to more advanced topics in statistics, machine learning, and
network modeling. Emphasizes real-world data and applications using the R statis-
tical computing language. Prepares students to apply a wide variety of analytic
methods to data problems, present their results to non-experts, and progress to more
advanced coursework.

5. Network Economics

Covers seminal work in the economics of information and networks. Progresses
through concepts of information, its value, measurement, and uncertainty; two-
sided (or multi-sided) network effects, organizational information processing, learn-
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ing, and social networks; how rational actors use information for private advantage;
and other micro- and macro-economic effects such as matching markets. Students
are expected to produce a paper suitable for publication or inclusion in a thesis.

6. Graph Theory

Covers fundamental concepts to include adjacency and incidence matrices, dis-
tance in graphs, matchings and factors, connectivity, network flows, vertex color-
ings, Eulerian circuits and Hamiltonian cycles, planar graphs, and Ramsey theory.

7. Algorithms

Presents the mathematical techniques used for the design and analysis of com-
puter algorithms. Focuses on algorithmic design paradigms and techniques for ana-
lyzing the correctness, time, and space complexity of algorithms. Topics may
include asymptotic notation, recurrences, loop invariants, Hoare triples, sorting and
searching, advanced data structures, lower bounds, hashing, greedy algorithms,
dynamic programming, graph algorithms, and NP-completeness.

4.3 Student Requirements & Evaluations

e Credit Hours

A minimum of 32 credit hours of coursework is required, though the graduate pro-
gram committee may recommend additional coursework based on student research
interests. In principle, course requirements can be waived for students transferring
from other programs upon the analysis of the transcript by the program director of
the network science PhD program in consultation with the graduate program com-
mittee. Up to 9 credit hours can be transferred from regionally accredited US gradu-
ate programs, with approval of the program director.

e  Minimum Academic Standards

Satisfactory progress in the program is ongoing and formally evaluated at the end of
both the first and second years of the program. Students are expected to maintain a
cumulative GPA of 3.0 or better in all coursework and to earn at least a 3.0 in the
two core foundational and two core data analytic classes. A student who does not
maintain the 3.0 GPA, or is not making satisfactory progress on their dissertation
research, may be recommended for termination by the graduate program
committee.

* Dissertation Advising

Each student has one primary research advisor from the network science doctoral
program faculty. As part of the admission evaluation, an initial match is made
between new incoming students and faculty members of the Institute. However,
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during their first and second years in the program, students are expected to meet
with their assigned advisor, as well as with other institute faculty members, to
determine the best advisor-advisee match. Students must solidify the relationship
with their selected research advisor by the end of the spring semester of their second
year.

* Qualifying Examination

All students are required to take the qualifying exam in the fall semester of their 3rd
year of the program. Students receive 50-80 potential questions one month before
the exam, which consists of a set of questions provided by each one of the core
faculty of the Institute. Students are asked a subset of these questions by the qualify-
ing examination committee, to which they must be prepared to provide in-depth
answers in an oral format. Students have up to 2 hours to show competency across
the topics, after which the committee meets to evaluate the student’s performance.
The committee provides feedback immediately to the students, offering suggestions
for growth and direction. Students who do not pass the qualifying exam on their first
attempt are expected to retake the exam in the spring term. Students may take the
qualifying exam no more than twice. Students who fail to complete the qualifying
examination but who have completed all the PhD program’s required coursework
with a cumulative GPA of 3.0 or better will be awarded a terminal Master of Science
in network science degree.

e Comprehensive Examination

PhD students must submit a written dissertation proposal to their dissertation com-
mittee. The dissertation committee consists of at least four members: the disserta-
tion advisor (tenured/tenure-track Northeastern University faculty member), one
additional network science doctoral program faculty member, one expert in the spe-
cific topic of research (who can be from outside the university), and one additional
tenured/tenure-track faculty member from the concentration department. The pro-
posal should identify relevant literature, define a research problem, outline a
research plan, and describe its potential impact on the field. A presentation of the
proposal shall be made in an open forum, and the students must successfully defend
it before the dissertation committee. The comprehensive exam must precede the
final dissertation defense by at least 1 year. Students may repeat the comprehensive
examination once if they are unsuccessful in their first attempt.

* Degree Candidacy

A student is considered a PhD candidate upon completion of required coursework
with a minimum cumulative GPA of 3.0, satisfactory completion of the qualification
examination, and satisfactory completion of the comprehensive examination.

¢ Dissertation Defense

A PhD student must complete and defend a dissertation that involves original
research in network science. The dissertation defense must adhere to the College of
Science policies, as outlined in the Northeastern University Graduate Catalog.



Evaluation of the First US PhD Program in Network Science: Developing... 81

4.4 Sample Course Outline

The curriculum is designed to provide PhD students with a strong foundation in
network science. Below we present a sample course outline.

Year 1, Fall Semester

Complex Networks and Applications
Network Science Data I

Year 1, Spring Semester

Network Science Data II
Concentration Elective

Year 2, Fall Semester

Dynamical Processes in Complex Networks
Concentration Elective

Research

Year 2, Spring Semester

Social Network Analysis

or

Data Mining

Concentration Elective

Research

(4 credits)
(4 credits)

(4 credits)
(3—4 credits)

(4 credits)
(3—4 credits)
(2 credits)

(4 credits)
(4 credits)

(3—4 credits)
(2 credits)

Dissertation (PhD Candidacy Achieved)
Year 3 and Until Completion
Dissertation Research

S PhD Program Progress & Evaluation

The PhD program in network science was launched in the fall of 2014. Now in its
fourth year, our program has seven (7) students in year 1, six (6) students in year 2,
five (5) students in year 3, and three (3) students in year 4. We have brought together
promising young scientists from various backgrounds, who are eager to combine
their thoughts and basic principles from the different scientific disciplines they
come from. As the first US network science PhD program, other organizations and
academic colleagues are looking toward our program for ideas about how to develop
and structure a graduate level program in network science. Our team is dedicated to
leveraging the existing momentum in the field by evaluating and modifying the
program when needed. We rely on the input from and dialogue among the diverse
core faculty, as well as the active engagement with the student body. The doctoral
students have been exceptionally proactive in this endeavor, forming a student coun-
cil to formally organize activities and assess all aspects of the program. As part of
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this ongoing dialogue between the leadership and students, we implemented an
anonymous online survey. We received fifteen' responses from the first three cohorts
of the doctoral program.

5.1 Program Evaluation Survey

During the academic year 2016-2017, we sent all 15 students a 7-question survey.
Students were asked about both the content and ordering of the courses; the process
of selecting an advisor; and about how prepared they feel for the job market. Twelve
students (80%) indicated that they would like additional classes to be offered in the
program. They mentioned analysis and method courses that they would like to have
had the opportunity to take in the first semester of the program, including Advanced
Statistics (e.g., causal inference), Experimental Methodology, Linear Algebra,
Calculus and Probability, and a few applied courses, most prominently, network
neuroscience. Eight students (53.33%) said that they were happy with the sequence
of courses, while three students (20%) were neutral, and four students (26.67%)
would like some changes. For example, they mentioned that the network science
Data course should be offered before or at the same time as the Complex Networks
and Applications course. Eight students (53.33%) suggested that the Network
Science Data course should be offered in the first semester or even be divided into
two courses, introductory and advanced. Students were very positive when asked
about some new activities in the program, including a graduate student speaker
series. In terms of professional trajectory, eleven students (73.33%) indicated that
they would consider positions in academia, ten students (66.67%) are interested to
work in the business and corporate environments, while seven students (46.47%)
said they would also consider government or nonprofit positions.

One of the most important insights from the survey arose from the widespread
concern about how students who come from different fields are differentially pre-
pared for the courses and research tasks. Students suggested a buddy system for
incoming students and a weeklong program (Net Sci boot camp) to ensure that
future cohorts will be at equivalent levels in basic coding, complex systems, and
network theory. In the months following the survey, the students presented to the
faculty a proposal for 5-day introductory session designed for the incoming doctoral
student cohort and taught by the doctoral students in their second or third year of the
program. The ability to both identify core topic areas necessary across disciplinary

'In the academic year 20162017, the cohorts of the first three years were fifteen (15). Specifically,
the incoming students in that year were seven (7). All the fifteen students participated in the survey.
However, one student of the year 20162017 had, for personal reasons, to restart the PhD program
in the following academic year, 2017-2018. This is the reason that, in the end, there are six (6)
students in year 2 and seven (7) students in year 1.
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backgrounds and then to self-organize in such a way to competently teach those
topics is a true signal of achievement for our program. Building common language
and context represents the greatest challenge of interdisciplinary endeavors. Our
students were able to discover this and design a solution in a matter of months,
attesting to the power of interdisciplinary thinking and problem-solving.

5.2 Changes Introduced to the PhD Program

In the time between program launch in fall 2014 and 2017, there has been revision
to the content and structure of the PhD program. These revisions have been based
on continuous and ongoing evaluation of PhD program, to ensure that the educa-
tional, research, and professional objectives of the program have the best opportu-
nity for success. The discussions between the faculty members, the instructors, the
leaders and the students, as well as the survey results, led the leadership of the PhD
program to introduce changes for the Academic Year 2017-2018. These changes are
the following:

* There are two new concentration elective courses in the curriculum. One is the
Statistical Physics of Complex Networks. The second elective was derived by
splitting the original Network Science Data course into two. The Network
Science Data I course will now be an introduction to use computational and
algorithmic approaches to the analysis of network data and will be taught, as a
core course, in the Fall Semester, in accordance with the theory course “Complex
Networks and Applications” which the students take at the same time. The
Network Science Data II will be offered in the Spring Semester, starting in 2018,
and it will cover, as an elective course, more advanced numerical methods of
analysis of networks (e.g., centrality measures, network sampling and filtering,
temporal networks, community detection, network visualization, multiplex net-
works, big data network analysis).

* Due to the difference in the backgrounds of the incoming students, the PhD stu-
dents are self-organized — with the support of program leadership — to carry out
a 5-day boot camp series that took place 1 week before the official start of the
semester. Each session was led by the older students on scientific principles and
concepts required for the successful completion of the regular classes. Sessions
included basic programming languages and computing tools, statistical analysis,
linear algebra, whiteboarding, approximations and concepts used in physics
(regimes, Taylor expansion, mean field, units, variable transformation, master
equation), core algorithmic approaches, and origins of network science within
the fields of complex systems and social network analysis.

* Beginning in the spring semester of 2017, we have been holding a weekly net-
work science Literature Review Seminar led by a senior faculty member. Each
week the group discusses seminal papers in network methods and theories.
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5.3 Future Steps

The program has required significant improvisation, reflecting its newness and the
interdisciplinary interests of the students. Critical to successful adaptation has been
to listen to and work with doctoral students, and we anticipate ongoing evolution in
future years. Building in feedback mechanisms, such as the survey, regular town
halls with all of the students, and monthly meetings with the leadership of the stu-
dents, is likely good practice for all doctoral programs but in this case was essential.
We will continue to assess the introduction of the specific changes through addi-
tional surveys as well as more formal assessments of students performance through
graded activities within the classroom and during the qualifying examination. In
addition, as the first graduating cohort reaches the job market, we will be in a more
suitable position to assess the program in total. At this phase, what we know is the
importance of helping the students to overcome the difficulties that the interdisci-
plinary nature of the program itself creates. Focused on this target, we are waiting
for the outcome of the changes made for the academic year 2017-2018, and we are
ready to discuss with the students and consider their needs on a continuous basis.

We are encouraged that in addition to the PhD program offered at Northeastern
University, there are new programs on network science being developed in the
United States and in Europe. Such programs are the following:

* Network Science Certificate program at the Naval Postgraduate School (2013) [4]

e Undergraduate Minor in Network Science at the US Military Academy (2014) [5]

e PhD program in Network Science at the Central European University (2015) [6]

e Advanced Certificate program in Network Science at the Central European
University (2015) [7]

e Network Science Traineeship program at UC Santa Barbara (NSF-IGERT, 2015) [8]

* Network Biology Traineeship at University of Maryland (NSF-NRT, 2017) [9]

e Complex Networks and Systems Traineeship at Indiana University (NSF-NRT,
2018) [10]

e Master of Science in Network Science at Queen Mary University, London, UK
(2015) [11]

e Master in Complex Systems, “Physics, Computer Science, and Complex
Networks,” at Ecole Normale Supérieure (ENL), Lyon, France [12]

It is very promising that the scientific community has started to recognize the
specific value of training in network science and specifically of creating young
researchers educated as network scientists. As additional programs are established,
we are optimistic that collaborations and exchange programs can thrive in the future.

In the spirit of building a student community, we organized a workshop for
young scientists who are working on network science-based problems. We invited
students from all backgrounds to participate in a one-day meeting to share research,
discuss interdisciplinary challenges, explore career paths, and engage in dialogue
with experts in the field. As part of this initiative, the students involved with the
planning also officially formed the Society of Young Network Scientists (SYNS).
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The vision for the society is to build a cohesive community among young network
science scholars working across disciplines and within a diversity of research cen-
ters. The group currently has 40 students, with active social media profiles, consen-
sus on the organizational structure, and plans to host annual meetings as well as
smaller workshops throughout the year.
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Europe’s First PhD Program in Network
Science

Check for
updates

Janos Kertész and Balazs Vedres

1 The Need for a Network Science PhD Program

During the past decade, network science has become a highly fertile interdisciplin-
ary field, integrating natural and social sciences as well as “formal sciences,” like
mathematics, statistics, and computer science around the coherent agenda of identi-
fying the mechanisms that govern the dynamics of complex interacting systems
with a large number of constituents from cell metabolism and brain structure to the
emergence of social movements and international trade dynamics.

In fact, the new discipline of network science has emerged and matured remark-
ably fast. Conference series have been organized, perhaps the most important being
NetSci, an annual international gathering of hundreds of researchers from all over
the world (with the latest being NetSci 2017 in Indianapolis [1]). These conferences
have regular satellite sections on Network Science in Education. Excellent review
articles, monographs, and textbooks have been canonizing disciplinary knowledge,
as shown by this list, without a claim for completeness [2-9]. A number of journals
have been launched [10-13], and centers have emerged in the USA, Europe, and
Asia. In 2012, at the Budapest NetSci conference, the Network Science Society [14]
was established, stepping into the role of coordinating events within the discipline
and serving as an information hub as well. Network science university courses are
by now regular at many major universities. Modern network science is growing with
no signs of slowing down; results and their broad applications are accumulating
faster than ever. In fact, one of the reasons for the rapid development of network
science is the versatile applicability of the results of this new discipline.

We are also witnessing in the USA and in most European countries an ever-
increasing job market that is keen to absorb highly qualified network scientists. This
evolution goes in parallel with and not independently from the penetration of data
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science into many fields; however, data scientists and network scientists use, to
some extent, complementary approaches. Both disciplines learn from each other,
but data science focuses more on algorithms and pattern identification to make pre-
dictions, while network science concentrates more on understanding the laws of the
behavior of complex systems. Accordingly, experts with a solid background in net-
work science are welcome in social media and telecommunication services. They
introduce new, efficient tools in marketing and finance. A whole new branch of
business consulting has emerged, building massively on network science. We can
confidently predict that the number of openings will increase in such areas as public
policy and government and international and civic activism. The spectacular devel-
opments in network science have had a major impact on university programs: the
resulting research programs and centers (see, e.g., [15-19]) as well as funding for
large-scale projects generate attractive job opportunities in academia.

Network science naturally appears in a number of PhD programs; its results form
important parts of bioinformatics, sociology, and economics. The new science of
networks has revolutionized complexity science by making clear that unfolding the
topological aspects of the interaction between the constituents is necessary for the
understanding of such systems. Accordingly, considerable parts of network science
occur in the corresponding PhD programs (see, e.g., [20-27]). The high level of
maturity of network science as a discipline, together with the increasing need for
well-educated experts, made launching a new network science PhD program a natu-
ral idea. Several centers around the world started simultaneously thinking about
such programs. The first one was launched in 2014 at Northeastern University, and
the second one (and the first in Europe) was initiated by the Center of Network
Science of Central European University in 2015.!

2 Problem-Driven Interdisciplinary Approach at CEU

Central European University (CEU) [28] is an English language postgraduate train-
ing institution of higher education with accreditation both by the Middle-States
Network of American Universities, the New York State Board of Education, and the
Hungarian government.> From its inception in the early 1990s, CEU has imple-
mented a systematical policy of recruiting its staff and students in a multicultural

'Networks occur in many PhD programs from abstract graph theory to engineering. An appealing
aspect of the network science PhD program is that it gives a solid and broad basis in this subject
together with a large variety of applications.

2CEU has been under attack by the Hungarian government during the last months, which tried to
hamstring the university by a new legislation [29]. This move has launched a wave of protests in
Hungary and worldwide [30]. The Venice Commission is dealing with the Lex CEU [31], and the
European Commission has started an infringement proceeding in this matter [32]. CEU is deter-
mined to continue its mission as a center of academic freedom, and its programs, including the
PhD program in network science, will go on without any disruption [33].
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environment. As a consequence, the staff of CEU is decisively international, with a
number of American, West, and East European scholars as well as some coming
from the Mediterranean region, Scandinavia, and the Near East (Turkey, Israel,
Egypt), altogether from more than 40 countries. Students from more than 100 coun-
tries have earned master’s or PhD degrees at CEU. It is a leading and well-estab-
lished international academic institution known for the high level of interdisciplinary
research. CEU’s special strengths are in social sciences and humanities; however, it
is increasingly focusing on data aspects and quantitative methods.?

The Center for Network Science (CNS) [36] was established in 2008 by Baldzs
Vedres, with strong support from Yehuda Elkana, the president of CEU and Liviu
Matei, the provost. CNS was formed with the mission of building academic excel-
lence in the field of network science and strengthening quantitative interdisciplinary
research. An important feature of this mission is to deal with network aspects of
social problems central to the core values of CEU, such as social inequalities, dis-
crimination, and exclusion; abuses of political and economic power; the emergence
of civic activism; the origins of collective creativity; gender inequalities; and the
protection of free speech and open communication. The Center aims to fulfill its
mission by actively collaborating with (and to some extent integrating into) other
departments at CEU, as well as other research centers in Europe and the world. The
Center has external members from Mathematics, Sociology, Political Science,
Economics, and Environmental Science departments. Among others, the Center
organized NetSci 2011 [37] that brought more than 400 participants to CEU.

CNS started to offer a certificate in network science in 2010. This was an add-on
specialization to other PhD programs [43]. The idea for a proper PhD program in
network science was first raised in 2012, with strong support from CEU president
John Shattuck and provost Katalin Farkas and with the active involvement of Albert-
Laszl6 Barabdasi. The program started in the fall of 2015 with the arrival of its first
cohort and with Janos Kertész as the first program director.

We at CEU see network science as intrinsically multidisciplinary. It has grown
out of the mathematical theory of graphs, and it uses computer science tools as well
as concepts and methods of statistical physics. Sociology contributed substantially
to its development already at an early stage, but economics, political science, and
environmental science have also provided important influences. The excellence of
the faculty in these disciplines, together with the expertise at the Center of Network
Science at CEU and the multi-departmental character of the program ensures a high
quality PhD degree in network science.

To better grasp the particular ways in which we translate multidisciplinary ambi-
tions into action, we outline some of our integrated activities below.

We collaborate closely with colleagues in Mathematics. Network science deals
with huge databases and often with networks of the order of 10° nodes. One of the
focus problems in graph theory is the problem of graph limits, which is closely

3For general ranking data, see [34] and for individual disciplines [35].



90 J. Kertész and B. Vedres

related to large networks. A further mathematical problem is related to the dynamics
of and on networks, which involve stochastic processes and differential equations.
The Department of Mathematics and its Applications together with the Rényi
Institute of Mathematics as well as the members of the CNS have the required expe-
rience to provide top quality teaching and guidance in these fields.

Economics is one of our key areas for interdisciplinary integration. The economy
is a complex system, and a network approach can be fruitful at many levels,
representing diverse points of view. Trade networks, ownership networks, member-
ship and affiliation networks, or networks of market players following similar strat-
egies are just some examples. The 2008 global financial crisis shed light on the
importance of the topology of financial networks as cascading failures of the inter-
bank loan system depend heavily on it. Analysis and modeling of data from a net-
work point of view will be crucial in understanding financial interactions and
systemic risk and in developing efficient regulation [38]. The availability of some
detailed data on individual strategies of investors offers an unprecedented depth in
the analysis of individual behavior and their clustering. To this end, the methods of
statistical validation combined with advanced network theoretical tools have proved
to be extremely efficient and generally applicable [39].

We also pursue several projects together with colleagues from political science.
Networks undoubtedly play an important role in political interactions [41]. We think
that the formation of opinions and the way the process is related to the social struc-
ture and finally to the articulation of political will require a theoretical approach
based on multi-level dynamic networks. Network science finds applications in
numerous areas: the spreading of information and its relation to manipulative tech-
niques, the analysis of bottom-up and top-down organizations and strategies, dis-
course analysis and its relation to social networks, voting behavior, party structure
and development, etc. The study of these phenomena relies on existing techniques,
but also requires new tools. The collaboration between CNS and the Department of
Political Science thus has a synergic effect.

Environmental science is another key area of interdisciplinary interest for net-
work science at CEU. One of the main issues here is environmental stability, which
is closely related to a focal question in network science, the robustness and vulner-
ability of complex networks. The stability of food webs, biodiversity, energy secu-
rity, and sustainable development strategies under transitions are all areas with
direct network relations [40]. Collaboration between the staff of the Department of
Environmental Science and CNS ensures a high-level education and timely PhD
work in this field.

