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Abstract

Previous studies have identified that mitigating social isolation among the elderly
is a way to strengthen their cognitive function and reduce age-related degenerative
diseases like dementia. With widespread ageing in Europe, it is important to un-
derstand the association between social networks of the elderly and their cognitive
function. This thesis uses the ‘Survey of Health, Ageing and Retirement in Europe’
(SHARE), a large cross-sectional data with 70,000 participants across Europe and
West Asia to examine this association. A novel clustering method is used to classify
respondents into social network categories based on network size, geographical and
emotional proximity, relationship type, and contact frequency. Both subjective (self-
reported memory) and objective (verbal fluency) measures of cognitive function are
analyzed. In agreement with the literature, larger network size is associated with bet-
ter cognition. While network size remains important, richer characterization of the net-
work using clustering helps us better gauge the quality of people’s networks, and the
clusters show greater magnitudes of association with cognitive function. Furthermore,
considerable heterogeneity is observed in verbal fluency across the four regions, with
the North and West generally showing better cognitive performance compared to the
East and South. This suggests that regional histories and socio-cultural factors play
a significant role in cognitive function, even when the quality of social network is the
same. The thesis highlights the importance of considering the quality of social net-
works and the influence of regional contexts in understanding cognition in Europe.
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familiarizing me with social network clustering. I am grateful to my family for believing

in me and supporting me throughout my journey in Bocconi University.





Data Acknowledgement

This thesis uses data from SHARE Wave 9 (DOI: 10.6103/SHARE.w9.900). See
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Chapter 1

Introduction

Ageing populations are a reality in Europe. Healthy ageing requires attempts to strengthen

cognitive function of the elderly, which can mitigate the onset of degenerative diseases

like dementia. Cognition is especially relevant because it predicts “careers, partnering,

reproduction, and health more strongly at older ages” (Bratsberg et al., 2023). New re-

search has shown promising ways to reduce the risk of cognitive decline and dementia

(Livingston et al., 2024). These include a focus on improving cognitive function in the

childhood and adolescence (Bratsberg et al., 2024) and mitigating social isolation in

people of age 65 and above (Livingston et al., 2017).

As people age, their social networks see a transformation. Socioemotional selectiv-

ity theory (SST) posits that as people perceive their future time as more limited (elderly

population), they prioritize emotionally meaningful goals, which contribute to their emo-

tional well-being (Jiang & Fung, 2019). This prioritization may involve deepening close

relationships and savoring the present, rather than seeking new connections- seeking

a smaller but higher quality social network. Changes in social relations in older adults

can also occur due to migration of children, family, and friends; a decrease in social

network size due to death of network members; or due to declining health, which can

hinder social engagement (Cudjoe et al., 2018).

Social networks are important for the elderly because they rely more on their family,

children and friends to support them with daily activities and care in times of illness.

Compared to the young, older people are more dependent on their social network to
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meet their emotional and physical needs (Bahramnezhad et al., 2017). Acceptance

in their social network also plays a role in improving their quality of life (Huguet et al.,

2008).

A strand of literature has established that social networks are as important for phys-

ical health as nutrition, excercise, and other lifestyle factors. Holt-Lunstad et al. (2015),

in their meta-analysis find that both perceived and objective social isolation pose early

mortality risk comparable to smoking, exposure to air pollution, and sedentary living.

They report that social isolation, loneliness, and living alone increase likelihood of mor-

tality by 29%, 26%, and 32% respectively. Nguyen et al. (2024) examine a combination

of eight lifestyle factors on mortality, including social connections. They report a haz-

ard ratio of 0.21 compared to the group that adopts neither of the eight lifestyle factors-

suggesting relatively higher years until mortality .

Another strand of literature has examined the association between various char-

acterizations of social network and cognitive function of individuals. Nie et al. (2021)

used network size, contact frequency and social activity participation against cognitive

function measures that included verbal memory and verbal fluency from a dataset of

6,691 participants in Eastern Europe (HAPIEE). They found that larger network sizes

and social activity participation were positively associated with cognitive function, while

no such effect was found for contact frequency. Kuiper et al. (2016) performed a meta-

analysis and found that weak social networks based on network size and social activity

participation predicted 1.08 higher odds of cognitive decline. In agreement, Cunha et

al. (2024), through another meta-analysis reported that formal social participation is

associated with reduced cognitive decline with an odds ratio of 0.78.

Others have examined heterogeneity in the association between social networks

and cognition by gender and region. Lee et al. (2020) used a Korean dataset with 501

participants and concluded that the influence of social networks on cognitive function

differs by gender. Wolfova et al. (2024) used the panel SHARE dataset with 66,670

respondents to examine whether cognitive decline itself, irrespective of social networks

differed by gender. They did not find evidence of sex differences in cognitive decline

among the elderly in Europe, but found heterogeneity across birth cohort and regions.
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The literature has identified that stronger social networks in the elderly are an impor-

tant way to reduce cognitive decline. There is an agreement on the positive association

between social networks and cognitive function. Further, there have been attempts to

better characterize social networks by using measures of contact frequency and so-

cial activity participation besides network size. This thesis aims to contribute to the

literature by using a large dataset of about 70,000 participants across 28 countries in

Europe and West Asia to examine the association between social networks and cogni-

tive function. It builds on the literature that has tried to better understand the ‘quality of

social networks’ using a novel clustering method. Parameters like network size, geo-

graphical and emotional proximity, relation, and contact frequency are used to classify

survey respondents into social network categories. The association of belonging to a

social network category on both subjective and objective measures of cognitive func-

tion are examined. Lastly, it assesses whether regional heterogeneities are significant

for performance on cognitive function despite having the same quality of social network.

The rest of the thesis is structured as follows. Chapter 2 provides information about

the data and specific variables used. Chapter 3 sheds light on the cognitive function

module. Chapter 4 describes the clustering method and identifies what every social

network category means. Chapter 5 presents a baseline stylized fact- the association

between network size and cognitive function in Europe. Chapter 6 presents the findings

on the association between social network categories and cognitive function, along with

findings on regional heterogeneities. Chapter 7 concludes.





