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A B S T R A C T   

Using observational data, the aim of our study paper was to investigate whether university students’ dropout 
within the first year is influenced by participation in social media groups such as Facebook pages created and run 
by other students. Specifically, in this paper such participation is considered as a treatment and represents a 
means to help promote and strengthen social relationships amongst students but also to help share information 
on courses and other material useful for studying and preparing for exams. For this purpose, data from a sample 
survey of students enrolled in a major Italian university were used. Given a non-random treatment assignment, 
analysis was carried out using propensity score matching (PSM) in order to correct for selection bias due to a set 
of observable pretreatment covariates. Several matching techniques and sensitivity analyses suggested that the 
results were robust for estimating an average treatment effect on the treated group. The estimated effect indi-
cated that participation in social media groups is effective for lowering the dropout rate.   

1. Introduction 

University dropout is one of the most serious issues that can occur in 
a student’s university career, particularly during the first year of studies 
[1]. Over the last decades, this issue has become quite relevant, espe-
cially in those countries where admission to university was opened to all 
upper secondary school graduates and attending university shifted from 
elitism to mass opportunity. In particular, open access policies and 
absence of selective admission procedures has encouraged university 
enrolment of students with very different social and cultural back-
grounds, but also with diverse life experiences and varying levels of 
preparation and motivation. These differences inevitably have resulted 
in a great variety of needs, expectations, opportunities or academic 
potential [2] and have determined varying levels of academic success. 
Indeed, less motivated students or those who do not meet the academic 
prerequisites to cope successfully with university studies are more likely 
to have difficulties during their university career and consequently are 
more susceptible to dropout. 

The issue of withdrawal from studies has important effects on uni-
versities, in particular for the social implications that this entails for 
students and their families, but also because part of public funding is 
now allocated based on the students’ career progression. In Italy, for 

instance, the withdrawal rate after the first year is about 20% on 
average. As a consequence, universities are committed to collect data in 
order to understand the factors that can influence delays in university 
careers and the reasons that may lead to dropping out of the university 
in order to design policies that can help to reduce these problems. The 
literature has put forth a variety of studies that dealt with the de-
terminants of dropping out, particularly within the first year. They 
highlighted that the most important factors affecting the decision to 
withdraw are individual characteristics, social and economic conditions 
and status condition at the beginning of the career, but also the quality 
of teaching and organizational aspects of the institutions. In the last 
decade, social networking websites have become a nearly indispensable 
tool for the new generation of students to be more strongly connected 
with colleagues and with activities pertaining to university life [3–6]. 
The most popular social network sites are Twitter and Facebook which 
are both used as educational tools [7–9]. Although they seem to be 
unusual platforms for academia, young people (especially those from 16 
to 24 years of age), who have grown up with social media, spend two or 
more hours on these media platforms each day. Universities in ever more 
competitive contexts have grasped the importance of staying connected 
with students not only on an academic level, but also on a personal level, 
and they invest time and resources engaging them with the aim to keep 
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them ‘on-board’. 
Some recent studies [3–6] have the highlighted the advantages that 

students receive from joining a social media group rather than not 
participating, such as the greater perception of belonging to the uni-
versity and increasing the peer relationships with class or staff [10], and 
they have conceptualized student engagement in two dimensions: 
campus engagement and class engagement (see also [11]). Today, 
Facebook and Twitter have become part of students’ lives and now 
almost all students use these social media [11]. 

Despite the massive use of Facebook amongst university students and 
the considerable number of institutions using social media to reach and 
connect with students [12], very little empirical evidence is available 
about the use of Facebook on student academic performance and suc-
cess. To date, some of these studies have shown the role of social media 
as a means to strengthen engagement and integration amongst students 
[13]. 

The aim of this study was to provide some empirical evidence from 
the Italian university system by examining whether students’ decision to 
drop out within the first year can be affected by the participation in 
groups or Facebook pages run by other students, considered as a 
‘treatment’ condition for the purpose of this study. The analysis was 
performed using data from a sample survey carried out by interviewing 
1879 freshmen enrolled at a major university located in central Italy in 
2016. However, given the non-random treatment assignment, students 
participating in groups or Facebook pages may differ from those who do 
not participate. In particular, the choice of joining groups or Facebook 
pages may reflect different students’ characteristics, such as enthusiasm 
for their college experience and social interaction with peers, but also 
their level of preparation, academic motivation, living conditions and 
student engagement, amongst other factors. To the extent that all or part 
of these factors simultaneously affect selection into treatment and the 
students’ dropout decision, the estimation of the treatment effect may be 
seriously flawed, as well as the implications arising from the study. To 
address the problem of potential selection bias, propensity score 
matching (PSM; [14]) under the potential outcomes framework of 
causality was employed. 

