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The aims: (i) analyze connectivity between subgroups of university students, (ii) assess which bridges 
of relational contacts are essential for connecting or disconnecting subgroups and (iii) to explore 
the similarities between the attributes of the subgroup nodes in relation to the pandemic context. 
During the COVID-19 pandemic, young university students have experienced significant changes in 
their relationships, especially in the halls of residence. Previous research has shown the importance 
of relationship structure in contagion processes. However, there is a lack of studies in the university 
setting, where students live closely together. The case study methodology was applied to carry out 
a descriptive study. The participation consisted of 43 university students living in the same hall of 
residence. Social network analysis has been applied for data analysis. Factions and Girvan–Newman 
algorithms have been applied to detect the existing cohesive subgroups. The UCINET tool was used 
for the calculation of the SNA measure. A visualization of the global network will be carried out using 
Gephi software. After applying the Girvan–Newman and Factions, in both cases it was found that the 
best division into subgroups was the one that divided the network into 4 subgroups. There is high 
degree of cohesion within the subgroups and a low cohesion between them. The relationship between 
subgroup membership and gender was significant. The degree of COVID-19 infection is related to 
the degree of clustering between the students. College students form subgroups in their residence. 
Social network analysis facilitates an understanding of structural behavior during the pandemic. The 
study provides evidence on the importance of gender, race and the building where they live in creating 
network structures that favor, or not, contagion during a pandemic.

The COVID-19 health emergency has highlighted the importance of relationships, pointing to the most basic 
problems in our daily lives, such as problems of young people having sex1, increased stress on parents in the face 
of restrictive measures that require their children to stay longer at home2, or even hiding or lying about COVID-
19-related symptomatology in order to keep a job3. The health emergency has even been identified as having 
a negative impact on the mental health of the population, especially due to a lack of social support4. The lower 
degree of social support has led to an increased risk of depression and sleep disturbances in the population5.

This pandemic-induced scenario also requires attention with regard to the young population as they are 
very socially active and demand relationships especially outside the home, with their friends. One of the most 
important stages for a young person is the university stage. This stage implies a change in relationships and 
coexistence, an aspect of special interest in this pandemic context. In this sense, previous studies have already 
demonstrated the great psychological impact that the COVID-19 pandemic has had on university students6.
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Clearly, universities have had to implement numerous anti-pandemic measures, and social distancing is one 
of the most difficult measures to practice on university campuses7. In particular, student coexistence protocols in 
university residences is one of the most complicated aspects for academic authorities. These places are the closest 
hubs for students in terms of relationships. Students develop collective experiences that facilitate influences on 
each other, such as eating, sleeping or physical activity habits8.

Therefore, knowledge of how their relationships are conducted during the COVID-19 pandemic in close 
living arrangements could be useful for hall-of-residence managers and university administrators. We recog-
nise that it would be of interest to carry out interventions based on social structures in university residences 
in order to prevent contagion. But this requires a description of the actual scenarios, and there is still a lack of 
studies into this subject resulting from the rapidity of the pandemic process. The results of our research could 
be extrapolated to contexts of coexistence in which relationships are close: camps, schools, summer courses, 
extracurricular activities, etc.

In order to carry out an in-depth study based on the social structure of relationships, two decisions have been 
made. The first is to carry out a case study. The case study is useful in creating a conceptual framework about a 
real experience and use it as an illustration, therefore very useful in future research9. The second decision was 
to adopt social network analysis (SNA) as a methodological research approach to analyze the social structure of 
university students’ relationships.

SNA is based on the relationships between interacting units in a network10. The elements of a social network 
are the nodes and links that represent an interaction between pairs of nodes, forming the social structure or 
network11. For Borgatti et al. structural issues are relevant12. He points out that in a team it is not only the abili-
ties of its members to achieve a goal that matter, but the pattern of relationships that exists between them that is 
important. Therefore, the future characteristics of a node may depend on its position in the network structure12. 
The links are interconnected through shared nodes by drawing paths which, in turn, allow indirect connections 
to nodes that are not directly connected13.

The application of SNA has been carried out in numerous health-related studies, e.g. SNA and physical 
activity14, SNA and engagement in university rooms15 and SNA and contagion in substance use16, or intention 
to use cannabis17 among others. There are also a significant number of SNA studies applied to the pandemic. 
For example, SNA studies on twitter conducted sentiment analyzes demonstrating the positive emotions of the 
population in coping with the pandemic crisis18, studies into how social network structure can shape predic-
tions on the spread and efficacy of control strategies19, or the lack of communication between central and local 
government structures may have led to a lack of a unanimous response20.

This network perspective, and the possibilities of transferring through connections, is particularly interest-
ing for assessing which types of student social structures perform better or worse with regard to the COVID-19 
contagion. We propose that contagion by COVID-19 in a space of close social relations is similar to the contagion 
of ideas, behaviors and customs. That is, the contagion of a pandemic, that is so dependent on social interaction, 
could be explained in the same way as social contagion.