Chapter 2

Data

The empirical analysis makes use of individual level data from the ‘Survey of Health,

Ageing and Retirement in Europe’ (SHARE). SHARE is a large bi-annual panel survey

conducted across 28 countries in Europe. The data is publicly available and can be

downloaded for free upon registering as a user. Each survey round is called a ‘wave’

in SHARE terminology. The survey for wave 1 was conducted in 2004-05. Subse-

quent waves have been roughly 2 years apart. This thesis uses data from wave 9, the

latest survey round carried out in 2021-22, effectively using only a cross-section from

SHARE.

The target population of this survey is all persons of age of 50 and above, who

reside in one of the surveyed countries. For wave 9, this implies that the respondents

were born in 1971 or earlier. The data collection was done using face-to-face inter-

views using a ‘computer-assisted personal interviewing’ tool. SHARE contains several

thematic question modules, many of which require participants to take physical tests-

this makes the in-person interviews necessary. The languages in which the survey

was conducted were the main languages of the respective country. For instance, in

Switzerland, the interviews were conducted in German, French, and Italian.

A highlight of SHARE is its large sample size of almost 70000 individuals spread

across 28 countries. This provides power to the analysis that teases out spatial het-

erogeneities in cognitive function of the elderly. Since examining patterns by individual

countries can get tedious, the countries are also grouped into regions according to the
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M49 standard of the United Nations for Europe and West Asia1. This simple classi-

fication is based on geographic regions and their sub-regions. Figure 2.1 is a map

that shows the reader how the 28 countries are decomposed into the 4 regions- North,

South, East, and West. Table 2.1 adds further information about the sample size of

each country and the region to which the country is assigned. The reader can confirm

that each region has an adequately large sample size, ranging from 14150 to 20466

observations.

Figure 2.1: Map: Decomposition of SHARE’s 28 countries into 4 regions

Table 2.1: Sample Size by Country and Region in SHARE Wave 9

North South East West

country n country n country n country n

Denmark 2348 Croatia 4687 Bulgaria 831 Austria 3405
Estonia 4486 Greece 3112 Cyprus 736 Belgium 4497
Finland 1758 Italy 3623 Czech Republic 3319 France 2909
Latvia 1716 Malta 875 Hungary 1828 Germany 4467
Lithuania 1414 Portugal 1638 Israel 744 Luxembourg 810
Sweden 2428 Slovenia 4444 Poland 4828 Netherlands 2066

Spain 2087 Romania 1492 Switzerland 1844
Slovakia 1055

1Cyprus and Israel are the only two countries from West Asia; the rest are from Europe.
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Three modules of SHARE are relevant for this thesis- social networks (SN), cogni-

tive function (CF), and generated variables (GV). The SN module records up-to seven

people whom respondents consider confidants. For each person in the respondents’

SN, detailed information about their characteristics is recorded. This includes relation

with respondent (e.g. child/partner/non-kin), gender, reported emotional closeness,

contact frequency (e.g. daily/monthly), and geographical proximity. Thus, besides

having different social network sizes (zero to seven), individuals can belong different

SN categories based on other characteristics of their SN constituents.

The cognitive function (CF) module contains few objective and subjective measures

of respondents’ cognitive functioning. This analysis uses one objective measure, verbal

fluency, and one subjective measure, self-reported memory. Verbal fluency is a score

between zero and hundred, based on the number of animals the respondent can name

in a minute. The self-reported score of memory is on a five-point scale, where one is

recoded to be poor and five is excellent. Other available measures from this module

were not considered because they were binary variables with little variation.

The generated variables (GV) module provides us with other characteristics of the

respondent that are useful control variables. These are age of the respondent, years

of education received by the respondent, and their gender (sex at birth).





Chapter 3

Cognitive Function Module

This chapter describes the two variables used from the Cognitive Function (CF) mod-

ule, which are the dependent variables in this thesis.

The verbal fluency test is a common neuropsychological test administered in re-

search that measures cognitive function. The task is a simple one- to name as many

animals as possible in one minute. It activates multiple cognitive processes in the re-

spondents despite being simple (Sutin et al., 2019). The respondents engage with

their verbal knowledge to produce examples of animals. More importantly, they have to

keep track of examples already stated to avoid repetition. This involves monitoring and

controlling their thoughts, which is key to cognition. By measuring respondents’ exec-

utive function, the verbal fluency test provides information on how well they function

cognitively (Sutin et al., 2019; Wolfova et al., 2024).

Verbal fluency is an objective measure of cognitive function because respondents’

score is proportional to the animals they were able to name within the time limit. Figure

3.1 highlights that the bulk of repondents have a score between zero and fifty. In this

range the distribution has a desired bell shape and benefits from a large sample size.

Figure 3.2 highlights regional heterogeneity in the verbal fluency score. The South and

East have relatively greater proportion of their samples with a low verbal fluency score

(< 15). Consistent with the literature, North and West perform relatively better on this

measure of cognition. They have a greater proportion of their sample with a high verbal

fluency score (> 25).
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Figure 3.1: Verbal Fluency Distribution Figure 3.2: Verbal Fluency by Region

Memory is another typical measure of cognitive function. Here, the memory score

is self-reported. It is a five-point score recoded such that one is poor and five is ex-

cellent memory. Having a self-reported measure has both advantages and limitations.

Verdelho et al. (2011) have found self perceived memory complaints to be a strong

predictor of Alzimer’s disease, a type of dementia. This implies that people reporting

poor memory may actually be capturing poor cognitive function, with the caveat that

this may not scale up as the memory score improves. There may be respondents who

over- or under-estimate their memory, and this may be region-specific. The limitation

is that there is no way to test this. On the brighter side, the large sample size and a

normal distribution of the memory score (Figure 3.3) are promising.

Figure 3.3: Memory Distribution Figure 3.4: Memory by Region



Chapter 4

Social Network Analysis: Clustering

This chapter uses the social network (SN) module from SHARE to assign SN cate-

gories to each respondent and interprets them. The rich SN module provides several

parameters that describe the social network of respondents. These are used as input

variables for hierarchical clustering. This exercise classifies each respondent into a SN

category. Finally, each SN category (cluster) is interpreted using summary statistics

about respective clusters.

