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Abstract
Social network structures have an additional effect on success other than individual
factors. Whether this is true for failure, the opposite of success, still remains unclear.
This paper focuses on the associations between academic failures, that defined by not
passing course exams, and campus social networks based on students’ co-location
occurrences. A novel method with statistical validation is first established to infer
co-location social networks reliably from campus behaviors recorded by smart cards.
It is found that network structures indicated by degree and clustering are indeed
significantly associated with academic failures and failed students usually locate in
small, dense but heterogeneous clusters. While their connections are more stable
over time, failed students seem to be not positively influenced by those non-failed
ones and even demonstrate a failure momentum. In fact, further exploitations imply
that failed students have less incentives to adjust their social structures when
compared to the non-failed ones. Additionally, we show that messages reflected in
co-location social networks and behavioral activities indeed help predict failures and
the network snapshot at mid-term offers competent prediction power on individual
academic failure such that interventions in pursuit of avoiding failures can be applied
within a substantial time window. Our findings underline the importance of
understanding co-location social networks beyond failure in educational settings.

Keywords: Social network; Co-location network; Academic failure; Clustering;
Campus behaviors; Social contagion

1 Introduction
Social networks and individual structural positions are shown to affect the selection on
human behaviors (Borgatti et al. [1]) and even result in outcomes such as career success
(Seibert et al. [2]), investment success (Nanda et al. [3]), online market success (Ansari et
al. [4], Aral and Walker [5]) and academic success (Stadtfeld et al. [6]). For instance, social
network provides access of information and resources that enhance work performance
in one’s career (Seibert et al. [2]); a central position in the co-investment network offers
access advantage to gain entry into promising deals (Nanda et al. [3]); social contagion
that relies on social networks benefits product adoption in marketing (Ansari et al. [4],
Aral and Walker [5]). Apparently, the pathways of social network to success have attracted
enormous and pervasive interests in previous efforts.
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Success, however, is never the only part of human life. Failure, the exact contrary of
success, takes profound occupations in various circumstances. However, a fine-grained
analysis of the relationship between social networks and failures, especially the detailed
picture of whether specific network structures are associated with failures, is still missing.
Meanwhile, although the definition of success can be easily delimited as promotion in ca-
reer (Seibert et al. [2]), substantial profit in investment (Nanda et al. [3]) or considerable
popularity in marketing (Ansari et al. [4]), a general meaning of failure can not simply be
elaborated as the opposite of the above. In particular, a failure should be defined as failing
to pass or complete the goal in a specific scenario. While profit didn’t reach a threshold,
or the advertisement didn’t reach a targeted popularity score can be defined as a failure,
the corresponding threshold or targeted popularity need to be determined beforehand,
which leads to the ambiguity of a failure. For some situations, the definition of failure is
explicit. Yin et al. [7] classified a failure of grant application as an unsuccessful attempt,
a failure of venture as failed to obtain an exit within five years after the first investment
by venture capital firms, a failure of terrorist attack as failed to claim casualties. Similarly,
for academic performance in campus, a failure can be explicitly and incontrovertibly de-
fined as failing to pass course exams. Because of this convenience, we restrict ourselves to
discuss the association between social networks of students and academic failures in this
paper. Understanding this has the potential to considerably enhance scholars’ knowledge
of the role of social networks in failures, even leads to a better knowledge on the influence
pathway of social structures on academic failures.

The main practical challenge with implementing insights of social structure’s associa-
tions with academic failures is that they require access to students’ social networks, which
is not always feasible, especially on a large scale. Prior works conducted multiple surveys
to measure social connections as well as self-reported measures of socioeconomic back-
ground, abilities and motivations, etc. (Dokuka et al. [8], Stadtfeld et al. [6]). Despite the
elaborate research design, the high cost of surveys, especially for long-term tracking, has
reluctantly restricted the number of subjects to be less than 300 in most cases (Stadtfeld
et al. [6]). Yet, a small number of subjects are more likely to dismiss the true difference
among students that lies in social networks. What is more challenging is that obtaining so-
cial relationships through questionnaires only relies on repetitive answers from subjects,
whose possible memory errors or subjective deviations cannot be fundamentally avoided
(Junco [9]). Thus, although survey-based studies capture important aspects of how social
networks might contribute to academic performance, we know relatively little about how
structural traits are associated with the academic failures in a more realistic campus social
network.