Sociology is an obvious area where network science can contribute to the solu-
tion of crucial research problems. On one hand, network science has been signifi-
cantly influenced by social network analysis. On the other hand, the information and
communication revolution has opened unprecedented opportunities to approach
classical questions of social sciences like identifying the driving forces behind vio-
lence or the factors influencing how ideas, attitudes, and prejudices spread through
human populations. A new interdisciplinary field called computational social
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science [42] emerged with strong emphasis on the network aspects. Researchers of
CNS have been at the forefront of this scientific endeavor.

Network science is linked to many further activities at CEU. In the study of inter-
national relations, the network aspect seems unavoidable. Cognitive science is
related to network science in at least two ways: analysis of the network of neurons
is one of the biggest challenges in this field. Furthermore, the analysis of a large
amount of temporal data massively uses the recent results of network science. Even
in the field of history, network science can be helpful, e.g., in the analysis of narrative
networks. The network science program plans to build up links to the programs of
the corresponding CEU departments through joint research projects.

This interdisciplinary environment, together with the great Hungarian traditions
in graph theory and network science, has made CEU an ideal place for a new PhD
program in network science.

3 The Program
3.1 Aims

The purpose of the program is to offer doctoral-level education matching the highest
international standards, to train researchers who would take advantage of the oppor-
tunities created by large demand for network analysis expertise. Our aim is to train
researchers with theoretical, mathematical, and computational skills as well as
hands-on experience with large data sets and participation in international research
projects.

The program is unique and novel in many ways. It is a program that is offered by
the Center for Network Science (CNS), in close collaboration with the departments
of Mathematics, Economics, Political Science, and Environmental Sciences.
Students with extremely diverse backgrounds are invited to apply. They learn the
fundamental ideas of network science and possess deep statistical, big data manage-
ment and modeling skills, and they are trained in applying network science to real-
world problems and are equipped to undertake independent research in a wide
variety of network science areas, both in academia and industry.

The PhD program in network science is primarily research-oriented and includes
substantive training in data analysis methods. It is interdisciplinary, with substantial
course work and research collaboration from other departments. The doctoral theses
generated within the framework of the proposed network science PhD program
should be typically based on closely supervised intensive empirical research studies
that require often (though not exclusively) the application of large data set based on
computationally sophisticated methodologies. The special requirements to effi-
ciently realize such a research-oriented doctoral program is reflected in the organi-
zational structure of the PhD degree curriculum.
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3.2 The Curriculum

The PhD studies are planned for up to 4 years, with 3 years covered by a regular
CEU fellowship and 1 year (in between) spent abroad at one of our partner institu-
tions.* Students are considered “probationary PhD candidates” before they pass the
comprehensive exam.

First year course work By the end of the first academic year, probationary PhD
candidates have to complete 24 course credits® by attending courses offered by the
network science PhD program and such courses that are cross-listed with this
program.

Research workshop and colloquium Probationary PhD candidates have to regu-
larly attend the research workshop, where faculty and students present and discuss
their work in progress. Students are also expected to participate in the colloquium,
a series of invited lectures by network scientists visiting the center.

First year work with a research advisor Every probationary PhD candidate is
assigned a research advisor (or early supervisor) by the doctoral committee of the
network science PhD program during the second term (winter term). Students are
expected to meet advisors regularly (typically once a week). The task of the research
advisor is to help the student to identify their research topic, to draw up a structured
plan for data collection and research methodology to be used, and to organize and
start the empirical research leading to the preparation of the thesis. The advisor
should also be regularly consulted during the preparation of the detailed research
proposal.

Comprehensive exam During the spring term of the first academic year, students
should take the comprehensive exam for which an examination committee is
appointed by the doctoral committee. The comprehensive exam comprises the top-
ics of the mandatory courses.

Detailed research proposal In the first year, 6 credits are given for the preparation
of the detailed research proposal. The network science PhD program is research
oriented, in which the PhD thesis is expected in most cases to be based on the results

4Partner institutes include the Network Science Institute (Northeastern University), Complexity
Science Hub (Vienna), Institute for New Economic Thinking (INEC, Oxford University), Oxford
Internet Institute (Oxford University), Department of Computer Science (Aalto University
Finland), and Observatory of Complex Systems (University of Palermo). CEU has a formal part-
nership agreement with INEC, and we are planning such agreements with our most important
partners.

A course credit equals a 50-min class per week for 12 weeks.
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of data collection, analysis, and modeling. Therefore, by the end of their first year,
probationary PhD candidates are required to write a detailed research proposal of
10-15 pages. The research proposal should specify the central question(s) to be
investigated and the aim of the research, provide a brief review of previous relevant
work and methodologies used to investigate the research topic, include a theoretical
rationale for the line of research proposed, and discuss the data to be analyzed.
Importantly, the proposal should also state the novelty of the planned work. The
detailed research proposal has to represent a realistic and specific plan of the thesis
research that should be tailored to be realizable within the framework of the PhD
studies.

Courses In the first year, students are expected to do mainly course work, prepare
their detailed research proposal, and pass the comprehensive exam. Table 1 gives a
list of courses. In the fall term, they have to collect 8 credits from mandatory and a
minimum of 4 from elective courses and in the winter term another 8 credits from
mandatory and at least 2 credits from elected courses. In the second year, they pro-
vide teaching assistance in one of the CNS courses.

Table 1 First year course and related work

Courses Category Credits
Fall term

Fundamental ideas in network science Mandatory 4
Social networks Mandatory 4
Research workshop Mandatory No credits
Scientific programing in Python Elective 3

Data and network visualization Elective 2
Agent-based models Elective 2
Graph theory (Math Dept.) Elective 3
Large graphs and groups (Math Dept.) Elective 3
Other courses with agreement of the doctoral committee Elective

Winter term

Structure and dynamics of complex networks Mandatory 2

Data mining and big data analytics Mandatory 2
Statistical methods in network science and data analysis Mandatory 4
Research workshop Mandatory No credits
Economic networks Elective 2
Stochastic processes in nature and society Elective 2
Other courses with agreement of the doctoral committee Elective

Spring term

Writing of detailed research proposal Mandatory 6
Network science (course with changing, adapted topic) Elective 2

Other courses with agreement of the doctoral committee Elective
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3.3 Student Recruitment and the First Cohorts

We gave considerable thought to the criteria of admission and the recruiting process
for our new PhD program. According to the policy of CEU, we “welcome applica-
tions from excellent candidates all over the world,” and we provide them with a
fellowship sufficient to cover living expenses [45]. We take students with an MSc or
MA in a wide variety of fields, including math, physics, computer science, sociol-
ogy, economics, and finance. The electronic application procedure is run by the
admission office [45]. Applicants upload full transcripts of their previous studies
and diplomas with an official English translation, at least two letters of recommen-
dation with availabilities of the writers of the letters, a CV, a motivation letter with
a conception about planned research, and a proof of English proficiency (usually
100+ scores in TOEFL).

The call is announced on the CEU web page and in various media outlets, such
as specialized sites for higher education, bulletin boards relevant for network sci-
ence, Facebook pages, and via Twitter. In addition, we spread the news through
personal channels via direct email.

Thus far we have had three recruiting rounds (2015, 2016, and 2017). There has
been a marked increase in the number of people interested in our program; currently
the ratio of applicants to admitted students is 10:1. Applicants come with very
diverse backgrounds from a large number of countries. The procedure is as follows:
an ordered short list is selected by the doctoral committee based on the motivation
letter, the recommendations, previous studies, and interviews. Applicants that are
selected then for admission are notified.

Presently we have 15 students from 10 countries (China, Germany, Hungary,
Iran, Italy, Mexico, Palestine, Romania, Serbia, US). They have master’s degrees in
physics, mathematics, sociology, finance, economics, biology, psychology, and
architecture. The gender balance is six female and nine male students. The result is
a colorful and vibrant community, and an inspiring atmosphere, where one of the
most important learning mechanisms is the interaction among the students. We
place a strong emphasis on the importance of community, and we encourage
exchanges among students by providing a desk in two open offices at the center,
where students can, and do, interact intensely. Students are also connected in the
virtual space (by the platform “Slack™), and they are active in blogging about events,
new results, and recent developments in the discipline.

After admitting our students, we guide them through a process of selecting a
supervisor and a research theme. Students are assigned a “preliminary supervisor”
during the winter term of the first year, who help the students in the preparation of
the detailed research plan. Preliminary supervisors are from faculty members of
the CNS or from other units of CEU that are associated with CNS; in the latter
case, there is a co-supervisor from CNS involved. In an ideal case, the preliminary
supervisor will become the thesis supervisor after the student passes the compre-
hensive exam.
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Students enjoy much freedom in choosing their thesis topic. The range is
extremely broad. Presently students are working on the spreading of financial inno-
vations, gender equality in creative teams, corruption networks, and network repre-
sentations of probabilistic learning, to name a few themes.

In most cases data collection and handling is a pivotal part of the studies. Such
data are collected, for example, from army recruiting files of the US Civil War, from
public procurements, and from the online software project hosting site GitHub.

4 First Experiences and Outlook

By now we have been able to reflect on our first experiences with the new program.
While our enthusiasm has not abated, some problems have become clear. First of
all, while it is very stimulating to have such a diverse collection of students, their
differing backgrounds pose a real challenge to the instructor. On one hand, students
with a more modest level of mathematical knowledge have difficulties catching up
with the more quantitative courses. On the other hand, mathematically adept stu-
dents — such as those with physics degrees — are challenged by the task of verbally
analyzing complex circumstances or working through 60 pages of sociological
theory from 1 week to the next. The lesson is that at the beginning we have to pay
more attention to equalizing the levels of knowledge of our students. We offer a
presession course in math, which is compulsory for new students without sufficient
matching course work on their record. The Center for Academic Writing provides
excellent assistance in improving the students’ skills in structuring academic publi-
cations. The main tool of harmonization is, however, a strong interaction among the
students. We have achieved a sense of community, where students assist each other
relying on their complementary backgrounds.

While it is too early to draw definitive conclusions about this new program, we
strongly believe that we are on a good track with it. The increasing interest by our
applicants and the emergence of similar programs worldwide reaffirm our impetus.
Besides PhD level programs [44, 48], new initiatives at the master’s level were
started recently at Queen Mary College, London [46], and at ENS Lyon [47]. We
have already established close collaboration with some of these centers, and in the
future we plan to make the connections even more intense by possible joint training
programs and exchange of students. The discipline of network science will ulti-
mately solidify by the work and collegial solidarity of those who have obtained a
PhD degree in it.
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Mapping the Curricular Structure
and Contents of Network Science Courses

Hiroki Sayama

1 Introduction

Network science has grown at a rapid pace over the last few decades, producing
several major international conferences, scientific journals, research communities,
and even academic degree programs [1]. As it has matured as an established field of
research, there are already a number of courses on this topic developed and offered
at various higher education institutions, often at postgraduate levels. Those courses
are delivered in several different departments/disciplines with their respective
emphases, such as mathematics, computer science, physics, sociology, political sci-
ence, management science, systems science, biology, and medicine, and in other
more interdisciplinary settings as well.

In those recently developed network science courses, instructors adopted differ-
ent approaches with different focus areas and curricular designs, depending on their
backgrounds, knowledge, and objectives. It should be of particular interest to the
network science community to investigate what are agreed or disagreed upon among
those instructors on the choices of topics and the curricular flows that go through
those topics in a sequential instruction. To the best of our knowledge, there is no
prior literature on such a systematic analysis of network science course contents.

The study presented in this chapter aims to collect and organize the information
about a number of existing network science courses, generate “maps” of their cur-
ricular structures, and identify a set of commonly used curricular contents and typi-
cal flows of instruction that connect those contents. Information about course
contents were extracted from the online syllabi or schedules of the network science
courses and were modeled as a directed weighted graph, to which several network
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analysis methods were applied to reveal underlying curricular structure. Potential
directions of further improvement of network science curriculum design are also
discussed based on the results.

2 Data Collection

We gathered information about existing network science courses from online
sources, using the following two websites as the main starting points: Complexity
Explorer https://www.complexityexplorer.org/ and Awesome Network Analysis
https://github.com/briatte/awesome-network-analysis. From these websites we col-
lected the syllabi or course schedules of several dozen English-based courses that
included topics related to networks. As our objective was to analyze the curricular
structure of “network science” as an interdisciplinary field of research, we excluded
the following types of courses from our analysis:

e Purely mathematical graph theory courses

» Statistics courses that only briefly included network analysis

e Courses on narrowly defined applications (e.g., political analysis, genomic
analysis)

e Special topics/seminar courses

As a result, we selected the 30 courses shown in Table 1 as the data sources for
our study.

Data collection was conducted manually by the author in April-May 2016.
Network science-related topics were extracted from each of the data sources and
were grouped by instructional modules shown in the syllabi/schedules. All of the
extracted topics were converted to lowercase letters without diacritics to facilitate
text processing. The topics were also often normalized/edited/reworded/aggregated
at the discretion of the author, to make the vocabulary consistent throughout the
analysis. The cleaned final data set (including the rewording rules used in this study)
is available from figshare [8].

3 Methods of Analysis

The topics and their curricular sequences extracted from the course syllabi/sched-
ules were initially represented as a directed multigraph by the following procedure
(also see Fig. 1): connect topics that appear in the same curricular module to each
other with bidirectional edges, to form a fully connected cluster of topics; and con-
nect topics covered in the previous module to those covered in the subsequent mod-
ule with directed edges, to represent curricular flows. These steps were repeated for
all curricular modules in all of the courses. After this edge construction process was
over, multiple edges that shared the same origin-destination pair were replaced by a
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Table 1 URLSs of 30 courses from which curricular information was collected for this study. The
original URLs used for data collection in April-May 2016 are shown here, some of which may
have been updated since then or may no longer be available. Note that some institutions are
represented multiple times in this list, while others appear only once. This may have a biasing
effect on the results of analysis
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single directed weighted edge with the multiplicity of the original edges as the
weight. The result was obtained as a single large directed weighted graph, which we
call the ropic network hereafter. This topic network was analyzed using several dif-
ferent methods.

First, the distribution of instructional attention/emphasis in the current network
science courses was characterized by measuring the absolute frequencies of appear-
ance of topics in the original data set. We did not use degree or other centrality
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Fig. 1 Schematic illustration showing how the edges in the topic network were created from
course syllabi/schedules. Left: an excerpt from a sample network science course syllabus (from
Mason Porter’s course https://www0.maths.ox.ac.uk/courses/course/28833/synopsis; also see [7]),
in which extracted topics are highlighted. Right: a subgraph of the topic network created from the
excerpt on the left. Topics that appear in the same curricular module were connected to each other
with bidirectional edges. Directed edges were also created from topics covered in the previous
module (top) to those covered in the subsequent module (bottom) to represent curricular flows. The
extracted topics were often normalized/edited/reworded/aggregated at the discretion of the author,
to make the vocabulary consistent throughout the analysis

measures in the topic network for this purpose, because, according to the procedure
of network construction used in this study (Fig. 1), each topic’s in- and out-degrees
are greatly influenced by the numbers of other topics in previous and next curricular
modules, respectively.

Next, all of the edges whose weight was two or below were removed from the
topic network, and only the largest strongly connected component was kept for the
rest of the analysis, in order to improve the robustness of the findings by focusing
on the essential main body of the topic network. Communities of topics were
detected by applying the modularity maximization method [2, 4] to the topic net-
work. Finally, the edge weights were inverted from the original ones so they would
represent distance (not strength) of connections, and then the minimum spanning
tree (i.e., a tree that reaches all of the nodes with the minimal sum of edge weights)
[5] of this weight-inverted topic network was computed to reveal typical flows of
instruction going through various network science topics. For all of these analyses
and visualizations, we used Wolfram Research Mathematica 11.1.1.
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4 Results

Figure 2 shows the top 20 topics that appeared most frequently in the collected
course syllabi/schedules. The topic “small-world networks” appeared most fre-
quently in our analysis, probably because this topic was covered widely in various
disciplines, including math/physics/computer science, social/economic/political
sciences, psychology/neuroscience, and some others. “Random networks,” “cen-
trality,” and other well-known topics are also represented in this list. A larger set of
topics is visualized as a word cloud in Fig. 3.

Figure 4 shows a visualization of the filtered topic network after edge weight
thresholding and extraction of the largest strongly connected component. High-
resolution versions of this and other visualizations are available from figshare [8].
While the original topic network included 505 topics, the filtered one included 121.
The latter was more focused on essential, frequently covered topics than the origi-
nal, and thus we used the filtered one for the rest of the analysis.Figure 5 shows the
communities of topics detected by applying the modularity maximization method to
the filtered topic network. Seven topic clusters were detected. Although character-
izing each cluster with an appropriate label was a challenging task, we reviewed the
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Fig. 2 Frequencies of the top 20 topics that appeared most frequently in the 30 course syllabi/
schedules (ties were included so a total of 23 topics appear in this chart). Note that all of the
extracted topics were converted to lowercase letters without diacritics to facilitate text processing
(this applies to the other figures as well)



e g S gy, ey, Bog, oo G 3 4 3
3 0 o%c? e Z‘C’en’%’@ % b ﬁcf%ég =
%0;99 /'a/"“d'c.oo”’ooaf%”go
A ONCVAL
1243 Men Clerentia) 6 5 %4 3
YCEE D) oSty ey 2ttachmen s, 5
:% 53 (9 914, (SN O ent+%«gy
255 =, = . o / N, O’ /‘@ e’h,‘ perc %
LB Pl N R N Q C 0/, it
0 g3 g, 6&09 @ Py @e fbp @ao, 4
1 HEENR 9 O] U, Ths 997 ¢
LS8 S NS O oy Yy, 5, %, 1 8
\8'F 6 NO $ 4SS A, iy
N EIE S & S & 08 atio, 2y 8
& 5 3 x iy
% % .'!l; eg 3.8 a' 0$ \g\o @ 6@9& "ﬁ\)ﬂes% #@49%& ,hode/o%?%
21/ 0 QT S5 Gt Op i I8
& {’;8 -\\:9 Q’Q, 'Q“e ,QNO(\(S’ 54 __§:‘ (4] _O
WIS/ LR O e S T g
s - ) O @
motifs bQ QJC)J@OO(G"’\;&'@Q\’?G“\!\; \§q¢§ é&g‘ és? ﬁ’“ q::
B Yol et o,é'b oy @
(§ £ £ @ﬂ'\(\% (O Ge,f & & Qf}go hiera-rzy
9 % o ¢
i E Lt rObUStnesSﬁ Qm:“’@w graph theory

Fig. 3 Visualization of topic frequencies in the 30 course syllabi/schedules as a word cloud. Font
sizes are set proportional to the square roots of topic frequencies

Fig. 4 Visualization of the topic network after edge weight thresholding. Only the largest strongly
connected component is shown. Edge weights are ignored to simplify the visualization
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content of each cluster and came up with the following characterization of the seven
clusters:

1. Examples of networks (middle-right). This cluster includes concrete examples of
networks, such as social networks, economic networks, biological networks,
technological networks, and information networks.

2. Network representation (bottom-right). This cluster includes fundamental con-
cepts and terminologies about representation of networks, such as basic network
components, adjacencies, path, degree, strength, etc.

3. Random networks (bottom-center). This cluster is the most dense and the most
difficult to label. It includes a wide variety of topics, and many of them had
strong connections to other communities. However, it uniquely includes several
major random network models (e.g., Erd6s—Rényi networks, small-world net-
works, Barabdsi—Albert networks, preferential attachment, etc.). Therefore we
tentatively call this cluster “random networks.” It is clearly the core part of this
topic community map.

4. Network structure (top-center). This cluster includes concepts about network
structure and tools to analyze it, such as clustering, path length, modularity, com-
munity detection, k-core, etc.

5. Centralities (top-right). This relatively small cluster has a clear focus on central-
ity measures.

6. Network dynamics (top-left). This cluster includes various dynamical concepts
that are typically discussed in dynamical systems, stochastic/probabilistic sys-
tems, and statistical physics, such as spreading/contagion, influence, and dynam-
ics on/of networks.

7. Others (bottom-left). This small cluster includes miscellaneous topics that do not
appear to have a common theme (e.g., learning, network games, temporal
networks).

The cluster of random networks occupies a central position in this map, to which
most other clusters are attached with varying degrees of connection strength. The
connections are particularly strong between random networks and network struc-
ture, as well as between random networks and network dynamics, indicating their
strong linkages in the core curricula of network science courses.

We compared the topic clusters identified above with the essential concepts gen-
erated by students and educators through the Network Literacy initiative [6, 9]
(Table 2). They matched reasonably regarding examples of networks, network rep-
resentation, network structure/centralities, and network dynamics. In the meantime,
the cluster of random networks does not have a counterpart in the essential concepts
list, probably because the topics covered in this cluster are somewhat at advanced
levels and may not be suitable for secondary education or general public. On the
other hand, the essential concepts about visualization and computer technology (4
and 5 in the second column of Table 2) were not well represented in the topic com-
munities seen in Fig. 5. This finding coincides with the fact that those two essential
concepts were suggested and emphasized by NetSci High [3] students, not by net-
work science researchers, when the Network Literacy booklet was developed [9].
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Table 2 Comparison between the topic clusters revealed in Fig. 5 and the essential concepts
developed in the Network Literacy initiative [6, 9]

Topic cluster detected | Essential concept given in Network Literacy Matched?

