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ARTICLE INFO ABSTRACT

Keywords: This study examined the impact of different social networks on the mental health outcomes of older adults during

Social network the COVID-19 pandemic. Participants were 25,534 older adults from the Survey of Health, Ageing and Retire-

COVID-19 ment in Europe (SHARE). The study identified five social network profiles (family, friends, spouse, diverse,

Ic\)lllfinetrai)ils:};h others) and a “no network” group. Findings showed that, compared to the no network profile, those with spouse
and family profiles are more protected against depression and loneliness during the COVID-19. In turn, in-
dividuals within friends and diverse profiles had a similar likelihood of feeling depressed, anxious, and lonely.
Friends and diverse profiles had higher likelihood of suffering more anxious or lonelier than before the COVID-19
compared to the no network profile. The study further discusses possible explanations about why these profiles,
which typically served as mental health protectors, were significantly affected by the unique circumstances of the
COVID-19 pandemic.

Introduction (Arpino et al., 2022; Atzendorf and Gruber, 2021; Coleman et al., 2022;

The COVID-19 pandemic has had a significant impact on individuals
and communities worldwide. Beginning in March 2020, many countries
implemented measures to reduce the spread of the disease, including
stay-at-home orders and physical distancing mandates, such as mini-
mizing physical contact with others and avoiding public social spaces
and activities (Pliimper and Neumayer, 2022). Older adults were iden-
tified as the population group with the highest risk of severe disease
progression and death in case of infection with COVID-19 (Posch et al.,
2020). Therefore, contact with older adults was explicitly discouraged.
Consequently, several studies arose regarding the potential impact of
social distancing measures on older adults’ depression, anxiety, and
feelings of loneliness (Berniell et al., 2021a, 2021b; Bundy et al., 2021;
Krendl and Perry, 2021).

Evidence shows that social contact and social networks play a key
role in maintaining mental health in old age (Fiori et al., 2006; Wenger,
1997). Social networks provide support, companionship, and coping
strategies, which are important in times of stress and uncertainty, which
were particularly salient during the COVID-19 pandemic (Coleman
et al., 2022). For that reason, several studies have focused on studying
which aspects of social networks may have played a protective or risk
role in older adults’ mental health outcomes during the pandemic

Kovacs et al., 2021; Skatacka and Pajestka, 2021; Van Tilburg et al.,
2021).

Some studies have examined relationship dynamics of people within
social networks. For example, the study of Coleman et al. (2022), in a
sample of people aged 57 years and older from the United States, found
an association between having greater closeness with other individuals
within the social network and feeling less lonely and depressed during
the first’s months of COVID-19. In addition, Kovacs et al. (2021) found
that older people with fewer than five "very close" relationships reported
an increase in loneliness after the onset of the pandemic, while another
study found that individuals having at least once a week contact with
others within their social network reported feeling less depressed since
the outbreak of the pandemic (Atzendorf and Gruber, 2021). In its part,
Skatacka and Pajestka (2021) found that frequency of face-to-face con-
tact of parents with their children was associated to better mental health
results.

Other studies examined the nature of the relationship between the
individual and people from their social network. A study carried out in a
sample of older people from the Netherlands found that contact with
children was associated with less loneliness at the beginning of the
pandemic (Van Tilburg et al., 2021). Another study focused on older
people who did not have traditional family ties, such as a partner or
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children, and showed that these individuals were at higher risk of
loneliness during the COVID-19 (Arpino et al., 2022). Also, having a
more diverse composition of the social network has been related to a
higher likelihood of feeling anxious during the COVID-19 (Coleman
et al., 2022).

All, these results have shed light onto the ways some social network
variables may have influenced older adults’ mental health during the
COVID-19 pandemic. However, to our knowledge, there is little research
examining the study of social networks typologies and their association
to mental health outcomes during the COVID-19 pandemic.

Establishing typologies of social networks has been shown to be a
useful approach to study the characteristics of social networks and to
capture their multidimensional aspects. Wenger (1991) was one of the
first authors that started the classification of older adults according to
their support network’s typology. In this study, Wenger (1991) found
five social network typologies representing older adults’ relationship
dynamics in the UK, considering several aspects of the social network,
such as proximity, interaction, and proportion of relatives, friends, and
neighbors within the network. More recent studies in the field have
employed mixture modeling techniques such as Latent Class Analysis
(LCA) or Latent Profile Analysis (LPA) to depict social network classes or
profiles among older adults (Cohn-Schwartz et al., 2021; Harasemiw
et al., 2019; Lestari et al., 2022). In general, four solid categories in the
typologies have been reported in most studies (Cheng et al., 2009; Choi
et al., 2022; Fiori et al., 2006; Litwin, 2001; Litwin and Stoeckel, 2014;
Ye and Zhang., 2019): family, friends, diverse (which include family
together with neighbors and friends) and restricted or no network
(characterized for having minimal or no ties). However, study com-
parison is hindered by the discrepancies in the definition of social net-
works and the variables employed to measure them.

Some studies followed the Convoy Theory of Antonucci et al. (2014)
and define social network as the amount and quality of relationships an
individual has and from which they can receive support (Fiori et al.,
2006; Harasemiw et al., 2019; Litwin and Shiovitz-Ezra, 2011; Park
et al., 2015). To define social network groups, they include objective
structural variables (as the number of relationship), dynamic variables
(as frequency of contact) and variables that are related to community
engagement (as social participation). Also, a study by Medvene et al.
(2016) employed Antonucci’s (1986) hierarchical mapping technique
and included variables that were related to the inner, middle, and outer
circle (people you can’t imagine life without, people important for you
and people close enough to be in your social network).

