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The paper investigates the link between student relations and their performances at university. A social
influence mechanism is hypothesized as individuals adjusting their own behaviors to those of others with
whom they are connected. This contribution explores the effect of peers on a real network formed by a
cohort of students enrolled at a graduate level in an Italian University. Specifically, by adopting a net-
work effects model, the relation between interpersonal networks and university performance is evaluated
assuming that student performance is related to the performance of the other students belonging to the
same group. By controlling for individual covariates, the network results show informal contacts, based
on mutual interests and goals, are related to performance, while formal groups formed temporarily by the
instructor have no such effect.
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1. Introduction

Studying the factors associated with student performance at the university level is of interest for
many institutions. This motivated a wide literature, considerable research over the years and the
foundation of dedicated journals. The main idea leading this research area is that understanding
the keys of the academic performance could address proper strategies for increasing student
potential achievement.

Within this large research field, Mills [35] pointed out that student performance is
characterized as a complex process implying the interplay of individual and institutional factors.

*Corresponding author. Email: mvitale@unisa.it

c© 2015 Taylor & Francis

D
ow

nl
oa

de
d 

by
 [

17
3.

75
.1

4.
12

1]
 a

t 1
2:

25
 0

9 
Ju

ne
 2

01
5 

mailto:mvitale@unisa.it


2 M.P. Vitale et al.

Amongst them, recent works investigated the relationships with background variables [9], family
support [11], academic and social integration [40], student learning patterns [44], student learn-
ing approach and time spent studying [26], self-perception of ability [12], teacher influence [22],
course scheduling [15] and course resources [24].

An additional considered factor is the presence of the so-called peer effect (for a review, see
[46]). That is, student achievement is related not only to his/her own individual characteristics
but also to the way he/she interacts with peers, an approach largely investigated at lower levels of
education from many perspectives (see e.g. [32,39] or the more recent [13]). We can refer also to
the ‘social influence’ (or contagion) mechanism in which the social relations among individuals
provide a basis for the alteration of actor behaviors in response to another actor in the network
in which they are embedded [28,34].

It is worth noting, though, that far fewer contributions investigated the link between student
relations and their performance at the university level. This is probably due to the complex
task of defining groups amongst university students: while they arise quite naturally in lower
level schools (students are embedded in classes), this typically does not happen at the university
level. Some authors defined groups of students using administrative archives (subjects within
the same class and sitting at the same exam session [14]). Others collected data through surveys
and defined networks descending from the observed ties among students: for instance, Celant
[10] defined a network considering if students study together in view of passing the same exams;
Poldin [38] constructed networks based on friendship and study helpers ties.

However, in accordance with the economic literature investigating networks at lower levels of
education (e.g. [7,41]), all these scholars adopted linear-in-means models to analyze peer effects
on university student outcomes. That is, they studied how the individual outcome is affected by
his/her own characteristics and by the mean values of the characteristics and outcomes of the
group to which s/he belongs. This assumption requires that the whole network can be divided
into a set of separate components. Put differently, all the network actors are linked to each other
within subgroups, forming complete sub-networks therein, but each member of a group has no
connection to others outside it.

This assumption does not fit well within a university context. A partition into disjoint compo-
nents in which students have no connections with people outside the group, and have relational
ties only within the group, is at odds with a reality where networks are typically not closed and
complete systems. We also note that assigning group mean values to individuals is likely to mask
information on how network ties work. In brief, linear-in-mean models are not really well suited
for the study of the presence of social influence (or peer effects) on student performance at the
university level, and suggest other statistical models be adopted.

From network studies, the most widely used statistical models to deal with social influence
mechanisms are the network autocorrelation models [16,18,20]. They represent a family of
regression-like models which can be used to capture and/or control for ‘social endogeneity’,
in the presence of non-exogenous covariates resulting from the interaction between individu-
als [8]. In analogy with the (linear) spatial autoregressive/moving average models (SARMA)
applied in geographical setting [2], network effects models (autoregressive AR component) and
network disturbances models (moving-average MA component) were defined to incorporate both
individual characteristics as well as interaction group effects as covariates in the regression
setting.

The main advantage provided by this class of models is that they allow discarding the linear-
in-mean assumptions discussed above. In particular, they are able to take into account all
interpersonal ties within and between groups and so avoid the assumption of the diagonal blocks
structure of the adjacency matrix under investigation.