4.1 SN Parameter Description

Twenty parameters were used to classify respondents into their respective clusters.

They are as follows. The total SN size is captured in the variable n size. The number

of people in respondents’ SN can range from zero till seven. The number of kin and

non-kin members of the SN are captured in n kin and n nonkin. The non-kin mem-

bers are most likely friends of the respondents. The number of kins are subdivided

into the number of children, parents, in-laws, and partner in the SN (n child, n parent,

n inlaw, n partner ). The gender decomposition of the SN is captured using the number

of males and females (n male, n female). Note that this is the sex at birth of every per-

son listed in respondents’ SN. Further, the reported emotional closeness of every SN

member is noted as ‘very close’ or ‘average close’. The total number of very/average

close members in the SN is captured in n close very and n close avg. The frequency
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with which respondents contact members from their SN is captured in four options:

daily, in weeks, monthly, and rarely. The total number of SN members contacted with

respective frequencies is captured in n daily, n weeks, n monthly, n rarely. The mod-

ule also captures geographical proximity of respondents’ SN members. The number

of SN members who live in the same house/building are captured in n prx location.

Those that live up-to 5 kilometers away are captured in n prx city. The number of SN

members that live between 5 and 100 kilometers away are captured in n prx district.

Those that live between 100 and 500 kilometers are captured in n prx region. Lastly,

the number of SN members who live more than 500 kilometers away are captured in

n prx far.

Each parameter can take values between zero and seven per respondent because

seven is the maximum network size possible in the SHARE survey. However, distribu-

tions of parameters like n size and n parent are likely to be centered around different

means. All parameter values were standardized before feeding them into the clustering

algorithm so that their weights were fixed.

4.2 Methodology: Hierarchical Clustering

The seventy-thousand respondents have unique social networks based on twenty pa-

rameters/dimensions. This is the starting point of the hierarchical clustering- each

observation is a separate cluster. Iteratively, closest observations (clusters) are com-

bined into bigger clusters until a stopping criterion is reached or only one big cluster

remains. We aim to simultaneously minimize the dissimilarity (maximize the similarity)

between observations within each cluster, and maximize the distances (differences)

between clusters. This bottom-up agglomerative method produces a series of nested

clusters. The hierarchy is graphically represented in a dendogram (Figure 4.1) which

is an inverted tree that describes the order in which observations are merged. The

grey dotted line represents the stopping criterion. This was set ex-post, after trial and

error, with two objectives: to maintain large distance between clusters while having a

reasonable number of final clusters. Too few clusters might be combining meaning-

fully different observations, while too many clusters will be tedious to interpret. The
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clustering exercise here has resulted in ten clusters.

An important detail in clustering is how the similarity or difference of pairs of clusters

is determined while doing the agglomeration. The distance measure used here is

squared Euclidean distance. The general formula to calculate Euclidean distance is:

dij =

√√√√ p∑
p=1

(xip − xjp)2

where xip and xjp are scores on variable xp for observation i and j respectively. In the

p variable situation, the sum is of the squared distance between observations on all p

variables.

A way to ensure that within-cluster similarity is maintained is to minimize the to-

tal within-cluster variance. Ward’s minimum variance criterion or Ward’s method does

exactly this. At each stage, the pair of clusters that is joined is the pair whose agglom-

eration will result in the minimum increase in total within-cluster variance. After choos-

ing the clustering method (Ward’s) and the distance measure (squared Euclidean),

the implementation of the hierarchical clustering was done using Python on a High-

performance Computing Cluster. The algorithm is computationally heavy because it

produces a proximity matrix at every step to join clusters according to Ward’s method.

Table 4.1: Size of each SN Cluster

1 2 3 4 5 6 7 8 9 10

3475 3464 2474 5504 3200 3594 11893 19350 8661 7832

4.3 Interpretation of SN clusters

The outcome of the hierarchical clustering is that every respondent is assigned a SN

cluster. It is necessary to interpret and give meaning to these clusters. Table 4.2

reports the mean of every parameter used in the clustering exercise. The clusters can

be described as follows:
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Figure 4.1: Dendogram from Hierarchical Clustering using Ward’s method

• C1: Kin dominated SN including parent (parent, child, partner, friend)

• C2: Kin-dominated SN including in-laws

• C3: Large SN of family and friends, including not close people who are rarely

contacted

• C4: Equal friends and family (2 each) within the district; includes not close people

contacted in weeks/month

• C5: A child/spouse at home and two others (kin + friend) over 500 km away

• C6: A child/spouse at home and two others (kin + friend) 100-500 km away

• C7: Spouse/partner, two children and a friend living within the district

• C8: Only Spouse/cohabiting partner (very close, kin is partner, live in the same

house)

• C9: Isolated respondents (smallest SN size of 0.9)

• C10: Children and a friend from same city/district
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Out of these ten clusters, three need special mention because they are different on

multiple dimensions. C9 is the base cluster that will be used for comparison in further

analysis. This is the isolated cluster, with the smallest network size. Most clusters

are better than C9 on some dimension. C8 is important because the largest number

of participants are classified under it (about 19000). It can be characterized as the

cluster with only spouse or cohabitating partner living under the same roof. Ex-ante

too, we expect many elderly respondents to be living with their partner, and the partner

being the sole source of interactions. Next is the unique cluster, C10, which can be

characterised as children and a friend from the same city/district.

As can be seen from the dendogram, clusters 1 till 7 can only be differentiated with

minute differences. C1, a family-dominated cluster is one of the best clusters because

of large SN size (4 on average), diversity of relations (parent, partner, child, and friend),

and both high emotional and geographical proximity. C2 is very similar to C1, with the

exception of parent being replaced by in-law in the network. Cluster C3 is large, and

consists of both friends and family, but the highlight is that it includes people who

are rarely contacted. C4 is very similar to C3, with a difference in contact frequency-

rarely contacted people are replaced by those contacted in weeks and months. C5 is

characterized by children, spouse and a friend with minimum one person living over

500 kilometers away. C6 is similar to C5, with a difference in geographical proximity-

it has minimum one person living in the region (100-500 km away). C7 is similar to

both C5 and C6, again with a difference in geographical proximity- all persons in the

network live within the district. Also note that C1 and C7 are very similar (see Table

4.2) with the difference that C7 has two children in the network, while C1 only has one

child.