In addition, other studies are based on the so-called confidant
approach. This approach is particularly relevant for deriving social
network typologies as it focuses on the most meaningful people for the
participant rather than assuming that all relationships in their life are
important (Litwin, 1996). For example, in the study by Fiori et al. (2008)
respondents were asked about the structural (network size, proximity)
and functional (perceived instrumental and emotional support) char-
acteristics of the 10 most important people in their network. Similarly,
in the study by Litwin and Stoeckel (2014) participants were asked to list
a maximum of seven people with whom they talked about important
issues, and included variables related to the type of relationship with the
person (family, friends.), proximity, contact and emotional closeness.

Regarding the relationship between social network typologies and
mental health, most of these studies focused on the relation with
depression (Cheng et al., 2009; Fiori et al., 2006; Harasemiw, 2019).
These studies agree that people with greater depressive symptomatology
are those who belong to the restricted network. Also, studies tend to find
that older people with diverse networks followed by those with family or
friend networks have lower levels of depression (Cheng et al., 2009;
Fiori et al., 2006; Harasemiw, 2019; Wenger, 1997). However, some
studies (Fiori et al., 2008; Lau et al., 2019) did not find statistically
significant differences on depression among different social network
groups.

Regarding older adults’ mental health, literature also points to

165

Social Networks 78 (2024) 164-172

loneliness and anxiety as relevant correlates of social network profiles.
For example, Medvene et al. (2016) found that the family group had the
least feelings of loneliness in a sample of older people from the United
States. In this line, Torres et al. (2023) found that individuals who
belonged to the spouse network and to the friends network displayed the
lowest levels of loneliness in a sample of European older adults. Finally,
Litwin and Shiovitz-Ezra (2011) reported that older US adults that
identified as having a diverse network were less anxious and less lonely
than those who had a restricted network. Also, people with a family
network or a friends network were less anxious than those with a
restricted network (Litwin and Shiovitz-Ezra, 2011).

While previous literature suggests that support networks, such as
those based on family, spouse, and friends, can be protective for older
adults’ mental health, the COVID-19 pandemic may have shifted this
dynamic. For instance, larger support networks are generally associated
with better health and well-being (Fiori et al., 2006; Litwin and Stoeckel,
2014), but during COVID-19, they could have become an additional
source of stress, as they implied worrying about a larger number of
people or being exposed to more sources of contagion (Coleman et al.,
2022; Zhou and Guo, 2021). Furthermore, having children in one’s so-
cial network is typically associated with perceiving more support and
better health in old age (Harasemiw et al., 2019; Litwin and Stoeckel,
2014). However, during the COVID-19 lockdown and early stages of the
pandemic, children living outside the home may have avoided visiting
their parents for fear of infecting them.

In addition, research has shown several socio-demographic variables
to be related to both mental health outcomes and the likelihood of
belonging to specific social network profiles. For example, being a
woman, lower socioeconomic status and physical limitations are asso-
ciated to a higher risk of experiencing loneliness, depression, or anxiety
during the pandemic (Mendez-Lopez et al., 2022; Scheel-Hincke et al.,
2021; Steptoe and Di Gessa, 2021), these variables have also shown
different prevalences in different social networks typologies (Litwin and
Stoeckel, 2014).

Other studies have found that older age and living alone were
associated with greater mental health problems during COVID-19
(Berniell et al.,, 2021a, 2021b; Maxfield and Pituch, 2020; Shevlin
et al., 2020), while some other studies (Litwin and Stoeckel, 2014;
Torres et al., 2023) showed these variables to be related to the no
network and the others social network profiles. In addition, studies re-
ported differences in older adults’ mental health during COVID-19
across different countries (Liidecke and von dem Knesebeck., 2022;
Mendez-Lopez et al., 2022) and the study by Torres et al. (2023) showed
that the prevalence of each social network profile differed across
geographic regions in Europe.

Finally, individuals who witness others becoming ill or hospitalized,
or even dying due to COVID-19 tend to experience greater worry, and
mental health problems. In this line, research by Van Tilburg et al.
(2021) shows that being personally affected by illnesses or deaths due to
COVID-19 was associated with worse mental health. On the other hand,
there is scarce literature examining social network profiles after the
outbreak of the pandemic. To our knowledge, only the study by Li et al.
(2023) examined mental health during COVID-19 employing social
networks typologies, and these authors did not control for
pandemic-specific variables such as those mentioned above.

Be that as it may, the study by Li et al. (2021) defined social network
profiles based on the degree of support and assistance that individuals
received from different sources (family, friends, community, in-
stitutions, and society), using a sample of Chinese adults. The authors
found five network classes: 1) low social support, 2) predominantly
proximal support, 3) predominantly remote support, 4) moderate social
support, and 5) high social support. Across all age groups, family support
was the most important for maintaining mental health and the class with
high social support was more likely to experience better mental health.
This classification showed that only a moderate to high level of
perceived social support can protect older adults’ mental health.
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However, the study by Li et al. (2021) presents three main limitations: it
does not distinguish between the type of support coming from children
or partner and from other family members, it does not include aspects
such as frequency of contact or closeness, and it uses a global measure of
mental health.