1. Examples of 1. Networks are everywhere Yes

networks

2. Network 2. Networks describe how things connect and interact Yes

representation

3. Random networks (missing) No

4. Network structure 3. Networks can help reveal patterns Yes

5. Centralities (covered in 3) Yes

(missing) 4. Visualizations can help provide an understanding of No
networks

(missing) 5. Today’s computer technology allows you to study No
real-world networks

(covered in 1?) 6. Networks help you to compare a wide variety of systems | Yes?

6. Network dynamics | 7. The structure of a network can influence its state and vice | Yes
versa

7. Others (coveredin7?) Yes?

This may indicate that the current curricular structure of network science courses is
likely not spending sufficient time or resource to cover computational tools and
visualization methods, even though they could be essential for students’ learning of
networks. A potential factor contributing to this gap may be that many of the courses
analyzed here are at advanced graduate levels, where computational methods and
visualization tools may not be part of the core curricular content.

Finally, Fig. 6 presents the minimum spanning tree of the topic network with
inverted edge weights. This map shows the curricular structure of network science
courses in greater detail with sequential relationships, revealing a possible “back-
bone” of curricular flows among various network science concepts. The root of the
tree is located near the right side of the map, starting with social networks. From
there, several curricular flows can be identified on this map. Details are explained
below with enlarged portions of the map, which turn out to bear a good correspon-
dence with the topic clusters detected in Fig. 5.

Figure 7 shows the right portion of Fig. 6, in which the root of the spanning tree,
social networks, is located in the middle. Two branches are shown in this figure, in
addition to another path going from the root leftward. The first branch (lower one)
includes topics such as technological networks, information networks, biological
networks, and real-world networks, which clearly correspond to the topic cluster of
examples of networks. The other branch (upper one) includes network data, com-
munity detection, partitioning, and other related topics, which could be summarized
as network structure, together with a few other topics that show up at the tip of the
first branch. This area of the tree appears to be an introductory part of the curricular
structure.

Figure 8 shows the central portion of Fig. 6, which is the busiest area in the
spanning tree where a number of new concepts and models are introduced. The
curricular flow that originated in the root comes from the right, and first goes
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graph partitioning
ROOt 1. dynamic communities
graph theory oy d%mnwmvﬂenbpanﬁbnlng /
- structure ;‘ﬂ hical divisive and agg} j

Examples of
networks

Fig. 7 Enlarged right portion of the spanning tree shown in Fig. 6. Two branches, covering exam-
ples of networks and network structure, extend from the root of the spanning tree

Diffusion &
influence

Small-world - networks

ing
emic spreading
1 approximation

Scale-free networks &
network growth

Fig. 8 Enlarged central portion of the spanning tree shown in Fig. 6. The curricular flow originat-
ing at the root (not shown in this figure) comes from the right, goes through random networks, then
reaches small-world networks. From there several outgoing branches emanate, including scale-
free networks & network growth and diffusion & influence; the latter is followed by network games
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through random networks, where purely random network models such as Erdds—
Rényi models and configuration models are introduced. Then it reaches small-
world networks that serve as the crux of the whole spanning tree. The observed
importance of the small-world networks in the curricular flow agrees with its high-
est frequency seen in Fig. 2. From there, several different flows branch off toward
various subtopics, most notably scale-free networks & network growth that goes
down to the right. Other topics shown in this figure are diffusion & influence and
network games to the left.

Figure 9 shows the bottom portion of Fig. 6 that can be summarized as a single
branch about network representation, where fundamental concepts and terminolo-
gies about representation of networks are covered, such as degrees, strengths, adja-
cencies, unweighted/weighted networks, path, diameter, and bipartite networks.

Figure 10 shows the top portion of Fig. 6, which includes a branch for centrali-
ties and another branch for network structure. Together with the bottom branch
shown in Fig. 9, these three branches cover various topics about theories and meth-
ods of structural analysis of networks.

Finally, Fig. 11 shows the left portion of Fig. 6, which can be considered a large
branch of network dynamics. Extending from diffusion & influence in Fig. 8, this
branch covers topics such as epidemic spreading, phase transitions, robustness, per-
colation, and dynamics on/of networks. It is apparent that this area is predominantly

Network

representation | basic concepts

[diameter

% path

| adjacency,maigK oonents
e o

hetwo '
1 biparie RERNlign of networks
L Tu-?"fﬂ

Fig.9 Enlarged bottom portion of the spanning tree shown in Fig. 6. This branch includes various
topics about network representation
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Centralities

Network
structure (2)

Fig. 10 Enlarged top portion of the spanning tree shown in Fig. 6. This portion first creates a
major branch of centralities and then creates another on network structure that covers topics such
as assortativity, modularity, and community structure

oriented to dynamical systems, stochastic/probabilistic systems, and statistical
physics, where many advanced concepts, theoretical models, and analytical meth-
ods are discussed.

Overall, the examination of the spanning tree illustrated the following steps as a
potential curricular flow of network science courses:

1. Start with examples of networks (e.g., social networks), with some basics of
network structure.

2. Introduce random networks and small-world networks.

3. From there, take any of the following subtopic paths depending on the objective
and need of the course:

(a) Scale-free networks and network growth
(b) Network representation

(c) Centralities

(d) Other topics on network structure

(e) Network dynamics

Needless to say, this presents nothing more than just one example of a number of
possible instruction designs in teaching network science. Many of the courses
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Fig. 11 Enlarged left portion of the spanning tree shown in Fig. 6. This portion, coming from dif-
fusion & influence in Fig. 8, includes a wide variety of topics about network dynamics, such as
epidemic spreading, phase transitions, robustness, percolation, and dynamics on/of networks

included in the dataset of this study adopted a curricular flow substantially different
from the one shown above (e.g., see [7]). The curricular flow of a specific course
should be carefully custom-designed according to the objective and scope of the
course, the academic level and background of students, time/resource constraints,
and many other variables.

5 Conclusions

In this study, we constructed and analyzed networked maps of topics covered in 30
existing network science courses. The communities identified in the topic network
revealed seven major topic clusters: examples of networks, network representation,
random networks, network structure, centralities, network dynamics, and others.
These detected clusters showed a reasonable level of agreement with the essential
concepts identified in the Network Literacy initiative, although the importance of
visualization and computer technology was not well represented in the current net-
work science courses. This presents potential room for instructional redesign;
increasing the time and resource allocated for visualization and computer technology
may improve students’ learning of networks.
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We also computed the minimum spanning tree of the topic network to elucidate
instructional flows of curricular contents. This analysis revealed a more fine-grained,
directed structure of the topic network, in which a typical flow of instruction starts
with examples of networks, moves onto random networks and small-world net-
works, and then branches off to various subtopics from there. This directed topic
map will be useful for instructors to navigate through various network science top-
ics and design their own curricula when teaching network science. We hope that the
results presented in this chapter offers the first step to illustrate the current state of
consensus formation (including variations and disagreements) in the network sci-
ence community, on what should be taught about networks and how. They may also
be informative for K—12 education and informal education as well, when educators
and students explore network science topics to choose relevant teaching/learning
materials for their needs.

It should be noted that our results depend on the specific choices we made about
data sources and data cleaning/analysis methods, which were not fully validated in
an objective manner. Conducting a similar analysis using different sources and
methods may thus produce significantly different maps of curricular contents.
Moreover, as the educational effort of network science has been growing rapidly
[10], new courses are continuously created and offered with new topics, instruc-
tional designs, and methodologies each year. We suggest that the network science
community should continue modeling and analyzing the curricular structure of net-
work science courses in the coming decades, to develop, assess, and adjust effective
teaching strategies and methods for this quickly evolving field of interdisciplinary
research.

Acknowledgments The author thanks Mason Porter for reviewing the earlier version of this
chapter and providing many valuable comments and suggestions, which have significantly helped
improve the content.
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Pay, Position, and Partnership: Exploring
Capital Resources Among a School District
Leadership Team
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Alan J. Daly, Yi-Hwa Liou, and Peter Bjorklund Jr

1 Introduction

Capital assets are consequential to individuals’ income attainment, particularly
around the interplay between human and social capital [1]. Among these capital
assets, prior studies indicate that social capital plays a greater role than human capi-
tal in determining the level of income [2]. The effect of human capital (e.g., senior-
ity, years of formal education, work-related experience, etc.) on the salary is minor
when individuals have access to social capital [ibid]. This view of income attain-
ment underscores the crucial role of social capital, which posits that people’s per-
sonal network of connections, interpreted as her/his social capital resources [3, 4],
is an important means to their chances for improved life outcomes such as labor
market opportunities and socioeconomic status. Simply stated, people have access
to many more choices and opportunities when they have better relational resources
at their disposal [2]. Therefore, the structure of individual networks deserves further
investigation in order to better understand the interplay between network position
and income as well as the implications for resource allocation in a social system
with limited and competitive resources such as a school district.

Studies in economics and social psychology identify several factors that are
related to income level as well as network position. However, the link between
income, social network position, and factors that may contribute to individual out-
comes is limited. In this chapter, we aim to address this gap by exploring the rela-
tionships between social network position, income, organizational commitment,
and gender. The latter two factors are significant to social embeddedness of
individual actors, meaning interpersonal interactions may be related to a person’s
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sense of commitment, belonging, and demographics [5]. Specifically, we will exam-
ine differences in network position as related to the level of income, organizational
commitment, and gender. Our data comes from a group of school principals work-
ing in a midsized public school district in southern California that serves a large
student population within a socioeconomically, racially, and linguistically diverse
system. This chapter will add to the existing knowledge base regarding social net-
works in education. In the next section of the paper, we will describe our conceptual
framework with a brief discussion of the concept of intellectual capital and its rela-
tion to commitment, income, and gender. We will then explain the data and methods
of the study, followed by the results section, and then we will close with a discus-
sion of our findings.

2  Conceptual Framework

2.1 Intellectual Capital

The concept of intellectual capital derives from theories of social networks and
social capital [6]. It has been used in fields such as business entrepreneurship, social
media, politics, and communication. Across the disciplines and research, it is com-
monly understood that individual actors develop, maintain, or accumulate social
capital by accessing relational resources that are embedded in their personal net-
work [7-9]. Individual actors interact with others in the network for various pur-
poses (e.g., friendship, social support, work-related information, etc.), and they
form and/or dispose of their ties with others. This process of interaction places
actors in certain positions within networks, which is consequential to the develop-
ment of their intellectual capital. In this regard, two major concepts of intellectual
capital deserve greater attention: relational ties and resulting network position.
Relational ties between actors can be regarded as multiple channels and opportu-
nities in which resources (e.g., support, advice, knowledge, and information) travel
across the network [7]. Ties that are mutual are considered reciprocal. Reciprocal
ties allow for the efficient transmission of more tacit and complex knowledge and
information [10]. These mutual ties help create trust and strengthen social bonds
[11, 12], but the flow of resources between ties is also susceptible to stagnation, as
information may circulate back and forth within the closed circle of mutually con-
nected actors, create redundancy, and limit the creation of new knowledge [3].
Network position refers to a specific set of incoming and/or outgoing relational
ties an actor has within a social network [13]. Actors who occupy better network
positions are better able to access and mobilize relational resources [7]. Several
types of network positions have been studied in earlier work such as brokers and
central actors, each with its purpose of connection and communication. This study
attempts to explore the degree of actor connectedness and its relationship to income.
We focus on “closeness” of an actors’ network position as it measures both the
quantity and quality (distance) of ties an actor has. Actors with greater closeness are
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those individuals who possess the capacity to efficiently and quickly connect with
others due to their pattern of relationships and thus occupy advantageous network
positions. Greater closeness is associated with power and influence, [14-16], as
well as goal attainment and reputational effectiveness of organizational members
[17,18].

2.2 Salary and Social Network Position

Individual salary is associated with investment in human capital as one develops and
accumulates knowledge, skills, and ability he/she may qualify for corresponding
higher paying careers in organizations [19, 20]. Investment in human capital is usu-
ally measured by education degree, seniority, and work experience [2], and often
supports career advancement when coupled with social capital [1], and, as a result,
the return on investment in human capital may be associated with increased income
from work [19-21].

According to Bourdieu [22] and Coleman [4], social capital provides opportunity
to garner returns from the application of human capital. For instance, parents with a
greater volume of social capital assets can provide better educational opportunities
for their children [4], which may increase the child’s opportunity to obtain a high-
pay position in the future (social mobility). Another example has to do with one’s
social contacts in job searches. Networks of important contacts often require a cer-
tain level of educational background, work status, and experience. Individuals who
are able to develop social ties/contacts with important actors who occupy good posi-
tions in their field have an advantage when searching for a new job. People with ties
are more likely to share these “important” social contacts with one another [23]. The
expansion and use of social ties or contacts may increase in both intellectual and
financial capital.

Beyond finding new jobs, higher levels of social capital are often related to
recruitment for managerial positions [1]. This is because actors with strong ties
share higher levels of trust as well as similar norms and beliefs, based on which
employers would consider these actors to be loyal and reflect or reinforce the social
norms of their close-knit group [1]. Hiring from strong ties may facilitate the
exchange of resources and also mitigate potential risk in a partnership, in that the
employers and job applicants share mutual trust [24]. Applicants with strong ties
with employers possess bargaining power for wages and benefits from this vantage
point [25]. As such, building cohesive networks of strong ties is likely to be the
means to obtain and sustain a high salary in compensation for the trustworthiness of
applicants [1]. This research underlines the important role of intellectual capital.
Given that intellectual capital may be determinant of individual actors’ job title and
resulting salary in a host of organizations and fields, it is reasonable to assume this
is the case for the leadership position in education. Therefore, we hypothesize that
school principals with higher salary are more likely to possess central network
positions and mutual ties (hypothesis 1).
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2.3 Organizational Commitment and Network Position

Organizational commitment has long been studied in social psychology and busi-
ness [26-29]. Despite various approaches to understanding the concept, organiza-
tional commitment can be generally defined as a psychological state that is
associated with the degree of individuals’ attachment/bond to her/his organization
[28, 30, 31]. Committed employees have a stronger desire to stay in the organization
[ibid], whereas less committed employees are likely to display withdrawal behav-
iors (e.g., absenteeism) and leave the organization [32]. A strong commitment from
employees helps increase one’s sense of belonging and self-fulfillment [29], job
performance and productivity [33], contribution to organizational innovation [34],
and reduce organizational turnover [35]. This research examines the commitment
from a social psychological model using constructs like sense of work-related com-
petence, group cohesiveness, and work autonomy. Moreover, some scholars corre-
late commitment with job involvement, job satisfaction, or job stress. Among the
extensive literature, the dominant approach to studying organizational commitment
treats the concept as a social psychological construct. However, this approach has
not sufficiently addressed the “social” aspect among organizational members, given
that individuals are embedded within social relationships in her/his organization
[36, 37]. This chapter attempts to address this missing link between organizational
commitment and social networks.

Network scholars posit that social ties act as relational sources of organizational
commitment that bond employees to their organization [38]. Individuals’ sense of
commitment is generally formed through the desire to accomplish tasks and achieve
goals by interacting and collaborating with other organizational members [39-42].
In this regard, organizational commitment is influenced and can be shaped by in the
exchange/interaction nexus among organizational members. A number of earlier
studies examined the relationships between social embeddedness and organiza-
tional commitment. For instance, Roberts and O’Reilly [43] found that employees
who were disconnected with other members in an organization’s communication
network were less satisfied with their work environment than those that are well-
connected. Similarly, Brass [44] found that employees possessing central network
positions reported less satisfaction with their job. Krackhardt and Porter [45] found
that employees who left the organization tended to possess similar network posi-
tions (e.g., shared social group) in an organization’s communication network, sug-
gesting an association between organizational commitment with network position
[46]. Other researchers point to the fact that individuals dissimilar to the rest of the
team members tend to exit the team [47]. McPherson, Popielarz, and Drobnic [48]
suggested that actors with strong ties (mutual confiding) are less likely to leave a
group. Given the interplay between individuals’ sense of organizational commitment
and their social network positions, we hypothesize that school principals with
higher levels of organizational commitment are more likely to possess central net-
work positions and mutual ties (hypothesis 2).



Pay, Position, and Partnership: Exploring Capital Resources Among a School District... 121
2.4 Gender and Network Position

Literature across various disciplines indicates that gender differences in resources
and rewards is due in large part to social network position, access to power and
resources, and social embeddedness (e.g., Hultin and Szulkin [49]). This literature
has shown that females and males have differential access to networks of social con-
tacts and power resources, which in turn affect the mobilization and distribution of
power, position, and payment in organizations [12, 50, 51]. This gender differentia-
tion is also based on the assumption that people with same gender are more likely to
form/share social ties than with people of a different gender [52—-54] and that same-
gender work ties tend to be more frequent than different-gender ties [11, 12, 55].

Network literature further demonstrates gender differentiation on social network
position. According to the principal of homophily [56], same-gender actors tend to
form ties and cohesive groups in that such demographical similarity reduces cogni-
tive dissonance, facilitates communication, and in turn helps establish mutual trust
and reciprocity [11, 12]. Studies have shown that women are more likely than men
to engage in social relationships [57] and that men are more likely than women to
establish professional social contacts at and for work [58, 59]. Furthermore, women
are found to be less central than men in organizational networks of power and
authority in which important decisions and policies are made [51]. In this regard,
women may have less professional support at work in an organization in which men
represent authoritative figures and dominate the power in decision-making. Given
gender similarity in the occurrence of interpersonal relationships and that men are
more likely than women to establish professional networks of work-related contacts
[51, 60], we hypothesize that male principals are more likely than female principals
to occupy central network position and possess mutual ties (hypothesis 3).

3 Data and Methods

3.1 Sample and Context

This study is part of the larger district-wide research project that attempts to under-
stand the alignment between reform efforts and the goals of the district. The present
study focuses on the role of school principals as they have direct and indirect influ-
ence on school outcomes [61]. The sample of this study includes 29 school princi-
pals in one urban fringe school district that serves disadvantaged student populations
in socioeconomic background, race/ethnicity, and English language learning status
in California. We selected this district as it provides a state-level representative case
that reflects the demographic composition of general school districts in California.
The district has undertaken a series of improvement efforts with an aim to cultivate
a district-wide collaborative community and to achieve innovation. One common
leadership practice is the ongoing monthly leadership team meetings in which all
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district and site leaders gather together to discuss goals, strategic plans, and prog-
ress for improvement. It is expected that the leadership team serves as the board of
directors of the district organization and that the school principals would work as a
team on a regular basis in communicating, collaborating, and exchanging ideas/
practices that are tailored to meet the goals of the district.

Of all the 29 principals, 62.1% were female and 72.4% were White, and more
than half of the principals had a master’s degree. Regarding experience, about two-
thirds of the principals were classroom teachers for more than 17 years and have
been administrators for more than 6 years. In terms of annual base income, more
than two-thirds of the principals receive more than approximately one hundred
thousand dollars per year. The sample demographics are presented in Table 1.

3.2 Instruments

We collected data in 2013 from the 29 school principals that included their percep-
tions of organizational commitment, a set of social network data with regard to the
degree of their connectedness with their principal colleagues, and demographic

Table 1 Sample Freq. %o
demographics of school Gender
principals
Female 18 62.1
Male 11 37.9
Race/ethnicity
Hispanic/Latino 4 13.8
White 21 72.4
Multicultural 4 13.8
Degree
Masters 6 20.7
Masters+30 16 55.2
Doctorate 3 10.3
Years of being an educator
<16 years 9 31.0
17-20 years 10 34.5
>21 years 10 34.5
Years in administration
<5 years 9 31.0
6-9 years 10 34.5
>10 years 10 34.5
Annual base income
<91,000 8 27.6
92,000-110,000 11 37.9
>111,000 10 34.5
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information such as gender and years of experience. We also collected data that
showed each principals’ annual income from publicly available databases on
Transparent California. We use individual leader’s total pay plus benefits as their
annual income base.

Social networks We collected data about the relationships among site leaders
using a social network survey. Based on earlier work [62], we developed and vali-
dated network questions that would assess the principal networks with regard to
leadership advice and work recognition. We asked participants to assess the fre-
quency of interaction with other principals “to whom do you go to for advice on
how to strengthen your leadership practice?” (leadership advice (LA) network) and
“by whom do you get recognized for your efforts?” (work recognition (WR) net-
work) on a four-point frequency scale (1 =few times a year to 4 = daily). Respondents
could indicate with whom they seek leadership advice and by whom they receive
work recognition by selecting any of the names of their fellow principals from a
roster of names of other principals in the district and assessing corresponding fre-
quency of interaction with each nominee. A bounded approach is appropriate as the
current study is focused on the degree of connectedness within a finite network of
principals [63]. Further, as we attempt to explore principals’ network position along
with factors that may be attributing to the position, we focus on two-plex network
relation and its resulting network position. The two-plex relation, which we refer to
as LAWR relation in this chapter, indicates a joint phenomenon in which a leader-
ship advice coexists with a work recognition in the same direction. For instance, if
principal A receives a LAWR tie from principal B, this indicates that A is regarded
by B as a provider of both leadership advice and work recognition. We argue that
such relation may represent a certain degree of important relational ties and will
allow us to explore relationships between principals’ network position, income, per-
ceived organizational commitment, and gender. In addition, we focus on the weekly
interaction among these principals at leadership team meetings as they are expected
to lead as an instructional leader and encouraged to collaborate on a regular basis
with capacity to exchange leadership practice. Such frequent interaction around
instructional leadership practice better suits the study context and thus would pro-
vide more relevant insight into principal collaboration as compared to the least fre-
quent interaction such as yearly meetings.