Figure 4.2 plots the decomposition of each cluster by region. Note that the Table 4.1

already shows great variation in the number of observations per cluster. The number

of observations across the four regions have a slight variation too. It is therefore un-

surprising to find that each cluster is not decomposed equally among the four regions.

Clusters C3 and C4 are over-represented by the West, while clusters C8 and C9 are

over-represented by the South and East. Underlying demographic changes are driving

important differences in the regional decomposition of the social network clusters.
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Table 4.2: Interpreting Social Network Clusters using Mean Parameter Values

1 2 3 4 5 6 7 8 9 10

n size 4.0 4.2 4.2 4.0 3.5 3.3 4.1 1.7 0.9 2.6
n kin 3.3 3.7 2.6 2.3 2.6 2.6 3.3 1.6 0.7 1.7
n nonkin 0.8 0.5 1.6 1.7 0.8 0.7 0.8 0.1 0.2 0.9

n child 0.9 1.4 1.1 1.0 1.4 1.5 1.9 0.5 0.5 1.2
n parent 1.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
n inlaw 0.1 1.1 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0
n partner 0.7 0.5 0.5 0.6 0.5 0.5 0.9 1.0 0.0 0.0

n male 1.1 1.1 1.2 1.3 0.8 0.7 1.0 0.5 0.1 0.3
n female 2.0 1.7 1.9 1.8 1.3 1.2 1.3 0.7 0.2 1.0

n close very 3.6 3.7 2.9 2.5 3.0 3.0 3.9 1.5 0.8 2.2
n close avg 0.5 0.5 1.3 1.5 0.5 0.3 0.2 0.2 0.1 0.4

n daily 0.5 1.0 0.3 0.4 0.6 0.6 0.9 0.2 0.3 0.8
n weeks 1.4 2.1 1.6 2.1 2.0 2.0 2.2 0.3 0.3 1.7
n monthly 0.1 0.1 0.5 0.8 0.2 0.2 0.0 0.0 0.0 0.0
n rarely 0.0 0.0 1.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0

n prx location 0.9 1.2 0.7 0.7 0.7 0.7 1.0 1.2 0.3 0.2
n prx city 0.7 1.2 1.0 1.2 0.6 0.5 1.0 0.2 0.3 1.2
n prx district 0.8 1.1 1.5 1.4 0.7 0.6 1.0 0.2 0.2 1.0
n prx region 0.2 0.2 0.5 0.3 0.2 1.5 0.1 0.0 0.0 0.0
n prx far 0.1 0.1 0.2 0.0 1.3 0.0 0.0 0.0 0.0 0.0

Figure 4.2: Cluster decomposition by Region



Chapter 5

Social Network Size Descriptives

This chapter uses just one parameter from the SN module, the network size of each

respondent, and presents some descriptive findings.

Figure 5.1: 81% of the respondents report an SN size between 1 and 4

Figure 5.2 shows the distribution of SN size by region. In the east, respondents

report the highest frequency of having one person in their SN, and it monotonically

decreases until seven. In the west, we see resemblance of a normal distribution. It is

the region where respondents report the highest number of five, six, and seven people

in their SN. In the north, the bulk of the SN size distribution is between one and three,

decreasing thereafter. The south follows the same trend as north, but with higher levels

throughout the distribution.
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Figure 5.2: West has the most normal distribution, rest concentrated between 1 and 3

5.1 Does CF improve with larger SN size?

Now that we have seen the distribution of SN size among respondents in the pooled

sample and by regions, it is important to understand whether larger network size is

associated with better cognitive functioning. Simple OLS regressions were run with

and without country fixed effects to test this association. The dependent variables were

the two measures of cognitive function, memory and verbal fluency. The independent

variable was network size (SN size). Age, education (years), and gender (female) were

used as controls. It can be represented as follows:

CFi = β0 + β1SN sizei + γ1Agei + γ2Educationi + γ3Femalei + ui

where CFi measures the cognitive function of individual i (memory or verbal fluency),

β0 is the constant, SN sizei stands for the network size of individual i, and Agei,

Educationi and Femalei are the controls indicating age, education and gender of in-

dividial i. The main coefficient of interest is β1, which reveals the impact of an addi-

tional person in the respondent’s social network on the five-point memory score or the

hundred-point verbal fluency score.
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Table 5.1 presents the results of the above base specification for Memory in column

(1) and for Verbal Fluency in column (3). Columns (2) and (4) add country fixed effects

to the base specification. A unit increase in network size improves the memory score

by 0.03 points, which is significant at the 1 percent level (column 1). A unit increase in

network size improves the verbal fluency score by 0.73 points, which is also significant

at the 1 percent level. Adding country fixed effects to the base specification reduces

the magnitude of the association, but the trend remains the same- a unit increase in

network size has a positive and significant increase in measures of cognitive function.

Additionally, a unit increase in age has a negative and significant (1 percent level)

association with cognitive function. Education has a positive and significant (1 percent

level) association with cognitive function. Lastly, consistent with Wolfova et al. (2024),

gender has no significant role to play in respondent’s cognitive function.