Additional research distinguishing among different sources of sup-
port, using more specific measures of mental health, including measures
of relationship dynamics and samples from other geographic regions
would help enhance the understanding the impact of social networks
typologies on the mental health of older adults during the pandemic. For
that reason, this study aims to examine the different types of social
support networks of older adults across Europe and Israel during the
COVID-19 pandemic and their impact on depression, anxiety, and
loneliness.

Method
Data and participants

The sample employed in this study comes from the Survey of Health,
Ageing and Retirement in Europe (SHARE). SHARE is a multidisci-
plinary and international project that collects data on health, socio-
economic status, and social and family networks of people aged 50 or
older across 27 European countries and Israel. In the SHARE sampling
protocol, each country initially develops a sample design including the
sampling frame to be used and specifying the sampling procedure. This
preliminary design undergoes review and approval by the international
coordinators at the SHARE headquarters. Then, the sample is drawn
within each country and processed to generate a gross sample file. The
gross sample is reviewed and approved by the international co-
ordinators, who upload the data to a software in which data is later
combined with the corresponding addresses. Further details about
sampling can be consulted at Bethmann et al. (2019).

SHARE is a longitudinal panel study that started in 2004 and
currently has eight regular waves of data or time-points, which are
collected bi-annually, and two surveys designed to assess the impact of
the COVID-19 pandemic whose data was collected in 2020 and 2021.
The present study combined data from the 8th wave of SHARE
(Borsch-Supan, 2022a), collected between October 2019 and March
2020, and the SHARE Corona Survey 1 (Borsch-Supan, 2022b), collected
between June and August 2020. In wave 8, data was collected using
Computer-Assisted Personal Interviews (CAPI). The interviewers con-
ducted face-to-face interviews using a laptop computer on which the
CAPI instrument was installed. For the SHARE Corona Survey 1, per-
sonal interviewing was not possible due to the outbreak of the pandemic.
After careful considerations of the feasibility of different alternatives for
SHARE'’s target population, it was decided that SHARE would resume
interviewing with a Computer-Assisted Telephone Interview (CATI).
(Bergmann and Borsch-Supan, 2021; Scherpenzeel et al., 2020). SHARE
follows the ex-ante harmonization approach for the design of the
questionnaire. It is developed starting from the English version, trans-
lated in 39 country-specific languages, and adapted to the national
institutional framework. Data gathering was approved by the Ethics
Council of the Max Planck Society, and all participants provided
informed consent.

Waves 8 and Corona Survey 1 included a total of 36,838 participants
that were interviewed in both waves. After excluding participants with
missing data on all variables to conduct social network profiles, our final
sample comprised 25,534 participants that were aged 65 or older at the
beginning of the study period, the sociodemographic characteristics of
the participants are included in Table 1.

Instruments

Social network
Since there is no agreement in the literature about which criterion
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Table 1
Sociodemographic characteristics of the participants.

n (%) or Mean + Standard Deviation

Age 74.63 + 6.95
Women 14,593 (57.2%)
Austria 1073 (4.2%)
Germany 1668 (6.5%)
Sweden 978 (3.8%)
Netherlands 414 (1.6%)
Spain 918 (3.6%)
Italy 1362 (5.3%)
France 1288 (5.0%)
Denmark 984 (3.9%)
Greece 1873 (7.3%)
Switzerland 1282 (5.0%)
Belgium 1174 (4.6%)
Israel 644 (2.5%)
Czech Republic 1684 (6.6%)
Poland 1044 (4.1%)
Luxembourg 451 (1.8%)
Hungary 382 (1.5%)
Slovenia 1606 (6.3%)
Estonia 2063 (8.1%)
Croatia 692 (2.7%)
Lithuania 657 (2.6%)
Bulgaria 445 (1.7%)
Cyprus 318 (1.2%)
Finland 658 (2.6%)
Latvia 425 (1.7%)
Malta 441 (1.7%)
Romania 650 (2.5%)
Slovakia 360 (1.4%)
N 25,534

variables to employ in order to estimate the social network typologies,
and the interest of this research lies in exploring changes in the COVID-
19 context based on the results of pre-pandemic research, we will
generate the social network typologies with the same eight variables
used in two studies with SHARE data (Litwin and Stoeckel, 2014; Torres
et al., 2023). The eight criteria or indicators for the latent profile ana-
lyses were taken from the generated social network module in SHARE. In
the generated social network module, the participants were asked to list
up to seven people with whom they regularly talked about important
things. In addition, the participants were asked about some aspects of
their relationship with the people they listed.

The first five variables inform about the percentage of people that the
participant has in each category: (1) spouse (spouse or husband), (2)
children (children or stepchildren), (3) other relatives (mother, father,
brother, sister, grandchild, aunt, uncle, niece, nephew, and family in
law), (4) friends, or (5) others (neighbors, former colleagues, and formal
helpers). For each participant, we summed the total number of people
who are in each category and divided by the total number of listed
people. Finally, we multiplied this result by 100 to express the per-
centage of people of each type that makes up the social network. For
example, if a person had a total of six people in the list, three of them
belonged to the category of friends and three others to the category of
children, the scores included in the analysis would show 50% friends
and 50% children.

The remaining three variables reflect the “quality” or “dynamics” of
the relationship between the participant and people of their network.
The specific questions were the number of people that lived within a
1 km proximity of the respondent’s home, with whom the individual had
daily contact, and with whom the individual felt highly emotional close.
Again, these variables were generated in the social network module. We
divided these variables by the total network and multiplied by 100 to
express the percentages of individuals in the social network who lived
near the individual, had daily contact and were emotionally close.