Burt21 points out that in a social structure there is social contagion in which a person becomes infected with 
a behavior, and this would occur among people who are perceived as socially similar and who are in groups with 
strong relationships. In order to carry out the study of cohesion among university students, we must assess the 
formation of subgroups. The assessment of subgroups will allow us to analyze the presence or absence of bonds 
and relate them to contagion by COVID-19. The presence of bonds could be interpreted as forces of social attrac-
tion to explain the creation of positive bonds within the group, an aspect that would reinforce group cohesion22.

Social and community connectivity, moreover, is closely related to studies of community mobility and the 
spread of COVID-19. The more mobile the population, the more contact with the community and thus the greater 
the spread of the virus. Chang et al.23 showed that reduced mobility helped to prevent infection. James et al.24 
also demonstrated the importance of analysing the mobility of people during the pandemic at the financial level. 
Finally, Yilmazkuday25 corroborated the importance of analysing social and community connectivity through 
a mobility study using data obtained from Google, which showed a direct relationship between mobility and 
COVID-19 deaths over several weeks.

Social cohesion describes a series of events that facilitate interrelationships and can become a “force field” 
that conditions attitudes and behaviors among members26. Cohesive subgroups behave almost as independent 
entities, and this implies that there could be pressure from the group on its members to respect the norms or 
not27. Perceived norms become guidelines for action and, people decide which group to be in based on them. 
For this reason, it is really interesting in our research, since cohesive groups could have similar results in terms 
of positive or negative COVID-19 infections.

In the SNA there are several concepts for measuring subgroups. One of them is cliques, defined as complete 
subnetworks, within a network, of three or more nodes, in which all nodes are connected to each other10. How-
ever, this definition might be too strict for the object of this study without allowing us to evaluate the character-
istics of the subgroups formed among the students in depth.

The question that really interests us is related to the connectivity characteristics of the subgroups, since 
it could provide us with information on the student networks in the university residences in relation to the 
COVID-19 infection. This structural information does not provide us with all the clues but it does indicate the 
most appropriate approach for the purpose of our research.

According to the above, our research question is: what are the structural characteristics of student subgroups 
in halls of residence in relation to the COVID-19 pandemic? To provide an answer, the following aims have 
been set out:

1.	 Analyze connectivity between subgroups based on aspects of the similarities between them.
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2.	 Assess which bridges are essential for connecting or disconnecting subgroups28.
3.	 To explore the similarities between the attributes of the subgroup nodes in relation to the pandemic context.

Material and methods
Study design.  This research was carried out using the case study methodology; developing a descriptive 
study. The case study facilitates decision-making on causalities and processes, provides answers to questions 
such as when and why, and is suitable for developing theory from the analysis of a process in contexts in which 
researchers do not yet have adequate answers29. The data was collected from 23th October 2020 to 20th Novem-
ber 2020.

Setting and sample.  The participation was of 43 university students from different scientific branches but 
living in the same residence. The characteristics of the sample can be seen in Table 1. Of the total participants, 
58.1% were men and 41.9% were women.

Ethical consideration.  All participants received an informed consent form to participate in the study. 
Lastly, participants were offered the possibility of retracting consent once they had signed the form, without 
needing to provide a reason, and an email contact address was given should they require any further informa-
tion. Participation was voluntary, and subject availability was respected at all times. All the participants that were 
involved in the study have given their informed consent to participate in this study.

This study has the approval of the Ethics Committee of the University of León under the identifier 
(ETICA-ULE-008-2021).

All data collected are related to the field of health. The relevant standards set out in Directive 03/2020 of the 
European Data Protection Committee have been complied with30. The data were anonymised and obtained after 
contacting the body responsible for COVID-19 contacts at the University of León, Epidemiological Surveillance 
System of the ULE (abbreviated in Spanish, SiVeULE). We confirm that all experiments were performed in 
accordance with relevant guidelines and regulations.

Data collection.  SiVeULE is in charge of generating a database in order to follow up the COVID-19 cases 
that arise at the university. This database stores different characteristics of the actors in the network, together 
with the result of the RT-qPCR tests performed.

At the university there was a protocol to indicate norms and rules for (i) hygiene and preventive measures, 
(ii) what to do if you had symptoms, (iii) definitions of what was considered “close contact”, “confinement” and 
“positive outcome”. There were support staff to collect data, answer questions and help both positive and confined 
actors. These people were called “trackers”. The name defined their role because they identified contacts of the 
student who were positive, had symptoms or had been “in close contact” with a positive person.

Other information such as name, residence, gender, grade, name of contacts, and date and result of the poly-
merase chain reaction (PCR) test are also collated in the database.