Organizational commitment (OC) We used the organizational commitment
scale developed by Bryk and Schneider [64] to suit the study context. The scale
consists of five items on the same six-point scale. A sample item is, “I feel loyal
to the district.” Principal component analysis with promax rotation yielded a sin-
gle factor solution that explained 74.8% of the variance with Cronbach’s alpha of
0.90. The items and factor coefficient of organizational commitment are summa-
rized in Table 2.
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Table 2 Items, factor loadings, and reliability (Cronbach’s alpha) of organizational commitment

Item Factor loadings
Organizational commitment (@ = .90)

1. I feel loyal to the district 92

2. I usually look forward to each working day at the district .90

3. I would recommend the district to parents seeking a place for their child .86

4. 1 wouldn’t want to work in any other districts .83

5. I am committed to the programs and initiatives that enhance teaching .81

and learning

4 Data Analysis

We analyzed the relationships between individual principals’ salary, their network
position, and perceptions of organizational commitment in four steps. First, we used
descriptive statistics including the network centrality measures to characterize the
study sample. Second, as we are interested in two types of network relation (leader-
ship advice and work recognition), we first employed quadratic assignment proce-
dure (QAP)! to test the degree of correlation between leadership advice network and
work recognition network. We then tested the correlation variables to explore the
relationship between salary with network centrality measures and organizational
commitment. Third, we created a set of sociograms to illustrate the relationships
between principal network positions and their income and perception. Finally, this
was followed by the factorial ANOVA analysis with a particular focus on the net-
work position of principals in the two-plex network (LAWR) to test the association
among gender, income, and organizational commitment with the principals’ net-
work position.

Social networks: two-plex ties and network position As we are interested in
understanding the principals’ network position formed by both advice-seeking and
work recognition ties (two-plex relation), we examine their social position in such
two-plex network in which a tie between any connected two principals represents
the relation of both leadership advice and work recognition (LAWR). This two-plex
approach, as opposed to uni-relation, allows the study to gain an in-depth under-
standing about not only the quantity of connections but also the strength of a tie that
a principal has.

'Quadratic assignment procedure (QAP) is designed to test the statistical significance for social
network data that is interdependence in nature. Unlike parametric statistical techniques, which
assume observations that are analyzed are independent of one another, QAP is a nonparametric
technique with no assumption of independence between observations. While using parametric
statistics for social network data violates the assumption of independence, QAP is a suitable ana-
Iytic strategy to test the statistical significance of social network data that are interdependent to one
another. More information about QAP can be obtained from Hanneman and Riddle’s (2005)
tutorial.
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In terms of identifying network position, we calculate key network centrality
measures using the UCINET 6.0 software package [65] to quantify the degree of
actor level connectedness that allows the study to interpret individual leaders’ net-
work position. We calculate closeness centrality and ego-reciprocity at the actor
level to indicate the centricity of individual actors and the quality of ties. A recent
study suggests the importance of closeness centrality in relation to educational lead-
ers’ advice-seeking behaviors in better facilitating the flow of resources across the
network [8]. We thus calculate the closeness centrality particularly in an actor’s
incoming form, namely, incloseness, partly because advice-seeking behavior tends
to be directional, as many of the network studies suggest [8]. When it comes to
directionality of ties, it is important to consider the interpretation of ties and corre-
sponding actor position. Since one’s income may have to do with her/his recogniz-
able status of performance among social peers [66], for our study it is more
meaningful to investigate the level of recognized importance or popularity among
network members. As such, incloseness serves a more suitable index to indicate an
actor’s quality network position than the outgoing ties of an actor. Incloseness of an
actor nl refers to the degree of normalized number of the shortest distances/paths
required for the other actors to access actor nl in a directed network. The inclose-
ness of a principal in the present study corresponds to the proportion of the shortest
path of incoming ties received from other principals. The normalized incloseness
range is between 0 and 1. The greater the incloseness index, the more closely con-
nected an actor is in relation to all other actors within a network. Thus, the informa-
tion flow among actors of greater closeness tends to be more efficient, meaning it
reaches larger segments of the network, than those of lower incloseness. In this
manner, we may regard the incloseness of a principal as an index of the “quality”
and “efficiency” of that principal’s social status in accessing and disseminating
leadership advice and work recognition.

In addition, in a team-based environment in which there is less hierarchical struc-
ture in roles and responsibilities, reciprocated ties with regard to mutual apprecia-
tion of others’ efforts foster collaboration [22, 67, 68]. As such, network measure of
ego-reciprocity serves as another important index to understand individual princi-
pals’ position in the LAWR network. The ego-reciprocity of a principal refers to the
proportion of reciprocated ties the principal has with others over all possible recip-
rocated ties across the network. Both actor incloseness and ego-reciprocity are pre-
sented in a form of percentage.

Descriptives and correlations We calculated descriptive statistics for the scale
that measures organizational commitment and for network centralities. The QAP
correlation between LA and WR networks indicates a statistically significant but
weak correlation (r = 0.39, p < 0.001), suggesting that LA and WR each measures
its idiosyncratic relationship and thus would yield added value in the two-plex
network. We therefore examined the principal network position (incloseness and
ego-reciprocity) in the LAWR two-plex network in the correlation analysis.
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Factorial ANOVA analysis As we attempt to explore the association between the
study variables and the network position of principals, we conducted factorial
ANOVA analysis to test the effects of gender, income, and perceived organizational
commitment on the principals’ position (i.e., incloseness and ego-reciprocity) in the
LAWR network. We primarily focus on gender and income as key demographic
variables instead of experience, in that individual principals’ income is highly cor-
related with their years of being an educator, in administration, and in current posi-
tion. As such, we may consider income as a proxy measure of individual principals’
human capital as defined by one’s years of experience.

5 Results

5.1 Descriptive Statistics

Our descriptive statistics (see Table 3) suggest a number of patterns of the principal
position in the LARW network. In the LAWR two-plex network, individual princi-
pals were nominated by 5% of their principal colleagues as a leader who provides
leadership advice and work recognition (SDyawr incloseness = 0-91). Additionally, an
average of 17% of a principal’s LAWR ties was reciprocated (SDy awr reciprocity = 0.21),
meaning that individual principals tend to engage in 17% of their relationships in
mutually exchanging leadership advice and work recognition with others. In terms
of leaders’ perception, overall, the principals perceived higher levels of organiza-
tional commitment on a six-point scale with mean scores of 5.02 (SD = 0.94).

5.2 Visualizing LAWR Network of Principals

We provide a few sample network sociograms to illustrate the relationship among
study variables such as income, network position, and perception of organizational
commitment. Figure 1 presents the LAWR network of relationships between

Table 3 Descriptive statistics

‘ Min. Max. Mean ‘ SD

Demographics

Years of being an educator 6.50 33.00 19.87 6.87

Years in administration 1.50 20.00 8.48 5.31

Annual base income 30829.85 127872.70 93873.34 26407.23
Perception

Organizational commitment 2.20 6.00 5.02 0.94
Network position

LAWR incloseness 3.45 6.01 5.09 0.91

LAWR ego-reciprocity 0.00 0.67 0.17 0.21
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Fig. 1 LAWR network of relationship between pay and position. Note: Nodes are individual prin-
cipals. Lines are the exchange of LAWR relationship. Nodes are colored by level of salary:
orange = higher salary and navy = lower salary. Nodes are sized by level of incloseness: the larger
the greater incloseness

individual principals’ annual income and their network position in terms of degree
of incloseness. Nodes in Fig. 1 are individual principals and are colored by level of
income, with orange representing higher income and navy representing lower
income. The cutoff point for high and low income is the mean annual income for
principals in the district. Nodes are further sized by degree of incloseness—nodes
with larger size representing the greater incloseness. Lines in Fig. 1 are directional,
indicating the relationship between any two connected principals in seeking, pro-
viding, or reciprocating leadership advice and work recognition. Figure 1 shows
that principals with higher annual income (orange nodes) are on average less likely
to have closely connected network positions with their principal colleagues. This is
particularly obvious for the cluster on the lower left corner in which there are five
higher income principals who are of the lowest level of incloseness and discon-
nected from the main network.

Furthermore, we present another network to take into account the principals’
perceptions of organizational commitment (OC) (Fig. 2). In Fig. 2, nodes and lines
remain the same as Fig. 1, but the nodes are now grouped by level of income—
higher income on the right and lower income on the left. Additionally, node color is
now changed by level of OC perception—light green representing higher
OC. Building on the preliminary findings from Fig. 1, Fig. 2 further indicates that
the principals with higher income tend to be less well-connected but also perceive
themselves as less committed to their school organization. This is reflected in the
fact that only 2 out of 15 higher income principals perceive higher OC (13%),
whereas 8 out of 14 principals from the lower income group perceive themselves as
being committed to their school (57%).
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Lower Salary Higher Salary

Fig. 2 LAWR network of relationship among pay, position, and organizational commitment.
Note: Nodes are individual principals. Lines are the exchange of LAWR relationship. Nodes are
grouped by level of salary: on the right = higher salary and on the left = lower salary. Nodes are
colored by level of OC: light green = higher OC and gray = lower OC. Nodes are sized by level of
incloseness: the larger the greater incloseness.

In sum, our preliminary findings from the network sociograms indicate potential
differences in principals’ annual income between different network positions and
perceptions of OC. The following findings from our analysis will confirm these
results.

5.3 Income, OC, Gender, and Network Position of Actor
Incloseness

Figures 3 and 4 present the findings for actor incloseness while taking into account
principals’ income, perceived OC, and gender. Regardless of gender, Fig. 3 indi-
cates a significant but negative difference in mean actor incloseness between higher
income and lower income groups (p < .05). This suggests that principals with lower
income are more closely connected to other principals in providing leadership
advice and work recognition. Furthermore, while there was no significance in mean
incloseness between different OC groups, for the lower OC group, we found a sig-
nificant but negative difference in mean actor incloseness between higher income
and lower income groups (p < .05). That is, for those principals who perceived
themselves as being less committed to their schools, the difference in their network
connectedness between income groups is significant with lower salary principals
reporting higher incloseness.
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Fig. 3 Estimated marginal means of LAWR incloseness by salary and organizational commitment
(OC). Note: The difference in mean actor incloseness between higher and lower salary is signifi-
cant (p < .05). For lower OC, the difference in mean actor incloseness between higher salary and
lower salary is significant (p < .05)
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Fig. 4 Estimated marginal means of LAWR incloseness by salary and gender. Note: The differ-
ence in mean actor incloseness between higher and lower salary is significant (p < .05). For male,
the difference in mean actor incloseness between higher salary and lower salary is significant
(p<.001)

Regardless of perceived OC, the finding of difference in mean incloseness
between different income groups is still the same as the finding in Fig. 3. However,
when taking into account gender (Fig. 4), we found a significant but negative differ-
ence in the male group in terms of the mean actor incloseness between principals
with higher and lower income (p < .001). That is, male principals’ network position
is subject to their income level—male principals with higher income are /ess well-
connected with other principals in providing leadership advice and work recogni-
tion than those male principals with lower income.
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5.4 Income, OC, Gender, and Network Position
of Ego-Reciprocity

Figures 5 and 6 present the findings for ego-reciprocity and its relationships between
principals’ income, perceived OC, and gender. Regardless of perceived OC and gen-
der, overall the difference in mean ego-reciprocity between higher income and lower
income is significant and negative (p < .05). This suggests that principals with higher
income, as compared to lower income group, are less likely to reciprocate the rela-
tionship of providing leadership advice and work recognition with other principals.
This pattern of relationship between principals’ network position in terms of ego-
reciprocity and their income is similar to their closeness. As we compare different
perceptions of OC with their network position (Fig. 5), we found a significance in the
higher OC group between different income levels. That is, for those principals who
perceived themselves as being committed to their school, their network position
formed by reciprocal ties is subject to their income level. In other words, those prin-
cipals with relatively lower income but higher in their perception of commitment are
more likely to mutually exchange leadership advice and work recognition.

As we compare gender with their network position (Fig. 6), the difference in
mean ego-reciprocity between male and female is significant (p < .05). Male princi-
pals (mean ego-reciprocity = 0.27), as compared to female principals (mean ego-
reciprocity = 0.11), tend to have larger proportion of reciprocal ties with other
principals in exchanging leadership advice and work recognition. Furthermore,
when taken into account their income levels, this male principals’ network position
in terms of ego-reciprocity varies significantly (p < .01). In other words, those male
principals, despite with relatively lower income, were able to engage in more mutual
relationships with other principals than other male principals with higher income.

All Principals
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0.50

0.40

0.32

0.30

2
0.20 0.20

Ego-Reciprocity

o
e
o

-0.00
Higher OC Lower OC

M Higher salary M Lower salary

Fig. 5 Estimated marginal means of LAWR ego-reciprocity by salary and organizational commit-
ment (OC). Note: The difference in mean ego-reciprocity between higher and lower salary is sig-
nificant (p < .05). For higher OC, the difference in mean ego-reciprocity between higher salary and
lower salary is significant (p <.05)
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Fig. 6 Estimated marginal means of LAWR ego-reciprocity by salary and gender. Note: The dif-
ference in mean ego-reciprocity between higher and lower salary is significant (p < .05). The dif-
ference in mean ego-reciprocity between male and female is significant (p < .05). For male, the
difference in mean ego-reciprocity between higher salary and lower salary is significant (p < .01)

5.5 Higher Income, OC, Gender, and Network Position

As we split the principals by income level, we found a few significant findings that
are noteworthy. Figures 7 and 8 present the findings for high-income group of prin-
cipals. For the high-income group, OC did not make any significant difference in
influencing principals’ network position. However, female principals with higher
income are more well-connected with other principals than male principals in terms
of incloseness connectivity (Fig. 7).

5.6 Lower Income, OC, Gender, and Network Position

While OC was not significantly associated with principals’ network position in the
higher income group, it was one key element in differentiating whether a principal
with lower income level engages in more mutual exchange activity, especially for
male principals (Figs. 9 and 10). For lower income group, degree of connectedness
was not significant for gender and OC (Fig. 9). However, when it comes to mutual
exchange (Fig. 10), we found that on average male principals (ego-reciprocity lower
income male = 0.37) significantly engaged in more reciprocal activities than female
principals (ego-reciprocity lower income female = 0.15). Of these male principals,
despite received relatively lower income, those with higher OC (ego-reciprocity
lower income, higher OC = 0.56) are significantly exchanging approximately three
times as many mutual ties as those with lower OC (ego-reciprocity lower income,
lower OC = 0.19). This suggests that being committed to school organizations is
critical for principals to make a significant effort for sharing, exchanging work-
related advice for collaboration without a greater monetary incentive.
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Fig.7 Estimated marginal means of LAWR incloseness by gender and OC for higher salary. Note:
There is no significance in mean actor incloseness between higher OC and lower OC. The differ-
ence in mean actor incloseness between male and female is significant (p < .05)
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Fig. 8 Estimated marginal means of LAWR ego-reciprocity by gender and OC for higher salary.
Note: There is no significance in mean ego-reciprocity between higher OC and lower OC

6 Discussion and Conclusion

In this chapter we examined the relationship among principals’ network position,
organizational commitment, and gender in a midsized urban fringe public school
district. The main findings indicate a number of differences in principals’ network
position by their annual income and gender. Specifically, we found that principals
with lower salary received more nominations by other principals perceiving them as
providers of leadership advice and work recognition and that male principals had
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Fig. 9 Estimated marginal means of LAWR incloseness by gender and OC for lower salary. Note:
There is no significance in mean actor incloseness between higher OC and lower OC. There is no
significant difference in mean actor incloseness between male and female
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Fig. 10 Estimated marginal means of LAWR ego-reciprocity by gender and OC for lower salary.
Note: There is no significance in mean ego-reciprocity between higher OC and lower OC. For
gender, the difference in mean ego-reciprocity between male and female is significant (p < .01).
For male, the difference in mean ego-reciprocity between higher OC and lower OC is significant

(p<.01)

more mutual ties than female principals in exchanging/reciprocating leadership
advice and work recognition. The former finding is counterintuitive to the existing
understanding of salary and network position which suggests that central actors in
an organization’s power structure tend to have higher salary as they possess a van-
tage point of bargaining power for wage and benefits. Our finding indicates the
opposite that the principals with lower salary are often regarded as providers of
leadership advice and work recognition. As salary is highly correlated with
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seniority in the organization, as in our case, this finding also indicates that principals
with fewer years of working in the position tend to be the central figures in the
LAWR network. This may be due in part to the district’s efforts around creating a
nurturing, collaborative, and trusting culture of innovation. As a result, less experi-
enced principals were not constrained by the district’s existing routines and were
able to exert their leadership practice and express novel ideas and as such were more
likely to be regarded as the sources of advice and recognition.

Second, the latter finding confirms previous studies that indicate a dominating
and central role of males in organizational network structures, especially for those
employees with higher-rank positions (i.e., managers and executive leaders) and
that same-gender ties tend to be reciprocal. Our study corroborates the reciprocal
nature of such ties among male principals. This could be because male leaders are
more inclined to build and sustain professional ties at work and for work purposes
than female leaders, whose ties tend to be more social driven. As such, ties among
male leaders would be more reciprocal. Building on this finding, our results further
indicate this pattern of reciprocal ties—for male as opposed to female principals—
is especially significant when they are in a lower salary pool. This reinforces the
notion that male leaders are more likely to establish strong work ties despite the fact
that their salary is relatively lower than their colleagues. This pattern of strong ties
among male leaders might be even more conspicuous, particularly in organizations
where men occupy the dominating leadership positions such as superintendent,
managers, presidents, or coordinators, as in the study school district.

As for female leaders, contrary to the notion of the central role of male leaders,
our findings indicate a central role of female principals when compared in the higher
salary pool. Earlier studies indicate that in organizations where there are no or only
a few women in high-ranking positions of power, women are more likely devalued
[69] and often placed in lower organizational strata [70]. This is mainly because in
such organizations women, more so than men, lack the resources, means, and moti-
vation to challenge and change existing policies/criteria for success [ibid]. However,
since a large portion of our study sample is female—as is the case in many other
educational settings—women have more sufficient resources to act as influential
actors in decision-making. The female principals with higher salary are likely to be
regarded as more experienced and resourceful and occupy a more central position in
proving leadership advice and work recognition. These gender findings in network
positions signal another potential gap [71] we need to pay more attention to and that
is to balance the gender role in the process of developing mutual collaboration and
intellectual capital.

In terms of the role of organizational commitment in principals’ network posi-
tion, our main finding indicates that principals with lower salary but higher levels of
organizational commitment engage in more work relationships with other principals
for leadership advice and work recognition than principals with higher salary. This
finding is especially salient among male principals. We found that male princi-
pals who perceive higher levels of organizational commitment despite having lower
salary have approximately three times more reciprocal ties than the male principals
with lower levels of commitment. These findings reinforce the important role of
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commitment in discerning employees’ network position, confirming earlier studies
that suggest that well-connected employees are more satisfied with and committed
to work than the isolated ones [43]. In our study setting, reciprocal ties may be one
of the professional norms the district aims to create, as reciprocity not only facili-
tates collaboration but also strengthens the development and sustaining of trusting
relationships. As such, those “well-connected” principals may feel a strong sense of
belonging as they mutually collaborate with one another, which in turn may result
in greater commitment to their workplace, regardless of their salary level. Despite
the fact that reciprocity may bring about positive influence on networking and col-
laboration, its downside should also be noted. Earlier studies indicate a negative
effect of central network positions on employees’ job satisfaction largely due to
social liabilities [44, 72]. To prevent this disadvantage of reciprocity from happen-
ing, school districts may consider restructuring opportunities and resources in ways
that include and engage “all” principals in leadership development such that all
school leaders with various degrees of commitment would be connected, making
the group as a whole heterogeneous in actors’ perceptions of commitment and back-
grounds in a hope to recreate a norm of cohesive commitment among all
principals.

Our study makes a contribution to the social network literature by highlighting
its relational capital in association of income, organizational commitment, and gen-
der as well as implications to the work of school leaders. This chapter has implica-
tions on the dynamic of school network systems, in which organizational
commitment is a critical issue in leading schools that are populated by diverse popu-
lations and full of educational reform challenges and uncertainties. Our work sug-
gests that the crossing of income/gender boundaries as well as different levels of
capital assets may be one way to enhance overall commitment to workplace and in
a larger social system. While our work examined work-related network relation
among principals, it may be worth investing in the social component in their inter-
personal relationships, as the district aims to build a trusting and interconnected and
collaborative environment. This speaks to the important role of informal/expressive
network relations such as friendship, work energy, and social support in a work
environment that is highly diverse. Investing in the capital of school leaders may
help boost the overall commitment of employees, which in turn may minimize the
differential role of salary and gender and may further sustain the long-term develop-
ment of partnership among a leadership team across the school district.
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1 Background

Formal educational systems to date have not seriously considered how to engage
students in understanding the explosion in big data and data-driven sciences that
increasingly affect their lives, nor have they adequately prepared students for work-
ing and living in a data-driven society. Yet the twenty-first century STEM workforce
needs specific skills in coping with and creating knowledge from large-scale stream-
ing and multivariate data. The kinds of statistical, pattern-seeking, modeling, and
probabilistic attributes inherent in so-called big data demand a thorough fluency in
both exploratory and inductive skills to identify patterns and characterize their
behavior across a wide range of differing environments and processes. Network sci-
ence has emerged as a promising way to address these data-intensive, real-world
problems.