Table 5.1: Memory and Verbal Fluency improve with Larger SN

Dependent Variables: Memory Verbal Fluency
Model: (1) (2) (3) (4)

Variables
Constant 4.316∗∗∗ 28.87∗∗∗

(0.0290) (0.2468)
SN Size 0.0285∗∗∗ 0.0190∗∗∗ 0.7333∗∗∗ 0.5316∗∗∗

(0.0020) (0.0042) (0.0173) (0.0478)
Age -0.0245∗∗∗ -0.0252∗∗∗ -0.2229∗∗∗ -0.2371∗∗∗

(0.0004) (0.0012) (0.0030) (0.0099)
Yrs of Edu 0.0278∗∗∗ 0.0307∗∗∗ 0.4691∗∗∗ 0.3625∗∗∗

(0.0008) (0.0035) (0.0071) (0.0291)
Female -0.0080 0.0080 -0.1108∗ -0.1413

(0.0068) (0.0120) (0.0580) (0.1189)

Fixed-effects
Country Yes Yes

Fit statistics
Observations 68,145 68,145 67,323 67,323
R2 0.10132 0.16032 0.18566 0.26932
Within R2 0.10889 0.16384

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1





Chapter 6

Findings

Chapter 5 concluded that a larger network size is associated with a better performance

on both measures of cognitive function; memory and verbal fluency. Using SHARE’s

rich characterization of social networks, it is possible to assign social network cate-

gories to respondents- this was done in Chapter 4 using clustering. This chapter ex-

amines whether belonging to a different SN cluster affects cognitive function of the el-

derly differently. Moreover, we examine regional heterogeneities by assessing whether

belonging to the same SN cluster in a different region changes the direction and mag-

nitude of association with cognitive function.

6.1 Base Regressions

We test the association between SN clusters and CF by running the following regres-

sion:

CFi = β0 + β1Clusteri + γ1Agei + γ2Educationi + γ3Femalei + γ4Region+ ui

where CFi measures the cognitive function of individual i (memory or verbal fluency),

β0 is the constant, Clusteri is a factor variable, indicating the cluster to which individual

i belongs, with C9 being the reference cluster. Agei, Educationi and Femalei are the

controls indicating age, education and gender of individual i. Regioni is also a factor
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variable indicating the respondent’s region, with east being the reference region. The

main coefficient of interest is β1 for each cluster, which reveals the impact of belonging

to the particular cluster on the five-point memory score or the hundred-point verbal

fluency score.

Table A.1 has three columns with memory as the dependent variable, where column

(1) excludes the region controls; column (2) excludes the SN clusters; and column (3) is

the full specification. Here the coefficients on the controls are aligned with those in Ta-

ble 5.1. Age is negatively and significantly associated with memory, Education (years)

is positively and significantly associated with memory, and Gender has no effect. As

most clusters are better than C9, we see a positive and significant association of all

clusters with CF. What is more interesting is that the smallest positive coefficient is that

on C3 (0.1039), which is multiple times higher than the coefficient on SN size in Table

5.1 (0.0190). This is the first key finding- the network size is not the only criterion that

characterizes an individual’s social network. By including emotional and geographic

proximity, contact frequency, and relation with respondent, we have a more compre-

hensive understanding of the respondent’s social network, which also show greater

magnitudes of association with cognitive function (memory in this case).

Although the direction of association between all the SN clusters and memory is

positive, the largest coefficient is double that of the smallest (0.1958 vs 0.1063), which

warrants careful examination of Table A.1. Clusters C6, C7, and C1 have the largest

positive coefficients. These clusters have an advantage by having large network sizes

and a balance of kin and non-kin members in the network. Clusters C10, C8, and

C3 have the smallest positive coefficients. Cluster C3, despite having a large network

size is disadvantaged by having more than one person who is rarely contacted and has

lower emotional proximity with the respondent. Clusters C8 and C10 are disadvantaged

by having the second and third lowest network size respectively. When we look at

regions, south is not significantly different from the east. North and West are negative

and significant at the 1 percent level, indicating a worse performance on the five-point

memory score. This is surprising, but the memory score is self-reported and it is

possible that people from the North and West are systematically holding themselves to

higher standards of memory.
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Table A.2 has the hundred-point verbal fluency as the dependent variable, and the

three columns are in similar order- column (1) excludes region controls; column (2)

excludes SN clusters; and column (3) is the full specification. Again, coefficients on

the controls are comparable with those in Table 5.1. Age and Education (years) are

positively and negatively associated with verbal fluency respectively, while Gender has

no effect. Compared to the coefficient of 0.53 on SN Size in Table 5.1 column (4),

the coefficients on the clusters are much larger (1.33 to 2.78). This reiterates that the

social network of respondents characterized along several dimensions shows higher

magnitudes of association with the verbal fluency score.

In Table A.2, Clusters C7, C6, and C4 have the largest positive coefficients which

are significant at the 1 percent level. The advantages of belonging to these clusters are

a large network size, and a balance of family members and friends. Clusters C8, C10,

and C5 have the smallest positive coefficients. Cluster C5 is disadvantaged in terms

of geographical proximity- it has at least one person living more than 500 kilometers

away. Clusters C8 and C10 are disadvantaged because of having the second and third

smallest network sizes respectively. Interestingly, all regions are significantly different

when compared to the east, with varying signs and magnitudes. North and West are

positive and significant at the 1 percent level, indicating a better performance on the

hundred-point verbal fluency score. The South has a significantly lower verbal fluency

score compared to the East. The verbal fluency is an objective measure, and these

regional differences are aligned with the literature.

6.2 Within-Cluster Regional Heterogeneity

This section examines whether having the same social network characterization, but

being in a different region has differential effects on cognitive function. This is done

by adding a Cluster-Region interaction to the base regression in Section 6.1. Those

results are presented in Table B.1. For easier interpretation of the interaction terms,

Table B.2 presents the marginal effect, where the interaction between cluster C9 and

region East is the baseline. The coefficients and the standard errors from Table B.2

are visually represented in Figures 6.1 and 6.2.
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Figure 6.1: Cluster-Region interaction with Verbal Fluency as dependent variable

Figure 6.1, which plots the coefficients of the cluster-region interaction (margins,

with C9 × East as reference) against verbal fluency, has a clear pattern. Within each

cluster, North and West perform significantly higher on the verbal fluency score (con-

trolling for age, education and gender), followed by East, and then South. Regional

heterogeneities are a combination of the region’s history, its culture, and institutions.