For the present study, the names were anonymized and registered in matrices for subsequent analysis using 
the SNA method.

The data obtained were used to construct a matrix that was read as follows:

•	 For rows, “A nominates B”;
•	 For columns, “A is nominated by B”.

To carry out this study, the matrix has been symmetrized, determining that if A nominated B, B also nominated 
A. That is to say, it is an undirected matrix, since, if A had any contact with B, B also had contact with A.

Data analysis.  For data analysis, the social network analysis (SNA) has been applied to the 43 × 43 matrix. 
Factions and Girvan–Newman algorithms have been applied to detect the existing cohesive subgroups. These 
algorithms are frequently used for the detection of cohesive subgroups. For example, Vacca made use of Gir-
van–Newman to detect cohesive subgroups in his network31, as did Zhu and Gao32 in their study within a school 
classroom, results which they corroborated with feedback from teachers.

Table 1.   Sample characteristics.

Scientific branches

Gender

Female
N (%)

Male
N (%) Total (%)

Engineering 11 (44.0) 2 (11.1) 13 (30.2)

Health 10 (40.0) 11 (61.1) 21 (48.8)

Social sciences 4 (16.0) 5 (27.8) 9 (20.9)

Total (%) 25 (58.1) 18 (41.9) 43 (100.0)
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The factions algorithm is based on detecting subgroups made up of actors that result in obtaining densities 
as high as possible within the number of subgroups that are generated. That is, if we want to divide a network 
into 3 subgroups, it will create the subgroups that maintain a density as close to 1 as possible. If adding the three 
densities, the result is 3, we would have the optimal division of cohesive subgroups of the network27.

This algorithm performs the following steps:

1.	 Arbitrarily assigning everyone to one of the groups and calculating their fitness to see if that partition is 
suitable.

2.	 It then moves some actors from one group to another and recalculates the fit again, observing if there is any 
improvement.

3.	 Continue in this way until you see no further improvement in the exchanges.

This method is known as “combinatorial optimizations”.
In this case, using the factions algorithm, the network that we have used in this research was divided into 

different groups, 3, 4, 5, 6 and 7. After these divisions, the densities of the actors in each subgroup are analyzed 
among themselves and among the actors belonging to the rest of the subgroups. Thanks to this measure, and the 
resulting matrix, it is possible to determine which division generates subgroups with greater cohesion.

Because of the possible bias that may result from applying a single subgrouping algorithm, it was decided to 
use the Girvan–Newman algorithm. The Girvan–Newman algorithm also makes it possible to find out which 
division is the most optimal, by applying other different algorithms. In this case, Girvan–Newman looks for the 
most important links that, if removed, would fragment the network, reducing the cohesion of these subgroups. 
To apply this algorithm, the minimum number of cohesive groups to be generated is set at 3 and the maximum 
at 7. After applying this algorithm, a value, a metric, called “modularity”, denoted by Q, is obtained. This meas-
ure compares the number of internal links in the groups and is higher as it finds groups that are more cohesive.

Statistical analysis and visualisation.  IBM SPSS Statistics (26.0) software was used for the statistical 
processing of the data. For the analysis of descriptive data, frequencies and percentages were used for the qualita-
tive variables, whereas the mean and standard deviation were used for the quantitative variables. A chi-squared 
test was carried out to verify whether there was a relationship between the groups. The UCINET tool, version 
6.67933 was used for the calculation of the SNA measurements. The tests carried out to study the normality of the 
distribution were the Shapiro–Wilk test because the sample is smaller than 55. The level of statistical significance 
was set at 0.05. For qualitative analysis, a visualization of the global network will be carried out using Gephi, 
version 0.9.2, software.

Results
Connectivity between subgroups.  After applying Girvan–Newman and Factions, in both cases it was 
found that the best division into subgroups was the one that divided the network into 4 subgroups. In the case 
of Girvan–Newmann, the test was carried out by dividing the network into 3 to 7 clusters, obtaining the best 
modularity with a division into 4 clusters, where Q = 0.439. By applying the factions algorithm, it was found that 
the best division was also made up of 4 clusters, obtaining a total density of 2.293, an average density of 0.573 
for each group. In accordance with objective 1 presented in this manuscript, 4 cohesive subgroups have been 
obtained in which the actors are united because they are similar to each other.

Bridges in subgroups.  As regards the assessment of which bridges are essential to connect or disconnect 
subgroups28, in graphs 1 and 2 we can see that our entire sample of students is clearly divided into 4 subgroups 
(A, B, C and D). Both graphs show many edges within the subgroups resulting from the application of GN mod-
ularity, and few edges or bridges between them. One can therefore see extensive cohesion within the subgroups 
and low cohesion between them.

