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As classrooms transition from traditional to cooperative learning environments, questions about the details of 
these environments effectiveness are posed. Does this model equally benefit all students? How do non-
traditional (NT) students’ gains in conceptual knowledge compare to those of traditional (Trad) students in 
these classrooms? Do NT students’ social differences (i.e. age, employment status, family life, etc.) affect 
the amount of learning they do in the course or their tendency to form collaborative ties with other students?
In three sections of SCALE-UP introductory calculus-based physics, we collected social network survey data 
about student connections and used the Force Concept Inventory as a pre- and post-course conceptual knowledge 
diagnostic. Several centrality measures were calculated for the networks and NT and Trad student data were 
compared to look for significant differences between the two groups’ results. We found that NT students are 
connected to fewer peers but are closer to the inner workings of the network in larger courses.

I. INTRODUCTION

Interactions between students in the classroom can be in-
tegral in enhancing their educational experience, particularly
in interactive classrooms such as SCALE-UP classes [1, 2].
These interactions can be quantified and visualized using so-
cial network analysis (SNA) to provide large-scale data for
classes of various sizes without placing undue burdens, such
as time-consuming interviews, on researchers and student
subjects. Insight into these interactions will advance under-
standing of how to create a classroom environment that en-
courages students to make connections and become more in-
volved in the classroom network. Network involvement has
been linked to the feeling of being a part of a learning com-
munity, which is pivotal in retaining students [3, 4]. This is
especially important for non-traditional students, who make
up a large portion of the student body at Wright State Univer-
sity and many other educational institutions. Implications of
this research may be vital as retention of non-traditional stu-
dents has been related to the feeling of belonging to a com-
munity [4] and community integration has been linked to cen-
trality.

Network position has also been linked to measures of stu-
dent success, such as conceptual gains or grades. For ex-
ample, Bruun and Brewe [5] found that more inclusion and
importance, or centrality, in the network was linked to higher
course grades. Various measures of centrality exist. This pa-
per will focus on degree, betweenness, and closeness [6] (de-
fined in Section II), which are common centrality measures
that provide different insights into network structure. Brewe
et al. [7] also found that classes utilizing interactive engage-
ment (IE) techniques showed a more connected post-course
network than that of traditional lectures.

Little work in physics education research (PER) has been
done to see if or how non-traditional students (over age 22
for this study) fare differently than traditional students. This
paper will look for trends between non-traditional and tradi-
tional students’ scores on the FCI for pre- and post-course
administrations, FCI score gains, and measures of network
centrality for three SCALE-UP classes of varying sizes.

II. METHODS

A. Context and Data Collection

Wright State University offers a rare demographic of
largely non-traditional (over the age of 22) students. The
University is a large public institution with roughly 14,000
undergraduates. Over half of those students are considered
non-traditional by the University’s definition of age > 22 [8].

Data for this study comes from three sections of a SCALE-
UP format calculus-based general physics I course. Each sec-
tion was taught by the same instructor using similar class
materials and met three times a week with a built-in recita-
tion section. A one credit (two in-class hours) laboratory was
held separately. The course instructor used peer cooperation
and cooperative group problem solving combined with lectur-
ing. Dataset A was a summer section with a small class size
(∼30 students) and one graduate teaching assistant (GTA).
Dataset B was a fall section with a moderate class size (∼70
students) and two GTAs and two undergraduate learning as-
sistants (ULAs). Results from Dataset B are presented in this
paper as it shows some of the dynamics of a large dataset, but
at a reasonable number of students for reader understanding.
Dataset C was a spring section with a large class size (∼120
students) and one GTA and five ULAs.

During the first and last weeks of the course, two surveys
were given. One was the Force Concept Inventory (FCI) [9],
which was administered during class. The other was an online
survey which collected network data about the class by pro-
viding students with a class roster and asking them to mark
any students they "...work with to learn physics in this class."
Table I provides the numbers of enrolled students, numbers
of non-traditional (NT) and traditional (Trad) students, and
response rates for each dataset’s pre- and post-course surveys.

B. Data Analysis

Collected FCI data was scored and score gains were calcu-
lated (by subtracting the pre- from the post-course score) for
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TABLE I: Full class and subsetted enrollment values and
response rates. (Number of students identified in network
survey is larger than the number of survey respondents.)