Mental health variables
Depression, loneliness, and anxiety were assessed using different
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measures. For depression, participants were asked whether they had felt
sad or depressed in the last month (Depressed, 0= no, 1=yes) from the
Euro-D Depression scale (Prince et al., 1999). For those who answered
"yes," a follow-up question assessed whether they felt more depressed
during the pandemic (More depressed, 1= people who feel more
depressed, 0= the rest of people who said that they don’t feel depressed
in the last month or that felt the same or less depressed during
COVID-19).

Similarly, anxiety was measured using the item "In the last month,
have you felt anxious or nervous?" (Anxious, 0=no, 1=yes). For those
who answered "yes," a follow-up question assessed whether they felt
more anxious during the pandemic (More anxious, 1= people who feel
more anxious, 0 = the rest of people who said that don’t feel anxious in
the last month or that felt the same or less anxious during COVID-19).

Finally, feelings of loneliness were assessed by asking participants
"How much of the time do you feel lonely?" (1=often, 2=some of the
time, 3=hardly ever or never). Due to the low proportion of respondents
who selected "Often" (less than 8%), we combined this category with
"Some of the time" to create a binary measure (Lonely, 1=felt lonely
often/some of the time, O=felt lonely hardly ever or never). Those who
felt lonely often or some of the times were further asked if they felt
lonelier during the pandemic (Lonelier, 1= people who feel lonelier and
0= the rest of the people who said that don’t feel lonely in the last month
or that felt the same or less lonely during COVID-19).

Control variables

We controlled for several socio-demographic variables, including
gender (0= men, 1 = women), age, ability of the participant to make
ends meet (Ends meet) on a scale of 1-4 (higher scores indicating higher
financial capacity), and mobility limitations with the global activity
limitations (GALI) (1=limited or severely limited due to health prob-
lems, 0= no limited). Educational level was also controlled for using the
International Standard Classification of Education 1997 (ISCED-97). The
ISCED-97 is measured on a scale ranging from O to 6, where 6 indicates
higher educational attainment (0=no education, 1= primary education,
2= lower secondary education, 3 and 4= higher secondary education, 5
and 6= tertiary education). To keep the maximum of information and
variability we considered education as a continuous variable in the
analysis. Additionally, we measured whether the respondent lived alone
(Lives alone), and whether the person moved from its usual residence
between June and August 2020 (House moved).

Additionally, we controlled for pandemic-specific variables which
were whether the participant or anyone close to the participant: had
COVID symptoms “Since the outbreak of Corona, did you or anyone
close to you experience symptoms that you would attribute to the Covid
illness?””; had COVID-19 “Have you or anyone close to you been tested
for the Corona virus and the result was positive, meaning that the person
had the COVID disease?”; was hospitalized due to COVID-19 “Have you
or anyone close to you been hospitalized due to an infection from the
Corona virus?”; or died due to COVID-19 “Has anyone close to you died
due to an infection from the Corona virus?”. In all cases, answers were
recorded in a dichotomous scale (1= yes, 0= no).

Statistical analysis

To determine social support typologies, we employed Latent Profile
Analysis (LPA) using Mplus 8.7 (Muthén, Muthén, 1998-2017). LPAisa
statistical technique used to classify subgroups of observations that
exhibit similar response patterns in relation to specific variables of in-
terest. The main objective of LPA is to identify and define latent profiles
or groups that share consistent and interpretable patterns of responses
on the measures of interest. This method helps to maximize heteroge-
neity among these groups while ensuring homogeneity within each
group.

Similar to cluster analysis, LPA is used to uncover hidden groups in
the data by estimating the probability that individuals belong to
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different groups based on the distribution of their responses. However,
we LPA was chosen as the preferred technique because it allows the use
of test statistics and model fit indices to identify the best fitting number
of profiles, which avoids biased results caused by different variances of
the clustering variables (Magidson and Vermunt, 2002; Steinley, 2003).
In addition, there is an increasing number of research in the field using
mixture modeling techniques, such as LPA, to characterize social
network types (Harasemiw et al., 2019; Lestari et al., 2022; Park et al.,
2015).

First, a series of LPA models with increasing number of latent profiles
are fitted. To determine the number of groups that best represent the
different subpopulations within the data, the k-profile model is
compared against the (k-1)-profile model (Marsh et al., 2009). In this
study, up to six LPA models were fitted using eight social network
variables.

Model comparison was done using several indices recommended in
the literature (Ferguson et al., 2020; Nylund et al., 2007): Akaike’s In-
formation Criterion (AIC), Bayesian Information Criterion (BIC), sample
size adjusted BIC (SSA-BIC), Lo, Mendell, and Rubin test (LMR),
boot-strapped likelihood ratio test (BLR), and entropy. For AIC, BIC and
SSA-BIC, lower values indicate better relative fit, although there is not a
rule of thumb to consider the change meaningful (Masyn, 2013). For
LMR (Lo et al., 2001) and BLR (McLachlan and Peel, 2000) statistically
significant differences indicate better fit of the k-profile model against
the (k-1)-profile model. Finally, entropy is a measure of classification
and entropy values of at least 0.80 are considered as indicating good
classification (Tein et al., 2013). In addition to model fit, we considered
the interpretability of the profiles, as these ought to be interpretable
(Lukociene et al., 2010) and represent meaningful groupings of in-
dividuals (Ferguson et al., 2020).