The paper is organized as follows. Section 2 presents a brief literature 
review, Section 3 illustrates methods and materials, Section 4 describes 
the results and, finally, Section 5 is devoted to some concluding remarks. 

2. A brief literature review 

In the higher education literature, several studies based on surveys of 
various aspects of students’ careers with particular reference to the 
problem of non-completion rate revealed that there are different de-
terminants that lead to interruption of their studies, especially within 
the first year. For example [15], identified the social sphere and personal 
and economic issues as the most important dimensions of persistence. 
Even earlier [16,17], using a path analysis model, identified family 
background, personal characteristics, pre-schooling and student in-
teractions with colleagues and teachers as factors. Family background 
and occupation opportunities after graduation were found by Refs. [18]. 
Other determinants can affect the decision on whether to continue to 
study, such as university characteristics, teaching quality, the in-
dividual’s personal characteristics [18], citizenship and income [19]. 
Other studies [20–22] that refer to the UK context identified parents’ 
social class, type of school and prior educational achievement as causes 
of withdrawal. The list of factors or potential causes which have been 
associated with university dropout and to the related concepts of 
retention and persistence also included interaction with peers [23], the 
individual’s prior performance relative to that of peers [24], local un-
employment rate [18,25], student engagement [26], parental educa-
tional background [27], student age and marital status [18], student 
high school average grade [28], measures of student qualification and 
motivation [15] and academic life conditions. Other authors focused on 
causal links amongst student background, educational and institutional 

commitment and academic and social integration. They concentrated on 
the impact of specific factors on retention, such as student ethnicity and 
gender [29,30], classroom-based learning experiences [31,32], institu-
tional support services [33], intention to leave [34], academic and social 
integration [35], pre-collegiate academic preparation [36] and students’ 
perceptions of their own abilities [37]. 

Social media sites such as Facebook provide students with a tool to 
present themselves in an online profile, collect new friends, meet new 
people, post comments and share pictures, opinions and habits, as well 
as giving them the ability to see each other’s pages and profiles. Already 
by 2010, Roblyer [38] highlighted that Facebook had more than 350 
million subscribers around the world and had become the largest site of 
different communities of users in contexts such as societies, education, 
business and universities. 

By 2012, the number of worldwide registered users of Facebook 
reached one billion. Now, with 2.41 billion monthly users, Facebook is 
by far the largest social network worldwide. Recent studies [3,6,9] have 
indicated that Facebook is the most popular social medium in univer-
sities, used as an educational tool not only by students, but also by other 
stakeholders such as teachers, researchers and non-academic staff (e.g. 
Refs. [7,8,39]). 

Although the use of social media such as Facebook is high, some 
studies initially done on social media [40–43] highlighted that the use of 
these platforms was different amongst gender, ethnic and socioeconomic 
conditions. Hargittai [44] indicated that this is particularly the case in 
some American and Latino countries, where students whose parents 
have a college degree are more likely to use Facebook than students 
whose parents do not have a college degree. Other reasons [45], such as 
cultural resistance, pedagogical issues or institutional constraints or the 
type of teaching discipline, can affect attitudes towards digital media 
and their expectations. Other studies revealed that different attitudes 
amongst students and teachers, in particular, pedagogical issues [46], or 
extrinsic factors (e.g. time, training and support), rather than intrinsic 
factors (e.g. beliefs, motivation and confidence), were the main barriers 
to faculty using these tools more frequently in education [47]. 

The number of settings in which Facebook is used is significant and 
ranges from communications of events, content of courses or pro-
grammes of instruction and library promotion in order to increase their 
presence in online courses with links to services [38]. One mission of 
Facebook is to increasingly strengthen student engagement, particularly 
in relationships and communications student–student and staff–student 
(e.g. Refs. [7,8,39,48,49]) and to increase the sense of belonging to a 
classroom community (e.g. Refs. [7,39,49–51]). Other studies [52–55] 
have revealed that the use of Facebook improved some aspects of stu-
dents’ careers, such as their grades, motivation, self-esteem, intention to 
persist and satisfaction. 

Although there exists a recent and increasing number of scientific 
studies that deal with how Facebook has affected the social lives and 
relationships of individuals and institutions, as well as student engage-
ment and sense of belonging to institutions, very little empirical evi-
dence is available about the use of Facebook (or any other social 
network) on success and academic performance, the important aspects 
connected with the dropout problem. The causal relationship amongst 
the aforementioned aspects, the role of Facebook as a treatment that 
could affect aspects students’ engagement and their overall academic 
experience and their decision about whether to withdraw from their 
university was the primary motivation for this study. 