It is possible that the most isolated cluster (C9) has better cognition in the North due

to strong institutional elderly care compared to the South, where elderly care is family-

centric. Thus, when the norm in the South is to rely on close family for elderly care,

the lack of family members in one’s network may be disproportionately disadvanta-

geous. One narrative emerging from these regional heterogeneities is the advantage

of state-led and institutional welfare models over family-based welfare models. Sim-

ilarly, the East may perform worse in cognition compared to the West for all social

network characterizations because of different histories of political transition pre- and

post-communist era. Nie et al. (2021) suggest that rapid socio-cultural changes in

the East may have had lasting effects on the social fabric of Eastern Europe, when
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compared to countries with stable political regimes in Western Europe. Thus, it is

reasonable to speculate that many such historical and cultural reasons drive the differ-

ences in cognitive function despite having similar social networks. While policymakers

can concretely address welfare models, they can only identify and acknowledge the

meaningful socio-cultural differences in regions.

Figure 6.2: Cluster-Region interaction with Memory as dependent variable

Figure 6.2, with memory as the dependent variable again highlights that there are

differences in cognitive function despite being characterized by the same social net-

work. However, coefficients are not as distant from one another within-cluster, like

in case of verbal fluency. There is also no monotonic pattern or ordering of region

coefficients. We counter-intuitively see that for clusters C9, C8, and C10, the north

performs significantly worse than the other regions. This could be attributed to the fact

that memory is a self-reported measure, and region-specific benchmarks of memory

may be leading respondents to over- or under-estimate their memory.





Chapter 7

Conclusion

The main findings of this thesis are as follows. Chapter 5 showed a significant posi-

tive association between respondents’ social network size and their cognitive function.

An additional member in respondents’ social network increased the five-point memory

score by 0.03 points and the hundred-point verbal fluency score by 0.73 points (Table

5.1). This can be treated as a baseline stylized fact for Europe given the large sample

sizes for each country in the SHARE dataset. Chapter 6 added more nuance to this

stylized fact. Using clusters based on a richer understanding of the respondents’ social

networks, by including parameters on geographical and emotional proximity, contact

frequency, and relation with respondents, we saw greater magnitudes of association

with cognitive function. The cluster coefficients in Table A.1 column (3) ranged be-

tween 0.10 and 0.20 for memory and Table A.2 column (3) ranged between 1.33 and

2.77 for verbal fluency- much larger compared to when only network size was used.

While clusters with smaller network sizes performed relatively worse on measures

of cognitive function, other parameters were useful to distinguish the effect of clusters

with similar network sizes. For instance, a cluster with geographically distant members

in the network performed worse than a cluster with the same network size but closer

geographical proximity. Similarly, another cluster that had members who were emo-

tionally less close and were rarely contacted performed worse than a cluster with the

same network size but better emotional proximity and contact frequency. This reiter-

ates the need to measure ‘quality of social networks’ since better quality networks are
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associated with greater cognitive function, holding network size constant.

Considerable heterogeneity was observed within each cluster for the four regions

when verbal fluency was the dependent variable. This heterogeneity was ordered -

within each cluster, North and West had better cognition, followed by East, and then

South. The pattern highlights that despite having the same social network charac-

terization, cognition varies by region due to a combination of regional histories and

socio-cultural factors. More concretely, isolated respondents in a region with family-led

elderly care had worse cognition than isolated respondents in a region with state-led in-

stitutional elderly care. In regions where the norm is to rely on families for elderly care,

people without family support are at higher risk of weak cognition. Similarly, regions

exposed to rapid socio-cultural changes like Eastern Europe have worse cognition than

regions with stable political regions, holding social network clusters constant.

A limitation of this thesis is that the effect of belonging to a social network cate-

gory is not comparable between memory and verbal fluency. The scores could have

been standardized for better comparability, but were deliberately left as is because of

the belief that the subjective and objective scores were inherently capturing different

things. Another limitation is that the memory and verbal fluency do not cover the entire

breadth of cognitive function. One way to extend this research is to examine the same

relationship with more objective measures of cognitive function. Another way to extend

this research is by examining cognitive decline. It would be interesting to see whether

social networks and their characterization remain relevant after accounting for baseline

cognitive function in a panel dataset.

That said, the biggest strength of this thesis is its large sample across Europe,

which makes its findings generalizable. The novel social network clustering showed

that while network size remains important, richer characterization of the network helps

us better gauge the quality of people’s networks, and the clusters show greater mag-

nitudes of association with cognitive functioning. Regions with institutional elderly care

perform better than regions with family-led elderly care on cognition, especially for

isolated respondents, who lack family support. Policy can aim to create institutional

support in these regions for better wellbeing of the elderly.
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Appendix A

Base Regression Results

Table A.1: Memory as Dependent Variable

Dependent Variable: Memory

Model: (1) (2) (3)

Variables

Constant 4.224∗∗∗ 4.364∗∗∗ 4.217∗∗∗

(0.0321) (0.0295) (0.0326)

Cluster 1 0.1461∗∗∗ 0.1588∗∗∗

(0.0187) (0.0187)

Cluster 2 0.1227∗∗∗ 0.1215∗∗∗

(0.0180) (0.0179)

Cluster 3 0.0793∗∗∗ 0.1039∗∗∗

(0.0204) (0.0205)

Cluster 4 0.0927∗∗∗ 0.1219∗∗∗

(0.0156) (0.0158)

Cluster 5 0.1413∗∗∗ 0.1582∗∗∗

(0.0185) (0.0185)

Cluster 6 0.1540∗∗∗ 0.1958∗∗∗

(0.0178) (0.0178)

Cluster 7 0.1917∗∗∗ 0.1895∗∗∗
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(0.0129) (0.0129)

Cluster 8 0.1165∗∗∗ 0.1138∗∗∗

(0.0120) (0.0120)

Cluster 10 0.1022∗∗∗ 0.1063∗∗∗

(0.0141) (0.0140)

Age -0.0239∗∗∗ -0.0241∗∗∗ -0.0234∗∗∗

(0.0004) (0.0004) (0.0004)

Yrs of Edu 0.0284∗∗∗ 0.0324∗∗∗ 0.0312∗∗∗

(0.0008) (0.0009) (0.0009)

Female 0.0058 0.0058 0.0076

(0.0070) (0.0068) (0.0070)