Hence, this contribution considers network effects models to discover the presence of social
influence mechanisms for explaining student performance at the university level. To this end, by
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using survey data collected on observed networks formed by a cohort of students enrolled at a
graduate level in an Italian University, the relation between interpersonal networks and university
performance is evaluated. We assume that student performance is related to the performance of
the other students belonging to the same group. In more detail, the effect on the performance of
both formal and informal links among students while controlling for other individual covariates
is considered. Studying in groups established by the instructor and exchange of learning infor-
mation are considered as formal relations. In contrast, friendship, personal support and advice
plus studying in groups outside of classes are informal relations.

Finally, as a note of caution, it should be mentioned that our analysis cannot eliminate the
simultaneity or reverse causality issue [31] in these kind of regression models.1 Nor can it remove
the empirical problem of student self-selection into networks (it cannot be assumed that student
groups are formed randomly). That is, it cannot be distinguished whether students reported good
performance because of their involvement in networks during their academic career or if their
good performance gave them greater opportunity to be part of groups on the basis of similarity
of academic goals and efforts. Two effects of selection (i.e. actors select others on the basis of
similar behaviors) and influence (i.e. tied actors tend to influence each other) seem to appear
in explaining social phenomena where the endogeneity issue still remains a challenging task
[6]. Given this, as with most of the research conducted in this area, results should be treated as
association between networks and student performance rather than as a study of causal effects.
Yet, it still remains a matter of interest to describe how the effect of social interactions is related
to student attainment at university.

The paper is organized as follows. Section 2 introduces the case study with emphasis on mea-
suring performance. Section 3 reports a briefly description on the network effects model adopted
to study social influence mechanism and provides a summary of model specification and the
main results. Section 4 concludes with a discussion and final remarks.

2. The effect of interpersonal relations on performance: a study on a cohort
of Italian students

As a result of the two main European higher education policy reform processes (the Bologna
Process started in 1999 and the Lisbon Strategy in 2000), the university system in Italy has been
subject to numerous changes. This, in turn, yielded a host of studies devoted to the Italian system
over the last decades, covering different topics and combining case studies and methodological
issues (see for instance [1,4,21], among others, and the contributions in [3]).

Within this debate, we investigate if and how student performance is related to the perfor-
mance of other students with whom they interact during their academic career, that is, a social
influence mechanism is hypothesized. Our main assumption is that, among others, performance
is related to different networks in which individuals interact because of a need for exchanging
learning information and of studying together, or because of their friendship or personal sup-
port and advice relations. More specifically, we presume that not all the networks in which the
individuals are embedded during university life have the same effect on performance: informal
contacts requiring and/or implying deeper relations (such as friendship or personal support) have
a stronger relation with student performance. This hypothesis corresponds to the fact that infor-
mal relationships last longer, and are based on mutual interests and goals and cut across courses.
On the other hand, formal groups are formed temporarily and by diktat, and generally disbanded
after a course has finished.

To this end, the survey data we collected are used in an attempt to evaluate student relations
as a factor related to their academic achievement. The reference population is a cohort of 81
students enrolled for the first time in the academic year 2008–2009 at a graduate two-year track
in an Italian university.

D
ow

nl
oa

de
d 

by
 [

17
3.

75
.1

4.
12

1]
 a

t 1
2:

25
 0

9 
Ju

ne
 2

01
5 
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Table 1. Main characteristics of variables selected for the case study.

Variable Type Average (St.Dev.)

Gender Categorical (dummy) 91.9% female
Enrollment age Continuous 25.4 (4.6)
Living near the university location Categorical (dummy) 63.0% yes
Father years education Discrete 10.6 (3.4)
Secondary school type Categorical (dummy) 65.0% Lyceum
Secondary school grade Continuous 79.7 (10.8)
Work during university Categorical (dummy) 52.0% yes

Undergraduate level
Average grade at exams Continuous 26.3 (1.7)
Dublin descriptor 1 Discrete 1–10 7.2 (1.4)
Dublin descriptor 2 Discrete 1–10 7.3 (1.2)
Dublin descriptor 3 Discrete 1–10 7.7 (1.2)
Dublin descriptor 4 Discrete 1–10 7.5 (1.6)
Dublin descriptor 5 Discrete 1–10 8.1 (1.4)