3. Method and materials 

The study was carried out with the proposal of a method based on a 
PSM under the potential outcomes framework of causality, described in 
Subsection 3.1. It used data collected from a survey conducted by 
interviewing a simple random sample of freshmen enrolled at a major 
university located in central Italy in 2016. The description of the survey 
and variables used in the model are described in Subsections 3.2 and 3.3. 
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3.1. Statistical approach 

To measure the impact of participation in groups or Facebook pages 
created and managed by university students with the aim of sharing 
information on degree courses or any material useful for studying and 
preparing for exams on dropout within the first year, the Average 
Treatment Effect for the Treated (ATET; [56]) was estimated. For this 
purpose, two variables were of primary interest: a treatment indicator 
variable, Ti, that takes the value 1 for those students participating in 
such groups or Facebook pages (also referred to as ‘treated’) and the 
value 0 for students who do not participate (or ‘controls’), and an 
observed outcome variable, Yi, which represents the dropout decision 
within the first year and takes the value 1 if the student drops out and the 
value 0 if the student does not drop out. Under this evaluation frame-
work, the ATET is defined as the expected difference in the outcome 
variable between the groups of treated and controls amongst students 
who participated in such groups or Facebook pages ðTi ¼ 1Þ: 

ATET ¼EðYi1jTi ¼ 1Þ � EðYi0jTi¼ 1Þ;

where EðYi1jTi¼ 1Þ is the mean value of dropout actually observed for 
those students participating in a group or a Facebook page, and 
EðYi0jTi¼ 1Þ is the counterfactual, i.e. the hypothetical mean value of 
dropout that would have been observed if the same treated students 
were not members of a group or a Facebook page. Clearly, the coun-
terfactual is not observable since it is impossible to observe both out-
comes for the same student at the same time. This is known as the 
‘fundamental problem of causal inference’ [57], and because of this, a 
proper substitute for the counterfactual must be chosen in order to es-
timate the ATET. If the students’ decision to participate is random, the 
ATET could be easily estimated by taking the mean outcome of non-
participants as an approximation of the counterfactual and then 
comparing the mean value of dropout of students who participate 
(treated) with that of students who do not participate (controls). How-
ever, given that treatment ‘assignment’ is not random, the groups of 
treated students may differ systematically from controls, not only in 
terms of individual characteristics but also for their life experience and 
university career, amongst other factors. To the extent that all or some of 
these factors simultaneously affect the students’ choice to participate in 
groups or Facebook pages (selection into treatment) and the decision to 
drop out of university, the estimation of treatment effect may be seri-
ously biased, as well as the implications arising from the study. To 
overcome the fundamental evaluation problem and correct for potential 
selection bias, a PSM [14] was employed. In particular, PSM is based on 
the idea that selection bias can be reduced when the outcome variable is 
compared after matching treated and control students that are as similar 
as possible with respect to a set of pretreatment (or confounding) 
observed covariates, in essence approximating the condition of ran-
domized trials [58]. However, since matching becomes impracticable as 
the number of pretreatment covariates increases (the ‘curse of dimen-
sionality’), the treated and control students are matched based on their 
propensity score (PS), which is an index that summarizes all pretreat-
ment covariates for each student in a single variable. 

The PS for student i is defined as the conditional probability of 
receiving a treatment (i.e. participating in such groups or Facebook 
pages), given a vector of pretreatment covariates Xi[14]: PSðXiÞ ¼

PrðTi ¼ 1jXiÞ. Given that there are two treatment conditions, Ti 2 ð0;1Þ, 
the PS is estimated using a logistic regression model. Since PS is a 
probability function, its score ranges from 0 to 1. If the PSðXiÞ is known, 
then the ATET can be rewritten and estimated as follows [59]: 

ATETPSM ¼E½E½Yi1jTi ¼ 1;PSðXiÞ� � ½EðYi0jTi¼ 0Þ;PSðXiÞ�jTi¼ 1�

PSM is based on two assumptions: conditional independence and 
common support [60]. In order to estimate unbiased treatment effects 
under PS, the following two assumptions are required [14]. The first 
assumption is conditional independence given the PS (also known as 

selection on observable): 

ðYi0; Yi1Þ?PSðXiÞ;

which states that potential outcomes are independent of treatment 
assignment given the PSðXiÞ and implies that selection into treatment is 
only based on observable characteristics. In practice, it requires that the 
covariates that simultaneously affect the choice of participating in 
groups or Facebook pages and the students’ dropout decision are 
observed and included in the vector X, so that, after controlling for X, 
treatment assignment is ‘as good as random’ or ‘strictly ignorable’. The 
second assumption is the common support condition (or overlap): 

0 < PSðXiÞ < 1;

which states that each student must have a positive, but less than one 
probability of participating in the treatment and require some over-
lapping of the estimated PSs between treated and controls. It ensures 
that the treated and control groups share a common support region of 
PSs, i.e. ‘treated’ and ‘untreated’ students must be found for each range 
of values in the PS in order to obtain sufficient matches. In particular, for 
ATET, it is sufficient to ensure the existence of potential matches in the 
control group [61]. To match treated and controls on the PS, three 
different matching algorithms were employed: k-nearest-neighbour 
matching, caliper matching and kernel matching. For a detailed 
description of these matching algorithms, see Caliendo and Kopeinig 
[59]. 