Region North -0.2334∗∗∗ -0.2440∗∗∗

(0.0104) (0.0105)

Region South -0.0116 -0.0174∗

(0.0096) (0.0096)

Region West -0.0170∗ -0.0315∗∗∗

(0.0095) (0.0098)

Fit statistics

Observations 68,145 68,145 68,145

R2 0.10194 0.10810 0.11145

Adjusted R2 0.10178 0.10802 0.11125

IID standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table A.2: Verbal Fluency as Dependent Variable

Dependent Variable: Verbal Fluency
Model: (1) (2) (3)

Variables
Constant 28.59∗∗∗ 31.36∗∗∗ 29.57∗∗∗

(0.2738) (0.2482) (0.2738)
Cluster 1 2.974∗∗∗ 2.268∗∗∗

(0.1587) (0.1562)
Cluster 2 2.810∗∗∗ 2.471∗∗∗

(0.1529) (0.1499)
Cluster 3 3.206∗∗∗ 2.007∗∗∗

(0.1736) (0.1717)
Cluster 4 3.638∗∗∗ 2.492∗∗∗

(0.1328) (0.1320)
Cluster 5 2.606∗∗∗ 1.980∗∗∗

(0.1576) (0.1548)
Cluster 6 3.607∗∗∗ 2.765∗∗∗

(0.1511) (0.1489)
Cluster 7 2.988∗∗∗ 2.782∗∗∗

(0.1102) (0.1082)
Cluster 8 1.297∗∗∗ 1.331∗∗∗

(0.1033) (0.1011)
Cluster 10 1.856∗∗∗ 1.465∗∗∗

(0.1200) (0.1178)
Age -0.2209∗∗∗ -0.2360∗∗∗ -0.2304∗∗∗

(0.0032) (0.0030) (0.0031)
Yrs of Edu 0.4693∗∗∗ 0.4112∗∗∗ 0.3937∗∗∗

(0.0072) (0.0072) (0.0072)
Female 0.0680 0.1137∗∗ 0.0996∗

(0.0596) (0.0570) (0.0583)
Region North 2.691∗∗∗ 2.445∗∗∗

(0.0870) (0.0876)
Region South -1.091∗∗∗ -1.185∗∗∗

(0.0805) (0.0801)
Region West 2.789∗∗∗ 2.439∗∗∗

(0.0801) (0.0815)

Fit statistics
Observations 67,323 67,323 67,323
R2 0.18217 0.20646 0.21690
Adjusted R2 0.18203 0.20639 0.21673

IID standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1



Appendix B

Regression Results with

Cluster-Region Interaction

Table B.1: Including Cluster-Region interaction

Dependent Variables: mem verbal

Model: (1) (2)

Variables

Constant 4.208∗∗∗ 29.69∗∗∗

(0.0355) (0.2986)

Cluster 1 0.1428∗∗∗ 2.738∗∗∗

(0.0431) (0.3597)

Cluster 2 0.0552 2.474∗∗∗

(0.0365) (0.3061)

Cluster 3 0.1171∗∗ 2.264∗∗∗

(0.0578) (0.4847)

Cluster 4 0.0272 3.477∗∗∗

(0.0420) (0.3504)

Cluster 5 0.1965∗∗∗ 2.151∗∗∗

(0.0401) (0.3358)

Cluster 6 0.2568∗∗∗ 2.930∗∗∗
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(0.0396) (0.3319)

Cluster 7 0.2212∗∗∗ 2.537∗∗∗

(0.0259) (0.2171)

Cluster 8 0.1403∗∗∗ 0.7887∗∗∗

(0.0221) (0.1857)

Cluster 10 0.1445∗∗∗ 2.307∗∗∗

(0.0280) (0.2347)

Region North -0.3871∗∗∗ 2.157∗∗∗

(0.0294) (0.2488)

Region South 0.0593∗∗ -1.136∗∗∗

(0.0247) (0.2094)

Region West 0.0534∗ 2.302∗∗∗

(0.0298) (0.2517)

Age -0.0235∗∗∗ -0.2310∗∗∗

(0.0004) (0.0031)

Yrs of Edu 0.0311∗∗∗ 0.3926∗∗∗

(0.0009) (0.0072)

Female 0.0047 0.0844

(0.0070) (0.0583)

Cluster 1 × Region North 0.2647∗∗∗ -0.0965

(0.0580) (0.4845)

Cluster 2 × Region North 0.2917∗∗∗ 0.3685

(0.0562) (0.4711)

Cluster 3 × Region North 0.2824∗∗∗ 0.0265

(0.0705) (0.5906)

Cluster 4 × Region North 0.4078∗∗∗ -0.8767∗∗

(0.0525) (0.4394)

Cluster 5 × Region North 0.1510∗∗∗ 0.4233

(0.0552) (0.4624)

Cluster 6 × Region North 0.1353∗∗∗ 0.2954

(0.0516) (0.4327)

Cluster 7 × Region North 0.2164∗∗∗ 1.025∗∗∗
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(0.0398) (0.3341)

Cluster 8 × Region North 0.0053 0.4509

(0.0353) (0.2973)

Cluster 10 × Region North 0.0789∗ -0.8784∗∗

(0.0426) (0.3576)

Cluster 1 × Region South -0.0282 -0.5167

(0.0554) (0.4629)

Cluster 2 × Region South -0.0359 -0.0123

(0.0485) (0.4071)

Cluster 3 × Region South -0.1851∗∗ -0.9028

(0.0827) (0.6909)

Cluster 4 × Region South -0.1328∗∗ -0.8515∗

(0.0560) (0.4680)

Cluster 5 × Region South -0.0908∗ -0.0070

(0.0550) (0.4603)

Cluster 6 × Region South -0.1576∗∗∗ -0.6423

(0.0561) (0.4700)

Cluster 7 × Region South -0.1614∗∗∗ -0.2402

(0.0336) (0.2826)

Cluster 8 × Region South -0.0354 0.6174∗∗

(0.0294) (0.2484)

Cluster 10 × Region South -0.1313∗∗∗ -1.069∗∗∗

(0.0374) (0.3147)