Graduate level
Average grade at exams Continuous 28.4 (1.3)
Dublin descriptor 1 Discrete 1–10 7.8 (1.2)
Dublin descriptor 2 Discrete 1–10 8.0 (1.1)
Dublin descriptor 3 Discrete 1–10 8.1 (1.4)
Dublin descriptor 4 Discrete 1–10 8.1 (1.2)
Dublin descriptor 5 Discrete 1–10 8.5 (1.3)

2.1 Data collection and measurement issues

Our student data were collected through a survey exploiting a web platform as well as face-to-
face interviews in May–October 2010. The gathered data were validated and integrated by using
an administrative archive updated to December 2012.

The survey instrument was designed to collect information about student socio-demographic
characteristics, prior educational attainments and their university careers. Some variables con-
sidered in the present study are provided in Table 1. Furthermore, network information about
different kind of interpersonal relations were collected (as described below).

A key issue in the definition of the items to be included in the questionnaire was related
to how to measure the students’ success during their university career. Generally, most of the
literature measures academic performance in terms of some objective indicators (e.g. the grade
point average score (GPA) or some alternative formulations [1,25], the percentage of exams
passed in a given time, the number of credits achieved, the final grade, etc.). Probably because
of their availability in administrative databases, these measures are typically used as proxies of
student performances. However, they might not be enough to describe the unobservable and not
measurable nature of academic achievement [43].

For this reason, we decided to measure the complexity of the success of a learning process2

by combining an objective performance indicator with a group of learning outcomes3 as they are
registered by students themselves at the end of a learning experience. This is consistent with a
literature investigating how self-reported student evaluation could be considered a proper mea-
sure of student skills, under the hypothesis that skills acquired by students during their learning
experience is part of their academic achievement [30].

Specifically, in our study the average grade at exams at the end of student academic career was
considered as an objective performance indicator, whereas student self-reported learning expe-
riences were defined according to the five core competences known as the Dublin Descriptors.4

These descriptors consider the perceived quality of the learning activities developed during the
field of study after completion of the higher education track as awarded to students by identifying
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Journal of Applied Statistics 5

five core competences to describe student learning experience (i.e. knowledge and understand-
ing, applying knowledge and understanding, making judgements, communication and learning
skills). For the sake of simplicity, a general item matching each descriptor was adopted. Students
were asked to indicate the degree to which (on a 10-point scale, 1 = Low, 10 = High) they
(i) have demonstrated knowledge and understanding in their field of study [Descriptor 1]; (ii)
can apply their knowledge and understanding in occupational contexts [Descriptor 2]; (iii) have
the ability to make autonomous judgements on well-defined problems [Descriptor 3]; (iv) can
communicate about their understanding, skills and activities, with peers, supervisors and clients
[Descriptor 4] and (v) have the learning skills to undertake further studies with some autonomy
[Descriptor 5]. In many ways, these are more important indicators of attainment than simple
summaries such as grades which also have a subjective component coming from instructors.

Social interactions among students during their enrollment at university were gathered using
a whole-network study design [33] to measure the different network ties of this bounded cohort
of students. For whole-network data collection, a roster list of the population was furnished to
simplify the reporting task by reminding of the eligible students within each network.

We collected one-mode network data [45] for multiple types of links at a single time point.
Students were asked to nominate their contacts for formal relations (exchange of learning infor-
mation, classmate, and belonging to a working group established by the instructor) as well as
informal contacts (studying in groups out of classes, friendship, personal support and advice,
enrolled in the same on-line community, attending on-campus student associations, and spending
spare time in campus activities). The network questionnaire items are shown in the Appendix.