3.2. The data 

This study uses data from a survey carried out by interviewing a 
simple random sample of 1879 freshmen enrolled at a major university 
located in central Italy in 2016. The questionnaire used for the interview 
was divided into six sections concerning several aspects of the students’ 
experience during the first university year: (A) Factors affecting the 
enrolment decision; (B) Student status during the first year; (C) Uni-
versity life and study-related experiences; (D) Life habits (including 
accommodation); (E) High school career; and (F) Social and academic 
integration, including use of social networks and social media. Partici-
pants were interviewed at the University’s Computer Assisted Telephone 
Interviewing (CATI) laboratory by selected students who received 
training prior to conducting telephone surveys. 

3.3. Variables 

The outcome variable under study was student dropout decision 
within the first university year. It is a binary variable and took the value 
1 if the student dropped out and the value 0 if the student did not drop 
out. Specifically, the value 1 included students who submitted a con-
ventional waiver of studies and students who did not enrol in the second 
year who had not submitted a conventional waiver. 

A rather large set of covariates was also available as pretreatment 
variables for the PS estimation. For greater clarity, these covariates were 
grouped according to the thematic areas of the questionnaire: (A) Fac-
tors affecting the enrolment decision: Decision to enrol influenced by the 
family environment, Choice of the university due to the presence of 
friends and Choice of the university due to a particular degree course; 
(B) Student status during first year: Occasional commuter (resident off- 
site, goes to the university only to take exams), Daily commuter (resi-
dent off-site, goes regularly to the university to attend lessons), Weekly 
commuter (resident off-site, but lives in the university city during the 
week), On-site (lives in the city where the university is located with his/ 
her family) and Started working during the first year of studies; (C) 
University life and study-related experiences: Enrolment in the univer-
sity changed the previous life habits, Attend classes during the first year 
(at least 75% of lessons), Do not attend classes, Attend professors’ 
reception (at least once), Benefit from the tutoring service, Study 
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regularly in the department’s study rooms, and Study difficulties due to 
a greater commitment required compared to high schools; (D) Life 
habits (including accommodation): Live in institute together with other 
students and Live in apartment alone or with other students; and (E) 
High school career: Have friends already enrolled in the same degree 
course, Used to studying with other students, Have classmates to ex-
change lecture notes/information, Have contacts with classmates 
outside the university, Participation in extra-curricular activities (i.e. 
seminars and insights on specific topics), Participation in meetings and 
events organized by students outside of the study activity (i.e. film club, 
aperitifs, parties and organized tours). In addition to these, information 
on the students’ enrolment department and gender were also available. 
Table A1 in the Appendix shows the descriptive statistics in terms of 
relative frequencies for each covariate for the whole sample and for the 
treated and control groups, as well as the p value for the difference be-
tween them. A comparison of the treated and control groups before 
matching revealed that 20 out of 52 covariates showed a significant 
difference. This meant that the students participating and those not 
participating in a group or a Facebook page presented very different 
baseline characteristics and that treatment assignment could not be 
considered ignorable. Therefore, under these conditions, evaluating 
treatment effects through the simple comparison of dropout rate be-
tween the two groups of students would yield biased estimates 

4. Results 

All PSM analyses were performed using the Stata’s psmatch2 program 
[62] and mhbounds program [63]. 

4.1. Estimation of PSM 

Following the suggestions of [64,65], the PSM was estimated 
including only true confounders and predictors of the outcome in the 
vector of covariates ðXÞ. In fact, incorporation of true confounders hel-
ped to decrease the bias and the variance of the treatment effect esti-
mates. By contrast, predictors of the outcome that were unrelated to 
treatment assignment reduced the variance of the treatment effect es-
timates but did not contribute to reduction of bias [66]. On the basis of 
these recommendations, the selection of covariates was made following 
the different relationships amongst the treatment, outcome and 
respective predictors. In particular, the factors influencing the outcome 
(dropout) were selected based on the existing literature, limited to those 
available in our dataset, such as the type of school, prior educational 
achievement of student by high school average grade and gender. Also, 
such covariates came from the same source (i.e. the same questionnaire), 
and this made the PS estimates more trustworthy [67]. 