After the establishment of social network profiles, we computed
descriptive statistics of the eight social network variables used to char-
acterize the profiles as to provide a general picture of social network
profiles. In addition, descriptive statistics of sociodemographic,
pandemic-specific, and the mental health variables were also computed
for each profile. Next, six variables related to depression, loneliness, and
anxiety feelings are regressed on social network types with a series of
multilevel binary logistic regressions, setting country at the between-
level variable and latent profiles at the within-level variable. Models
were fully adjusted for covariates (age, gender, mobility limitations,
ability to make ends meet, level of education, COVID-19 variables). To
determine the strength of the relationship, odds ratios (OR) for each
variable in the model are provided, with odds ratios lower than 1 indi-
cating a lower likelihood of feeling depressed, anxious, or lonely
compared to the reference category and odds ratio significantly higher
than 1 indicating a higher likelihood of feeling depressed, anxious, or
lonely compared to the reference category (Fernandes et al., 2020). To
compare the magnitude of the odds ratios in the analysis of results, those
less than 1 are transformed into (1/0OR). All these analyses were con-
ducted with SPSS 28 and Mplus.

Results
Latent profiles of social networks and their characteristics

After testing up to six latent profiles, the five-profile model was
considered as the best solution and retained for further analysis. Results
of model comparison fit statistics can be consulted in the Supplemental
Material. The five profiles identified were labeled as family, spouse,
friends, diverse and others. In case a respondent had reported a social
network of size 0, they were allocated in an additional no network
profile. We decided to label the groups in line with those reported by
Litwin and Stoeckel (2014), since the resulting profiles resemble those
reported by these authors. Mean scores on the eight criterion variables
and average network size for each profile are available in Table 2. These
mean scores represent the average percentage of people from each
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Table 2
Summary statistics of criterion variables and average network size across social network profiles.
Family Friends Spouse Diverse Others
n= 14,681 n= 4128 n= 3556 n= 1732 n= 447
Criterion Mean % SD Mean % SD Mean % SD Mean % SD Mean % SD
Spouse 30.54 15.51 19.17 17.57 99.78 0.27 21.16 15.19 9.48 13.43
Children 59.45 27.81 16.82 19.36 0.21 2.53 29.32 22.30 5.81 11.85
Other family 13.57 21.64 9.80 16.18 0.00 0.00 10.76 16.59 1.80 6.86
Friends 3.92 9.75 63.07 22.21 0.01 0.28 12.00 18.79 1.36 6.08
Others 0.17 1.64 0.49 2.80 0.00 0.00 35.62 11.16 88.50 15.06
5 km proximity 60.80 34.82 57.28 35.22 99.50 6.72 64.44 28.99 81.56 31.29
Daily contact 53.10 35.19 27.58 29.45 99.60 5.66 35.39 29.24 38.82 42.20
Very close 91.39 21.30 75.75 31.56 99.33 23.02 72.42 29.47 57.83 42.69
Network size 2.92 1.39 3.37 1.75 1.04 0.28 3.73 1.36 2.31 1.59

Note: Means for criterion variables express percentages of people classified in that category considering the total size of the network.

category that make up their network and the average percentage of in-
dividuals within the network with whom the participant lives 5 km
from, has daily contact with and is emotionally close to.

The largest group, labeled as family, consists primarily of children
(M= 59.45, SD= 27.81), spouse (M= 30.54, SD= 15.51), and other
family members (M= 13.57, SD= 21.64). This profile shows high means
of proximity, daily contact, and emotional closeness. The second largest
profile is the friends’ network, characterized by having most of their
support network composed of friends (M= 63.07, SD= 22.21). This
group presents high average levels of emotional closeness and lower
average levels of contact and proximity. The profile labeled spouse is
mainly composed of the respondent’s wife or husband (M= 99.78, SD=
0.27), with very high means of proximity, contact, and emotional
closeness. Individuals within the diverse group present a diverse
network composition and a large social network size of confidants.
Average proximity, daily contact, and emotional closeness with their
network are like that of the friends and family groups. The others
network is mostly comprised by neighbors, former colleagues, and
formal helpers (M= 88.50, SD= 15.06) and presents high average levels
of proximity but lower average levels of emotional closeness and daily
contact.

In its part, sociodemographic characteristics of each profile, together
with descriptive information regarding pandemic-specific and mental
health variables can be consulted at Table 3.

Data shows a higher proportion of women in all profiles, except in

the no network profile. The no network profile presents vulnerable
sociodemographic conditions: a high proportion of people with mobility
limitations and high average age, economic difficulties, and limited
education. In the case of the other profile, most of the individuals within
this profile report living alone. For COVID-19-related variables, 14.7%
of individuals within the friends’ profile report having had or knowing
someone who had COVID-19 symptoms, 8.4% of them had or someone
close to them had COVID-19, 4.9% were hospitalized or had someone
close to them hospitalized due to COVID-19, and 3.9% report that a
person that was close to them died due to COVID-19. In general lines,
profiles with a small average network size (spouse, other, and no
network) report a low incidence of COVID-19 related variables. For
mental health variables, more than one third of participants within the
no network profile report feeling depressed (35.6%), anxious (35.3%) or
lonely (44.8%). Around one from five participants within the friend and
diverse profiles state greater feelings of anxiety after COVID-19, and
15.3% of participants in the friends and others profiles report feeling
were lonelier after the pandemic began.