2.2 A first glance at the data

Sixty-six students, out of 81, participated in the survey (an 81% response rate). The students
not participating in this study did not substantially differ in terms of socio-demographic charac-
teristics and prior scholastic attainment. Furthermore, closer inspection revealed that they were
barely involved in their university studies or with other students and many (around 90%) of them
had not yet graduated four years after enrollment. It is reasonable to exclude such students given
their minimal involvement in the academic and social aspects of graduate study. In addition, four
participants not yet graduated at the end of 2012 were excluded from our analysis as well. Finally,
a very small amount of missing data were imputed using simple linear regression models. 5

According to the literature, the variables selected for our study are related to the individual
characteristics (sex, age at enrollment, living in a town near the university location), family
background (education level and job position of parents), prior scholastic attainment at secondary
school (type – lyceum/not lyceum – and final grade) and at the undergraduate level (average
grade at exams, motivation, work during university studies, etc.). The main features of some
variables are presented in Table 1. About 92% of respondents were female, the average age at
enrollment was 25.8. They lived in 63% of cases in a town near the university and they were
involved in a temporary employment position in half of the cases. About 65% of students have
attended a lyceum at secondary school and the final grade was around 80 on average (on a
scale ranging from 60 to 100). Father’s education years were, on average, around 11 (about
the midpoint in the high school track). Performance in terms of average grade at exams (scale:
18 = pass; 30 = maximum) and of the five Dublin’s Descriptors showed high values both at
undergraduate and graduate tracks. However, a general increase in student attainment is likely
when comparing these two higher education levels.

Five student networks are considered in this study: exchange of learning information (EI),
belonging to working group established by the instructor (WG), studying in group out of classes
(SG), friendship (FR), and personal support or advice (AD). The other recorded networks were
not considered here mainly because they were very sparse, in such cases ‘there is little point in
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6 M.P. Vitale et al.

Figure 1. Graph representations of the five student relations. Their labels are exchange of learning informa-
tion (EI), belonging to working groups established by instructors (WG), studying in groups out of classes
(SG), friendship (FR) and personal support and advice (AD).

estimating autocorrelation models’ [17, p. 40]. Two students out of 62 included in the study were
isolates in at least one of the five observed social relations. Hence, their data were also discarded
because their self-exclusion meant that they were not part of the social influence process being
studied.

The student relational data are included in five binary adjacency matrices with cell values of 1
if student i was linked to student j and 0 otherwise. These matrices were symmetrized assuming
reciprocated links among subjects for all existent connections. Studying in groups out of classes
and belonging to working groups are symmetric relations by definition. As for the exchange of
learning information, at face value, it is directed according to the direction of the information
flows. However, an alternative conceptualization is to think of the relations as the context within
which information can flow. It could even be thought of as a minimum level of trust in the
sense of feeling safe enough to ask for information and comfortable enough with providing
information. For friendship, personal support and advice, we consider that the relationship is
close enough for this kind of support to be requested and given regardless of the direction of
the flow.

Figure 1 provides a visualization of the five social relations we considered, while Table 2
provides a summary of some characteristics of the observed networks. As expected, the highest

Table 2. Network characteristics.

Network Density Average degree (St.Dev) Degree centralization (%)

EI 0.453 26.733 (10.542) 54.822
WG 0.221 13.033 (7.718) 33.255
SG 0.132 7.767 (5.934) 42.490
FR 0.180 10.600 (5.386) 34.015
AD 0.120 7.067 (4.686) 22.677

Notes: Their labels are exchange of learning information (EI), belonging to working groups established by
instructors (WG), studying in groups out of classes (SG), friendship (FR) and personal support and advice (AD).
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Table 3. Dyadic QAP correlations among the adjacency matrices.

EI WG SG FR AD

EI 1.00
WG 0.46 1.00
SG 0.39 0.56 1.00
FR 0.38 0.53 0.58 1.00
AD 0.37 0.57 0.67 0.63 1.00

Notes: Their labels are exchange of learning information (EI), belonging to working groups
established by instructors (WG), studying in groups out of classes (SG), friendship (FR) and
personal support and advice (AD).

density and average degree occur for the exchange of learning information: most of the students
shared information with some others during their study at university. In contrast, studying in
groups, providing personal support and advice have lower values: asking for support or studying
together are more selective processes.

Finally, we investigated the extent to which multiple networks can present different character-
istics of student relations. The correlations for the five adjacency matrices (Table 3) show that all
relationships are positively associated.6 All correlations are significant at or beyond the 5% level.

3. Network models for social influence

From network studies, the most widely used statistical models to deal with social influence
mechanisms are the network autocorrelation models (NAMs) [16,18,20]. They have considered
a ‘workhorse for modeling network influences on individual behavior’ [23] and still represent an
active area of research [19,23,36,47]. NAMs deal with the presence of interdependent individual
units embedded within social structures. In this case, standard linear regression models cannot
be adopted because this interdependence violates the assumption of independence between error
terms and response variable required to obtain unbiased coefficient estimates.