Network science has its roots in graph theory, the mathematical/statistical study
of connected systems as points (nodes or vertices) connected by lines (edges or
links), which has been in use for over 250 years [1]. Graph theory was further devel-
oped for use in social network analysis (using graph theory to analyze the relation-
ships in systems of social interaction), as interest in the applications of gestaltism
beyond psychology emerged early in the twentieth century [2] and has been widely
used since the 1950s [3]. Modern network science emerged toward the end of the
twentieth century with the advent of powerful microcomputers, making it possible
to apply statistical analysis and systems theory to large, complex datasets, seeking
patterns and leveraging them for improved knowledge management and discovery
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[4]. Network science today is being used to understand everything from the human
brain, to the origins of cancer, to the growth of cities, to our impact on the environ-
ment [5-7]. As the field of network science has grown and matured, so has its poten-
tial for improving understanding of complex natural and human-made phenomena
in a number of domains. Its potential beneficiaries include not only researchers but
also teachers, policy makers, businesspeople, and the general public as they cope
with big data and complexity on a daily basis. As early as the 1970s, Jay Forrester
identified the need for integrating complex connected and dynamical systems into
K-12 education as an important life skill [8]. And there have been an increasing
number of calls to include network theory in some form in K-12 education over the
past 20 years [9-14].

However, over the last 25 years, there have been just a few disparate efforts to use
network science, or graph theory, as a tool for instruction, include it in K-12 curricu-
lum as a tool for students to use, or bring network science concepts and tools to a
broad audience. Some examples include:

e The Mega Mathematics Project [15] developed by Los Alamos National
Laboratory which includes a significant curriculum on graph theory but has not
been widely adopted.

e The New York Hall of Science developed Connections: The Nature of Networks
in 2004, the first public museum exhibition devoted exclusively to network sci-
ence and emergence [16]. Although attended by millions of museum visitors,
many of whom came away with a deeper understanding of the science and tech-
nology of connected systems, many visitors also struggled to develop a coherent
understanding of the breadth and importance of network science and the exhibi-
tion closed in 2015 [17].

e The MapStats Curriculum developed by Rice University [12] attempted to intro-
duce the statistical nature of “traveling salesman” type problems for middle
school-aged students but was not adopted in schools;

e Connected: The Power of Six Degrees, a documentary on network science, aired
briefly on the Science Channel in 2008; and

e The traveling exhibition Geometry Playground developed in 2009 by the
Exploratorium includes activities on graph theory and networks, but even though
visitor studies indicated that it improved attitudes and confidence toward geom-
etry knowledge, it did not improve visitors’ spatial reasoning and traveled to only
a handful of museums [18].

These and other projects and programs intended to bring graph theory and network
analysis to students and broader audiences have been slow to gain momentum, have
not scaled well, are poorly coordinated, and are without a generalizable scope or
structure.

The challenges revealed by these efforts indicated a need to rethink approaches
to advanced learning of network science, making it more relevant to learners and
providing opportunities to develop expertise in computational tools and network
thinking. Network science can provide a pathway for students to learn about tradi-
tional topics across many disciplines, including social studies, science, computer
science, and technology. Many of the problems explored through a network science
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approach are in the everyday experience of students and network conventions are
part of our common vernacular, such as the network flow of air traffic, interconnec-
tivity of coupled networks in political and social systems, and human networks as
seen through technology activities such as Facebook, Twitter, and online social
gaming. Computer platforms and tools for statistical analysis necessary for network
analysis have become accessible to all and are increasingly intuitive and powerful to
use. Yet exposure to these data-driven science skills has been unavailable to most
students, and experiences working under researchers’ or mentors’ guidance are
often most inaccessible to students underrepresented in STEM careers.

2 A New Approach: NetSci High

In 2010, a new effort called “NetSci High” was launched with a goal to bring net-
work science into K-12 and informal learning settings. It began as the result of
brainstorming at a network science meeting at the MIT Media Lab in which it was
theorized that a pathway into accelerating student learning through deep engage-
ment [19-21], and meaningful team research [22-26] could result in successful and
enduring impact on heterogeneous groups of high school students. Goals for student
learning were identified as follows:

1. Improve computational and statistical thinking and stimulate interest in com-
puter programming and computational scientific methods by providing students
and teachers with opportunities to create and analyze network models for real-
world problems through a mentoring and training program and team research.

2. Increase students’ potential for success in STEM in a technical career or college
through applied problem solving across the curriculum with tested units of
instruction that elucidate complex STEM topics and provide new applied
approaches for critical thinking in STEM.

3. Prepare learners for twenty-first century science and engineering careers through
the use of data-driven science literacy skills and motivate them to elucidate social
and scientific problems relevant to the disciplines and their lives.

4. Help learners develop the following set of basic skills that are crucially needed
to succeed in the twenty-first century data-driven work environment:

* Ability to synthesize, seek, and analyze patterns in large-scale data systems.

* Improve facility with data visualization, filtering, federating, and seeking pat-
terns in complex data.

* Understand the changing role of models, higher-order thinking, emphasizing
exploratory skills to identify and characterize behavior of patterns in differing
environments.

e Use network science and statistical approaches to break down traditional
silos to compare and contrast processes across domains.

* Build data fluency to be able to identify, clean, parse, process, and apply
appropriate analysis skills to large quantities of data.
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* Gain facility with data mining and manipulation with increasingly semantic
and statistical approaches, superseding logic models for searching and com-
paring data.

» Understand the role of data sharing, collaboration, interoperability of tools
and data types, along with skills in using collaborative tools and methods to
maximize data discovery.

Using a small amount of start-up support from NSF’s Cyber-Enabled Discovery and
Innovation fund, student/teacher teams were matched to network science research
labs in the Northeast for year-long research projects, culminating in participation in
the 2011 International School and Conference of Network Science (NetSci) at the
Central European University in Budapest, Hungary. Because of the small amount of
funding, only two of the seven student teams could be supported for travel, so the
research projects were judged by a scientific committee made up of renowned net-
work researchers, and the two winning project teams (from Thomas Edison and
Flushing International High Schools in New York City) were sent to the conference
to defend their work. All of the seven posters resulting from the research were pre-
sented at the poster sessions of the conference. The posters were also displayed at
the 2011 Eighth International Conference on Complex Networks in Boston. The
second year of NetSci High (2011-2012) offered scholarships to high school stu-
dent teams. Two student teams participated from the Binghamton, NY, area, and the
teams received a scholarship to attend the NetSci 2012 conference in Evanston, IL,
and present their posters.

3 Network Science for the Next Generation

These earlier efforts resulted in positive outcomes for the participating students,
enough so to encourage the organizers to scale up the project through funding from
the National Science Foundation. The partnership expanded to include researchers
from Boston University, and in 2012 the team was awarded a 3-year Innovative
Technology Experiences for Students and Teachers (ITEST) grant from the National
Science Foundation. The successful proposal — Collaborative Research: Network
Science for the Next Generation — had a primary goal of providing a pathway for
underserved high school students to engage in cutting-edge network science
research, making accessible the power of network modeling and analysis. It was
designed to provide opportunity for developing rigorous skills-based curricula and
resources that utilize the rapidly growing science of complex networks, offering
underserved students a context in which to learn computational and analytical skills
for network-oriented data analysis. Importantly, it also gave the students a setting in
which they could use these skills in original and independent research, leading to
breakthroughs in solving large-scale, real-world problems and opening doors for
future educational and career opportunities. The projects entailed intensive training
and support of high school student teams and an academic year of research with
cooperating university-based network science research labs; the labs’ participation
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is facilitated by a graduate student who learns valuable mentorship skills as part of
the experience. Because the network science field is relatively new, much of this
research is novel, with practical implications.

Network Science for the Next Generation was designed as a regional educational
outreach program. Over the course of the 3-year grant period (2012-2015), the project
team formed close relationships with teachers and administrators from Title 1 high
schools in both urban and rural areas in the Northeastern United States. (“Title 1” refers
to a US Federal Department of Education program that provides financial assistance to
schools with high numbers or high percentages of children from low-income families
to help ensure that all children meet challenging state academic standards). By engag-
ing Title 1 schools, the project adhered to its goal of providing opportunities to the
students most likely to be left out of STEM career opportunities. Teachers recruited
students for the project who were willing to make a commitment to a year-long project;
however, in most cases, the students were not necessarily considered college-bound.
The project team also recruited graduate students from research labs focused on net-
work science applications, who would mentor the students throughout the school year.

These small teams—each made up of a teacher, 4 to 6 students, plus the grad stu-
dent—were all required to attend an intensive 2-week summer workshop at which
student teams, their teachers, and graduate student mentors are immersed in net-
work science concepts; learn programming languages such as Python, NetLogo,
and JavaScript; apply network analysis tools such as NetworkX and Gephi; attend
hands-on workshops and talks from top network science researchers; and collabora-
tively brainstorm about research questions that will form the basis of the year’s
research projects. During the school year, the teams met regularly during and after
school and submitted weekly progress reports and went on field visits to university
labs, corporate headquarters, and science museums.

The culmination of each year was the presentation of the students’ work at a
major research conference; their posters were presented at the International School
and Conference of Network Science in 2013, 2014, 2015, and 2016, and in several
instances, the students themselves were present to defend their posters. In 2015 the
organizers received a supplemental grant from NSF in order to bring all of the proj-
ect students and teachers to the International Conference on Complex Networks
(CompleNet). Each of these poster presentations experiences gave the students the
opportunity to meet and talk with renowned researchers. In addition, one of the
student projects—Spread of Academic Success in a High School Social Network—
was published in PLOS One [27] (see Appendix for a complete list of student
research projects).

4 Outcomes

The project bridged information technology practice and advances in network sci-
ence research and provided career and technical education opportunities for young
people underrepresented in data-driven STEM. The project team developed and
implemented a rich, experiential, research-based program for 120 disadvantaged
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high school students, 30 science research graduate student mentors, and 20 high
school STEM teacher mentors throughout New York State and Boston,
Massachusetts. It provided participants with opportunities to engage with top net-
work science researchers, to be exposed to university and research lab settings and
potential career paths, to receive intensive skill-building and training, and most
importantly, to make real contributions to the field through original research. For
many of these students, this was a life-altering experience. The project also gave rise
to several Network Science and Education ancillary efforts, described below, which
are ongoing.

5 Evaluation

External evaluation of Network Science for the Next Generation (formative and
summative) was conducted by Davis Square Research Associates [28, 29] (Figs. 1
and 2). Evaluation looked at a range of project goals such as proximal (e.g., increas-
ing high school student competencies in computing and improving student atti-
tudes toward computing) as well as highly distal (e.g., preparing students for
twenty-first century science) learning outcomes, the emphasis on doing real-world
research into relevant and ambiguous problems through technologically infused
and highly collaborative projects, and cognitive goals such as analyzing, synthesiz-
ing, and visualizing quantitative data and understanding modeling, network statis-
tics, etc. Evaluation also looked at outcomes of improving participant attitudes
toward the study of networks, self-efficacy, and the strengthening intentions of
continuing to pursue further involvement in college studies and careers. Guiding
research questions included:

* What is the effect of participation on the students’ understanding of networks
and their skills at analyzing networks?
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e How does participation affect the students’ attitudes toward their own self-
efficacy in computational approaches to networks and their commitments to con-
tinue to study networks in college and beyond?

Evaluation methods included gathering qualitative and quantitative data through
focus groups, surveys, and SNA analyses. A significant challenge to the evaluation
was the innovative nature of the project; since there was no or very little comparable
activity, it was not possible to analyze any meaningful comparable groups.

Summative evaluation was intended to gather information on four pre-post con-
structs: knowledge of networks, intentions to continue studying networks, attitudes
toward network science in general, and frequency of communications about net-
works [29]. Responding students reported large pre-post gains, especially in the
areas of knowledge of network science and attitudes toward the study of networks.
The effect sizes are very large, though these may be somewhat inflated due to a
social desirability bias associable with the retrospective pretest design of the survey.
None of the four constructs (knowledge, intentions, attitudes, communications)
showed gain scores that were significantly clustered around the mean (p < 0.05,
Kolmogorov-Smirnov [30]), indicating that some students gained more and others
gained less, as could perhaps be inferred from the large standard deviations noted.
The same observation held true for the aggregated pre-post gain scores.

The pretest scores were not predictive of the posttest scores. This is a good find-
ing in that it suggests that the project worked comparably well with students no
matter what their levels of preparation at the beginning of their participation. The
following density plots show the very stark shift from the pretest to the posttest
moments. The gray areas express the confidence interval.

Participating teachers were surveyed using open-ended questions about student
network learning, student skills development, and a sustained student interest in
careers. For each of the questions, teachers were asked to reflect on their own learning,
their own network skills development, and the potential for sustained effects on
their own practice. Responding teachers indicated that:

e They tended to cite the value of the more theoretical learning, with a special
emphasis on the innovative qualities of the project.
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* They were highly appreciative of students’ new technical skills, with these skills
clearly seen as having a distinct educational value.

* They saw the project as having an enormous educational value, with the network
perspective likely to continue to influence the participating educators’ approach
to certain content. The previous finding that many students intended to continue
to study networks, or to incorporate networks in their future studies, was con-
firmed by the responding teachers.

Overall, the external evaluation found that the project was consistently effective
over the three years in reaching its most basic goals of improving students’ under-
standing of networks, their self-efficacy with regard to the study of networks, the
attribution of value regarding networks, and their intentions to continue to study
networks. Key findings include:

 Participating students reported significant cognitive gains in their awareness of
networks and their skills at using computers to analyze networks.

e Participating students reported significant gains in their attitudes toward the
value of studying networks and their confidence in being successful at such
studies.

* Both participating students and teachers reported they intended to continue to
use network approaches.

Significant project outcomes revealed:

e Original student and teacher research projects are not only possible but form an
essential incentive and commitment for participants to remain engaged in and to
bring projects to completion.

e It is possible to train a broad spectrum of students and teachers in enough com-
puter programming (e.g., Python or R) to use sophisticated network analysis
tools within programing environments.

* A supportive community and consistent mentorship are essential to success.

e Teachers can assume an active leadership role in mentoring students who are
engaged in network science research provided adequate supports are in place.

* Students and teachers are remarkably innovative in terms of how they develop
and pursue project-based learning approaches in network science.

Students reported high levels of engagement in projects that used real-world, active
learning in highly collaborative teams. Overcoming the social barriers to collabora-
tion and the technical and logistical challenges all proved to be of great worth to the
participating students. The role of the faculty and graduate student mentors was
also of great value, providing prompt and clear feedback as the projects developed.
This combination of meaningful challenge with attentive and thoughtful guidance
is of the greatest educational value. It is extremely effective for students in incentiv-
izing and achieving success in mastering and applying data-driven STEM skills to
real problem solving and is an empowering and engaging pathway into data and
computational literacy and computer programming skills.
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6 Conclusions

Over the past 8 years of NetSci High, it has become evident that a successful pro-
gram of learning about the science of complex networks is achievable for heteroge-
neous groups of high school students from underrepresented groups, provided there
is the right support “ecosystem.” This ecosystem includes:

e Deep engagement in learning about network science and applying network sci-
ence tools and techniques in a variety of ways, including training in enough
computer programming (e.g., Python or R) to use sophisticated network analysis
tools

e Highly collaborative student-teacher-mentor teams that persist throughout the
life of the project

e Opportunity for students to innovate in terms of how they develop and pursue
project-based learning approaches in network science, make mistakes, and
explore a variety of avenues for creativity

e Original team research projects that form an essential incentive and commitment
for participants to remain engaged and to bring projects to completion

e A supportive community and consistent mentorship, including an active leader-
ship role for teachers who are allowed enough time to mentor students and are
able to maintain contact with researchers

It became immediately apparent during the first year of Network Science for the
Next Generation that participating teachers were most effective if they had, at a
minimum, the same level of training as their students before being called upon to
mentor students: they wanted to be active mentors, rather than co-learners with their
students. As the project progressed, interactions with teachers became deeper and
more meaningful, and teachers took on new roles, pursued their own interests, and
took ownership of network science approaches. Original student and teacher
research projects are not only possible but form an essential incentive and commit-
ment for participants to remain engaged in and to bring projects to completion. A
path to scalability began to emerge.

NetSci High has made significant educational impacts on regional high school
students and teachers and is also prompting strong social commitments from the
network science community as a whole [31, 32]. It aims to address the challenge of
transforming the way we educate our citizens to keep pace with not only the amount
of data we collect but to appreciate how network science identifies, clarifies, and
solves complex twenty-first century challenges in the environment, medicine, agri-
culture urbanization, social justice, and human well-being. NetSci High provides a
pathway to integrate science research and programming skills for high school stu-
dents who would not otherwise have these opportunities. Additionally, it encourages
high school teacher mentors to broaden their STEM understanding and informs
their current teaching in terms of content and practice. Success in NetSci High elic-
its students to persist in interest in STEM and computational fields and attain ambi-
tious academic goals.
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7 Other NetSci Community Efforts

The work described above has resulted in the growth of an active Network Science
in Education global community, also known as NetSciEd. Several ongoing streams
of collaborative work have resulted.

7.1 NetSciEd Satellites

NetSci High organizers are dedicated to supporting the growth of network science
education efforts. A key venue for support takes place at the annual International
School and Conference on Network Science (NetSci), where the Network Science
and Education (NetSciEd) satellite symposium has taken place since 2012 [33].
NetSciEd provides an opportunity for the growing community of network scientists
interested in education to come together to exchange ideas, talk about their projects
and programs, demonstrate and get feedback on new tools, and discuss curriculum
models.

7.2 Network Literacy

Attaining a basic understanding of networks has become a necessary form of liter-
acy for all people living in today’s society and for young people in particular. At the
2014 International School and Conference on Network Science, a year-long process
was initiated to develop an educational resource that concisely summarizes essen-
tial concepts about networks that can be used by anyone of school age and older.
The process involved several brainstorming sessions on one key question: “What
should every person living in the twenty-first century know about networks by the
time he/she finishes secondary education?”” These brainstorming sessions reached
diverse participants, which included professional researchers in network science,
educators, and high school students. The generated ideas were connected by the
students to construct a concept network. We examined community structure in the
concept network to group ideas into a set of important concepts, which, through
extensive discussion, we further refined into seven essential concepts [34]. The stu-
dents played a major role in this developmental process by providing insights and
perspectives that were often unrecognized by researchers and educators. The final
result, “Network Literacy: Essential Concepts and Core Ideas,” is now available as
a booklet and has been translated into 20 languages [35]. (See Appendix for com-
plete text.)
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7.3 Learning Settings

Among the goals of NetSci High was to have teachers integrate network science
into instruction. Concurrent with the NetSci High student training and research
project is a multiphase, multiyear approach to professional development with for-
mal and informal educators, including efforts to facilitate the development of prac-
tices and resources with educators and promote network thinking among K-12
students, teachers, and administrators through developing curriculum materials, les-
son plans, and practical learning resources for K-12 classrooms across all domains
of knowledge; providing rigorous professional development opportunities for both
formal (school) and informal (cultural institutions, camps, after-school, and other
community-based programs) educators; increasing the awareness of the demand for
network science education among researchers; and developing a path for mapping
Network Literacy Essential Concepts and Core Ideas to learning standards such as
Next Generation Science Standards (NGSS) [36]. And, most recently, one of the
NetSci High participating school districts includes a class on Network Literacy in
its official after-school course catalogue, taught by a participating NetSci High vet-
eran educator.
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Appendices
NetSci High Student Research Projects 2010-2015

2010-2011

e A Comparative Study on the Social Networks of Fictional Characters

e Academic Achievement and Personal Satisfaction in High School Social
Networks

e Does Facebook Friendship Reflect Real Friendship?

 Inter-Species Protein-Protein Interaction Network Reveals Protein Interfaces for
Conserved Function

e The Hierarchy of Endothelial Cell Phenotypes

e Preaching To The Choir? Using Social Networks to Measure the Success of a
Message

e Identification of mRNA Target Sites for siRNA Mediated VAMP Protein
Knockdown in Rattus norvegicus
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2011-2012

* A Possible Spread of Academic Success in a High School Social Network: A
Two-Year Study
* Research on Social Network Analysis from a Younger Generation

2012-2013

e Interactive Simulations and Games for Teaching about Networks

* Mapping Protein Networks in Three Dimensions

* Main and North Campus: Are We Really Connected?

* High School Communication: Electronic or Face-to-Face?

* An Analysis of the Networks of Product Creation and Trading in the Virtual
Economy of Team Fortress 2

2013-2014

* A Network Analysis of Foreign Aid Based on Bias of Political Ideologies

e Comparing Two Human Disease Networks: Gene-Based and System-Based
Perspectives

* How Does One Become Successful on Reddit.com?

* Influence at the 1787 Constitutional Convention

* Quantifying Similarity of Benign and Oncogenic Viral Proteins Using Amino
Acid Sequence

* Quantification of Character and Plot in Contemporary Fiction

* RedNet: A Different Perspective of Reddit

* Tracking Tweets for the Superbowl

2014-2015

e Network Analysis of Microgravity-Influenced Genes in Salmonella enterica
serovar typhimurium

e Connecting Radon Levels to Cancer rates in California Counties: A Network
Approach

* National Football League Network

* Drug combinations and adverse side effects

* Comparing post-secondary institutions across the United States

» Relationships Between Musculoskeletal System and High School Sports Injuries

e Similarities Found in Neurological Disorders Based on Mutated Genes and Drug
Molecules

* The Relationships of International Superpowers

e Protein Association and Nucleotide Similarities Among Human
Alpha-Papillomaviruses
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Network Literacy: Essential Concepts and Core Ideas

1. Networks are everywhere.

e The concept of networks is a broad, general idea about how things are con-
nected and working together. Networks are present in every aspect of life.

e There are networks that form the technical infrastructure of our society (e.g.,
communication systems, the Internet, the electric grid, the water supply).

e There are networks of people, e.g., families and friends, email/text exchanges,
Facebook/Twitter/Instagram, and professional groups.

e There are economic networks, e.g., financial transactions, corporate partner-
ships, and international trades.