Figure 1 shows the subgroups in relation to positive or negative contagion. In general, it can be seen that 
there is greater cohesion between positive with positive and negative with negative. There are some key edges or 
bridges between the four clusters that could enhance contagion or non-contagion. This can be seen especially 
between the largest node that exists between cluster B, C and D. However, there are key bridges between infected 
and non-infected students that could be due to the living space. Figure 2 shows the students living together in 
one block of the dormitory in blue, and the students living together in another block of the residence in green.

Attributes of the subgroup nodes and pandemic context.  Group membership versus RT‑qPCR re‑
sult.  After obtaining the 4 cohesive groups, the relationship between group membership and RT-qPCR positiv-
ity was analyzed. The results obtained are set out in Table 2.

A chi-squared test of independence was carried out to examine the between subgroup membership and PCR+ 
percentage. The relationship between these variables was significant, X2 (3, N = 43) = 17.997, p < 0.001. Subgroups 
A and B have a significantly lower percentage of PCR+ members than groups C and D.

Group membership versus gender.  Subsequently, the relationship between group membership and gender was 
studied. The results are set out in Table 3.

A chi-squared test of independence was carried out to examine the between subgroup membership and 
gender. The relationship between these variables was significant, X2 (3, N = 43) = 13.480, p < 0.001. Subgroups A 
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and B have a significantly lower percentage of male and high percentage of female members while the opposite 
is true in groups C and D.

Group membership versus scientific branches.  Finally, the relationship between group membership and scien-
tific branches of their members was studied. The results are set out in Table 4.

A chi-squared test of independence was carried out to examine the between subgroup membership and 
scientific branches. The relationship between these variables was significant, X2 (6, N = 43) = 18.821, p = 0.004. 

Figure 1.   Subgroups Girvan–Newmann PCR result [created with Gephi 0.92 (https://​gephi.​org/)].

Figure 2.   Subgroups Girvan–Newmann Residence block result [created with Gephi 0.92 (https://​gephi.​org/)].

https://gephi.org/
https://gephi.org/
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In subgroups A and B there is a high percentage of social science students, while in groups C and D there is a 
higher percentage of engineering and health students.

Discussion
Our research adds evidence to the scarce literature on COVID-19 with the application of social network analysis. 
Previous studies have looked at cohesion and groups in relation to sleep34, and pandemic communication via 
twitter35, and even how to deliver accurate messages to audiences of interest36. But our study would be the first 
to analyze cohesion in university students. Our findings analyze a population of special interest, as university 
students group together, share experiences and information, and this also takes place in a pandemic context.

We have outlined the potential of social networks to capture and understand the clustering among university 
students in their living arrangements. This research has focused on aspects of social cohesion in the context of 
the COVID-19 pandemic. Specifically, in the context of university residences, since close coexistence among 
university students could be key to both the spread and prevention of the virus. Previous studies have already 
found that social distancing and isolation are strategies introduced to combat pandemics37. However, given that 
university students have many relationships with many contacts and isolation does not seem feasible, it would 
be useful to study the structural characteristics of cohesion among students, and to assess how this relates to the 
degree of COVID-19 infection.

Cohesive subgroups in the pandemic context.  Our results have shown that in university residences 
and in a pandemic context, clearly differentiated networks or reticular subgroups are formed. In order to under-
stand this fact, it is necessary to understand the difference between “situational environment” of the student to 
the “reticular environment”.

Table 2.   The relationship of actors belonging to the different cohesive subgroups and PCR results.

Cohesive subgroups

PCR

PCR+
N (%)

PCR−
N (%) Total (%)

A 1 (9.1) 10 (90.9) 11 (25.6)

B 4 (28.6) 10 (71.4) 14 (32.6)

C 6 (60.0) 4 (40.0) 10 (23.3)

D 8 (100.0) 0 (0.0) 8 (18.6)

Total (%) 19 (44.2) 24 (55.8) 43 (100.0)

Table 3.   The relationship of actors belonging to the different cohesive subgroups and their gender.

Cohesive subgroups

Gender

Female
N (%)

Male
N (%) Total (%)

A 5 (45.5) 6 (54.5) 11 (25.6)

B 4 (28.6) 10 (71.4) 14 (32.6)

C 8 (80.0) 2 (20.0) 10 (23.3)

D 8 (100.0) 0 (0.0) 8 (18.6)

Total (%) 19 (44.2) 24 (55.8) 43 (100.0)

Table 4.   The relationship of actors belonging to the different cohesive subgroups and scientific branches of 
their members.

Cohesive subgroups

Scientific branches

Engineering
N (%)

Social sciences
N (%)

Health
N (%) Total (%)

A 4 (36.4) 6 (54.4) 1 (9.1) 11 (25.6)

B 0 (0.0) 6 (42.9) 8 (57.1) 14 (32.6)

C 3 (30.0) 2 (20.0) 5 (50.0) 10 (23.3)

D 6 (75.0) 1 (12.5) 1 (12.5) 8 (18.6)

Total (%) 13 (30.3) 15 (34.9) 15 (34.9) 43 (100.0)
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Lozares et al.38 explain this clearly. The situational environment is based on each student’s perception based 
on their daily experiences, such as, “I feel bored”, “I am having fun”, “I like the food”, “this movie is fun”, etc.