An alternative and promising way is to use objective measures that are available in terms
of digital footprints to construct social networks, such as online social media and offline
behavior records (Kassarnig et al. [10], Yang et al. [11]). Notably, the selection on particular
campus behaviors emerges from real social networks, offering an opportunity to capture
the true connections amongst a fixed set of students. Students with connections tend to
have similar offline activities, in particular, the ones with stronger social relationships act
together at the same time more frequently. Therefore, high-frequency co-occurrences can
be seen as proxies of real offline social relationships. Unlike studies whose data are mainly
collected from self-reports and questionnaires and suffer from a small sample size and
social desirability, the collection of smart cards data is unobtrusive and can serve as such
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co-occurrence activities (Credé et al. [12], Poropat [13], Wald et al. [14]). Yang et al. [11]
verified the strong correlation between the social network inferred from smart-card data
and self-report friendship data, implying the reliability of the proxy. Difficulty of this ap-
proach lies in the determination of the critical value of co-occurrence frequency, that is,
how many times in a certain period of time can be the reference of a true social connection.
Yang et al. [11] thought the frequency to be 5, however, this critical value is too dependent
on the specific campus environment to be extended to broader cases. This leads to the
primary purpose of the present study, that is, constructing a reliable social network from
offline campus activities to probe students’ social connections. And here we do not seek
to infer individual links with high accuracy but to seek a behavior-specific network model
which can be informative of social network structures that relevant to academic perfor-
mance. To fulfil this, we collect digital records from students’ smart cards in six semesters,
from which a bipartite network of “locations and students” is established with edges in-
dicating students showing up at the same location at the same time. In the meantime, we
apply statistical validation method on the bipartite network to infer the social connec-
tions among students, enabling us to obtain the offline social network without choosing
the critical value of co-occurrence frequency in a data-driven manner.

More importantly, we hope to provide a potential demonstration of the role of social cap-
ital, defined as social structures that facilitate the actions of individuals (Coleman [15]),
in academic failures. Stadtfeld et al. [6] concluded that social integration within the stu-
dent cohort is strongly associated with academic success and that this association is not
merely explained by the fact that students who are perceived as clever are more likely to
be nominated as friends or study partners. They further pointed out that students who
remained isolated in the network performed worse and were at higher risk of academic
failure, even when taking into account various individual and socioeconomic factors. We
seek to relate structural properties of a node in network to the number of failures. The
key to this relation is to recognize that academic failures might be affected by students’
social capital. We first find students who failed usually have large clustering and tend to
connect to non-failed students. That’s to say, failed students locate in small, dense but het-
erogeneous clusters. While their connections are more stable over time, a result of stable
co-occurrence with a set of other students possibly induced by limited social willingness,
there is no evidence for failed students to be positively influenced by non-failed students.
It is further revealed that failed students have less incentives to adjust their social struc-
tures as compared to those of non-failed, implying their unwillingness to realign for im-
provement. Weak ties theory has suggested that information possessed by members of a
clique prone to be either shared quickly or already redundant with the information hold
by the other members (Granovetter [16]). However, our results unveil the possibility that
avoiding individuals’ failures, especially academic failures, is not as easy as developing in-
formation flow since the positive effect is difficult to be shared even within a stable clique
of social network.

The third purpose of this paper is to explore whether failures can be predicted in ad-
vance, with the help of information embedded in co-location social networks. Despite the
fact that academic performance prediction in recent years has gained much attention with
the rapid growth of online learning platforms (Fei and Yeung [17], Zafra et al. [18], Thai-
Nghe et al. [19]), answer to whether offline social structures can alert future behavioral
outcomes such as academic failures is yet ambiguous. Forecasting failures at latter stages
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through early offline campus activities may prepare educators for proactive intervention
to avoid failures or correct behaviors according to the predicted outcome. Specifically, we
follow the emergence of co-location social networks within a cohort of students who de-
veloped social networks during the academic year. While this network is validated to be
indicative of academic performance, the network snapshot in the middle of a semester
helps predict individual academic failure as competently as the network snapshot at the
end of a semester. This in turn indicates that social structure carries informative messages
on failures and interventions are able to be applied within a substantial time window be-
fore a failure happens.

Our analysis is performed in four steps. Firstly, patterns of academic failures in both
cross-sectional and longitudinal are presented to provide necessary understandings on
failure activities. Secondly, students’ co-location social network in campus is built based
on statistical validation on “location and student” bipartite network, accompanied by rich
details on analysis of behavior characteristics and network positions of failure students.
Thirdly, we relate positions in co-location social networks to academic failures to explore
the potential pathways of social structures on failures. Lastly, we verify that academic fail-
ures can be predicted based on co-location social network at an earlier stage, which pro-
vides opportunities for proactive interventions.

2 Materials and methods
2.1 Data
We collect data from one university with 2588 undergraduates who entered this uni-
versity in Sep 2014. For the propose of privacy protection, all the students’ information
was anonymous. Both the student name and student number in our raw data are already
pseudonymous. The institutional review board of the university approved the study. The
data range from 9/1/2014 and 7/15/2017, covering six terms for their first three years of
study. We select data of six semesters according the school calendar. Each semester con-
sists of eighteen weeks, in which the last two are exam weeks. The dataset consists of three
types of data.

Digital records of daily activities from campus smart cards The smart cards basically
record all the potential activities on campus, such as payment for showers in lavatory,
meals in the cafeteria, shopping at the campus kiosk and borrowing books from library.
Specifically, each record contains the student pseudonymous ID, timestamp, location and
payment value (if there’s any), which offers detailed information of students’ potential so-
cial networks. Four indicators are formalized, namely, total expenditure, the frequency of
having breakfast, the frequency of showering and the number of books borrowed from li-
brary on a semester granularity, so as to associate these basic patterns of students’ campus
life with academic performance at the end of semesters. Lu et al. [20] found that these at-
tributes indeed contribute to academic performance either in their compounded manner
or dynamic trend. We therefore control these factors in regression analysis.