Mental health during the first months of COVID

Table 4 presents the results of the multilevel logistic regression an-
alyses for mental health outcomes during COVID-19. Regressions have
been applied both to the general question regarding whether the par-
ticipants had been feeling depressed, anxious, or lonely within the last

Table 3
Social network types by sociodemographic conditions and mental health.
Family Friends Spouse Diverse Others No network
14,681 (57.5) 4128 (16.2) 3556 (13.9) 1732 (8.5) 447 (1.8) 990 (3.9)
M + SD
Education 2.83 + 1.46 3.22 +1.47 2.83 +1.43 2.93 +1.42 2.73 + 1.42 2.55 +1.48
Age 74.84 + 7.03 73.48 + 6.36 73.73 + 6.57 75.31 £ 7.01 76.32 + 6.94 77.58 + 7.90
Ends meet 2.77 £ 0.99 2.94 + 0.98 2.71 £ 0.99 2.86 + 0.99 2.56 + 1.01 2.46 + 1.00
n (%)
Women 8764 (59.7) 2692 (65.2) 1211 (65.9) 1095 (63.2) 279 (62.4) 552 (44.2)
Mobility limited 7802 (53.2) 2015 (51.1) 1807 (50.9) 943 (54.5) 627 (59.4) 265 (64.0)
Ends meet great difficulty 1221 (12.3) 277 (9.2) 247 (12.5) 135 (10.4) 65 (18.2) 123 (19.2)
some difficulty 2705 (27.2) 719 (23.8) 592 (30.1) 338 (26.1) 101 (28.2) 220 (34.3)
fairly easily 3168 (31.9) 949 (31.4) 619 (31.4) 339 (30.9) 120 (33.5) 178 (27.7)
easily 2852 (28.7) 1077 (35.6) 511 (26.0) 421 (32.6) 72 (20.1) 121 (18.8)
Live alone 4145 (28.2) 1788 (43.3) 189 (5.3) 752 (43.3) 268 (60.0) 455 (46.0)
Moved from usual house 243 (1.7) 81 (2.0) 59 (1.7) 32(1.8) 9 (2.0) 36 (3.6)
Had COVID-19 symptoms 1436 (9.8) 602 (14.7) 243 (6.9) 205 (11.9) 29 (6.5) 63 (6.5)
Had COVID-19 898 (6.2) 345 (8.4) 169 (4.8) 105 (6.1) 20 (4.5) 35 (3.6)
Hospitalized COVID-19 428 (2.9) 200 (4.9) 89 (2.5) 55 (3.2) 6 (1.3) 21 (2.1)
Died due to COVID-19 328 (2.2) 161 (3.9) 72 (2.0) 41 (2.49) 9 (2.0) 15 (1.5)
Depressed 3916 (26.8) 1132 (27.5) 766 (21.6) 497 (28.7) 131 (29.3) 342 (35.6)
Anxious 4270 (29.2) 1158 (28.1) 951 (26.8) 527 (30.5) 127 (28.5) 339 (35.3)
Lonely 4548 (31.1) 1336 (32.4) 824 (23.3) 609 (35.2) 198 (44.6) 411 (44.8)
More depressed 2458 (16.8) 740 (18.0) 435 (12.3) 308 (17.8) 67 (15.0) 177 (18.4)
More anxious 3051 (20.9) 869 (21.1) 608 (17.1) 372 (21.5) 86 (19.3) 199 (20.7)
Lonelier 1887 (12.9) 631 (15.3) 315 (8.9) 244 (14.1) 68 (15.3) 131 (14.3)
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Table 4
Sociodemographic and social network profiles predictors of mental health during the COVID-19 pandemic.
Depressed Anxious Lonely More Depressed More Anxious Lonelier

Within-level: Country
Intercept 2.58%** 1.47%**
Variance 0.11%** 0.17%*
Between-level
Profiles (Ref. = No network)
Others 0.83 0.91 0.94 0.89 1.20 1.36
Diverse 0.99 1.10 0.93 1.27 1.39* 1.46*
Spouse 0.71%* 0.87 0.71%* 0.78 1.02 1.09
Family 0.84* 0.93 0.81* 1.07 1.18 1.27
Friends 0.92 0.97 0.83 1.23 1.30 1.44**
Age 1.02%%* 1.00 1.03%*** 1.01 0.99 1.01**
Gender (Ref. = Women) 0.52%%* 0.59%** 0.66*** 0.52%%% 0.59%** 0.56%**
Education 0.99 0.99 0.97 1.01 1.02 1.02
Ends meet (Ref. = Easily)
Fairly easily 1.14%* 1.09 1.15%* 1.11* 1.05 1.05
Some difficulty 1.53%** 1.23%* 1.37%* 1.44%** 1.19%* 1.18
Great difficulty 1.85%** 1.44%** 1.64%** 1.67*** 1.31%** 1.38**
Mobility limited 1.55%%* 1.48%x* 1.41 %> 1.41%** 1.33%%* 1.22%**
Living alone 1.33%** 0.95 3.40%** 1.17%* 0.95 2.25%**
Had Covid-19 symptoms 1.19* 1.32%** 0.973 1.26%* 1.44%** 1.09
Had Covid-19 0.98 0.90 1.023 1.00 0.93 1.12
Hospitalized Covid-19 1.03 1.22* 1.076 1.03 1.22 0.99
Died due to the Covid-19 1.51%** 1.29* 0.816 1.61%** 1.22 1.00
N 16,855 16,867 16,823 16,855 16,867 16,823