However, this perception in itself does not generate networks, since it is the reticular environment that repre-
sents the relationship between these everyday experiences. That is, the reticular or network environment means 
the relationship between events that occur in the students’ everyday life. e.g. “I have meted my friends for eating” 
versus “I like eating”, “I have met my friends to go to the cinema to see a fun movie” versus “I have fun”, etc. With 
respect to this reticular context, a network is formed with both environments, the situational environment and 
the reticular environment. Therefore, in the network context, sub-clusters can be observed within the network, 
based on strong relationships in which actors are linked by shared events that generate a strong cohesion. This 
cohesion can become so strong that the performance of a grouping or sub-grouping can be similar to that of a 
single actor. It is therefore important to analyze cohesion on the basis of clusters.

Our findings show that infected students form subgroups, and uninfected students also tend to be more 
clustered. This could be related to the concept of social capital in networks. That is, social capital is the relational 
value of networks39. “I have more contact with the classmate who leaves me notes, or the one who listens to 
me, or the one who supports me when I am depressed. We must be attracted to someone, or someone must be 
attracted to us in order to group together.

Regarding contagion by COVID-19 and the importance of how we perceive others, Gould40 highlights 
that contacts within small groups may be related to positive feelings among actors. For example, we prefer to 
receive positive feelings from contacts for whom we ourselves have positive feelings. In this sense, Homans39 had 
already pointed out that feelings lead to interaction and vice versa. In view of this, students would not respond 
to pandemic protocols just because they know them. In this case, individuals are supposed to follow the rules for 
social responsibility. But knowledge does not guarantee action. It is the moral and emotional aspects that trigger 
certain social reactions that transform knowledge into action41. In this sense, it could be deduce that the moral 
and emotional aspects involved in the networks of coexistence among students could justify their behavior in 
the face of the pandemic and, consequently, their results on infection.

On the other hand, the actors also cohere according to their similarities. In this sense, our results show that 
gender could be a strong variable leading to the grouping of actors. This result would be in line with the concept 
of homophily and previous studies on the subject.

Homophily is the concept that people who are more similar contact each other than people who are 
dissimilar42. This means that cultural or behavioral aspects that are transferred through network channels will 
be localied and identified by the actors.

The concept of homophily is relevant in explaining clustering especially in a pandemic context. That is, local 
attachment between people who perceive themselves as more similar could bring about two phenomena. On the 
one hand local attachment, and on the other hand increased segregation from other groups43. This result could be 
positive or negative depending on the context of the study. For example, an increase in segregation between social 
networks in a neighborhood due to cultural diversity could lead to conflict and social division. However, if in a 
pandemic context, infected people are more clustered, the interpretation might be different. What will be more 
important if infected actors are more clustered or more dispersed? Given this question, it seems logical to think 
that it would be safer for the infected actors to be in the same bubbles. In this sense, it could also be considered 
more useful for non-infected students to be more dispersed, in order to be able to transmit responsible behavior. 
However, they themselves choose to group together, perhaps in an attempt to survive in the face of contagion. 
Thus, it seems that clustering in a pandemic context could be advantageous in order to address different strategies.

On the other hand, if clusters of infected students were very central, they could have put the rest of the clusters 
at risk. This is seen clearly in our study and the risk has also been explained in previous studies. Core clusters 
could become a “footprint” at the structural level of the network44. This fact could explain the possibility of 
liability or non-liability contagion behavior prior to COVID-19 protocols.

Key bridges in the pandemic context.  Accessibility is important in the study of subgroups if the 
research raises the importance of bridges between groups or actors who can act as bridges in social processes10.

Our results show that there are bridges between subgroups and that they are in line with previous studies 
that point to the importance of bridges between subgroups. This is because through them resources related 
to social capital such as information, support, trust and security are transferred and analyzed in healthcare 
contexts45. Occasionally, individuals may seek help or advice from outside their subgroup in order to achieve 
their objectives46.

The ability to serve as a bridge in a network is given by the personal characteristics of the individual47. In 
this sense, we have collected some attributes that highlight the importance of gender and location within the 
university residence. In the network there are students with a position that clearly identifies them as bridges. 
This position could be related to these attributes, including the emotional attraction they arouse in the eyes of 
other students. Their capacity as intermediaries could serve as “glue” between the subgroups. Let us not forget 
that depending on the profile of the intermediary or bridge actor, the student could serve to spread behaviors 
that favor contagion or pandemic prevention. Previous studies have shown that if the aggregation of the group-
ings manifests feelings against the norms, it could increase contagions48. This confirms the importance of being 
aware of bridging links during a pandemic.