Internet usage We also collect the total time spent on the Internet from the Internet
centre of the university on a semester granularity. While watching videos, playing games
and surfing the Internet might result in a large amount of time of Internet using, search-
ing study materials or doing assignments may also lead to a long time of Internet using.
Nevertheless, we also consider Internet usage as a control variable.
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The raw data are extracted from the university data center with student identities coded
for protecting privacy. Except for the above indicators, students’ gender and ages are also
kept as control variables. Students’ academic performances, in terms of course grades that
can be criterion of passing exams or not, are also collected.

2.2 Statistical validation on social connections in co-occurrence network
In construction of students’ co-location social networks, it is necessary to introduce a
statistical method for inferring ties among students that are truly proxies for offline rela-
tionships in campus from the bipartite system that include students (S) and locations (L).
In particular, we focus on the projected network on student set S. The adjacency projected
network is obtained by linking together those vertices of S which share at least a common
neighbor element of locations L in the bipartite system. Details of the statistical method
can be found in (Tumminello et al. [21]) and are also briefly presented below.

The method first decomposes the bipartite system into subsystems. Each subsystem Bk

consists of all the Nk
L nodes of set L with a given degree k and of all the nodes from set S

linked to them, where Nk
L nodes in Bk are homogeneous because they all have the same

degree k. This indicates that these locations have the same probability of being visited by
students. In other words, the statistical validation method treats the places with few peo-
ple and places with lots of people separately to infer significant co-occurrence activities.
Denote the set of nodes in L with a certain degree k as Lk . Then student i and j of set S
have Nk

i,j common neighbors in set Lk , that is, they ‘meet’ Nk
i,j times in the subsystem Bk .

Denote the degree of nodes i and j in Bk as Nk
i and Nk

j , respectively. Under the hypothesis
that elements i and j randomly connect to the nodes in Lk , the probability that students i
and j share X neighbors in Lk is given by the hypergeometric distribution, i.e.,
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Equation (1) allows us to associate a p-value p(Nk
i,j) with the actual number Nk
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that elements i and j share, i.e.,

p
(
Nk

i,j
)

= 1 –
Nk

i,j–1
∑

X=0

H
(
X | Nk

L , Nk
i , Nk

j
)
. (2)

Since both each pair of students and links between each pair of students i and j in dif-
ferent subsystems that with different k need to be tested, we are performing the multiple
hypothesis testing. Thus we use the very conservative Bonferroni correction, i.e. setting
the level of statistical significance as s = 0.01/Nt for multiple hypothesis testing, where Nt is
the total number of tests. It is obvious that the setting of s is dependent on Nt which arises
from the number of nodes in the network. Thus the level of statistical significance is fully
determined by real data. In this way, we avoid subjective determination of co-occurrence
threshold and the method can be easily extended to a more general case.

If p(Nk
i,j) < s then there’s a link between student i and j for the specific subsystem Bk . We

then summarize all validations obtained in the projected adjacency network and associate
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with the link between i and j a weight equal to the total number of subsystems Bks in
which the relationship between i and j has been statistically validated. If the weight of a
link turns out to be zero then the link is removed. The resulting network is the aimed
statistically validated network. Note that during the validation, if two students pass the
statistical test in any of the subsystem, they are considered as a ‘meet’, where the number of
‘meets’ (edge weights) are ignored. Nevertheless, we have shown in the following analysis
that the unweighted networks alone offer rich information to examine the associations
with academic failures.

Students who either had no consumption records or had never ‘met’ others frequently
enough to pass the statistical validation are obviously absent or isolated in the network.
The number of this kind of students is basically very small, they are neglected since most
existing studies in social networks focus on individuals who are observable with available
data or belong to the largest component of network.

Of course the obtained statistically validated network depends on the way we set the
statistical threshold s. We had examine a less restrictive p-value correction methods called
False Discovery Rate (FDR) as suggested by (Tumminello et al. [21]), however, the network
topological indicators from FDR validation are barely significant in regression analysis,
implying the validated networks contain too much noise to approximate the true social
interactions. We therefore limit ourselves to results from validation based on Bonferroni
correction.

3 Results
3.1 The patterns of academic failures
Courses grades in Chinese university usually range from 0 to 100, and those below 60 are
considered failed. Since the requirement of a bachelor degree is passing exams to earn
necessary credits, a student failed a course is thus considered as a failure. Figure 1(a) de-
scribes the long tail effect of the failure of students: most students who failed only failed