Note: Full results from logistic regression models. Values presented are ORs, *p<0.05, **p<0.01, ***p<0.001. Had COVID-19 symptoms=Since the outbreak of
Corona, did you or anyone close to you experience symptoms that you would attribute to the Covid illness?”’, Had COVID-19= “Have you or anyone close to you been
tested for the Corona virus and the result was positive?”; Hospitalized due to COVID-19= “Have you or anyone close to you been hospitalized due to an infection from
the Corona virus?”, Died due to COVID-19= “Has anyone close to you died due to an infection from the Corona virus?”.

month (Depressed, Anxious, Lonely), and to the specific questions
regarding whether these feelings had been greater than before the
COVID-19 pandemic (More depressed, More Anxious, Lonelier).

Country was included as a between-level variable with random
intercept. The average value of the intercept across countries can be
consulted in Table 4 for each model. In each case the between-level
variance was statistically significant (p<.05), which indicates cross-
country variability. Regarding within-level variables, results showed
that participants in the spouse profile were more protected against
depression, and people in the spouse and familial networks against
loneliness during COVID-19. People without social network are 1.41
times more likely (OR=0.71, 95%CI [0.57, 0.88], p=0.002) to experi-
ence depression during the pandemic compared to the people in the
“spouse” group. and 1.19 times more likely (OR=0.84, 95%CI [0.73,
0.98], p=0.024) than individuals in the “family” group. Also, the results
show that participants without a social network are 1.23 (OR=0.81,
95%CI [0.67, 0.98], p=0.034) and 1.40 (OR=0.71, 95%CI [0.58, 0.871,
p=0.001) times more likely to experience loneliness during the
pandemic compared to those within the familial or spouse networks.
However, we did not find statistically significant differences in the levels
of depression, anxiety, and loneliness during the pandemic of those with
a diverse or friends network compared to the people in the no- network
group.

When we examined whether feelings of depression, anxiety and
loneliness were greater after the outbreak of the pandemic, results
change. The spouse and family profiles were not protective, and in-
dividuals within the friends and diverse profiles were more likely to feel
enhanced feelings of anxiety or loneliness during the pandemic
compared to their previous status than the no network profile. The
diverse group is 1.39 (OR=1.39, 95%CI [1.04, 1.84], p= 0.025) times
more likely to have felt more anxious and 1.46 (OR=1.46, 95%CI [1.01,
2.11], p= 0.043) times more likely to have suffered lonelier during the
pandemic, compared to their previous status, than the no network
profile. Also, in comparison to the no network group, the friends’
network was 1.44 (OR=1.44, 95%CI [1.11, 1.86], p= 0.007) times more
likely to report feeling lonelier during the pandemic than before.

Regarding the control variables, female gender, mobility limitations

and having economic great difficulties were statistically significant
predictors of likelihood higher probability of experiencing mental health
problems during COVID-19. Living alone indicates a higher likelihood of
feeling lonely (OR=3.40, 95%CI [2.93, 3.94], p<0.001), and lonelier
(OR=2.25, 95%CI [1.97, 2.56], p<0.001) than before the pandemic.
Also, having COVID-19 symptoms or people close that have symptoms
seems to increase the likelihood of feeling depressed and anxious, and
more depressed and more anxious during the pandemic, compared to
their previous status. Lastly, having people close that died due to the
COVID-19 is a statistically significant predictor of having higher likeli-
hood of feeling depressed and anxious, as well as reporting feeling more
depressed during the pandemic than before.

Discussion

This study identified the five social network profiles labeled as
family, friends, spouse, diverse and others, as previous research (Litwin,
2001; Litwin and Stoeckel, 2014). Results reported that social network
profiles were associated with mental health outcomes during the
COVID-19. More specifically, people in the spouse and family profiles
had lower likelihood of feeling depressed or lonely during the COVID-19
in comparison with people without a social network. These results are in
line with previous studies (Cheng, 2009; Torres et al., 2023) that support
the idea that traditional bonds such as family and having a partner were
very important in maintaining mental health before and during the
COVID-19 pandemic (Arpino et al., 2022; Li et al., 2021).

However, when we considered whether feelings of depression, anx-
iety, and loneliness were greater than before the COVID-19 pandemic,
our findings differed from previous research. For example, Li et al.
(2021) emphasized the role of family support in preserving the mental
health of older adults during the pandemic, but our results showed that
individuals within the family profile reported feeling as much more
depressed, anxious, and lonely during COVID-19 as individuals within
the no network profile. A possible explanation for these contrasting re-
sults lies in the dynamics of larger family structures. While family can
often provide important support, the COVID-19 pandemic may have
transformed these larger family units into sources of concern and stress
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(Yan et al., 2021). Our study examined the nature of family networks in
more detail, revealing that the family network consists not only of close
relatives like children and spouses, but also of a notable percentage of
other relatives. This idea is in line with the findings of Zhou and Guo
(2021), who conducted a large survey in China during the COVID-19 and
found that individuals living in large family setups were more likely to
experience greater worry and anxiety about COVID-19. Our results also
rule out the possibility that the no network group was more predisposed
to a deterioration of their mental health after the onset of COVID-19 due
to their socio-demographic characteristics, such as living alone, having
limited mobility, or facing economic difficulties (Berniell et al., 2021a,
2021b), as all these socio-demographic factors are controlled for in our
models.