Table A2 in the Appendix reports the parameter estimates of the 
logistic regression model, taking some of the answers to the question-
naire and students’ characteristics as exogenous explanatory variables. 
The p-value for overall significance was smaller than 0.0001, but 
McFadden’s pseudoR2 was rather low (0.097). This demonstrated that 
the chosen set of covariates helped to predict the probability of 
participating in groups or Facebook pages created and run by other 
students, even though only a subset of them showed a significant effect. 
However, as the purpose of PS estimation was to balance the observed 
distribution of covariates, not to estimate regression parameters or draw 
inferences about those parameters, all covariates had been maintained 
in the model, even those that were not significant. 

The PS ranged from 0.274 to 0.981 with a mean of 0.826, and this 
showed that, in general, students were more likely to join groups or 
Facebook pages created and managed by university students with the 
aim of sharing information on degree courses or any material useful for 
studying and preparing for exams, as expected. Results indicated that 
male students had, on average, a lower probability of participation in 
groups or Facebook pages (β ¼ � 0.260; p ¼ 0.003). This was also the 
case for those who had enrolled for one or more years after obtaining 

their high school diploma (variable ‘delay in enrolment’) (β ¼ � 0.361; p 
¼ 0.001). Moreover, some differences were also found based on the 
students’ enrolment department: in particular, students from the 
Department of Physics were less inclined to participate (β ¼ � 0.694; p ¼
0.010), whereas those from the Department of Information Engineering 
(β ¼ 0.514; p ¼ 0.020) and the Department of Clinical and Experimental 
Medicine (β ¼ 0.557; p ¼ 0.020) were more inclined. In contrast, stu-
dents who had started working during the first year had a lower prob-
ability of participating (β ¼ � 0.233; p ¼ 0.013), as was expected, as 
engaging in a work activity reduced the possibility of maintaining 
contacts with the other students and, more generally, with the univer-
sity. Finally, it is worth noting the positive relationship between 
participation and the variables related to academic integration and 
interaction with peers in our study, which were represented by ‘choice of 
the university due to the presence of friends’ (β ¼ 0.663; p ¼ 0.034), 
‘have friends already enrolled in the same degree course’ (β ¼ 0.166; p ¼
0.062), ‘have classmates to exchange lecture notes/information’ (β ¼
0.285; p ¼ 0.013) and ‘participation in meetings and events organized by 
students outside of the study activity (i.e. film club, aperitifs, parties and 
organized tours)’ (β ¼ 0.230; p ¼ 0.015). This indicated that social and 
academic integration were strictly correlated with online or virtual 
relationships. 

4.2. Evaluation of covariate balance and common support 

To check for the balance of the distribution of relevant covariates in 
both the control and treatment groups after matching, standardized 
percentage bias (SB) [60] and percent of bias reduction (PBR) [14] were 
calculated for all covariates for each matching algorithm. These are 
shown in Table 1 as the summary indicators of covariate imbalance, 
calculated in terms of the mean and median percentage bias of the 
distribution of the entire vector of covariates. Typically, values higher 
than 10% represented a meaningful imbalance between the control and 
treatment groups.. 

In the first row of Table 1, the values of mean and median percentage 
bias refer to the unmatched sample, whereas, in the other rows, they 
refer to the different algorithms and also include the corresponding 
values of PBR obtained after matching. In particular, the values for the 
unmatched sample indicated that treatment assignment could not be 
considered ignorable because the two groups of students presented very 
different baseline characteristics, with mean SB of 11.0 and median SB 
of 9.1. In contrast, after matching, the bias was reduced significantly for 
each algorithm, with a PBR reduction ranging from � 46.5 to � 56.7 for 
the nearest-neighbour, from � 61.6 to � 63.0 for calliper and from � 50.7 

Table 1 
Sample size, mean, median standardized bias (SB) and percent of bias reduction 
(PBR) across all covariates in the unmatched and matched samples for each 
matching algorithm.  

Matching 
technique 

Sample 
size 

Treated Controls Mean 
SB(%) 

Median 
SB(%) 

PBR 
(%) 

Unmatched 
sample 

1655 1373 282 11.0 9.1 - 

Nearest- 
neighbour 

1640 1358 282 4.7 4.1 � 46.5 

1 nearest-neighbour 
3 nearest- 

neighbour 
1640 1358 282 4.1 3.3 � 54.3 

5 nearest- 
neighbour 

1640 1358 282 4.0 3.6 � 56.7 

Radius 
radii ¼ 0.01 1640 1358 282 3.4 3.2 � 61.6 
radii ¼ 0.02 1640 1358 282 3.3 3.1 � 63.0 
radii ¼ 0.04 1640 1358 282 3.1 2.3 � 63.0 
Kernel 
Epanechnikov 1655 1373 282 3.2 2.6 � 59.8 
Normal 1655 1373 282 3.9 3.2 � 50.7 
Biweight 1655 1373 282 3.2 2.8 � 61.1  
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to � 61.1 for kernel matching. This demonstrated that PSM helped to 
remove treatment selection bias and that it appeared to be effective in 
forming two balanced groups of students for the ATET estimation. 