Figure 1 (a) The distribution of the number of failed courses of students. (b) The distribution of the number
of terms that students have failed courses. (c) The distribution of the ratio of the number of failed courses to
the corresponding number of courses for each student. (d) The joint frequency of terms for student having
the largest number and the second largest number of failed courses among six terms. (e)–(i) The heights of
bars represent the average levels for these indicators. Error bars (black) show the 95 percent confidence
intervals of mean estimation. The blue bars labeled by ‘yes’ represent failed students and the orange bars
labeled by ‘no’ represent non-failed students
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once, whereas a minority failed students have a large number of courses that failed. Ad-
ditionally, while some students failed in only one term, others would fail in more than
one term and even failed in every term in the observation time window, see Fig. 1(b). Fig-
ure 1(c) further demonstrates that the distribution of ratios of failed courses to courses
student took in each term, again showing that there are some students who had severe
problems in passing exams. Although these students are all considered as failed in their
academic records, the difference of the number of failed courses explicates the variety of
“failure” in academic performance, offering strong endorsement for the number of failed
courses to be one of the focuses in the following analysis. What’s more, for those who
failed in more than one term, it is most likely that the term they failed the most and the
second are consecutive, see Fig. 1(d). This implies momentum in academic failure, which
also cannot be neglected in profiling determinants of academic failures and similar obser-
vations in success of artists, film directors and scientists have been documented in Liu et
al. [22].

Exploiting the longitudinal nature of our data, we investigate how the two kinds of
students–students who failed and who did not–behave on campus in every semester. In
particular, we compare the average of the number of breakfasts, the number of showers,
total consumption, total time spent on Internet and the number of books borrowing from
library, see Fig. 1(e)–(i). Results show that students who did not fail have higher numbers of
breakfasts, showers and books borrowing than those who fail courses over six semesters,
indicating that they are more likely to keep daily routines and diligent in studies, in sync
with prior works (Cao et al. [23], Yang et al. [11], Lu et al. [20]). It is also worth mention-
ing that failed students and non-failed students have similar frequency of consumption
in campus (see Fig. S1 (Additional file 1)), implying that building co-location network is
likely to capture their campus activities of both kinds of students, contrary to the intuition
that a failed student is usually recognized as a more indoorsy person. The lack of differ-
ence between the two groups in total consumptions and time spent on Internet suggests
these two indicators might not be determinants in academic performance. Nevertheless,
we use these behavior factors as control variables in the following regression models.

3.2 Emergence of co-location social network
The idea of inferring social ties is based on the fact that friends often have meals and shop
together, and the chances of friends should be significantly larger than that of strangers
appearing at the same smart card sensor machine simultaneously. We define two students
“meet” each other based on students’ co-occurrence at the same location within a small
time interval. We first build bipartite network to model such co-occurrence from the dig-
ital records of daily activities. Let us consider the bipartite network B in which links con-
nect the NL elements of location set L to the NS elements of student set S. If one location
l is visited by at least two students (node si and sj) between time t and t + �t, then loca-
tion l at time t is seen as a node (node lt), and indirect edges between sj and lt as well as
si and lt are added, shown in Fig. 2(a). While different locations are regarded as different
nodes, the same location at different time are also viewed as different locations from a
rigorous spatial temporal perspective. We find that the co-occurrence within a large �t is
more likely to bear random “meets” into the bipartite network, and an overly small �t may
cause a network that is too sparse to capture the stable social connections. We therefore
set �t = 60 seconds in this paper. Results for �t = 90 seconds are very similar (see Fig. S2).



Lu et al. EPJ Data Science           (2022) 11:10 Page 8 of 18

Figure 2 Co-location social network structures between students who failed and those who did not.
(a) Network modeling procedure. (b) An example of inferred students network. For visualization, only one
student with her/his neighbors are shown in the graph. Failed students are in blue and non-failed students
are in orange. Edges in orange and blue indicate homogeneous connections and those in grey indicate
heterogeneous connections. (c)–(g) The heights of bars represent the average levels for these indicators. Error
bars (black) show the 95 percent confidence intervals of mean estimation. Jaccard index of a student in X is
defined as the number of overlapping edges of his ego-network between two consecutive semesters divided
by the average of number of edges in these two semesters, which measures the stability of a student’s
connections in different snapshots of campus network. (h) The blue line shows the CDF of ratioyes . The orange
line shows the CDF of rationo . The dashed lines are benchmark ratios. The blue dashed line is ratioyes–baseline .
and the orange one is rationo–baseline . The horizontal grey dashed line is where the CDF is equal to 0.5

The location-student bipartite network is then projected into a student co-location so-
cial network. The most straight way to fulfil this is to link students that have at least one
common neighbor. However, sharing common neighbors can only indicate that they did
“meet” rather than “know” each other. While we have tried to naively define students
“know” each other according to a number of common neighbors greater than a thresh-
old, implying they met repeatedly, we found that the projected networks are too sparse.
We then turn to statistical validation method that aims to statistically infer each link of the
projected network against a null hypothesis of random co-occurrence of common neigh-
bors. Specifically, we adopt the validation method from (Tumminello et al. [21]) to com-
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plete the projection, as mentioned in Sect. 2.2, since it takes into account the degree het-
erogeneity of elements of both locations and students, which makes it a general method
for the projection of different bipartite networks. The method calculates the statistically
significance of two students sharing the same neighbors in real bipartite network and then
compares it with the corresponding statistically significance under the assumption of ran-
dom bipartite network. If the former is larger, it reveals that there’re high possibilities
that the two students are acquaintance rather than strangers that randomly visit the same
location at the same time. More details have been provided in Materials and methods.
Figure 2(a) illustrates the network modeling procedure and Fig. 2(b) presents an example
of subgraph of the validated students network. The basic information of the networks for
six semesters are shown in Table S1. Although we conduct analysis for every semester, the
absolute difference of focal indicators over time is not the main focus of this paper. Instead,
we examine whether the variables of interests are consistently associated with academic
failures. The validated networks are shown to possess the exclusive properties of social
networks, i.e., positive assortativity coefficient and a far higher degree of clustering than
the corresponding random model (Newman and Park [24]), as shown in Table S2, which
in turn demonstrates the reliability of this co-location social network modeling procedure
with respect to capturing offline social connections among students.