The two models within this class for dealing with social influence mechanisms are the network
effects model and the network disturbances model [16]. Formally, let y be a (n × 1) n-vector
of values of a dependent (endogenous) variable for n individuals making up a network, let X
represents the (n × p) matrix of values for the n individuals on p covariates (including an unit
vector for the intercept term) and let W be the (n × n) network weight matrix whose elements,
wij, measure the influence actor j has on actor i.

The network effects model is defined as

y = ρWy + Xβ + ε, (1)

where β is a (p × 1) vector of regression parameters, ρ is the network autocorrelation parameter
referred as the strength of social influence in a network and error terms ε are assumed to be
normally distributed with zero means and equal variances, ε ∼ (0, σ 2I).

The network disturbances model is defined as

y = Xβ + ε, (2)

ε = ρWε + ν, (3)

where ρ is the network autocorrelation parameter, and ν is a vector of random perturbations,
ν ∼ (0, σ 2I). That is, the first models interdependencies between actors through the inclusion of
an autocorrelation parameter in the dependent term, while the second includes interdependencies
in the disturbance term.
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8 M.P. Vitale et al.

For our purposes, the network effects model was adopted. It allows individual outcome (i.e.
performance) to be directly associated with neighbors’ levels of outcome. Furthermore, the esti-
mate of the network autocorrelation parameter ρ provides information on the strength of the
network effect.

An additional key element in these models is the specification of the network weight matrix
W, conceptualizing the interdependencies among individuals. Leenders [29] reported several
alternative ways for defining weights in W, starting from a scaled adjacency matrix measuring
direct connection among units (called cohesion) or deriving (dis)similarity measures for subjects’
relational profiles (using structural equivalence). According to a common practice [2], in our
study directly scaled adjacency matrices were adopted, where rows are normalized to sum to 1,
so that wij is a measure of the relative influence of subject j on i, with values 0 ≤ wij ≤ 1, with
diagonal terms wii = 0.

3.1 Model specification and results

Of the two network model options described above, we consider the network effects model
(Equation (1)) because of our interest in the direct effects of actors on one another with respect to
their academic performance. To incorporate in the model the performance in terms of objective
as well as subjective indicators, individual scores for graduate (GradPerf ), and undergraduate
(UnderGradPerf ) performance were derived by using confirmatory factor analysis.7 The average

Table 4. Estimated network effects models with all controlling variables (full model).

EI WG SG FR AD

Const − 0.282 − 0.253 − 0.286 0.018 − 0.309
0.912 0.923 0.901 0.903 0.872

Network effect (ρ̂) − 0.476 0.050 0.321 0.399* 0.377**
0.483 0.271 0.213 0.218 0.154

UnderGradPerf 0.332*** 0.343*** 0.333*** 0.298*** 0.288***
0.069 0.069 0.068 0.071 0.069

EnrAge − 0.002 − 0.005 − 0.003 − 0.008 − 0.002
0.019 0.019 0.019 0.019 0.018

Residence 0.231 0.211 0.133 0.209 0.193
0.180 0.182 0.185 0.176 0.172

Lyceum 0.174 0.181 0.167 0.143 0.191
0.182 0.184 0.180 0.179 0.174

HSGrade 0.002 0.002 0.002 − 0.001 0.002
0.008 0.008 0.008 0.008 0.008

FathEdu 0.001 − 0.001 0.003 0.001 − 0.001
0.025 0.026 0.025 0.025 0.024

Work − 0.070 − 0.048 − 0.035 − 0.054 − 0.080
0.182 0.182 0.178 0.176 0.173

R2 0.363 0.358 0.357 0.352 0.345
AIC 138.5 139.5 137.4 136.5 134.1
BIC 159.5 160.4 158.3 157.4 155.0

Notes: Estimated coefficients, their standard errors (in italics), R2, AIC and BIC for the estimated models. Response
is the individual graduate performance score. The parameter ρ measures the magnitude of the network effect of each
relation. Labels are: Age at Enrollment (EnrAge), Living in a town near university (Residence), Years Education of Father
(FathEdu), Secondary school type (Lyceum/Not Lyceum), Secondary school grade (HSGrade), Work during university
(Work), individual scores for undergraduate performance (UndGradPerf).
*p < .10 .
**p < .05 .
***p < .01.
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Journal of Applied Statistics 9

grade at exams at the end of each student academic career was combined with self-reporting
learning experiences defined according to the five core competences of the Dublin Descriptors.