Pre Post
Dataset Enrolled FCI Network Enrolled FCI Network

A 36 69% 67% 29 59% 72%
nNT 8 10 6 8
nTrad 17 18 11 21

B 70 80% 86% 71 63% 61%
nNT 15 18 9 17
nTrad 41 51 36 46

C 125 85% 80% 124 74% 69%
nNT 8 11 7 8
nTrad 97 107 98 98

those students with both scores available. Mean and standard
error of the mean values for FCI scores and each centrality
type were calculated for each subset of students (traditional
and non-traditional). The subsets’ values were compared us-
ing t-tests.

Using R [10], an open source statistical software, the data
from the network survey was used to create pre- and post-
course network objects composed of nodes, which repre-
sent students who were named in the network, and edges,
which are listed connections as study partners between two
nodes [11]. Edges were undirected (meaning any connection
between two students was treated identically no matter who
named who or how often the pair was identified) for simpli-
fication of the network. Basic descriptors of a network are
the number of nodes, number of edges, and network density.
Network density is defined as the total number of edges di-
vided by the maximum number of edges possible: n(n-1)/2,
where n is the number of nodes.

1. Centrality Measures

Network centrality is a measure of importance of a node’s
position. Alternatively, centrality attempts to answer the
question: How would the network be changed if that node
was removed? Three common measures were analyzed: de-
gree, betweenness, and closeness [6]. Degree centrality is
simply the sum of connections for a given node or how many
peers the student works with. Betweenness centrality is a
measure of how often node i is on the shortest path (djk(i))
between nodes j and k. It describes how often information
passes through a student to get to another student in the class
and is calculated using Eq. 1.

CB(i) =
n∑

j<k

djk(i)/djk
1
2 (n− 1)(n− 2)

(1)

TABLE II: Network survey information for all datasets.

Pre Post
Dataset Nodes Edges Density Nodes Edges Density

A 28 29 0.077 29 47 0.116
B 69 69 0.029 63 70 0.036
C 118 203 0.029 106 169 0.030

Closeness centrality is calculated using Eq. 2 and describes
how "close" node i is to the inner workings of the network by
calculating the distance (dij) from node i to all other nodes
j in the network. Nodes with low closeness centrality are on
the outskirts of the network.

CC(i) =

[∑n
j=1 dij

n− 1

]−1

(2)

Degree values are reported between 0 and n. The between-
ness and closeness definitions used here are normalized to a
range between 0 and 1.

III. RESULTS

Table II lists the number of nodes, edges, and network den-
sities for the three datasets. Dataset A became more dense,
indicating a more connected class, and Dataset C became ef-
fectively less dense, indicating a less connected class, for the
number of nodes in the network by the end of the course.
(Smaller networks tend to have higher densities, because the
number of possible edges scales as n2.) Figure 1 shows
a sample visualization of the class network demonstrating
Dataset B’s density increase.

Table III lists the basic statistics for the FCI scores and
centrality measures for each subset of students. Bolded pairs
of results show a statistically significant, p<0.05, difference
between non-traditional and traditional students. FCI gain
values were found for those nodes with pre- and post-course
scores. Comparing FCI scores at pre- and post-course times
reveals conflicting trends with NT students sometimes having
higher scores than Trad students and vice versa, but a signif-
icant advantage is seen in Dataset C for non-traditional stu-
dents. Because the classes have a high degree of instructional
similarity, this is likely due to the low n value of NT students.

Across all three data sets, NT students enter the course with
lower average centrality values in almost all cases. Though
these differences rarely reach a level of statistical signifi-
cance, this was an expected result. NT students likely are
more independent and know fewer peers at the start of the
course. The post-course data shows the advantage of ex-
amining multiple centrality measures. NT students always
have lower degree centrality, but at times have comparable
betweenness or closeness centrality. Figure 2 shows the cu-
mulative centrality plot for pre- and post-course degree and
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TABLE III: Mean (and standard error) values for non-traditional (NT) and traditional (Trad) students in all datasets with FCI
gains for students with pre- and post-course FCI scores.