* There are biological/ecological networks, e.g., food webs, gene/protein inter-
actions, neural networks, and spread of diseases.

e There are cultural networks, e.g., language, literature, art, history, and
religion.

e Networks can exist at various spatial and/or temporal scales.

2. Networks describe how things connect and interact.

e There is a subfield of mathematics that applies to networks. It is called graph
theory. A graph in mathematics means a network.

e Connections are called links, edges, and ties. Things that are connected are
called nodes, vertices, and actors.

e Connections can be undirected (symmetric) or directed (asymmetric).

e The number of connections a node has is called a degree of that node.

e In some networks, you can find a small number of nodes that have much
larger degrees than others. They are called hubs.

* A sequence of links that leads you from one node, through other nodes, to
another node is called a path.

* In some networks, you can find a group of nodes that are well connected to
each other. They are often called clusters, cliques, and communities.

3. Networks help reveal patterns.

* You can represent something as a network by describing what its parts are and
how they are connected to each other. Such network representation is a very
powerful way to study its properties.

e Some of the properties in a network that you can study are:

— How the degrees are distributed across nodes.

— Which parts or connections are the most important ones.

— Strengths and/or weaknesses of the network.

— If there is any substructure or hierarchy.

— How many hops, on average, are needed to move from one node to another
within the network.

— Using these findings, you may be able to make predictions.
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Visualizations can provide an understanding of networks.

Networks can be visualized in a number of different ways.

You can draw a diagram of a network by connecting nodes with links.

There are a variety of tools available for visualizing networks.

Visualization of a network often helps to understand it and communicate the
ideas to people in an intuitive, nontechnical way.

Creative information design plays a very important role in making an effec-
tive visualization.

It is important to be careful when interpreting and evaluating visualizations,
because they may not tell the whole story about the networks.

Today’s computer technology allows us to study real-world networks.

Computer technology has dramatically enhanced our ability to study net-
works, especially large complex ones.

There are many free software tools available for network visualization and
analysis.

Using personal computers, everyone can easily model, visualize, and analyze
networks, not just scientists.

Through the Internet, everyone has access to many interesting network data.
Computers allow us to simulate hypothetical or virtual networks, as well as
real ones.

Learning basic computer literacy skills opens the door to infinite possibilities,
e.g., file/folder operation, data entry, manipulation and modeling, information
sharing and collaboration, and computer programming.

. Networks help us compare a wide variety of systems.

Various kinds of systems, once represented as networks, can be compared to
see how similar or different they are.

Certain network properties commonly appear in many seemingly unrelated
systems. This implies that there may be some general network principles
across disciplines.

Other network properties are quite different from systems to systems. These
properties can help classify networks in different families and understand
them differently.

Science has traditionally been conducted in separate disciplines. Networks
can help go beyond disciplinary boundaries toward a more cross- or interdis-
ciplinary understanding of the world.

Networks can help transfer knowledge from one discipline to another to make
a breakthrough.

. Network structures can influence their dynamics and vice versa.

Network structure means how parts are connected in a network.
Network dynamics means how things change over time in a network.
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e Network structures can influence their dynamics. Examples include the
spread of diseases, behaviors or memes in a social network, and traffic pat-
terns on the road network in a city.

* Network dynamics can influence their structures. Examples include the cre-
ation of new following links in social media and construction of new roads to
address traffic jams.

* Network structures and dynamics often influence each other simultaneously.

Outreach Events

* NetSci High has facilitated sending a group of high school students and teachers
from New York City to NetSci 2011 in Budapest, Hungary; a group from Endwell
and Vestal, NY to NetSci 2012 in Evanston, IL; and a group from Vestal, NY to
NetSci 2014 in Berkeley, CA. In all of these travels, the high school student
teams presented their work at poster sessions. High school student research has
also been published in peer-reviewed journals such as PLOS One (Blansky et al.
2013).

* Students and teachers from Newburgh Free Academy and Vestal High School
presented posters at the IEEE ISEC conference at Princeton University in 2015
and 2016. NetSci High participating students and teachers have presented at the
West Point Cadet Seminar on Network Science each year of NetSci High.

* In 2016 NetSci High students and teachers participated in the US Science and
Engineering Festival in Washington, D.C., presenting several hands-on activities
related to the Network Literacy Essential Concepts.
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The Imaginary Board of Directors
Exercise: A Resource for Introducing
Social Capital Theory and Practice

Brooke Foucault Welles

1 Introduction

People naturally find themselves in social groups, or networks, of friends, family,
classmates, coworkers, and so on. These networks are associated with improve-
ments in a variety of outcomes, including social and emotional well-being, educa-
tional and career achievement, and personal health [1-3]. Networks improve
outcomes because of the resources, or social capital, that they can provide. Social
capital refers to the resources that are available to us because we are embedded
within networks of social relationships. It is generally described in two forms:
bonding social capital, or the resources we obtain from our close relationships (fam-
ily, friends, etc.), and bridging social capital, or the resources we obtain from more
casual relationships (acquaintances, neighbors, etc.) [4, 5]. Social capital generates
many kinds of resources, including material goods (e.g., the ability to borrow a lad-
der from a neighbor), information and advice, general social support and a sense of
belonging, and the possibility to coordinate collective action [6].

However, simply being part of a network does not guarantee that someone will
benefit from social capital [7]. Although social networks provide the potential to
access resources, it is up to individuals to both recognize and activate those resources
to benefit from that potential. Being able to successfully access networked resources
depends critically on the ability to understand one’s own complex web of interper-
sonal relationships and being able to accurately navigate that web of relationships
to extract the right resources at the right time. These are challenging tasks, and
people naturally vary in their abilities to accurately and effectively access resources
in their own social networks [8], with some people navigating their social networks
much more advantageously than others [9].
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Sometimes, people simply forget who is in their network. Research suggests
that people routinely forget between 5% and 95% of their social ties [10]. The
likelihood of forgetting social ties is a function of several things. The type of social
tie matters — weak ties (those that yield bridging social capital) are substantially
more likely to be forgotten than strong ties [ibid], and ties with people we see
irregularly are more likely to be forgotten than those with people we see on a daily
or weekly basis [11]. Network structure also plays a role. Dense networks, in which
social ties tend also to be tied to one another, are easier to remember than sparser
networks of the same size [12], and people who are centrally positioned in their
social networks tend to recall ties more accurately than those who are on the
periphery of the network [13]. Finally, individual psychology and social status
affect recall accuracy. Certain personality characteristics including need for affili-
ation, extraversion, and self-monitoring are associated with better recall of social
ties [ibid], while low social status is associated with poorer recall, especially under
duress [14].

Low-income, minority individuals in the United States may find it especially
difficult to access social capital effectively. Evidence suggests that these individu-
als have fewer overall resources within their networks and experience differential,
lower returns on requests for resources due to social norms that discourage asking
for and receiving favors from strategically positioned members of the community
[15, 16]. As a result, social networks may reify existing race- and class-based
social inequalities in the United States by exacerbating other limitations in access
to social resources [17]. For these individuals, learning to successfully understand
and leverage opportunities in their interpersonal relationship networks is especially
critical.

2 The Imaginary Board of Directors Exercise

The imaginary board of directors exercise was developed to help low-income,
minority high school students' learn about social capital and improve their chances
of accessing it in service of a personal goal. Modeled after an exercise commonly
used with MBA students [18], the hour-long activity invites students to create a
network of people (the “board of directors”) that can help them achieve academic
and career goals. In the process, students learn basic concepts about social networks
and social capital and identify individuals who can help them achieve their goals.

'“Minority,” in this case, refers primarily to members of disadvantaged racial and ethnic minority
groups in the United States. I typically run this exercise with Black and Latinx high school students
in historically low-income portions of Boston, MA, and the surrounding suburbs. I have also suc-
cessfully run the exercise with college freshmen, young professionals, and mixed-age audiences
(children and adults). The examples given in the text are from my work with high school students
but could easily be adapted as needed.
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2.1 Introducing Social Networks and Social Capital

This exercise is designed for high school students (14—18 years old) with no prior
knowledge of social networks or social capital. The exercise works best for groups
of 20-40 students, although I have successfully implemented it in an auditorium of
200+ participants. It begins with a brief introduction to basic concepts of social net-
works and social capital. The introduction can take many forms depending on audi-
ence size, available resources, and presenter preferences. I typically lecture with
notes on a whiteboard, but I have also used PowerPoint slides for larger audiences.
Regardless of format, the presentation should include the following key points:

e Social networks are sets of people connected by relationships (also called “ties”).
Everyone is embedded in many different social networks.

e There are many different types of social relationships, including strong ties and
weak ties. Strong ties include people you are very close to, such as family mem-
bers and close friends. Weak ties include people you know casually, such as
classmates or people who live in your neighborhood.

e Strong ties and weak ties are both valuable because they provide us with different
kinds of resources. We need both types of ties in our lives to achieve our goals. A
common misconception is that strong ties are “good” and weak ties are “bad.” It
is critical to correct this misunderstanding.

e These resources are called social capital and are embedded inside networks.
These resources are available to anyone who is in a network, and they can include
a variety of things like material goods, advice, social support, and the possibility
to organize groups to do things.

As you work through these points, it is helpful to invite students to reflect on
what each of these key points means for them, personally. For instance, I ask stu-
dents to list a few people they consider to be strong and weak ties. The answers to
these questions can vary substantially for students with different backgrounds and
life experiences. For example, some students feel very close to teachers, coaches,
and other school staff, while others consider these people weak ties, or, in some
cases, not part of their networks at all. Similarly, some students count extended fam-
ily among their closest ties, while others have no contact with these people whatso-
ever. Having students reflect on these differences helps them to think about the
diversity of ties they have in their networks and can also help me, as the discussion
leader, choose relevant examples to illustrate key concepts in the overview.

2.2 Setting Goals

Following the introduction, I ask students to identify a personal goal that they can-
not achieve on their own. The goal can be related to school, work, athletics, hobbies,
or anything else that matters to them. It should be specific and something they hope
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to achieve in the relatively near future (1-3 years from the present is a good guide-
line). Occasionally, students will have difficulty imagining suitable goals. To help
these students, it can be useful to invite other students in the group to share their
goals. I also give examples of common goals—e.g., graduating high school with a
certain Grade Point Average, finding a summer job, making a varsity sports team,
and getting admitted to college—all of which are often mentioned by students in
these groups. It is important not to discourage students from certain goals that may
seem either unrealistic or overly simplistic. The exercise works equally well for
ambitious goals (e.g., getting drafted into the NBA) and more mundane ones (e.g.,
earning a B in math). The key is to ensure that each student identifies a goal that is
personally meaningful to them while also being difficult to accomplish.

2.3 Imagining the Ideal Board of Directors

After students have selected appropriate goals, I use a handout to guide them
through the creation of their ideal board of directors (see Table 1; complete handout
included below). Inspired by organizational boards of directors, students are asked
to develop a group of people, real or imagined, who can help them achieve their
goals. At this point in the exercise, I place no limits on who students can choose for
their ideal boards. They may select as many or as few people as they would like to
have on their boards, and they can pick people they know personally, people they
know about but have never met, or people who may not even exist in real life.
Drawing on the discussion about social capital, I ask students to think about the
specific knowledge, skills, or resources each board member will provide as they
pursue their goals. I remind them of the various forms that social capital can take
(material goods, advice, support, etc.), and encourage them to select people who
provide a diverse set of resources, rather than people they simply like or would
enjoy spending time with. Unburdened by the constraints of reality, students
generally have fun with this step in the exercise, selecting celebrities such as
Beyoncé to help them learn to sing well enough to earn a part in the school musical,
or former President Barack Obama to rally support for a community garden they
would like to build.

Table 1 Worksheet used to
create the ideal board of
directors

Board member name Knowledge/resource/skill
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2.4 Creating the Real Board of Directors

The next step in the imaginary board exercise helps students convert their ideal
boards into real boards of directors, composed of people who are reasonably likely
to help them pursue their goals. Remember that one of the central motivations for
developing this exercise was to decrease the cognitive burden of recalling network
ties. One of the ways to do this is to narrow the scope of possible responses by offer-
ing specific prompts that encourage more accurate recall [10]. Such prompts are
embedded in the Knowledge/Resource/Skill column of the ideal board worksheet
(Table 2). Without copying the ideal names, I ask students to copy the various
resources they sought in their ideal board to a new worksheet (see Table 2). Then,
working backwards from the knowledge, resources, and skills they identified as
important for achieving their goals, I invite them to identify individuals in their own
personal networks who can provide those things. Many students struggle with this
conversion at first; however, with a bit of encouragement, they almost always suc-
cessfully identify appropriate substitutes. For example, a talented cousin might give
suitable singing lessons in lieu of Beyoncé, and a city council member might be able
to lend support for a community garden if President Obama is not available.

As students work through this portion of the exercise, it is helpful to have them
solicit suggestions from the group when they get stuck. Typically, I run this exercise
among groups of young people who know one another, and therefore know about one
another’s networks. Often, students to suggest appropriate board members within one
another’s networks (e.g., “the school librarian has a list of summer job openings,”) or
to offer to make introductions to fill holes in peers’ boards (e.g., “my cousin works in
a café that could hang your art.”’) It is also not uncommon for me or other event orga-
nizers to be reasonable sources of desired knowledge, resources, or skills. Many stu-
dents would like information about college, for example, something a college
professor such as myself can easily provide. I encourage students to leverage these
resources, underscoring how we represent weak ties in their networks. (Given the
prevalance of requests for follow up conversations about college, I have made a habit
of scheduling an “office hour” after presentations to facilitate these interactions.)

Before students finalize their real boards, I ask them to indicate how well they cur-
rently know the people they have selected for their boards. Frequently, students will
build boards exclusively of people they know very well. I remind them once again of
the importance of strong and weak ties and encourage them to diversify their boards,

Table 2 Worksheet used to convert the ideal board to a real board

Board member name | Knowledge/resource/skill | How well do you currently know this person?
Not at all Very well
o o o o o
Not at all Very well
o o o o o
Not at all Very well
o o o o o
Not at all Very well
o o o o o
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swapping out well-known people for less well-known people if possible. As students
complete their real boards of directors, they are often surprised at how many people in
their lives can provide the social capital they need to help them achieve their goals.

2.5 Setting an Intention

There is a large body of research that suggests people are more likely to achieve
their goals if they create specific intention about when, where, and how they will
work on them [19]. To that end, setting an intention may increase the likelihood that
students will apply their new knowledge of social networks and social capital after
the session has concluded. Therefore, to conclude the exercise, I ask students to
select one person from their (real) boards of directors and make a plan for when,
where, and how they will contact that person to discuss their goals.

3 Conclusion

The imaginary board of directors exercise introduces students to concepts in social
networks and social capital and helps them develop strategies to access social capi-
tal in service of their personal, professional, and academic goals. The exercise pro-
ceeds in five steps, each of which scaffolds students’ existing knowledge to build
deeper understandings of essential concepts and how they apply to the students’ real
lives. The introduction teaches students key concepts in social networks and social
capital. The goal motivates their participation and connects theories of social net-
works and social capital in students’ own lives. The ideal board helps students
develop a list of desired resources, free from the cognitive burden of recalling their
own networks. Using these lists of desired resources to prompt their recall, the real
board invites students to identify members of their own personal networks who can
help them achieve their goals. Finally, the intention increases the chances students
will put the key lessons from the exercise into practice following the workshop.

Students completing the workshop leave with improved understandings of social
networks and social capital, as well as specific plans for how to apply these concepts
to improve their chances of achieving personal goals. I have used the imaginary
board of directors exercise in a variety of different settings, including as part of a
suite of training activities for youth activists and community organizers. Qualitatively,
youth report finding the exercise tractable and useful, particularly for helping them
reason strategically about the breadth of resources available in their personal social
networks. Longitudinal observations by adult program facilitators further suggest
that youth do, indeed, follow through on their intentions and doing so helps build
youth efficacy around their activism and community organizing goals. Empowering
youth to think strategically about the social capital embedded within their social
networks may therefore improve their abilities to identify and activate the resources
they need to achieve their personal and collective goals.
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Appendix: Worksheet
Imaginary Board of Directors
Your Name

Many successful organizations accomplish their goals by creating a board of direc-
tors or a small group of people who can support, advise, and inspire them. When
they form this group, they are creating a network of people and gain access to social
capital that can help them achieve their goals.

In this exercise, we would like you to create a board of directors for yourself. This
exercise has several parts. First, think of a specific goal you would like to accomplish
in the future. This should be something challenging that you hope to accomplish for
yourself in the next 1-3 years. You can choose an academic goal, an athletic goal, an
artistic goal, a career goal, or anything else that matters to you personally.

What Is Your Goal?

Now, we would like you to think about a board of directors who would be useful to
YOU PERSONALLY as you work toward your goal. Think about a group of people,
real or imagined, living or dead, who can help you achieve your goal. There are no
limits on who you can choose for your imaginary board of directors. You may have
as many or as few people as you would like on your board. You can pick people you
know personally, people you know about but have never met, or people who may
not really exist in real life. The key is to pick the best group of people to help you
achieve your personal goal.

Ask yourself, what kind of knowledge, resources, and skills will you need to be
successful? Who, specifically, could provide those things? Fill in the chart below
with ideal members for your board of directors. Remember: “think networks” as
you put together your board of directors!

Board member name Knowledge/resource/skill provided
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Now, we would like you to revise your board of directors to include only people
you could reasonably meet or interact with. These may be the same people you
listed on your ideal board of directors (above), or they may be different people.
These do not need to be people you currently know, but they should be people you
could possibly come to know.

Sometimes, it will be very easy for you to think of ways to get people to be on
your board of directors. Sometimes it may not be obvious why someone would help
you out. But it may still be possible to include these people in your personal board
of directors. Remember, people tend to do things for people who have something to
offer them. Think about what you might be able to offer to the people on your ideal
board of directors (above). Think about how you might go about getting each person
to join your board of directors. How would you reach out? What might you offer?
Why would that person want to help you?

Board member How well do you CURRENTLY
name Knowledge/resource/skill provided know this person?

Not at allVery well
o o o o o

Not at allVery well

o o o o o
Not at allVery well

o o o o o
Not at allVery well

o o o o o
Not at allVery well

o o o o o
Not at allVery well

o o o o o
Not at allVery well

o o o o o

Not at allVery well
o o o o o

Put a star next to the member of your board of directors who you think will
be MOST IMPORTANT for helping you achieve your goal.

Make a plan to reach out to this person — when and where will you contact
them and how will you do it?
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1 Introduction

Broadly speaking, we visualize data to investigate complex relationships among
variables and to communicate these relationships to others. Network visualizations
translate network data into a visual representation of some combination of the
actors, relationships, clusters, and data attributes. The value of visualizing the struc-
ture of relationships and connections is being recognized as an increasingly impor-
tant twenty-first-century skill due to the need for all people to have a better
understanding of complex phenomena across disciplines.

A call for increased literacy about networks, writ large, resulted in the develop-
ment of essential concepts that can be taken as a set of goals for what a network-
literate person should know by the time they graduate high school [1]. For the
purposes of this chapter, we define network visualization literacy (NVL) as the
ability to read, interpret, and create visualizations of various types of networks.
Research on NVL is still in its early phases, and recent studies suggest that NVL,
and more generally data visualization literacy, of youth and adults is not very high
or broad [2, 3].

Given this, we focus this chapter on a set of topics that together constitute an
attempt to build a more comprehensive vision for NVL, including how to measure
NVL, the role of NVL in teaching and learning, what the current research says
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about NVL across a variety of learning contexts, and recommendations based on
our current understanding of best ways to improve NVL. Before we move into dis-
cussing these topics, we first define how we conceive of NVL.

2 Network Visualizations

The simplest network visualization is an adjacency list, where each node is itemized
and followed by a list of all of the other nodes with which that node shares a link (its
neighbors). In the example in Fig. 1a, entity A has connections with B and D, and
entity B has connections with A and C. Entities C (with B) and D (with A) only have
singular connections with other nodes.

Large networks are more likely to be visualized as matrices or node-link dia-
grams and can be displayed using one or more of several organizing principles. A
matrix visualization (Fig. 1b, representing the same network data as Fig. la) is a
tabular visualization where a node is represented by either a row or a column (or
both) and a link is represented by a numerical value placed in the cell where a node
row and a node column intersect. For example, in a matrix visualization of a net-
work of individuals who send text messages to each other, a two-dimensional table
is created where the same names appear in the row and column headers. Numerical
values representing the number of texts sent between the two people will appear in
the cell where the row of one individual and the column of the other intersect.
Columns and rows can be ordered to highlight patterns in the data values, such as
social cliques where all members text each other a lot [4].

In contrast to a matrix, a node-link diagram represents each actor as a single
point using some graphical icon or symbol (often a circle). The presence of a link
between two actors is visualized by the addition of a line or arc between the nodes
(Fig. 2). These components are often laid out such that smaller distances between
nodes represent higher similarity (Fig. 3), but nodes can also be arranged in a circu-
lar layout, perhaps in order of a certain property (e.g., a node’s number of links), or
against a separate reference system like a geospatial map or a science map, where
scientific disciplines are arranged in space using citation- or topic-based similarity
algorithms (Fig. 4).