Except individual factors, like students’ intelligence (Deary et al. [25]), their willingness
to work hard (O’Hare [26]), and their socioeconomic background (Heckman [27]), that
may determine academic performance, social science research has shown that access to
social support is also an important factor in academic success (Goddard [28]), and that
individuals’ positions in social networks can explain success in many domains of life (Gra-
novetter [16], Seibert et al. [2], Burt [29]). As such, we consider degree and clustering coef-
ficient (or clustering, hereafter we use the two terms interchangeably) as individual-level
indicators to summarize students’ local structures in a social network. Degree is the num-
ber of ties of a node in a network, which gives an overall centrality of students from a
systematic perspective, taking both weak ties and strong ties into account. The impact of
the number of ties is that more ties per node lead to high probability of information ex-
change, where students communicate and learn from each other. Clustering is a measure
of the extent to which nodes in a graph tend to cluster together, assessing the density of
a student’s ego network from a local perspective. A high clustering can render a node to
receive communication from network members, but may also imply information redun-
dancy since a small groups of nodes are connected and have access to the same information
(Muller and Peres [30]).

We observe that students who failed had lower degrees but higher clustering from
Fig. 2(c) and (d), respectively. Figure 2(e) and (f ) then investigate the homogeneous
connections of students in terms of connecting to those who have larger degrees and
clustering coefficients than themselves. It is shown that the failed students have a bit
higher potential to link with nodes with larger degrees and have a lower potential to
link with nodes with greater clustering coefficients than non-failed students. That is to
say, compared with non-failed students, failed students have smaller degrees and greater
clustering coefficients than their neighbors, suggesting they prone heterogeneous link-
ages in co-location social networks. Besides, failed students’ connections with others are
more likely to be kept in the following term than non-failed students’, see Fig. 2(g). Fig-
ure 2(h) further demonstrates the different characteristics of failed students and non-
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failed students in homophily. Homophily, the preference to be near others who are like
you, is widely discussed in social network studies (Borgatti et al. [1], Bednar [31]). Here
in the co-location networks, we examine the extent to which the students connect to
others with the same academic performance, i.e., passing or failing the exams. Specif-
ically, suppose student i is a failed student, the ratio of his/her failed neighbours in
the network is ratioyes = # failed students i connects/# all i’s neighbours. Suppose stu-
dent i is a non-failed student, then the ratio of his/her non-failed neighbours in the
network is rationo = # non-failed students i connects/# all i’s neighbours. Each student
has one ratio calculated and Fig. 2(h) compares the cumulative distribution function
(CDF) of ratioyes (blue) with the CDF of rationo (orange). The two dashed lines are the
ratios of failed-students and non-failed students in the network, i.e., ratioyes–baseline =
# failed students in the network/# all students in the network (blue), and rationo–baseline =
# non-failed students in the network/# all students in the network (orange). These two
ratios are not equal to 0.5 as there are overall less failed students than non-failed students.
However, they reflect the expected probability for a student to connect to failed students
or non-failed students if this student has no preference in connecting to the two groups.
These two benchmark ratios are regarded as a result of the randomization of students’
connections, when there’s no difference between failed students and non-failed students
in connecting to others. We therefore compare them with the individual ratios calculated
from the co-location networks. Since the majority of students are non-failed students, a
student, whether he/she failed or not, tends to interact with non-failed students because
very few students, relative to the non-failed ones, failed. It is indeed the case that the CDF
of ratioyes quickly grows while the CDF of rationo slowly grows as the ratio increases in
all semesters. However, when looking at the dashed lines, it is shown that the majority
of failed students’ ratios of homogeneous connections (blue lines) are greater than the
expected level for a student connecting to failed students (dashed blue lines), indicated
by the fact that most intersections between CDFs of ratioyes (blue lines) and the expected
ratios (blue dashed lines) are larger than 0.5 on the y-axis (grey dashed line). Although
semester 3 is an exception, the intersection does not deviate too much from 0.5. In addi-
tion, the majority of non-failed students’ ratios of homogeneous connections are higher
than the expected level of a student connecting to non-failed students, indicated by the
intersections between the CDFs of rationo (orange lines) and the expected values (orange
dashed lines) are less than 0.5 on the y-axis. Therefore, Fig. 2(h) indicates that most failed
students have lower homogeneous connection ratios than the random configuration. The
homophily among failed students are thereby relatively less than that among non-failed
students. Stadtfeld et al. [6] pointed out that social relations like positive interaction and
friendship can be beneficial. However, even though the way we construct students’ social
network cannot guarantee the connections are positive, our results cast the doubt on the
peer effects because failed students are more likely to interact with non-failed students,
and yet there’s no evidence that they gain positive influence from these non-failed stu-
dents, especially considering the existing of momentum in academic failures (see Fig. 1(d)).
We will further examine the association between students’ co-location social interactions
and their course failures by using linear regression models in next section.
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3.3 Local structures in co-location social networks are associated with academic
failures