Pre Post Gain
Dataset Subset FCI Degree Betweenness Closeness FCI Degree Betweenness Closeness FCI

A NT 9.8 (0.9) 1.9 (0.4) 0.04 (0.02) 0.08 (0.01) 12 (2) 2.3 (0.8) 0.02 (0.02) 0.15 (0.02) -0.5 (3)
Trad 7.5 (0.8) 2.1 (0.4) 0.06 (0.02) 0.087 (0.006) 13 (2) 3.6 (0.5) 0.06 (0.02) 0.180 (0.008) 5 (1)

B NT 12 (2) 1.6 (0.3) 0.02 (0.01) 0.025 (0.002) 12 (1) 1.8 (0.3) 0.06 (0.03) 0.073 (0.007) 5 (3)
Trad 12 (1) 2.1 (0.2) 0.029 (0.008) 0.06 (0.02) 15 (1) 2.4 (0.3) 0.06 (0.02) 0.077 (0.003) 4 (1)

C NT 9 (2) 2.6 (0.9) 0.02 (0.02) 0.044 (0.007) 17 (3) 1.5 (0.5) 0.006 (0.003) 0.035 (0.006) 7 (2)
Trad 12.2 (0.6) 3.5 (0.3) 0.019 (0.002) 0.052 (0.001) 14.5 (0.8) 3.3 (0.3) 0.022 (0.003) 0.037 (0.001) 2.5 (0.6)

closeness centrality values of NT and Trad students in Dataset
B. The degree plot does not show much change from pre-
to post-course; NT students remain with lower degree values
and neither subset shows substantial degree centrality gain.
This implies that the network did not change much through-
out the course, however the closeness plot shows that the net-
work did change with NT students beginning with lower and
ending with comparable closeness to that of Trad students.

IV. DISCUSSION

Dataset B’s results are intriguing as NT students have fewer
study partners, but nearly identical closeness and between-
ness values. In other words, NT students have fewer connec-
tions, but are connected in some way that gives them equal
access to network resources. The network diagrams for this
data (Fig. 1) show fewer isolated nodes in the post-course
compared to the pre-course network.

Dataset C is interesting as it is the largest SCALE-UP sec-
tion analyzed and shows a decline in all (except Trad be-
tweenness) centrality values with a lower effective network
density at the end of the semester, meaning the nodes rear-
ranged themselves to be more isolated in the post-course net-
work. This was not seen in Datasets A or B, where centrality
values typically grew and the networks became more dense.

The low numbers of NT students and low class sizes in
Datasets A and B make it difficult to discern statistically sig-
nificant differences between NT and Trad students’ centrality
or FCI outcomes. However, some patterns are seen which
might be further investigated through qualitative work. NT
students begin the course with lower closeness values and,
with the exception of Dataset A, end the course with compa-
rable closeness values. They also always have lower degree
centrality than Trad students do. This suggests that although
the IE technique is meant to facilitate student interactions, NT
students are not interacting with their peers in the same way
as Trad students.

A particularly interesting result is found in the FCI gain
values. As the class size increases, NT students appear to
learn more, while Trad students obtain less conceptual knowl-
edge. This may or may not be a statistically significant result

of the shift in secondary education to more IE techniques in
class sizes comparable to that of Dataset A.

FIG. 1: Pre- (top) and post-course (bottom) network
diagrams for Dataset B. Nodes are colored by FCI score
pre-score or gain, sized by degree centrality values and
shaped by designation as traditional or non-traditional.
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FIG. 2: Cumulative centrality plots for degree (top) and
closeness (bottom) of Dataset B show the fraction of

students with a centrality value equal to or above the x-axis
value. Degree shows a similar growth for both student types,

while closeness shows that NT students gained more
closeness than Trad students to end at comparable values.

V. CONCLUSIONS

This study revealed that non-traditional students show dif-
ferent trends in network centrality than those of traditional
students. Non-traditional students consistently have fewer
connections, but make connections that keep them closer to
the network’s inner-workings, particularly in large classes.

As the class size increased, a trend was revealed of non-
traditional students having higher gains in conceptual knowl-
edge, while traditional students have smaller gains in concep-
tual knowledge. This indicates that the effectiveness of IE in
the classroom is still affected by class size.

Evidence has been shown to support the use of multiple
measures of network centrality. Using one centrality measure
does not provide the whole picture of a network’s structure
and can be misleading if analyzing network dynamics from
pre- to post-course.

Future work will continue to survey a range of class sizes
to see if these trends are the norm. This analysis could
be extended to see if non-traditional students tend to net-
work among themselves or with traditional students. Addi-
tionally, correlations between centrality and conceptual mea-
sures (which appear in some cases of the preliminary results)
should be explored in detail.
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