Furthermore, according to the literature on student performance, the presence of social
influence mechanisms was studied while controlling for the effect of the standard individual
characteristics: age at enrollment (EnrAge), living in a town near the university location (Resi-
dence), education years of father (FathEdu) and having a job during university studies (Work).
Prior scholastic attainment was controlled by using type of secondary school (Lyceum/Not
Lyceum) and final grade at diploma (HSGrade), and performance in the undergraduate track
(UndGradPerf). Gender was dropped because of the very high percentage of females among
these students.

By considering separately social influence mechanisms implied in the defined networks,
one-regime network effects models were estimated for each of the different examined net-
work. Here, we report results for the following full model, where all controlling variables were
included, (Equation (4)) and reduced model, controlling for a subset of all the involved variables,
(Equation (5)):

GradPerf = α + ρiWiGradPerf + β1UnderGradPerf + β2EnrAge + β3Residence

+ β4FathEdu + β5Lyceum + β6HSGrade + β7Work + ζ , (4)

GradPerf = α + ρiWiGradPerf + β1UnderGradPerf + ζ , (5)

where Wi (i = 1, . . . , 5) represents the five network weight matrices entering the model sepa-
rately (described in the following by the acronyms IE, WG, SG, FR, AD), and ρi parameter shows
the strength of social influence on student performance for each considered network, while taking
into account the effect of the individual covariates.

Tables 4 and 5 show the results for the full and reduced estimated network effects models,
respectively. In general, there was a significant effect of performance at undergraduate level
in all models (a quite natural effect) while the other socio-demographic characteristics are not
significant (consistent with what has been observed in other studies in the literature). In detail,
when all controlling variables were included (Table 4), the results showed no significance8 for
all the involved parameters, except for the parameter associated to undergraduate performance
and the two autocorrelation parameters related to friendship (FR) and support and advice (AD)

Table 5. Estimated network effects models with undergraduate performance (UndGradPerf) (reduced
model).

EI WG SG FR AD

Const 0.042 − 0.013 − 0.016 − 0.036 − 0.020
0.099 0.095 0.084 0.086 0.083

Network effect (ρ̂) − 0.400 0.092 0.384* 0.416* 0.311**
0.476 0.269 0.200 0.214 0.068

UnderGradPerf 0.357*** 0.362*** 0.345*** 0.314*** 0.374***
0.068 0.069 0.066 0.070 0.157

R2 0.327 0.322 0.326 0.313 0.308
AIC 129.9 130.5 127.3 127.2 125.4
BIC 138.3 138.9 135.6 135.6 133.8

Notes: Estimated coefficients, their standard errors (in italics), R2, AIC and BIC for the estimated models. Response
is the individual graduate performance score. The parameter ρ measures the magnitude of the network effect of each
relation.
*p < .10 .
**p < .05 .
***p < .01.
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10 M.P. Vitale et al.

network effects. The reduced models (Table 5) by controlling for only the undergraduate perfor-
mance showed some interesting network results: all informal contacts (SG, FR, and AD) between
students were related to their academic performance. The effect of social influence mechanisms
thus differs according to the kind of relation taken into account. On the one hand, exchange of
learning information, and belonging to working groups established by instructors are not relevant
in explaining performance. On the other hand, studying in groups out of classes (ρ̂SG = 0.384),
friendship relation (ρ̂FR = 0.416) and personal support and advice (ρ̂AD = 0.311) are positively
associated with student success at university.

4. Discussion and final remarks

This contribution represents a novel approach in terms of method by adopting a network autocor-
relation model to analyze how relations among students are related to their academic attainment
at the graduate level by controlling for individual covariates.

One-regime network effects models were estimated by considering individual scores for stu-
dent performance, measured by combining an objective indicator (average grade at exams) with
a set of subjective student self-perception indicators of their learning process based on Dublin’s
Descriptors. Individual scores were obtained through a confirmatory factor analysis, according
to the procedure in [42] for a latent regression model.