Furthermore, the diverse profile showed a higher likelihood of
experiencing more anxiety during the COVID-19 in comparison to the no
network profile. One plausible explanation for these results is rooted in
the concept of risk perception. Individuals with more extensive and
diverse social networks may indeed face an elevated risk of exposure to
the virus. The diverse profile had an expansive network that included
individuals from various backgrounds, (spouse, children, other family
members, friends, neighbors, former colleagues, and formal helpers),
increasing the likelihood of encountering people who have been directly
affected by COVID-19. This heightened risk perception is consistent with
the findings of Coleman et al. (2022), who found that older adults with
broader social networks have higher levels of concern about COVID-19
due to the increased risk of exposure.

In addition, general studies suggest that having a social network that
is mainly composed by friends or by diverse acquaintances may be
protective for the individual’s mental health (Fiori et al., 2006; Litwin
and Shiovitz-Ezra, 2011; Park et al., 2018; Torres et al., 2023). Be that as
it may, our results showed that during the COVID-19, older adults with
diverse and friend network profiles experienced similar levels of
depression, anxiety, and loneliness to those with no network, and these
networks had a higher likelihood of reporting increased feelings of
loneliness during the pandemic than before compared to individuals
within the no network group. A possible explanation is that the
pandemic increased the difficulties of people in these profiles to main-
tain contact with people in their social network. The Covid-19 re-
strictions were especially hard for older adults whose social interaction
typically occurred outside their homes, as they were more likely to lack
social support during the pandemic (Armitage and Nellums, 2020). The
diverse and friends’ profiles have high percentages of people living
alone, and the frequency of daily contact with their network members is
relatively low. This seems to indicate that the diverse and friends’ pro-
files have most of their contact with network members in a context
outside the home. Not surprisingly, results regarding increased feelings
of loneliness during the pandemic display higher likelihoods of the
diverse, and friends’ profiles compared to the no network group. In this
line, a study by Bundy et al. (2021) showed that older adults who were
socially isolated and experienced persistent loneliness prior to the
pandemic did not experience a significant increase in loneliness after the
outbreak of COVID-19. Therefore, the no network profile may have not
experienced higher levels of loneliness during COVID-19 than they
already had.

This study has several implications. First, this study highlights the
complexity of the social network typologies and how they differently
impact mental health outcomes depending on the context. For example,
our findings suggest that the dynamics of social networks can change in
response to external factors like the COVID-19 pandemic. Traditional
sources of support, such as diverse and friends, may not provide the
same level of mental health protection during crises. Moreover, under-
standing the diverse nature of social networks among older people can
help adapt support programs considering the specific needs of different
network profiles during crises like the COVID-19 pandemic. For
example, individuals in the diverse and friends network profiles, who
may have faced difficulties maintaining contact with their networks due
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to COVID-19 restrictions, may benefit from support programs promoting
remote social engagement to reduce feelings of loneliness. Also, the
pandemic has showed us the importance of maintaining strong social.
Future studies should address how to encourage older people to keep in
touch with their social network members to mitigate the possible
negative mental health outcomes during situations of crisis.

Strengths of this study include the use of data from a large harmo-
nized longitudinal panel study and the methodology employed. We
made no a priori assumptions about the types of relationships that are
most important to older adults since we used a name-based method
(where each participant chose the seven most important people in their
social network).

This study also has some limitations. First, the selection of partici-
pants from waves 8 and Corona Survey 1 may have induced selection
bias since the COVID-19 interview had lower participation rates than a
regular SHARE interview. Second, the social network composition is
taken from wave 8, so changes in the support networks between the two
time-points may have occurred. However, both measurements were very
close in time and there is evidence that the size and structure of older
adults’ social networks are stable over time (Cornwell et al., 2021). In
addition, restrictions probably reduced the opportunities to create new
ties, forcing people to focus exclusively on the close social networks they
had before COVID-19 (Volker, 2023). Fourth, there are some relevant
variables that were not included in the study, as for example the prior
levels of loneliness, depression, and anxiety, since not all these measures
were available at the first measurement-point considered in the study.
Moreover, this study could not account for other variables of interest,
such as the type of contact (face-to-face or online), which could impact
older adults’ mental health during the COVID-19 pandemic (Litwin and
Levinsky, 2021). Finally, our study considered the effect of country as a
between-level variable, but we did not explore potential differences
among countries. Future studies could address this question since Eu-
ropean countries had different strategies to control the pandemic
(Engler et al., 2021) and present notable differences in the prevalence of
the social networks (Torres et al., 2023).

Conclusions

This study provides some insights into the role of social networks in
protecting mental health during the COVID-19 pandemic among older
adults. Our results showed that the protective role of some social net-
works for the mental health of the older adults may change in situations
such as the COVID-19 pandemic. This study highlights the vulnerability
of the diverse and friends profiles in this extraordinary situation, in
contrast to their association to good mental health outcomes before the
pandemic, as previously reported in the literature. Identifying those
individuals who are particularly vulnerable in each situation and
determining the type of support they may require is critical. Even
though the COVID-19 pandemic was a unique situation, knowing the
characteristics of the social network typologies and their role in pro-
tecting mental health can help us to be prepared for future situations.
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