Fig. 1 Sample network A B -

visualizations: adjacency Node Neighbors A B C D

list (a) and matrix (b) ! S i Bl |
A B.D
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node or vertex edge or link
can have attributes, like: can have attributes, like:
* gender * weight
* location * direction
* start/end time * start/end time
* etc. * etc.

Fig. 2 Node-link diagrams typically represent nodes as circles and links as lines or arcs

network or graph

component
largest isolates @
or main
component L L

Fig. 3 A simple node-link diagram, labeled with common network-related terminology
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Fig. 4 Sample network visualizations, using a circular layout algorithm (a), a geographic layout

(b), and a science map (c¢)
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3 Researching Network Visualization Literacy

In general, we define data visualization literacy as the ability to make meaning from
and interpret patterns, trends, and correlations in visual representations of data [5].
In order to interpret visualizations, users need the ability to complete a combination
of the following tasks: read text, interpret data arrangements (e.g., to see correla-
tions, trends), and compare object properties (e.g., compare the sizes of nodes in a
network given a legend). Users of any information visualization form may engage
in a variety of tasks, including both low-level tasks like data foraging and high-level
tasks like problem-solving and composing (i.e., making decisions based on data
trends) [6].

As a subset of data visualization, network visualization is subject to many of the
same kinds of interpretation issues present in other approaches to data visualization.
Given the range of abilities needed to interpret visualizations and the myriad tasks
possible, it is important to acknowledge the opportunities for network visualizations
to be easily misinterpreted. These challenges arise through lack of clarity about the
limits of network visualizations in interpreting very complex systems and the many
ways that characteristics and behaviors of network components can be
represented.

3.1 Representational Literacy: Do Individuals Understand
How Network Data Are Converted into Visuals?

There has been an ongoing concern among network science practitioners about the
trajectory of network science as a way into deepening data understanding, particu-
larly of large data sets. A call for increased literacy about networks, writ large, has
resulted in the articulation of a set of seven essential concepts and core ideas [1].
These essential concepts can be taken as a set of goals for what a network-literate
person should know by the time they graduate high school. The fourth essential
concept is: “Visualizations can help provide an understanding of networks,” and the
core ideas subsumed by it include:

e Networks can be visualized in many different ways.

e Diagrams of a network can be drawn by connecting nodes to each other using
edges.

» There are a variety of tools available for visualizing networks.

e Visualization of a network often helps to understand it and communicate ideas
about connectivity in an intuitive, nontechnical way.

* Creative information design plays a very important role in making an effective
visualization.

e It is important to be careful when interpreting and evaluating visualizations
because they typically do not tell the whole story about networks.
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These essential concepts are relatively new, and scaling them into wide adoption
will require robust validation and transformative professional development that
integrates new curriculum and learning materials on network visualization into rig-
orous content knowledge and pedagogical approaches.

Research on the skills required to interpret network visualizations and the preva-
lence and quality of those skills is still in early phases. Small-scale studies investi-
gated the comprehension of the basic metaphors used by the diagrams [7], the
specific structural properties of network data [8], and the graph design aesthetics
that are most likely to improve performance on quantitative interpretation tasks [9].
In the sections that follow, we outline some general questions related to NVL that
have been investigated through research along with initial findings.

3.2 Metaphoric Literacy: How Intuitive Is the Arrangement
of Nodes and Links in a Network Visualization?

Network visualization literacy studies might address whether users understand the
metaphoric properties of the visualization, that is, the implicit structures the visual-
ization is using to represent network data. Most node-link diagrams have conven-
tions that guide interpretation of the diagram, such as:

e The positions of nodes are an approximation of the similarity between the nodes,
based on an analysis of the links between nodes (and possibly also the weights of
those links).

e Nodes that are close together are more similar than nodes that are far apart (the
distance-similarity metaphor).

* The positions of nodes may be influenced by aesthetic choices that are encoded
into the layout algorithm (e.g., to minimize edge crossing) or that are used to
make manual adjustments (e.g., to eliminate overlap of two nodes by manual
shifting).

e Network visualizations can be rotated or reflected in space arbitrarily.

e Some network visualizations omit a portion of the links to better focus attention
on the node positions and the most important link structures.

e Shorter links are usually stronger than longer links, even though longer links
may draw the eye and shorter links may be so short that they almost disappear.

Studies of the metaphoric properties of network visualizations are rare and have
focused primarily on the distance-similar metaphor. Fabrikant and colleagues [7,
10, 11] explored the judgments of novice users of network visualizations regarding
the presumed similarity of two pairs of target nodes, manipulating a variety of topo-
logical and aesthetic variables: the Euclidean distance between the nodes, the cumu-
lative measured length of links between the nodes, the number of intervening nodes
on the path between the target nodes, and the width, darkness or hue of links. In all
studies, participants overwhelmingly associated similarity with the length of the
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path between two nodes (in terms of geometric length or direct-line distance, not the
number of links in the path). Nodes close to each other “as the crow flies” were
considered less similar to each other than nodes that had a shorter network connec-
tion. The only design features of a network that contradicted this powerful intuition
were the width of a link and, to a lesser extent, the darkness of a link; wider links
especially made nodes seem more similar to each other, even if those nodes had a
longer measured path.

In a final study, [10] compared judgments of node similarity to judgments of
node distance by making a slight change to the task instructions from their previous
studies, such that participants answered questions about similarity and distance
separately. When asked about distance, participants focused on Euclidean distance.
When asked about similarity, participants focused on the geometric length of links.
These results are encouraging, in that network layout algorithms may make com-
promises about where a node is positioned, thereby rendering “as the crow flies”
distances less meaningful than the presence of links. On the other hand, the length
of links can be determined both by the layout of the nodes and by whether the layout
algorithm has a constraint on link length. Novices without a sophisticated under-
standing of layout algorithms will be likely to make judgments based on the length
of the lines.

One way of interpreting these findings is through the lens of basic perceptual
skills. Even without special training, users of visualizations have natural skills for
interpreting spatial information. These skills were described over a century ago by
German psychologists as “Gestalt laws” [12], and they can help explain how com-
ponents of data visualizations are understood on a very fundamental, perceptual
level. These laws are especially relevant for network visualizations, where training
and even exposure are uncommon among a general population. The arrangements
of nodes in space and the connection of those nodes by lines have very strong con-
notations for users, and visualization designers must anticipate how that will affect
interpretation.

3.3 Topological Literacy: Do Individuals Understand Basic
Network Properties When Reading Network
Visualizations?

Beyond a user’s intuition about a network visualization, researchers may also want
to investigate whether users can glean topological information (i.e., the mathemati-
cal or statistical properties of the network data underlying the diagram) from the
visualization. Depending on the field of study, different parts of a network dataset
may be considered especially important. In some fields, the clusters of nodes in the
network are most important, whereas in other fields it is important to identify spe-
cific nodes that are highly influential. For example, a study could measure a user’s
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ability to identify nodes with a high betweenness centrality score (i.e., those nodes
that lie on heavily traveled paths between node clusters) from the network visualiza-
tion. Testing whether a user can read or estimate topological information about net-
work data from a visualization can be an important way of assessing either the
user’s literacy or the visualization’s success.

A user’s topological literacy is dependent on many factors: the user’s prior train-
ing with both network data and network visualizations, the choice of network layout
algorithm (and by extension, the topological properties that are emphasized by the
network layout algorithm), any additional design choices made by the producer of
the network visualization (e.g., adding color coding to emphasize a particular topo-
logical property), the specific properties of that particular network dataset (e.g., the
size of the network, whether some nodes have notably more links than others), and
the choice of topological property (i.e., “task”) to measure.

3.3.1 Effect of Layout or Base Map Choice

Node-link diagrams have a wide variety of layout algorithms (Fig. 5) that determine
the position of nodes and edges. The most common layout algorithms, especially for
small- or medium-sized networks, are algorithms drawn from physical analogies
like springs and forces, pushing and pulling the nodes into place based on the pres-
ence and/or weight of edges. The complexity of network data means that there is no
one “correct” layout of the nodes and edges — two nodes may have a strong link to
each other, but they may also be strongly connected to other nodes that are very far
apart. Because of this complexity problem, different layout algorithms have been
developed either to prioritize different features of the data or to make certain types
of visual judgments easier.

Fig. 5 Two visualizations of the same network data. The layout algorithm on the left prioritizes
clusters, while the layout algorithm on the right prioritizes even node distribution
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One way of evaluating layout algorithms is to explore the extent to which the
layout follows guidelines for graph design aesthetics [13, 14]. Many such graph
aesthetic principles have been identified [9], including:

* Global and local symmetry

* Non-overlapping nodes

* Minimized edge crossings

* Edges of equal length

* Evenly spaced nodes

* Visual representation or emphasis of clusters (e.g., intra-cluster edges are short-
ened; inter-cluster edges are lengthened)

* Space-filling algorithms

* Node-area awareness

The most widely studied aesthetic properties for network visualizations have
been edge crossings and the angles created by those crossings. These features have
been found to have a large impact on topological literacy. Different layout algo-
rithms also vary greatly in their performance on these aesthetic properties.

Seminal work by Purchase and colleagues [15—19] manipulated and tested a
series of aesthetic properties of network visualizations to determine user perfor-
mance on three tasks for finding: (a) the length of the shortest path between two
nodes, (b) the number of nodes that need to be removed to destroy a path between
two nodes, and (c) the number of edges that need to be removed to destroy a path
between two nodes. Through a sequence of related studies, Purchase and colleagues
[15-18] systematically investigated the effects of edge bends, edge crossings, lay-
out symmetry, angles between links as they leave a node, and use of an orthogonal
grid for nodes and links. Results consistently emphasized that higher numbers of
edge crossings and high numbers of edge bends generally reduce performance,
measured via task accuracy and response time. Related work by Huang and col-
leagues [20-24] supports these results and suggests that edge crossings with small
angles, especially, inhibit performance (measured by accuracy, response time, and
self-reported mental effort) on tasks that require users to follow paths.

As a follow-up to the original studies by Purchase and colleagues, [19] intro-
duced the concept of path continuity or the lack of abrupt changes in direction of
the path. This study focused on a single task — length of the shortest path between
two nodes — and found that response time on this task increased as a result of the
following changes (in order of influence): increase in number of edges in shortest
path, decrease in continuity of shortest path, increase in number of crossings on
shortest path, and increase in number of branches off nodes in the shortest path.
This suggests that for tasks requiring users to follow a path, anything increasing
the number of additional candidate paths or that makes it harder to focus on the
shortest path will increase the time needed to complete the task. Rather than focus-
ing on properties of the entire network visualization, it may make more sense to
optimize visualizations for specific tasks and the aesthetic properties that will
make those tasks easier.
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3.3.2 Effect of Data Overlay Design Choices

Regardless of the layout algorithm used, other basic graphic design properties that
apply to all visualizations should be considered when designing network visualiza-
tions. A series of core perceptual studies have addressed basic human perceptual abili-
ties as they relate to interpreting information visualizations. Both early studies and
more recent replications [25, 26] suggest that humans have aptitude for comparisons
related to position in space and length of an object. Accuracy suffers when tasks
require comparisons of area (like comparisons between two circles) or color value
(like the comparisons between two shades of red). Node-link diagrams employ only
relative positioning, and even those relative positions are the result of algorithms that
may not have an optimal solution for a 2D visualization. In data visualization, there is
often a tension between accuracy and aesthetics. The differences in positions in a
node-link diagram are not meant to be interpreted with great accuracy, despite human
acuity for position comparisons. Conversely, node-link diagrams often employ size
and color coding to emphasize topological data in the visualization despite our rela-
tively low acuity with those visual encodings. These mismatches between node-link
diagrams and our basic human perceptual systems suggest challenges for the use of
network visualizations without supplemental numerical information.

3.3.3 Effect of Network Data Properties

The basic properties of a network dataset can also have a large impact on the effec-
tiveness of the visualization. Ghoniem, Fekete, and Castagliola [8] compared task
performance of users viewing matrices and node-link diagrams, varying the size
and densities of sample data sets. They found performance on all experimental tasks
deteriorated for node-link diagrams as the size increased from 20 nodes to 50 nodes
and again between 50 nodes and 100 nodes. Increases in density between 0.2 and
0.6 had mixed effects on task performance. They concluded that certain tasks are
much harder with high-density networks, while others show no significant drop in
accuracy as density increases. Similarly, Purchase, Cohen, and James [18] found
that an increase in density of node-link diagrams relates to a decrease in accuracy
on tasks dealing with the connectivity of a network.

4 Teaching Network Visualization Literacy

As reviewed above, research within the visualization community focuses primarily
on experimental studies of network visualization comprehension, limited to specific
predetermined tasks. A more robust understanding of network visualization literacy
must also take into account both how users understand network visualizations when
they encounter them in their daily life and how individuals can gain the expertise
necessary to produce their own network visualizations. Thus, a combination of
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formal and informal education is desirable for empowering many to read and make
network data visualizations. Here we present and discuss three existing approaches—
Connections: The Nature of Networks (a public science museum exhibition at the
New York Hall of Science), NetSci High (a research program for high school stu-
dents sponsored by Boston University, Binghamton University, USMA West Point,
and the New York Hall of Science), and the Information Visualization MOOC
course at Indiana University.

4.1 Network Visualization in Informal Learning Environments

Informal learning environments (which includes unstructured learning opportuni-
ties such as museums and personal learning) provide opportunities for acquainting
the public with network visualization to increase NVL. Because of the unstructured
nature of these environments and the relative novelty of the use of network visual-
ization as a tool for understanding complex systems, significant scaffolding is
required for effective learning and knowledge transfer.

4.1.1 Connections: The Nature of Networks

The first public museum exhibition on network science was developed by the New
York Hall of Science in 2004 [27]. The pedagogical goal of this exhibition was to
acquaint museum visitors with the fundamentals of network science, including the
basic ways networks are represented as a series of links and nodes, as well as the
generalizability and value of how most kinds of complex connected systems can be
represented as networks, the benefits of these kinds of representations, and a basic
characterization of complex network concepts (small worlds, scale-free properties
and emergence). To address a very diverse audience (including all ages), it was
theorized that the experience overall should engage visitors in network concepts in
a variety of ways, including visual representations, sound, and embodied or physi-
cal interaction with networks and network concepts (Fig. 6).

A significant challenge to developing this experience was that the notion of net-
works as a general principle was a new idea to visitors. In a preliminary visitor study
[28], visitors could readily identify computer and communications networks with
little or no prompting, but they could not readily identify networks in either social
or natural contexts. A summative evaluation of the exhibition [29] indicated an
increase in the number of visitors who identified networks in a broad spectrum of
applications, particularly environmental and social, and indicated that networks are
a way to understand the world through the Connections exhibition. To achieve these
outcomes, however, required intervention by floor staff to explain relevant network
ideas represented in the exhibition. By far the most popular and effective aspects of
the experience were when visitors physically interacted with networks.
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Fig. 6 Ropes and Pulleys (left) convey the complexity and dynamic of networks. Visitors turn the
wheels to change the topology of the pulleys and ropes creating clusters and isolated nodes. NEAR
(bottom right) simulates the dynamics of social networks using nearest neighbor algorithms

On balance, beyond positive affect and recognition of the ubiquity of networks,
there was little transfer of knowledge. It was a much more difficult task for visitors
to deepen their understanding of the properties of networks. The implications of this
work for NVL are that effective engagement of museum visitors in complex net-
work ideas (a) is deeper when visualization is combined with hands-on activities in
which the visitor is engaged in network concepts, (b) requires intervention of floor
staff for understanding specific network properties, and (c) exists within a reality of
an overall lack of understanding of networks among a diverse visitorship, indicating
the need for more learning opportunities for the public about the importance and
utility of networks.

4.2 Network Visualization in Formal Learning Environments

For the sake of this chapter, formal learning environments circumscribe teaching
and learning in primary, secondary, and post-secondary school-based environments.
The following section details NVL activities in both university and high school
classrooms.
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4.2.1 NetSci High

Network visualizations have been taught at the university level for some time, but
secondary educational environments only recently started exploring this topic. As
with the introduction of any new idea, finding a way to fit networks into existing
curriculum is difficult for teachers, who are accountable primarily for their student’s
performance on standardized tests. Because networks align well with mathematics
and science content standards through the Common Core [30] and NGSS [31], it is
reasonable to infuse these ideas into curriculum, create professional development
opportunities, and also student and teacher research through guidance by research-
ers and university faculty.

NetSci High started in 2010 and is a first of its kind program to train high school
teachers and students in network analysis techniques and have them apply it to
research mentored by university researchers and graduate students [32]. An impor-
tant aspect of this program is the training of students and teachers, which between
2012 and 2015 took the form of a 2-week “boot camp” at Boston University, in
which teachers and students were immersed in network concepts and trained in
tools to equip them for mentored research during the school year. Research projects
culminate in display and defense of research at the International School and
Conference for Network Science.

Findings from the evaluation of the Connections exhibition at the New York Hall
of Science were useful to inform the development of the training and the role of
network visualization in the program. Specifically, this involved exposing partici-
pants to a wide variety of applications of networks and how they are visualized, as
well as providing hands-on and embodied ways to demonstrate and engage with
network concepts. Central to the training was skills development in the use of net-
work analysis tools. NetworkX and Gephi were the primary tools taught, and vari-
ous other analysis environments and techniques were included in the actual research
phase. Program evaluation by Davis Square Research Associates [33] indicated sig-
nificant gains in the understanding of (a) the value of network visualization and its
role in analysis of complex networks; (b) the intimate relationship between analysis
and visualization; (c) the process of representing a variety of network attributes,
which can be accomplished through a variety of tools; and (d) the importance of an
intensive approach to teaching novices network visualization as a tool to analyze
and communicate findings in network science.

4.2.2 Information Visualization MOOC

In a long-running teaching and research program at Indiana University, teaching
university students to understand and create network visualizations began by devel-
oping a systematic process for designing effective visualizations. This framework
for creating visualizations has then been embedded into course structure, books,
activities, software, and digital teaching aids, all of which allowed the graduate-
level Information Visualization course to expand into a massive open online course
(MOOC).
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Frameworks for Network Visualization Education

Borner [34] proposes a general process for converting data into a visualization
(Fig. 7), each step of which is based on an analysis of what the users of the visual-
ization need and want from the visualization. First, data need to be parsed and read
(READ).

Extensive cleaning and preprocessing might be needed. Temporal, geospatial,
topical, and network analyses might be performed to identify trends and patterns
(ANALYZE). The visualization phase (VISUALIZE) comprises three major steps.
First, the appropriate reference system must be identified. This reference system
becomes the stable base map onto which data are layered. Second, the reference
system might be modified (e.g., an axis may undergo a logarithmic transforma-
tion). Third, additional data variables are visually encoded using diverse graphic
variable types. Ultimately, the visualization must be deployed (DEPLQOY) (i.e.,
printed, published online, etc.) Last but not least, the visualization is presented to
stakeholders for validation and interpretation. Frequently, new visual insights lead
to new questions, requiring additional data analysis and visualization — the cycle
repeats.

This detailed formulation of different steps involved in visualization design open
each step up for the critical discussions that are necessary for gaining data visualiza-
tion literacy. For example, different needs from stakeholders, combined with differ-
ent properties of the data, will lead to different visual design recommendations. In
the case of network visualizations, the framework is especially helpful in guiding
students through a series of design choices that are easy to dismiss as arbitrary
because of the lack of standardized guidelines and training within the broader infor-
mation visualization community.

DEPLOY

Stake- Validation

holders -
Interpretation

Graphic Variable Types

Types and levels of analysis determine data,
algorithms & parameters, and deployment
Modify reference system,
add records and links

Visualization Types
(reference systems)

READ ANALYZE VISUALIZE

Fig. 7 Needs-driven workflow design with science map network example on right
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The information visualization MOOC (IVMOOC) [35] is a graduate-level course
that has been continually developed and taught at Indiana University (IU) since
2013. Most students, coming from over 100 countries, take the course for free to
earn a personalized letter of accomplishment and digital Mozilla badge. Additionally,
in Spring 2016, more than 120 students registered for three IU credits as part of the
Information and Library Science M.S. program and the online Data Science M.S.
program offered by the School of Informatics and Computing.

Course Structure

The IVMOOC course aims to improve data visualization literacy — the expertise and
skills needed to read and make data visualizations. It teaches theoretical foundations
and advanced tools that help turn data into insights.

The course uses a combination of hands-on case studies showing how to read,
analyze, and visualize; theory lectures; client projects; homework assignments; and
exams to empower students to design effective visualizations that take the needs of
users into account. In the first week of the course, students are introduced to the
visualization framework, which is used to structure the course’s schedule and
exams, textbook [36], tools, and an IVMOOC flashcard app (discussed more below).
In weeks two to six students use the framework to learn about a variety of types of
visualizations, including network visualizations. In the last 7 weeks of the course,
students collaborate on real-world projects for a variety of clients. Results from
previous student projects are published in [36].

Each unit includes theory and hands-on sections. Each theory section
comprises:

e Examples of exemplar visualizations

* Visualization goals

* Key terminology

e General visualization types and their names
*  Workflow design

* Discussion of specific algorithms

Each hands-on section guides students through user and task analysis; data
preparation, analysis, and visualization; deployment; and the interpretation of visu-
alizations. The sections feature in-depth instruction on how to navigate and operate
several software programs used to visualize information. Furthermore, students
learn the skills needed to visualize their own data, allowing them to create unique
visualizations.