Despite the blunt comparison through data visualization, whether the network structures
matter for academic failures need further investigation. As such, we explore the failure
factors of students in negative binomial regression and logistic regression models, where
the response is the number of failed courses and whether or not a student had any failed
course in a semester, respectively. While the logistic regression only divides students into
failed group and non-failed group, the negative binomial regression takes a step further
to differentiate how many courses a student failed. Therefore, the logistic regression tells
the relationships between interested variables and status of failure. Meanwhile, the nega-
tive binomial regression evaluates failure factors with respect to the frequency of failure
events. As controls, we include basic demographic variables (age, gender) and behavioral
variables (the numbers of having breakfasts, showers, total consumptions, books borrow-
ing and time spent on Internet). To access whether co-location social network structures
are useful to describe academic performance, we put degree and clustering, two variables
that have already been shown to distinguish out failed students (Fig. 2), into regression
models. The correlations between these input variables are shown in Fig. S3.

Figure 3 presents the results of the two regression models over six semesters. The num-
ber of breakfasts is an important explanatory variable in both models. The estimated co-
efficients are below zero, which implies that the higher the number of having breakfast
the lower the probability of failures is. Similarly, the number of showers is mostly negative
and significant in logistic regression but not in negative binomial regression, suggesting
it might be able to discriminate academic failures but not how many failures. Besides, the

Figure 3 Individual and network factors explaining failure. The dots are coefficients estimates, with bars
indicate 90 percent confidence interval. The bars that cover zero, colored in yellow, refer to insignificance
estimates using t-test under 0.1 significance level, while those in blue refer to significant estimates
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number of books borrowed from library are significantly negative in the first three terms.
Although the patterns throughout the six semester vary a bit, the overall significance of
the three behavioral variables highlights their capacity in explaining academic failures.

The potential importance of social network is highlighted by the significance of
log(degree) and clustering. Soffer and Vazquez [32] pointed out that degree and clus-
tering coefficient are strongly correlated with each other, thereby possibly yielding the
multicollinearity for regression model. Here since we use log(degree) instead of degree
considering the distribution of degree is highly right skewness, the correlations between
the two network attributes are smaller than 0.31. Further robustness check experiments
also verify that the significance and signs of regression coefficients when putting them
separately in both logistic and negative binomial models stay the same with Fig. 3.1 Specif-
ically, the negative signs of regression coefficients for log(degree) demonstrate students
who have many connections in social network prone to academic success. On the contrary,
the positive signs of regression coefficients for clustering reveal those who lie in a small but
connected part of social network tend to not only fail but also fail more courses. Despite
the panel attributes of the six semesters, we argue that the co-location social networks
arose from off-line campus behaviors in each term are independent. In either regression
model, clustering is significant from the second to the fourth semester. This is probably
because students in these semesters, compared with the first semester when students just
enrolled in university and the last two semesters when students stepped into senior year,
are more likely to form stable and local within-campus linkages in co-location social net-
works. Figure S1 also implies that the students’ number of smart-card records declines in
the last two semesters, indicating the potential of campus activities’ reductions. Therefore,
it should be noted that the associations between clustering in co-location social networks
and academic failures alter with the heterogeneity of semesters. To be more specific, the
associations between co-location social networks in campus and academic performance
are not of significance in all semesters, especially for those of senior years. It is possi-
ble that the social network of students might evolve with terms going, in particular, the
out-campus parts eventually grow and dominate. Because of the data unavailability, the
present study only focused on the parts within campus, however, it would be interesting
to exploit these associations from the perspective of out-campus in future work. Figure S4
gives the robustness check of regression analysis when taking the number of failed courses
in the previous semester, reflecting historical individual academic performance, into ac-
count. Not surprisingly, the regression coefficients of this variable are significantly posi-
tive, implying academic failures indeed have momentum, in line with existing findings in
Tamhane et al. [33]. Despite of this, the significance of clustering emphasizes the fact that
the associations between local social structures and academic failures are potent from the
perspective of co-location social networks in campus.

Overall, we found no evidence of social contagion, i.e., failed students are influenced by
their non-failed neighbors. The reasons might be that failed students resist to be included
in broader social relationships, resulting in a high clustering attributes. On one hand, their
connections might not be effective influential linkages in terms of academic performance.
On the other hand, a high clustering indicates that they might possess too much redundant
social connections to inject substantial academic influence.

1The results are upon request from authors.