A key issue for these models is the definition of a proper weight matrix to effectively cap-
ture the connections among students. We started from the idea that links among students in a
learning environment can improve their performance. We used direct connections described by
row-normalized dichotomous adjacency matrices. This implies that the performance of a student
is related to the average performance of her/his neighbors. Of course, there is room for deeper
analyses of the way social influence mechanism among peers works within university settings.
This could include a way to take into account that probably students with a worse performance
can improve if they are connected with better students – but students with better performances
do not perform less well if they are connected with less good students. In addition, the combined
use of multiple autocorrelation network effects in a single model [19,47] of the same group of
subjects who are embedded in different networks as a further development of this study can be
considered.

Our results suggest that belonging to social networks is positively related to student perfor-
mance – especially if these networks are created by the students rather than be imposed by the
instructors. More specifically, by controlling for the effect of individual characteristics, prior
scholastic attainments at secondary school and at undergraduate level, some relations turned out
to be significant, while others do not. In particular, informal communications (such as friendship,
personal support and advice) are significantly related with graduate student success at university,
whereas merely exchanging information and working in groups were not.

Given this is a study limited to a graduate track in a single university and in the presence of the
endogeneity issue, caution is merited. Its generalizability is very limited and reverse causality
cannot be ruled out. However, would our findings be confirmed by further analysis in differ-
ent university contexts and with endogeneity controlled, one practical implication follows. It
would be beneficial if higher educational institutes encourage social activities between students
as potentially effective strategies for learning. In particular, universities can address measures to
improve students’ interactions so as to facilitate the integration in academic and social life, and
thereby contributing in their academic success.
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Notes

1. In analogy with economic literature, Dow [19] discussed an alternative estimation solution to deal with the presence
of the endogenous term in network autocorrelation models framework based on instrumental variables and 2SLS
estimation method. However, the choice of instruments is a task that can be hardly faced in studying peer effects
[37], and it goes beyond the scope of this contribution.

2. Worthy of note is the recent 2012 feasibility study on the measure of student performance carried out by the OECD
‘Assessment of Higher Education Learning Outcomes (AHELO)’ project. For details visit OECD AHELO project
website: www.oecd.org/edu/ahelo.

3. ‘Statements called intended learning outcomes, commonly shortened to learning outcomes, are used to express what
it is expected that students should be able to do at the end of the learning period’ [27, p. 3].

4. The Dublin descriptors comprise ‘generic statements of typical expectations of achievements and abilities associated
with qualifications that represent the end of each Bologna cycle’ [5, p. 65].

5. A first model was estimated to predict the graduate average grade of five students from their undergraduate grade.
The model was also used to obtain values for five missing undergraduate grades (an inverse regression problem).
The same procedure was adopted for the Dublin Descriptors, where each graduate level descriptor was regressed on
the corresponding undergraduate one. In such a case, a total of six missing values were imputed using 10 variables.

6. We computed the Pearson correlation for all pairs of the five networks considered, and assessed the frequency
of random measures as large as actually observed by using the dyadic QAP-correlation tool implemented in the
UCINET software.

7. Several methods are available to obtain individual scores for latent variables, generally providing different results for
each unit. We adopted the revised blockwise factor score regression procedure [42], that is based on the estimation of
individual scores separately for the dependent (Bartlett scores) and independent (Regression scores) latent variables.
It produces consistent estimators for all parameters in the case of a latent regression model.

8. This is probably due to the large number of parameters (if compared with the small sample size) that in turn provided
large standard errors.
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Appendix

The whole questionnaire was implemented in Italian. The network items is partially depicted in Figure A1. The question
says: ‘A list of the students enrolled in your Master program in the academic year 2008–2009 is reported below. Please
select the kind of relationship you have with each of them’.

Then, for each row, a student name appears and the interviewed person must check a box corresponding to the
different kind of relations. They are: Exchange of learning information; Studying together out of classes; Working in
groups established by instructors; Classmate; Personal support and advice; Friendship; Enrolled in the same on-line
community (e.g. yahoo groups, facebook, messanger, . . . ); Attending on-campus student associations; Spending spare
time in campus activities (swimming pool, gym, theatre, . . . ); I do not know him/her.

Figure A1. An image of the questionnaire network items (in Italian).
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