Moreover, since a necessary condition for the use of PSM is the ex-
istence of a sufficiently broad common support region between treat-
ment and control groups, following suggestions of [68], this was 
evaluated by visual inspection of the histograms in Fig. 1 which show 
the distribution in quintiles of the PSs in both groups. The figure shows 
that there was a good overlap in the PS distributions between the groups, 
and this ensured that any combination of the students’ characteristics 
observed in the treatment group could also be observed in the control 
group. This was a favourable condition for the PSM to produce valid 
estimates and for us to have confidence in the analysis. 

4.3. Estimation of ATET 

The ATET estimates over the common support which were derived 
using different matching algorithms are shown in Table 2. In particular, 
k-nearest-neighbour (with k ¼ 1, k ¼ 3 and k ¼ 5), radius (with radii ¼
0.01, 0.02 and 0.04) and kernel (using Epanechnikov, normal and 
biweight kernel functions with a bandwidth of 0.08) were employed. 
The general pattern of the estimates was rather stable, despite some 
small differences in the coefficient values. In fact, with the exception of 
k ¼ 1 nearest-neighbour, all the estimates indicated that students joining 
groups or Facebook pages had, on average, a lower probability to 
dropout, compared with those who were not part of such groups. The 
results also showed that the extent of the difference between the treated 
and control groups was not negligible, as it varied from 0.081 to 0.113, 
depending on the matching algorithm. 

4.4. Sensitivity analysis 

Although the PSM model included a rich set of covariates, it was 
possible that unobserved factors may have influenced the treatment 
effect estimates. Thus, in order to evaluate robustness of estimates to 
possible omitted (or unobserved) confounders, a sensitivity analysis was 
carried out with the bounding approach proposed by Rosenbaum [58]. 
The aim of sensitivity analysis was to determine how strong the effect of 
an omitted confounder should be to alter or undermine an inference 
about treatment effects, making it insignificant. Table 3 shows, for each 
matching algorithm, the critical values in terms of the magnitude 
(indicated with Γ) of an omitted confounder that would be needed in 
order for the 95% confidence interval of the estimated ATET to include 
zero. In practice, the value of Γ indicates how strong the influence of an 

unobserved confounder would need to be in order to nullify the corre-
sponding estimated ATET. 

Except for 1 Nearest Neighbour whose estimated ATET was not sig-
nificant, the results showed that the critical values varied from 1.6 to 1.7 
for all matching algorithms and that a confounder would have to be 
quite influential in order to nullify the estimated effect. Therefore, the 
results seemed to be quite robust with respect to deviations due to un-
observed confounders, and this supported the external validity of our 
analysis. 

5. Discussion 

In the international literature, studies that have dealt with the issue 
of dropout are various, and they have explored this topic with particular 
reference to the factors that determine the choice to leave university 
within the first year of enrolment. Over the past decades, issues related 
to the use of Facebook and its effects in the social and relational life of 
people, especially of young generations and their academic life, have 
also been addressed. The universities, for their part, continue to be 
concerned about the high dropout rate and have therefore activated 
policies that counteract this problem, amongst others being the imple-
mentation of Facebook pages. However, there is poor empirical evidence 
of the use of Facebook as a factor that affects the choice to leave uni-
versity. The main purpose of this paper is to contribute to this direction 
with empirical evidence from a case of an Italian university. Facebook 
use can indeed be applied in ways that are advantageous to students in 
respect to their engagement in reference to various factors, such as more 
investment in the academic experience of the college, greater interaction 
with faculty, greater involvement in extracurricular activities and more 
interaction with peers. 

In our study, participation in groups or Facebook pages created and 
managed by university students with the aim of sharing information on 
degree courses or any material useful for studying and preparing for Fig. 1. Density distribution of the propensity scores in the treatment and 

control groups. 

Table 2 
Average treatment effect (ATET) of participation in groups or Facebook pages on 
university dropout within the first university year.  