To conclude the discussion of our research, to underline that there is currently an excess of information about 
the pandemic, especially in digital networks. We might think that this information could influence students in 
university residences. But it seems that this excess of information could be confusing or even not credible for 
the younger population49. Therefore, their behaviors might be more influenced by what they think and how 
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they interact with their close contacts than by online information. In this context, physical social interaction 
becomes relevant50.

Obviously, this research has a number of limitations. One of the most important is the lack of further char-
acteristics of the nodes with which to define the personality of the students in the network more accurately. 
Another significant limitation is the absence of more relational questions that could be useful in describing the 
case more accurately.

We recognise that the sample of the present research is small. However, the research team has considered that 
the case methodology would be useful for these contexts. Consequently, the results of this research would allow 
a first approximation of how networked individuals behave in a pandemic context. This information would be 
useful for future studies at the meso and macro level.

For future research, it is intended to replicate our study in more university residences even in the months 
at the beginning of the next academic year, since we will still live with preventive measures. It will be interesting 
to observe the behavior of the networks in this new situation.

Conclusion
The present research has analyzed subgroups in a university hall of residence. The objectives addressed were 
the analysis of connectivity and bridging in the subgroups, as well as cluster node similarities in a COVID-19 
pandemic context. The main conclusions are listed below:

•	 University students form networks in their residences. In turn, within the overall network, subgroups are 
formed.

•	 There are certain attributes that facilitate the groupings in this case study. Primarily these are gender and the 
block location in which the students live.

•	 The infection results are related to the subgroups, so that there are subgroups with a majority of infected 
students and other groups with a majority of uninfected students.

•	 Between the subgroups there are significant bridges, without which there could be a risk of disconnection 
between the clusters.

•	 There is a relationship between the scientific branches and the cohesive subgroups studied in this research.

Received: 16 August 2021; Accepted: 22 October 2021

References
	 1.	 Li, G. et al. Impact of the COVID-19 pandemic on partner relationships and sexual and reproductive health: Cross-sectional, 

online survey study. J. Med. Internet Res. 22, e20961 (2020).
	 2.	 Chung, G., Lanier, P. & Wong, P. Y. J. Mediating effects of parental stress on harsh parenting and parent–child relationship during 

coronavirus (COVID-19) pandemic in Singapore. J. Fam. Violence https://​doi.​org/​10.​1007/​s10896-​020-​00200-1 (2020).
	 3.	 Karaye, I. M. & Horney, J. A. The impact of social vulnerability on COVID-19 in the U.S.: An analysis of spatially varying relation-

ships. Am. J. Prev. Med. 59, 317–325 (2020).
	 4.	 Bauer, L. L. et al. Associations of exercise and social support with mental health during quarantine and social-distancing measures 

during the COVID-19 pandemic: A cross-sectional survey in Germany. medRxiv 2020.07.01.20144105. https://​doi.​org/​10.​1101/​
2020.​07.​01.​20144​105 (2020).

	 5.	 Grey, I. et al. The role of perceived social support on depression and sleep during the COVID-19 pandemic. Psychiatry Res. 293, 
113452 (2020).

	 6.	 Browning, M. H. E. M. et al. Psychological impacts from COVID-19 among university students: Risk factors across seven states 
in the United States. PLoS ONE 16, e0245327 (2021).

	 7.	 Sheehan, M. M., Pfoh, E., Speaker, S. & Rothberg, M. Changes in social behavior over time during the COVID-19 pandemic. 
Cureus 23, 15–20 (2020).

	 8.	 Walsh, A., Taylor, C. & Brennick, D. Factors that influence campus dwelling university students’ facility to practice healthy living 
guidelines. Can. J. Nurs. Res. Revue canadienne de recherche en sciences infirmieres 50, 57–63 (2018).

	 9.	 Siggelkow, N. Persuasion with case studies. Acad. Manag. J. 50, 20–24 (2007).
	10.	 Wasserman, S. & Faust, K. Social Network Analysis: Methods and Applications (Structural Analysis in the Social Sciences) (Cambridge 

University Press, 1994).
	11.	 Barnes, J. A. Class and committees in a Norwegian Island Parish. Hum. Relat. 7, 39–58 (1954).
	12.	 Borgatti, S. P., Mehra, A., Brass, D. J. & Labianca, G. Network analysis in the social sciences. Science 323, 892–895 (2009).
	13.	 Borgatti, S. P. & Halgin, D. S. On network theory. Organ. Sci. 22, 1168–1181 (2011).
	14.	 Prochnow, T., Delgado, H., Patterson, M. S. & Meyer, M. R. U. Social network analysis in child and adolescent physical activity 

research: A systematic literature review. J. Phys. Act. Health 17, 250–260 (2020).
	15.	 Fernández-Martínez, E. et al. Social networks, engagement and resilience in university students. Int. J. Environ. Res. Public Health 