Lu et al. EPJ Data Science           (2022) 11:10 Page 13 of 18

3.4 The failures of students can be predicted at early stages
The findings of significant variables in regression analysis provide important support to
establish predicting models for identifying failed students at an early stage so that inter-
ventions can be introduced to avoid such failure. To understand the usefulness of our input
features for prediction, we construct two benchmark models in which the predictor set is
deliberately simplified. The first benchmark model (benchmark 1) drops the two network-
related variables, i.e., degree and clustering, from our predictor set in order to identify
the role of co-location network by comparing it with our model. The second benchmark
model (benchmark 2) only uses gender and age, two very basic variables, to detect the role
of all behavioral variables extracted from smart-card data. Since the non-failed students
are much more than failed students, we first divide both groups of observations into five
non-overlapping parts with equal size, where four parts are regarded as train set and the
other one is test set, respectively. We then adopt upsampling for the failed students with
replacement in train set to guarantee that the number of non-failed students equals to
the number of failed students, based on which the logistic regression model is built. We
calculate accuracy (acc) and Area under the ROC curve (AUC) of this model on test set,
where the ratio of the number of failed students to the number of non-failed students is
consistent with the original dataset, ensuring the evaluation on predictive power of the
model meaningful in realistic scenarios. Results are shown in Fig. 4.

Not surprisingly, the predicting ability improves when the time span increases, however,
it is worth noticing that information in the first 91 days has already offer as competent
predicting accuracy as that in the model based on data of the whole semester. This in turn
suggests that inferring social networks from campus activities does not necessarily require
data of a whole term. In particular, the significance of clustering is spotted throughout the
term (see Fig. S5–S6), which also supports the opinion that failures of students can be
predicted in advance.

In terms of both accuracy and AUC, it is shown that our model performs better than two
benchmark models. The significantly worse performance of benchmark 2 demonstrates
the behavioral information, arose from smart-card data, is indeed of value for academic
performance prediction. Our model is also found to be a bit better than benchmark 1,
implying that the messages delivered by the co-location social networks also help predic-
tion. Meanwhile, better predictive powers are found in semesters that have more signifi-

Figure 4 Comparisons on model prediction
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cant variables in regressions shown in Fig. 3. With all the above discussions, however, it is
worth noticing that the early signal is not very strong. This sheds lights on the difficulty
of predicting academic failures by behavioral features that only originate from campus ac-
tivities. Besides, the smart-card data, though provide abundant details of students’ traces
in campus, can only capture occurrences at registered places. We have further discussion
on this limitation in the next section.

4 Discussion
In this paper, we unveil the co-location social structures beyond failures. Our results high-
light that the scale of co-location social relations indicated by node degree may not be
always significantly beneficial as expected, while the local density represented by node
clustering are shown to have a crucial impact on individual academic failure. The main
contribution of the current investigation is to provide empirical evidence regarding the
co-location social network related determinants of failures. Studies on success have shown
that social network indeed benefits success. For instance, social network provides access
of information and resources that enhance work performance, power, reputation, and em-
powerment in one’s career (Seibert et al. [2]). But whether failure is driven by the opposite
logic to success is doubtful. Ansari et al. [4] pointed out a cohesive ego network where
members are richly connected contribute to online success of music artist in long-term,
which to some extent is contrary to our finding that clustering is positively related to fail-
ures. This again sheds lights on the fact that since the opposite of a “success” is not neces-
sarily always a “failure”, implications derived from success can not be directly generalized
to the understanding of failures.

What’s more, we find that the failed students lie in small but dense corners of co-location
social networks and their connections with others are more likely to be kept in the follow-
ing terms than non-failed students’ (see Fig. 2). As mentioned above, the failed students
are more deeply embedded in local structures revealed from high clustering coefficients.
The higher constancy of their connections thus highlights the stableness of local struc-
tures. Though these local ties seemingly connect failed students to those who didn’t fail
and are stable over time, we found that they rarely help failed students and the failure even
demonstrates a momentum. Indeed, as Stadtfeld et al. [6] have pointed out, not all connec-
tions are positive social connections that could evolve into collaboration ties to promote
academic performance, especially here the connections of network originate from cam-
pus behavior activities. The failed student may act together and build stable relationships
with the non-failed students, but these relationships do not seem to bring positive changes
to academic failures. The lack of social contagion, in the presence of low homophily and
high clustering, casts doubt on the explanation of individual’s outcomes as a function of
her social environments through influence processes or leveraging processes (Borgatti et
al. [1]) in the context of academic failures.

The comparison of changes in node degree and clustering from mid-term period to end-
term period suggests the behavioral adaptation of failed students is much weaker than
non-failed students. Specifically, Table 1 shows the t-test for the means of changes of de-
gree (or clustering coefficient) over the semester for students who failed and who did not,
respectively. It is found that the changes of degree for students who failed and who did not
are indeed different, at least in the first four terms. Those who didn’t fail tend to change
a bit more in co-location social interactions at the end of a term. The clustering coef-
ficients, on the contrary, exhibit no significant difference between the two populations,
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Table 1 T-test for the means of changes of degree (or cluster coefficient) for students who failed and
who did not

var Term End days-start days Mean of changes Test statistic (p-value)