Matching technique ATET S.E. T Treated Controls 

Nearest-neighbour � 0.057 0.046 � 1.23 1358 282 
nearest-neighbour 
3 nearest-neighbour � 0.094 0.041 � 2.30 1358 282 
5 nearest-neighbour � 0.091 0.040 � 2.27 1358 282 
Radius 
with radii ¼ 0.01 � 0.081 0.039 � 2.06 1358 282 
with radii ¼ 0.02 � 0.080 0.038 � 2.10 1358 282 
with radii ¼ 0.04 � 0.086 0.038 � 2.26 1358 282 
Kernel 
Epanechnikov (0.08) � 0.097 0.036 � 2.65 1373 282 
normal (0.08) � 0.113 0.035 � 3.26 1373 282 
biweight (0.08) � 0.113 0.037 � 2.53 1373 282  

Table 3 
Sensitivity analysis: critical values in order to nullify 
the corresponding estimated ATET.  

Matching technique Γ 

Nearest-neighbour 
1 nearest-neighbour – 
3 nearest-neighbour 1.6 
5 nearest-neighbour 1.6 
Radius 
with radii ¼ 0.01 1.7 
with radii ¼ 0.02 1.6 
with radii ¼ 0.04 1.6 
Kernel 
Epanechnikov (0.08) 1.7 
normal (0.08) 1.7 
biweight (0.08) 1.7  
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exams was considered as a treatment condition in order to estimate its 
potential effect on dropout within the first year. To correct for selection 
bias in the treatment assignment, the average treatment effect on the 
treated was estimated using PSM. All the proposed matching techniques 
in the analysis indicated that university dropout within the first year is 
lower for students participating in such groups or pages. This could 
happen because social networks help to strengthen academic integration 
and student engagement which, in turn, favour retention. Also, sensi-
tivity analysis showed that the results seemed quite robust with respect 
to deviations from the conditional independence assumption, due to 
possible unobserved confounders. 

Based on this evidence, universities could encourage the creation and 
maintenance of groups or Facebook (or any other social network) in 
order to enhance sharing information on degree courses or any material 
useful for studying and preparing for exams amongst students. More-
over, given that Facebook continues to be more and more popular 

amongst university students, and given that faculty and non-academic 
staff are interested in engaging and retaining them, it is also impor-
tant that the use of Facebook within the academic world should be 
organised by academic institutions so it could continue to provide 
benefits and avoid the risk of misuse or abuse of this tool. Although these 
results cannot be considered conclusive, they can provide some useful 
insights and fuel the debate on this topic. 
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Appendix 

Table A1 
Descriptive statistics for the whole sample and the treated and control groups.  

Variables Total Treated Controls p 

Male 0.486 0.470 0.550 0.008 
Lyceum 0.600 0.621 0.505 <0.001 
Technical Institute 0.067 0.060 0.099 0.010 
Vocational 0.044 0.041 0.056 0.210 
Linguistic Institute 0.113 0.112 0.115 0.892 
Delay in obtaining a high school diploma 0.143 0.125 0.222 <0.001 
Delay in enrolment 0.175 0.150 0.289 <0.001 
High school diploma grade 75–90 0.394 0.401 0.364 0.219 
High school diploma grade 91–100 0.269 0.276 0.238 0.171 
University department (Biology as reference) 0.065 0.064 0.070 <0.001 
Chemical and Industrial Chemistry 0.020 0.019 0.022 0.778 
Civilisation and Forms of Knowledge 0.066 0.061 0.085 0.114 
Economics and Management 0.133 0.133 0.134 0.974 
Pharmacy 0.037 0.036 0.046 0.401 
Philology, Literature and Linguistics 0.095 0.091 0.115 0.252 
Physics 0.023 0.018 0.046 0.003 
Law 0.084 0.084 0.085 0.955 
Computer Science 0.019 0.018 0.021 0.715 
Civil and Industrial Engineering 0.127 0.131 0.100 0.126 
Energy, Territory and Construction Engineering 0.036 0.036 0.030 0.623 
Information Engineering 0.067 0.076 0.030 0.003 
Mathematics 0.015 0.016 0.012 0.636 
Clinical and Experimental Medicine 0.052 0.055 0.033 0.110 
Surgical, Medical and Molecular Pathology 0.015 0.014 0.022 0.759 
Translational Research 0.040 0.039 0.043 0.774 
Agricultural, Food and Agro-Environmental Sciences 0.028 0.029 0.024 0.662 
Geosciences 0.007 0.006 0.012 0.214 
Political Sciences 0.057 0.056 0.064 0.585 
Veterinary 0.017 0.017 0.018 0.872 
Decision to enrol influenced by the family environment 0.019 0.019 0.018 0.934 
Choice of the university for the presence of friends 0.024 0.027 0.010 0.076 
Choice of the university for a particular degree course 0.058 0.058 0.058 0.984 
Started working during the first year of studies 0.248 0.225 0.355 <0.001 
Occasional commuter 0.029 0.021 0.064 0.000 
Daily commuter 0.499 0.502 0.480 0.461 
Weekly commuter 0.053 0.053 0.0.049 0.771 
In site 0.281 0.281 0.284 0.911 
Enrolment changed previous life habits 0.660 0.676 0.590 0.003 
Attend classes during the first year (at least 75%) 0.784 0.806 0.686 <0.001 
Do not attend classes 0.049 0.038 0.104 <0.001 
Attend professors’ reception (at least once) 0.567 0.582 0.501 0.008 
Benefit from the tutoring service 0.103 0.110 0.077 0.077 
Study regularly in the department’s study rooms 0.438 0.452 0377 0.013 
Study difficulties as compared to high schools 0.387 0.391 0.370 0.487 
Live in institute together with other students 0.045 0.048 0.034 0.276 
Live in apartment alone or with other students 0.306 0.305 0.306 0.972 
Have friends already enrolled in the same degree course 0.15 0.328 0.252 0.007 
Used to studying with other students 0.676 0.661 0.745 0.003 