14, 1488 (2017).
	16.	 Henneberger, A. K., Mushonga, D. R. & Preston, A. M. Peer influence and adolescent substance use: A systematic review of dynamic 

social network research. Adolesc. Res. Rev. https://​doi.​org/​10.​1007/​s40894-​019-​00130-0 (2020).
	17.	 Martínez-Fernández, C. M., Liébana-Presa, C., Fernández-Martínez, E., Gomes, L. & García-Rodríguez, I. Friendship and con-

sumption networks in adolescents and their relationship to stress and Cannabis use intention. Int. J. Environ. Res. Public Health 
18, 3335 (2021).

	18.	 Treceñe, J. K. & Abides, R. J. P. How did twitter users react to the pandemic? Social network analysis of public tweets on COVID-19 
outbreak. Soc. Netw. Anal. Public 8, 52–59 (2020).

	19.	 Firth, J. A. et al. Using a real-world network to model localized COVID-19 control strategies. Nat. Med. 26, 1616–1622 (2020).
	20.	 Adiyoso, W. Assessing governments’ emergency responses to COVID-19 outbreak using a social analysis network (SNA). Natl. 

Dev. Plan. Agency 21, 1–9 (2020).
	21.	 Burt, R. & Janicik, G. Social contagion and social structure. In Networks in Marketing (ed. Iacobucci, D.) 32–49 (SAGE Publica-

tions, 1996). https://​doi.​org/​10.​4135/​97814​83327​723.​n4.
	22.	 Stadtfeld, C., Takács, K. & Vörös, A. The emergence and stability of groups in social networks. Soc. Netw. 60, 129–145 (2020).

https://doi.org/10.1007/s10896-020-00200-1
https://doi.org/10.1101/2020.07.01.20144105
https://doi.org/10.1101/2020.07.01.20144105
https://doi.org/10.1007/s40894-019-00130-0
https://doi.org/10.4135/9781483327723.n4


9

Vol.:(0123456789)

Scientific Reports |        (2021) 11:22055  | https://doi.org/10.1038/s41598-021-01390-4

www.nature.com/scientificreports/

	23.	 Chang, S. et al. Mobility network models of COVID-19 explain inequities and inform reopening. Nature 589, 82–87 (2021).
	24.	 James, N. & Menzies, M. Efficiency of communities and financial markets during the 2020 pandemic. Chaos 31, 083116 (2021).
	25.	 Yilmazkuday, H. Stay-at-home works to fight against COVID-19: International evidence from Google mobility data. J. Hum. Behav. 

Soc. Environ. 31, 210–220 (2021).
	26.	 Friedkin, N. E. Social cohesion. Annu. Rev. Sociol. 30, 409–434 (2004).
	27.	 Everett, M. G., Borgatti, S. P. & Johnson, J. C. Analyzing Social Networks (Sage Publications Ltd, 2013).
	28.	 Girvan, M. & Newman, M. E. J. Community structure in social and biological networks. Proc. Natl. Acad. Sci. U. S. A. 99, 7821–7826 

(2002).
	29.	 Chetty, S. The case study method for research in small-and medium-sized firms. Int. Small Bus. J. Res. Entrep. 15, 73–85 (1996).
	30.	 European Data Protection Board. Guidelines 03/2020 on the processing of data concerning health for the purpose of scientific 

research in the context of the COVID-19 outbreak. 13 (2020).
	31.	 Vacca, R. Structure in personal networks: Constructing and comparing typologies. Netw. Sci. 8, 142–167 (2020).
	32.	 Zhu, W. & Gao, J. H. Analysis and result confirmation of cohesive subgroup structure among classmates. Parameters https://​doi.​

org/​10.​2991/​itms-​15.​2015.​180 (2015).
	33.	 Borgatti, S. P., Everett, M. G. & Freeman, L. C. Ucinet for Windows: Software for social network analysis. Harv. Anal. Technol. 

https://​doi.​org/​10.​1111/j.​1439-​0310.​2009.​01613.x (2002).
	34.	 Li, X., Kawachi, I., Buxton, O. M., Haneuse, S. & Onnela, J. P. Social network analysis of group position, popularity, and sleep 

behaviors among U.S. adolescents. Soc. Sci. Med. 232, 417–426 (2019).
	35.	 Pascual-Ferrá, P., Alperstein, N. & Barnett, D. J. Social network analysis of COVID-19 public discourse on twitter: Implications 

for risk communication. Disaster Med. Public Health Prep. https://​doi.​org/​10.​1017/​dmp.​2020.​347 (2020).
	36.	 Yum, S. Social network analysis for coronavirus (COVID-19) in the United States. Wiley Online Library 101, 1642–1647 (2020).
	37.	 Glass, R. J., Glass, L. M., Beyeler, W. E. & Min, H. J. Targeted social distancing design for pandemic influenza. Emerg. Infect. Dis. 