Cluster 1 × Region West -0.1008∗ -0.7130

(0.0541) (0.4525)

Cluster 2 × Region West 0.0582 -0.1357

(0.0509) (0.4266)

Cluster 3 × Region West -0.1359∗∗ -0.1714

(0.0670) (0.5619)

Cluster 4 × Region West -0.0047 -1.111∗∗∗

(0.0510) (0.4266)

Cluster 5 × Region West -0.1469∗∗∗ -0.6594



42

(0.0534) (0.4475)

Cluster 6 × Region West -0.1828∗∗∗ -0.3084

(0.0533) (0.4465)

Cluster 7 × Region West -0.0828∗∗ 0.5524∗

(0.0379) (0.3182)

Cluster 8 × Region West -0.0988∗∗∗ 1.191∗∗∗

(0.0351) (0.2957)

Cluster 10 × Region West -0.0658 -1.119∗∗∗

(0.0407) (0.3414)

Fit statistics

Observations 68,145 67,323

R2 0.11644 0.21875

Adjusted R2 0.11590 0.21826

IID standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table B.2: Marginal Effect: Cluster-Region interaction

Dependent Variables: mem verbal

Model: (1) (2)

Variables

Constant 4.208∗∗∗ 29.69∗∗∗

(0.0355) (0.2986)

Age -0.0235∗∗∗ -0.2310∗∗∗

(0.0004) (0.0031)

Yrs of Edu 0.0311∗∗∗ 0.3926∗∗∗

(0.0009) (0.0072)

Female 0.0047 0.0844

(0.0070) (0.0583)

Cluster 1 × Region North 0.0204 4.799∗∗∗

(0.0368) (0.3075)
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Cluster 2 × Region North -0.0402 5.000∗∗∗

(0.0404) (0.3380)

Cluster 3 × Region North 0.0125 4.447∗∗∗

(0.0378) (0.3167)

Cluster 4 × Region North 0.0480∗ 4.757∗∗∗

(0.0283) (0.2380)

Cluster 5 × Region North -0.0396 4.731∗∗∗

(0.0353) (0.2955)

Cluster 6 × Region North 0.0050 5.383∗∗∗

(0.0301) (0.2516)

Cluster 7 × Region North 0.0506∗ 5.720∗∗∗

(0.0269) (0.2256)

Cluster 8 × Region North -0.2415∗∗∗ 3.397∗∗∗

(0.0240) (0.2019)

Cluster 9 × Region North -0.3871∗∗∗ 2.157∗∗∗

(0.0294) (0.2488)

Cluster 10 × Region North -0.1636∗∗∗ 3.585∗∗∗

(0.0289) (0.2426)

Cluster 1 × Region South 0.1739∗∗∗ 1.086∗∗∗

(0.0363) (0.3033)

Cluster 2 × Region South 0.0785∗∗ 1.326∗∗∗

(0.0329) (0.2758)

Cluster 3 × Region South -0.0087 0.2249

(0.0596) (0.4965)

Cluster 4 × Region South -0.0463 1.489∗∗∗

(0.0379) (0.3170)

Cluster 5 × Region South 0.1650∗∗∗ 1.008∗∗∗

(0.0384) (0.3213)

Cluster 6 × Region South 0.1585∗∗∗ 1.152∗∗∗

(0.0405) (0.3389)

Cluster 7 × Region South 0.1191∗∗∗ 1.161∗∗∗

(0.0229) (0.1926)
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Cluster 8 × Region South 0.1642∗∗∗ 0.2701

(0.0213) (0.1787)

Cluster 9 × Region South 0.0593∗∗ -1.136∗∗∗

(0.0247) (0.2094)

Cluster 10 × Region South 0.0725∗∗∗ 0.1017

(0.0261) (0.2190)

Cluster 1 × Region West 0.0955∗∗∗ 4.328∗∗∗

(0.0300) (0.2513)

Cluster 2 × Region West 0.1669∗∗∗ 4.640∗∗∗

(0.0322) (0.2696)

Cluster 3 × Region West 0.0346 4.395∗∗∗

(0.0306) (0.2564)

Cluster 4 × Region West 0.0759∗∗∗ 4.668∗∗∗

(0.0250) (0.2099)

Cluster 5 × Region West 0.1031∗∗∗ 3.794∗∗∗

(0.0321) (0.2689)

Cluster 6 × Region West 0.1274∗∗∗ 4.924∗∗∗

(0.0324) (0.2717)

Cluster 7 × Region West 0.1919∗∗∗ 5.392∗∗∗

(0.0235) (0.1971)

Cluster 8 × Region West 0.0949∗∗∗ 4.282∗∗∗

(0.0232) (0.1957)

Cluster 9 × Region West 0.0534∗ 2.302∗∗∗

(0.0298) (0.2517)

Cluster 10 × Region West 0.1321∗∗∗ 3.490∗∗∗

(0.0255) (0.2143)

Cluster 1 × Region East 0.1428∗∗∗ 2.738∗∗∗

(0.0431) (0.3597)

Cluster 2 × Region East 0.0552 2.474∗∗∗

(0.0365) (0.3061)

Cluster 3 × Region East 0.1171∗∗ 2.264∗∗∗

(0.0578) (0.4847)
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Cluster 4 × Region East 0.0272 3.477∗∗∗

(0.0420) (0.3504)

Cluster 5 × Region East 0.1965∗∗∗ 2.151∗∗∗

(0.0401) (0.3358)

Cluster 6 × Region East 0.2568∗∗∗ 2.930∗∗∗

(0.0396) (0.3319)

Cluster 7 × Region East 0.2212∗∗∗ 2.537∗∗∗

(0.0259) (0.2171)

Cluster 8 × Region East 0.1403∗∗∗ 0.7887∗∗∗

(0.0221) (0.1857)

Cluster 10 × Region East 0.1445∗∗∗ 2.307∗∗∗

(0.0280) (0.2347)

Fit statistics

Observations 68,145 67,323

R2 0.11644 0.21875

Adjusted R2 0.11590 0.21826

IID standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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