Students who fail Students who did not fail

Degree 1 126-70 9.56 11.78 –2.25(0.02)
1 126-91 4.81 6 –2.13(0.03)
1 126-112 1.12 1.42 –1.31(0.19)
2 126-70 15.77 19.94 –3.68(0.0)
2 126-91 8.02 10.5 –4.0(0.0)
2 126-112 1.21 1.46 –1.26(0.21)
3 126-70 5.95 8.4 –5.21(0.0)
3 126-91 3.16 4.88 –5.82(0.0)
3 126-112 0.91 1.47 –4.31(0.0)
4 126-70 4.72 5.53 –2.1(0.04)
4 126-91 2.08 2.59 –2.25(0.02)
4 126-112 0.27 0.46 –1.98(0.05)
5 126-70 0.93 1.07 –1.65(0.1)
5 126-91 0.51 0.59 –1.35(0.18)
5 126-112 0.12 0.13 –0.39(0.7)
6 126-70 0.79 0.86 –0.92(0.36)
6 126-91 0.37 0.39 –0.4(0.69)
6 126-112 0.1 0.11 –0.27(0.79)

Clustering 1 126-70 0.03 0.03 –0.14(0.89)
1 126-91 0.02 0.02 –0.49(0.62)
1 126-112 0.01 0.01 0.21(0.84)
2 126-70 0.05 0.04 0.54(0.59)
2 126-91 0.03 0.02 0.69(0.49)
2 126-112 0.01 0 0.58(0.56)
3 126-70 0.06 0.02 2.63(0.01)
3 126-91 0.02 0.02 0.25(0.8)
3 126-112 0.01 0 0.39(0.69)
4 126-70 0.05 0.03 1.75(0.08)
4 126-91 0.02 0.01 1.2(0.23)
4 126-112 –0.01 0 –1.4(0.16)
5 126-70 0.02 0.03 –0.76(0.45)
5 126-91 0.03 0.02 0.42(0.67)
5 126-112 0.01 0.01 –0.21(0.83)
6 126-70 0.08 0.05 1.6(0.11)
6 126-91 0.06 0.04 1.39(0.16)
6 126-112 0.01 0.01 –0.43(0.67)

We have also built co-location social networks at different time points, including the first 70, 91, 112 days of each term. The
changes of degree and cluster coefficients for nodes from these time points to the final snapshot (the end of a semester, 126
days) are then calculated to roughly indicate the evolution of social interactions. This is a two-sided test for the null
hypothesis that two independent samples have identical average (expected) values. In the test, we first test using Levene
test to see if the populations have identical variances by default. Different t-tests are then applied according to the result of
Leven test when populations have either identical variances or different variances.

implying the local structures of nodes in co-location networks are most likely to be stable
throughout a term. The results imply that the adaptation mechanism, which nodes be-
come homogeneous as a result of experiencing similar social environments, only occurs
to non-failed students. The failed students, again, with most connections to non-failed stu-
dents, haven’t developed similar adapting behaviors as their neighbors have. This echoes
with our finding that when failed students who locate in structures where redundancy is
high (high clustering), which usually suggests information tends to remain within clusters,
the expected effect is not transmitted from non-failed students to failed students.

Our findings have important instruction meaning for detecting academic failures and
providing personalized intervention and guidance at the early stage. Maintaining consis-
tency with previous research on the spread of academic achievements, the nature of social
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relationships is crucial for the transmission of specific types of information and behavior
in social networks (Dokuka et al. [8]). To reduce the risk of failure, a low clustering with
high degree for a student’s ego co-location social network is preferred. Centola [34] had
experimentally shown that high clustering causes a faster behavior spread. Unfortunately,
we find that success is not easy to spread even with high clustering in terms of academic
achievement. Therefore, there should be precautions to stimulate the positive effects from
non-failed students to failed students, which requires a social network that guarantees
positive social contagion instead of the one obtained from daily routine with limited so-
cial influence. Note that our discussions focus on academic failures, the methodology and
results could be extended to other scenarios and integrating and examining these findings
into more fields is also of great interest in the future.

The limitation of this study lies in the fact the co-location social networks are inferred
based on high-frequency co-occurrences in smart-card system. While not all places in
campus are registered into this system, the obtained co-location social networks inevitably
face the risk of being a biased proximity of real social networks. Nevertheless, our data
have largely covered most of daily routines in campus, and we have endeavoured to mini-
mize the perplexity from off-campus activities through focusing on the first three years of
undergraduate life, when students normally stay in campus to take courses. Additionally,
similar to that in Godoy-Lorite and Jones [35], when it is extremely costly, or even impossi-
ble, to have direct access to the students’ social networks, we do not seek to infer individual
links with high accuracy but to seek a behavior-specific network model which can be in-
formative of social network structures and more importantly, is relevant to academic per-
formance. Besides, although we focus on the association between network characteristics
and academic performance, we are not suggesting that the network is the reason behind
their performance. Instead, our network construction method based on co-occurrence in
smart-card system potentially captures the behavioral differences between failed and non-
failed students, which are fundamentally part of reasons on why they failed. However,
it is hard for us to locate the posited mechanism without intervention. With more data
available, understanding this mechanism would be a promising direction in future explo-
rations. Another limitation is the issue of missing control variables in regression analysis.
When more variables such as study time, motivation, high-school GPA and etc. are avail-
able in data, a systematic analysis is expected to offer additional insights on the present
topic.
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