(continued on next page) 
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Table A1 (continued ) 

Variables Total Treated Controls p 

Have classmates to exchange lecture notes/information 0.879 0.900 0.780 <0.001 
Have contacts with classmates outside the university 0.687 0.715 0.570 <0.001 
Participation in extra-curricular activities (i.e. seminars) 0.072 0.077 0.049 0.072 
Participation in other activities (i.e. meetings and events) 0.371 0.391 0.281 <0.001   

Table A2 
Propensity Score estimates by logistic regression.  

Variables Coefficient SE p 

Male � 0.260 0.087 0.003 
Lyceum 0.109 0.110 0.321 
Technical Institute � 0.247 0.172 0.153 
Vocational � 0.024 0.207 0.906 
Linguistic Institute 0.127 0.160 0.428 
Delay in obtaining a high school diploma � 0.146 0.114 0.200 
Delay in enrolment � 0.361 0.105 0.001 
High school diploma grade 75–90 0.067 0.094 0.472 
High school diploma grade 91–100 0.036 0.111 0.747 
University department (Biology as reference) 
Chemical and Industrial Chemistry 0.031 0.305 0.919 
Civilisation and Forms of Knowledge 0.012 0.209 0.953 
Economics and Management 0.251 0.192 0.190 
Pharmacy � 0.108 0.242 0.657 
Philology, Literature and Linguistics � 0.112 0.190 0.556 
Physics � 0.694 0.271 0.010 
Law 0.157 0.200 0.432 
Computer Science 0.277 0.316 0.381 
Civil and Industrial Engineering 0.263 0.193 0.174 
Energy, Territory and Construction Engineering 0.178 0.265 0.502 
Information Engineering 0.514 0.236 0.029 
Mathematics 0.014 0.350 0.969 
Clinical and Experimental Medicine 0.557 0.240 0.020 
Surgical, Medical and Molecular Pathology 0.162 0.359 0.651 
Translational Research � 0.137 0.238 0.565 
Agricultural, Food and Agro-Environmental Sciences 0.166 0.271 0.541 
Geosciences � 0.275 0.406 0.498 
Political Sciences 0.226 0.223 0.310 
Veterinary 0.174 0.340 0.608 
Decision to enrol influenced by the family environment � 0.040 0.282 0.888 
Choice of the university for the presence of friends 0.663 0.313 0.034 
Choice of the university for a particular degree course 0.099 0.175 0.572 
Started working during the first year of studies � 0.233 0.094 0.013 
Occasional commuter � 0.030 0.255 0.905 
Daily commuter 0.039 0.129 0.763 
Weekly commuter � 0.031 0.209 0.880 
In site � 0.053 0.177 0.765 
Enrolment changed previous life habits 0.164 0.083 0.050 
Attend classes during the first year (at least 75%) 0.141 0.104 0.173 
Do not attend classes 0.165 0.210 0.432 
Attend professors’ reception (at least once) 0.085 0.084 0.313 
Benefit from the tutoring service 0.137 0.144 0.343 
Study regularly in the department’s study rooms 0.085 0.086 0.323 
Study difficulties as compared to high schools � 0.045 0.084 0.589 
Live in institute together with other students 0.147 0.269 0.584 
Live in apartment alone or with other students � 0.133 0.158 0.399 
Have friends already enrolled in the same degree course 0.166 0.089 0.062 
Used to studying with other students � 0.084 0.092 0.359 
Have classmates to exchange lecture notes/information 0.285 0.121 0.019 
Have contacts with classmates outside the university 0.106 0.091 0.248 
Participation in extra-curricular activities (i.e. seminars) 0.207 0.170 0.225 
Participation in other activities (i.e. meetings and events) 0.230 0.094 0.015 
Constant 0.352 0.280 0.209  

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.seps.2020.100865. 
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