The theory and hands-on components are standalone, meaning that participants
can read/watch whichever section they are more interested in first, and then review
the other section. After the theory videos, there are self-assessments, and after the
hands-on videos, there are short homework assignments.
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Textbook

The Visual Insights textbook [36] was designed as a companion resource for students
taking the IVMOOC. It contains all theory and workflows covered in the course.
While the Atlas of Knowledge [34] aims to feature timeless knowledge, or princi-
ples that are indifferent to culture, gender, nationality, or history, the IVMOOC and
associated textbook cover “timely knowledge,” or the most current data formats,
tools, and workflows used to convert data into insights.

Analogous to the IVMOOC course, Chap. 1 introduces the visualization framework
intended to help non-experts assemble advanced analysis workflows and design dif-
ferent visualization layers. It also showcases how the framework can be applied to
“dissect visualizations” for optimization or interpretation. Chapters 2—7 in the text-
book introduce the different types of analysis: temporal (when), geospatial (where),
topical (what), and trees and networks (with whom). Chapter 8 presents exemplary
case studies that resulted from IVMOOC real-world client projects.

Software

Every student who registers for the IVMOOC gets experience using the Sci2 Tool
[37] a software application for data analysis and visualization developed by Borner
at IU. The NSF-funded tool has been in development since 2008 and benefits from
more than 10 years of tool development and feedback from many of the more than
150,000 tool users in academia, industry, and government. The tool supports the
temporal, geospatial, topical, and network analysis and visualization of scholarly
datasets at the micro (individual), meso (local), and macro (global) levels. It imple-
ments the visualization framework to help users assemble more than 180 algorithms
into proper workflows. Specifically, it organizes the main menu structure by work-
flow steps (from reading and preprocessing data to analyzing and visualizing data
and saving out results) and by visual analysis type (temporal, geospatial, topical,
networks) using the visualization framework discussed above.

Flashcard App

Visualization designers and users must have a basic understanding of different visu-
alizations — their types and the visual encodings used. They must be able to recog-
nize and name visualizations in order to refer to and talk about visualizations. The
IVMOOC Flashcard app lets users browse more than 60 information visualizations.
Users swipe to navigate through visualizations, pinch in/out to zoom, and tap to turn
the card to access information about name of the visualization, visualization type
(e.g., graph, map, network layout), visual encoding used (graphic symbol types and
graphic variable types), and reference to additional information provided in the
Atlas of Knowledge [34]. The Flashcard app, created in Unity 3D, supports both
Android and iOS.
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S What Are our Best Ways Forward?

Based on our review of relevant research and experiences with teaching and learning
with network visualization in formal and informal settings, we make the following
recommendations for improving network visualization literacy:

e Use data that are meaningful to the learner. Data that are personally relevant to,
directly collected from/by or selected by the learner will increase their engage-
ment and familiarity with the data. Similarly, when asking questions of the data,
instructors are urged to pick tasks that make sense for network visualizations but
also those that make sense for the selected data and for the research questions the
user is investigating.

e When introducing novices to networks and visualization techniques, best prac-
tices would suggest the use of small networks with low density to increase
understanding.

*  When designing visualizations, leverage core perception mechanisms by follow-
ing Gestalt grouping, continuity, and proximity principles. Additionally, endors-
ing certain types of aesthetic principles like minimal edge crossing and path
continuity should improve the likelihood of understanding by the public.

* Following best instructional practices, educators should engage novices in low
complexity tasks with greater support and move toward higher-complexity tasks
and networks, withdrawing support as the learners gain competence.

e Network scientists need to provide explicit instruction on how readers/users
should read the visualizations they create. Clearly outlining what conclusions are
and are not valid will help users in interpretation. This should include use of
standardized terminologies to leverage prior knowledge.

6 Discussion

In conclusion, there is ample evidence that network visualization is an important
tool for understanding complex connected systems, but it is important that it be
thoughtfully combined with other pathways into understanding what networks are,
their characteristics and behaviors.

To enact these recommendations and advance the nascent research on NVL, we
invite close collaboration with others on developing both widely adoptable visual-
ization frameworks that can be used to teach information visualization theory and
methods and also custom development of a more refined and meaningful definition
and framework for NVL. Efforts must be made to develop guidelines that recommend
skills and learning outcomes and competencies for both learners that have taken
information visualization courses in formal settings and a wide audience of citizens
and policymakers. Additionally, the visualization community should work together
openly to standardize terminology, theoretical frameworks, and visualization tech-
niques. This work should involve the development, testing, and implementation of
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course designs, tools, materials, and activities to increase student competency with
interpreting and implementing visualizations, preparing them to evangelize these
methods and practices in research, practice, and training. Finally, open data, open
code, and open education are true enablers that can empower anyone to convert data
into visual insights.
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Network Science in Your Pocket

Toshihiro Tanizawa

1 Introduction

Network science has its root in mathematical graph theory, which began from the
famous problem “Seven Bridges of Konigsberg,” solved by a mathematician,
Leonhard Euler, in 1736. Erdés and Rényi combined classical graph theory with
modern probability theory and initiated random graph theory in 1959 [1]. Starting
in 1998, it became evident that mathematical graph theory could be applied for
understanding real-world phenomena, to develop into “network science” in the
present context [2, 3]. Network science has now become one of the most active
research fields, and a vast amount of knowledge has been accumulated.

Any system that can be mapped onto a structure made from nodes and links is
considered to be a network. This ultimate simplicity is the most valuable asset for
the concept of “networks” since, in this sense, networks are everywhere. By repre-
senting a complicated system as a network, we can analyze the problems relating to
the system theoretically and/or numerically. The results are compared to the
observed data generated by the system, and the validity of the network representa-
tion of the system is verified quantitatively. The methods in network science have
thus become powerful tools for understanding various phenomena produced by
complex systems.

One of the remarkable features of network science is that, though the cutting-
edge results are obtained by highly mathematical and statistical analysis, the most
basic concepts, such as nodes and links, degree of nodes, average path length, clus-
tering, and small-world properties, are conceivable even for elementary school chil-
dren through vivid network visualization without any mathematical expressions.
Thus, we believe that the basic knowledge of network science can be included in
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core curricula at every educational level, from preschool to undergraduate. The con-
cept of “network literacy””! embodies this situation [4].

Since most of the experts in network science at present are confined in research
universities, institutes, or corporation laboratories, increasing the number of people
familiar with the concepts of network science outside academia is the first important
step toward the goal of network literacy. In this regard, outreach education activities
for K-12 students and/or their teachers led by network scientists are crucial for
spreading the concept of network literacy. Moreover, it is preferable that the activi-
ties be performed at the places where the teachers are engaged in their everyday
teaching, since, by doing so, teachers could realize that network science is a subject
that can be taught outside research settings.

However, preparing for outreach activities outside campus can be tedious and
troublesome. In the first place, instructors have to prepare various kinds of lecture
materials, such as viewgraphs, images, and charts. Since the networks dealt with in
network science are dynamic objects on which various phenomena occur, the pre-
sentation of the contents should also be dynamic and, preferably, interactive. If the
attendees have sufficient skills for software programming, it would be a good option
that the lectures include a short hands-on course for developing small applications
of network science using various programming languages, such as C, C++, Java,
Python, and so on. The instructors, however, would not be able to expect such pro-
gramming environments at off-campus activities. Connection to the Internet is also
preferable, since students may look up various technical terms online during the
lectures. The instructors may also use online contents during the lectures. To deal
with all of these problems coherently would be a burden for the instructors in prepa-
ration of the lectures.

To make this easier, it would be very helpful if instructors have the necessary
tools and materials on a stand-alone environment in one tiny box that can be brought
anywhere easily, which has become possible through recent advancements in tiny
single-board computer technology. The project, “Network Science in Your Pocket”
(the Pocket project, hereafter), intends to realize such a “tool box” that enables us to
practice outreach activities for network literacy in everyday teaching in the
classroom.

This chapter is organized as follows. In the next section, we clarify the require-
ments for such a toolbox, which is called the Pocket Server in this chapter. Section
3 describes two operation modes of the Pocket Server. In Sect. 4, concrete imple-
mentation processes for building the Pocket Server are described. Section 5 reports
the details of a lecture for network science using the Pocket Server, held in a techni-
cal college in Japan. Section 6 summarized this chapter.

'A PDF of Network Literacy: Essential Concepts and Core Ideas, in the original English as well as
over 20 additional translations, can be downloaded from: https://sites.google.com/a/binghamton.
edu/netscied/teaching-learning/network-concepts/.
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2 Requirements for the ‘“Tool Box”

In Fig. 1, we show the education levels, which the Pocket project intends to cover.
In preparation for a series of lectures in an outreach activity, instructors have to take
into account prior knowledge and skills of the students. For instance, instructors
would not be able to expect primary school students to have sufficient skill in fluent
keyboard typing. The contents of the lectures would thus be preferable if they are
presented with a lot of graphics on-screen and proceed by mouse clicking and/or
dragging. The most convenient interface for such a style will be a web browser, so
we refer to this style as the “browser-oriented” style. As the education level becomes
higher, the typing skill of the students improves. Instructors are even allowed to
expect that the students might have some knowledge or experiences in software
programming. In this case, the contents of the lectures are allowed to contain more
materials that require inputs from the students through a character-based user inter-
face, such as a terminal window provided in almost all operation systems presently
available. We refer to this style as the “command-line oriented” style. The toolbox
of the Pocket project is thus required to be able to deal with both browser-oriented
and command-line oriented styles.

To make lectures interactive, the toolbox should accept various types of com-
munication channels and protocols over the local area network (LAN) and the
Internet alike. For effective storage of a large amount of data used in the course, a
suitable database application might also be required. If a set of lectures for high
school or undergraduate students contains assignments of writing progress reports,
it might be preferable that the tool box provides a suitable document processing
suite such as LaTeX that can handle mathematical expressions, reference citations,
indexing, and so on, easily and coherently. For efficient code writing in program-
ming, good old editors such as Vim or Emacs should not to be omitted from a fun-
damental set of requirements for the toolbox.

Figure 2 is a schematic picture of the toolbox of the Pocket project, the “Pocket
Server” that fulfills all of these requirements. In this picture, the Pocket Server is
intended to work in two different operation modes alike; one acts as a server that

Keyboard skills

Education Level . .
Programing skills

Style of courses

Pri Low Browser
rimary oriented
Secondary
Command
Undergraduate line
ngh oriented

Fig. 1 Education levels from primary to undergraduate over which this Pocket project intends to
cover
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HUB
Interactive Web Pages Database
Intranet
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(python, C++, Java, R, ...) Environment
Editor (Vim, Emacs, ....)

Fig. 2 A schematic picture of a sample structure of the “Pocket Server” (PS)

accepts connection requests from outside and delivers the contents of the course,
and the other acts as a client computer for each student in which all necessary tools
for studying network science are included in a box.

3 Two Operation Modes of the Pocket Server

As mentioned above, the Pocket Server has two operation modes, the server mode
and the client mode. The server mode is the basic mode of the Pocket Server, in
which a single Pocket Server works as an ordinary http server. This mode is suitable
for giving a browser-oriented course in a lecture room that already provides a set of
personal computers for students with a working local area network (LAN). These
days, many primary education facilities as well as those for secondary or higher
education are equipped with such lecture rooms. In this case, the instructor needs to
only bring the Pocket Server and connect it to the screen and LAN of the lecture
room. The students access and retrieve the contents of the lectures in the Pocket
Server through http connection over LAN. If the server accepts wireless connec-
tions, personal computers are not necessary. The attendees can access the contents
with their own laptops, tablets, or smartphones. In Fig. 3, we show a schematic
picture of the use of the server mode. In case the number of the computers that
connect to a single Pocket Server is large and exceeds the capability for handling all
requests from the client machines in the lecture room, increasing the number of
Pocket Servers for distributed request processing could be an effective treatment.
If the organizer of the lectures can afford to provide a sufficient number of Pocket
Servers, each Pocket Server can be operated in the client mode as a stand-alone PC
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Fig. 3 The use of the server mode
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Fig. 4 The use of the client mode

by connecting it to a monitor and a keyboard. (See Fig. 4.) In this case, each student
has the same environment as that of the instructor at the start of the session. The
students are first encouraged to try the examples presented by the instructor, typing
the inputs with their own hands, and see the results. By modifying these examples,
the students can start to explore the various topics in network science by them-
selves. The client mode is thus suitable for command-line oriented lectures. It
should be noted, however, that even when most of the contents of the course takes
the command-line oriented style, it is always possible for each client to connect to
the Pocket Server of the instructor separately. The lectures can thus shift back and
forth freely between the server mode and the client mode.
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4 Implementation of the Pocket Server

As stated above, the requirements of the Pocket Server are wide-ranging. However,
present technology enables us to fulfill all of these requirements in a tiny single-
board computer. As a concrete example, we present a sample implementation built
on Raspberry Pi 3 Model B.? Figure 5 is a real image of this device, and Table 1 lists
the specifications of Raspberry Pi 3 Model B (RP3). On this RP3, all requirements
of the Pocket Server are realized with various open source software suites. The fol-
lowing are brief construction steps of the Pocket Server on RP3:

1. Format a new microSDHC and put it into the slot of the RP3.

Fig. 5 Raspberry Pi 3

Model B
Eﬂblfg 1 Sl;éﬁf}\iatéo?s of Architecture ARMVS-A (64/32-bit)
aspberry Pi ode hi B BCM?2

B. ARMYS-A (64/32-bit) SoC (system on chip) | Broadcom C 837

CPU 1.2 GHz 64-bit quad-core ARM
cortex-AS53

GPU Broadcom VideoCore IV
RAM 1GB LPDDR2 (900 MHz)

On-board network 10/100Mbit/s Ethernet, 802.11n
wireless, Bluetooth 4.1

On-board storage microSDHC 16GB

Size 85.6 mm x 56.5 mm x 17 mm

Weight 45¢g

Ports HDMLI, 4 x USB 2.0, Ethernet,
and others

2Raspberry Pi 3 Model B is a product developed by the Raspberry Pi Foundation. https://www.
raspberrypi.org/products/raspberry-pi-3-model-b/.
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2. Install an operating system with NOOBS, which is an official operating system
installer.® Here we choose the operation system, Raspbian, a Debian-based Linux
operating system.*

. Configure network interfaces appropriately.’

4. Install necessary software bundle, such as software development environments
(C/C++, Java, Python, R, etc.), editors (Vim, Emacs, etc.), libraries, database
applications (MySQL, postgreSQL, etc.), graphics-handling applications
(ImageMagick, GIMP, etc.), applications for graph plotting (gnuplot, etc.), and
text-processing applications (LaTeX, etc.), with the default package manager of
Raspbian.’

5. Install other network handling applications (Cytoscape,’” Gephi,? etc.).

(O8]

The sample implementation in this section is mainly built by Python. For scien-
tific computation required for network science, a lot of modules, such as NumPy,
SciPy, matplotlib, NetworkX, pandas, and so on, are necessary. Though we can
install these modules one by one with any of standard package managers of Python
(e.g., by pip), here we use Berryconda,” which is an integrated Python distribution
for scientific computing adapted for Raspbian based on the Conda package manag-
ing system, which includes all necessary modules.

The web application that plays a central role in presenting the contents of the
course in the browser-oriented style is constructed on top of the Python module,
Flask.!® This module contains a tiny web server application of its own, which is
sufficiently handy for present educational purposes. We do not need a gigantic
server application such as Apache for this kind of job. Figure 6 is a screenshot of the
entry page of the sample web application for this project. The web application can
be made interactive on the server side implemented by Python, as well as on the
client side using JavaScript. By using an appropriate database application, docu-
ments, graphics, and data necessary for the course are conveniently stored and
retrieved from the web application.

Since the Pocket Server built on RP3 is a tiny but self-contained complete Linux
server, the students can login to the server from their client machines and use the
resources on the Pocket Server even in the server mode operation. The client mode
operation is simply to use each Pocket Server as an independent Linux client PC.

3For NOOBS, see the web page at https://www.raspberrypi.org/downloads/noobs/.
“For Raspbian OS, see the web page at https://www.raspberrypi.org/downloads/raspbian/.

SBasic guides to configuring RP3 can be found in the web page at https://www.raspberrypi.org/
documentation/configuration/.

®The Advanced Packaging Tool (APT) for Debian-based OS is also available in Raspbian. See the
web page at https://www.raspberrypi.org/documentation/linux/software/apt.md.

"For Cytoscape, see the web page at http://www.cytoscape.org/.

8For Gephi, see the web page at https://gephi.org/.

°Berryconda is developed on GitHub at https://github.com/jjhelmus/berryconda.
!"The main web page of Flask is at http://flask.pocoo.org/.
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Fig. 6 Screenshot of the entry page of the web application “Network Science in Your Pocket!”

In a session of lectures, Pocket Servers are distributed to the students, and the stu-
dents use those Pocket Servers as their client machines, in which a complete envi-
ronment necessary for scientific computing in network science is provided.

5 Case Study of a Network Science Lecture with the Pocket
Server

In this section, we briefly report on a network science lecture using the Pocket
Server described in this chapter. The lecture was one of several open-house outreach
activities at a technical college in Kochi, Japan, held in August 2016 for students
from 10 to 15 years old, to promote their interest in science. The room for the lec-
ture is equipped with 40 client personal computers with a projector and a large
screen for the instructor. A private local area network connected to the Internet con-
nection over a secure gateway is also available. Since we could not expect the par-
ticipants to have prior knowledge of network science and sufficient skills for
scientific computing, the lecture was planned in the browser-oriented style with
three Pocket Servers of identical contents, operated in the server mode for disper-
sion of access requests from 40 client machines. Three fixed and different private IP
addresses were assigned to these servers. Though the number of actual students who
attended the course was about ten, the students were divided into three groups
according to the number of the Pocket Servers and guided to connect to the server
assigned to each group at the start of the lecture.
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The contents of the lecture were presented basically by clicking the buttons of
the web pages.!! See Fig. 6 again as the entry web page for this lecture, though it
should be noted that the actual web pages used in the lecture were localized versions
in Japanese.

The aim of the lecture was to show the small-world property of scale-free net-
works due to the existence of hubs, by comparing the path length between two
randomly selected nodes with that of two-dimensional regular lattices. The key
question in this lecture was why the Internet, which consists of several billion of
nodes, is so “small”, in the sense that we feel almost no frustration in moving page
to page by following the links on pages.

Next the instructor showed networks in the real world by showing several images
such as the route map of the subway system in Tokyo, a road map of the city of
London, a network of coauthorship of scientific papers, a network of the linkage
connections between web pages on the Internet, the neuronal network of the human
brain, Zachary’s Karate Club network, a network formed by related English words,
and so on.

After grasping the overall concept of networks, the students were led to lecture
pages to learn the concepts of nodes, links, degrees, degree distribution, and path
length between nodes. Interactive web pages written in JavaScript were also pro-
vided when they were considered to be effective. Figure 7 is an example of this kind
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Fig. 7 An example of an interactive web page for the calculation of node distance

'The whole web application implemented by python-flask module can be downloaded from the
author’s GitHub page at https://github.com/toshitanizawa/NetSci-Pocket.
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of interactive web page. According to the inputs from the students, the path length
between the nodes are calculated and displayed dynamically. Finally, the students
learned that the path length in scale-free networks does not increase proportionally
to some power of the system size but logarithmically, which is the main reason for
the smallness of the Internet.

Though all the students attending this lecture had no prior knowledge of network
science, the survey after the lecture told us that they enjoyed learning various char-
acteristics of networks, such as the universality of power-law behavior in the degree
distribution or the small-world property. Above all, they were really surprised at the
astonishingly small values of the path length in scale-free networks, knowing that
they could not find two nodes whose path length was larger than 10, even in a huge
network such as a Barabasi-Albert network of about 65,000 nodes.

6 Summary and Discussion

In this chapter, we describe building a small portable server that provides sufficient
facilities for delivering lecture courses on network science, even if they are held
off-campus. Thanks to current technology, it is possible to build such a server on a
single-board computer so small that you can carry it in your pocket. A sample struc-
ture, which consists of two operating modes, the server mode and the client mode,
was proposed, and an example of implementation of the server built on a single-
board computer available on the market was also described. The effectiveness and
capability of this server was actually tested at an open-house outreach activity at a
technical college in Japan.

In this chapter the author reported a case study for using the Pocket Server in the
browser mode. The browser mode is suitable for presenting ready-made contents
that are well planned prior to the lectures. In contrast, the client mode is suitable for
exploring or developing the style of the contents. Since the Pocket Server is a tiny
but complete Linux machine provided with the necessary tools for scientific calcu-
lations and numerical simulations, students with sufficient skills can readily start a
small research project on network science. The client mode operation of Pocket
Servers could, therefore, be effective in an advanced or intensive program for net-
work science targeted to highly motivated students in secondary schools. After
instructions from the lecturer about the basic concepts of network science, the stu-
dents would be introduced to selected topics of interest about network science and
could conduct research on their own. You do not have to limit the use of the Pocket
Server only to short lectures for outreach activities; an entire course on scientific
computing including network science could be taught with Pocket Servers distrib-
uted to students.

The biggest challenge at present for the Pocket project is to provide sufficient
lecture materials that are available to the teachers at any educational levels. Building
a system for compiling the contents of outreach activities performed by members of
NetSci community is crucial.
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