12, 1671–1681 (2006).
	38.	 Lozares, C., Verd, J. M. & Mutanyola, D. Redes sociales, entornos situacionales, entornos reticulares: representaciones distribuidas 

o el poder borroso de las cliques. REDES. Revista hispana para el análisis de redes sociales 28, 44–61 (2017).
	39.	 Kadushin, C. Comprender las redes sociales: teorías, conceptos y hallazgos/Charles Kadushin ; presentación de Isidro Maya (2013).
	40.	 Gould, R. V. & Bearman, P. The origins of status hierarchies: A formal theory and empirical test. Am. J. Sociol. 107, 1143–1178 

(2002).
	41.	 Lai, Y., Yeung, W. & Celi, L. A. Urban intelligence for pandemic response: Viewpoint. JMIR Public Health Surveill. 6, e18873 (2020).
	42.	 McPherson, M., Smith-Lovin, L. & Cook, J. M. Birds of a feather: Homophily in social networks. Ann. Rev. Sociol. 27, 415–444 

(2001).
	43.	 Murase, Y., Jo, H. H., Török, J., Kertész, J. & Kaski, K. Structural transition in social networks: The role of homophily. Sci. Rep. 9, 

1–8 (2019).
	44.	 Dobson, E. T. et al. Bridging anxiety and depression: A network approach in anxious adolescents: Anxiety-depression network. J. 

Affect. Disord. 280, 305–314 (2021).
	45.	 Carpiano, R. M. & Fitterer, L. M. Questions of trust in health research on social capital: What aspects of personal network social 

capital do they measure?. Soc. Sci. Med. 116, 225–234 (2014).
	46.	 Zander, L., Chen, I. C. & Hannover, B. Who asks whom for help in mathematics? A sociometric analysis of adolescents’ help-seeking 

within and beyond clique boundaries. Learn. Individ. Differ. 72, 49–58 (2019).
	47.	 Locatelli, B. et al. Collective and individual interdisciplinarity in a sustainability research group: A social network analysis. Sustain. 

Sci. https://​doi.​org/​10.​1007/​s11625-​020-​00860-4 (2020).
	48.	 Hung, M. et al. Social network analysis of COVID-19 sentiments: Application of artificial intelligence. J. Med. Internet Res. 22, 

e22590 (2020).
	49.	 Ahmed, W., Seguí, F. L., Vidal-Alaball, J. & Katz, M. S. COVID-19 and the “Film Your Hospital” conspiracy theory: Social network 

analysis of twitter data. J. Med. Internet Res. 22, e22374 (2020).
	50.	 Raaper, R. & Brown, C. The Covid-19 pandemic and the dissolution of the university campus: Implications for student support 

practice. J. Prof. Capital Community 5, 343–349 (2020).

Acknowledgements
We are grateful for the work of all the students of our university who have helped during the COVID-19 pan-
demic to make the epidemiological surveillance system work as efficiently as possible.

Author contributions
A.V.-C. and T.F.-V. conceived the project. J.A.B.-A., P.M.-S. and C.L-P. performed the analytical calculations. 
A.P.-C., and J.A.B.-A. performed all the numerical calculations. J.A.B.-A. and P.M.-S. wrote a first draft of the 
manuscript. All authors reviewed and edited the manuscript.

Competing interests 
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to A.P.-C.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

https://doi.org/10.2991/itms-15.2015.180
https://doi.org/10.2991/itms-15.2015.180
https://doi.org/10.1111/j.1439-0310.2009.01613.x
https://doi.org/10.1017/dmp.2020.347
https://doi.org/10.1007/s11625-020-00860-4
www.nature.com/reprints


10

Vol:.(1234567890)

Scientific Reports |        (2021) 11:22055  | https://doi.org/10.1038/s41598-021-01390-4

www.nature.com/scientificreports/

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

© The Author(s) 2021

http://creativecommons.org/licenses/by/4.0/

	Identification of cohesive subgroups in a university hall of residence during the COVID-19 pandemic using a social network analysis approach
	Material and methods
	Study design. 
	Setting and sample. 
	Ethical consideration. 
	Data collection. 
	Data analysis. 
	Statistical analysis and visualisation. 

	Results
	Connectivity between subgroups. 
	Bridges in subgroups. 
	Attributes of the subgroup nodes and pandemic context. 
	Group membership versus RT-qPCR result. 
	Group membership versus gender. 
	Group membership versus scientific branches. 


	Discussion
	Cohesive subgroups in the pandemic context. 
	Key bridges in the pandemic context. 

	Conclusion
	References
	Acknowledgements


