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A B S T R A C T

Advancing sexual and reproductive health is essential for promoting human rights and women’s empowerment,
and combating the HIV/AIDS epidemic. A large body of literature across the social sciences emphasizes the
importance of social capital, generated through the strength of social networks, for shaping health behaviours.
However, large-scale measurement of social capital and social networks remains elusive, especially in the
context of low-income countries. Here we delve into the role of social capital dynamics, and in particular
social connectedness across communities as measured through Facebook friendship links, in shaping knowledge
diffusion and behaviour related to sexual and reproductive health in 495 regions across 33 countries in Africa.
Our findings demonstrate that regions with higher levels of social connectedness are more similar in their
knowledge about contraception and HIV testing, as well as their adoption of these behaviours. We further
observe that the influence of social connectedness becomes stronger when the knowledge gaps between regions
are larger. In other words, regions are more similar in behaviours, despite knowledge gaps, when they are
socially connected. These insights carry significant policy implications, especially for the design and targeting
of public health campaigns. We highlight that social connectedness can serve both as a driver and an obstacle in
behaviour formation, underscoring the importance of understanding its influence on health-related outcomes.
1. Introduction

The concept of social capital has garnered significant attention
in academic circles, spanning multiple disciplines such as sociology,
political science, economics, education, and anthropology. Though not
precisely defined, social capital generally refers to the features of
social life that foster cooperation and coordination among individuals
with shared goals (Fukuyama, 1995; Putnam, 2001). Rooted in social
networks, social capital emerges from individuals’ connections and
interactions with others, generating valuable resources for collective
action (Bourdieu, 1986; Coleman, 1994; Lin et al., 2001).

The existence of social capital depends on the quality of networks,
their ability to foster social trust (Sabatini, 2009), the actions individ-
uals take to build social trust and reciprocity within and towards these
networks, and the resources available within their connections (Portes,
2000). Trust is often considered the cognitive component of social
capital, while networks are viewed as its structural component (Burt,
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2000). Social capital’s structural and cognitive components are intri-
cately linked, positively or negatively (Sabatini, 2009). Social trust,
for example, can enhance cooperative behaviours that lead to the
formation of networks, and these networks, in turn, strengthen trust
and reciprocity. Conversely, certain types of networks can hinder trust
by restricting external access (Woolcock, 2001).

In this context, social networks and social trust are valuable assets
enabling individuals to build communities, establish commitments,
and ultimately cooperate. However, cooperation brings benefits and
costs, as it enhances the welfare of individuals within the group while
potentially decreasing the welfare of non-members. These contrasting
effects are commonly referred to as the positive or bright side and the
negative or dark side of social capital, which have been recognized in
the literature for a considerable time.

In the context of health, social capital plays a pivotal role, impacting
health outcomes through direct and indirect pathways. Social support,
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derived from social capital, significantly influences an individual’s
health (Fiorillo and Sabatini, 2011, 2015; Tomioka et al., 2016). On
the other hand, social isolation leads to adverse health consequences,
including increased stress levels, hypertension, and premature mortal-
ity (Cole et al., 2015; Luo et al., 2012; Cacioppo and Cacioppo, 2014).
Moreover, low social trust is associated with a higher prevalence of psy-
chosomatic symptoms, musculoskeletal pain, and depression (Åslund
et al., 2010). However, often it is not merely the presence of social
connections that yields health benefits; rather, it is the quality, content,
and available resources within these connections that play a crucial role
in the relationship between social capital and health outcomes (Moore
et al., 2009).

Within the realm of sexual and reproductive health, social capital is
of particular importance, especially concerning the spread of sexually
transmitted infections like HIV/AIDS. Social trust has been identified as
a critical factor facilitating timely HIV testing, leading to early diagno-
sis and appropriate care. This trust serves as an essential determinant
in monitoring HIV care outcomes, particularly for vulnerable groups
disproportionately affected by HIV (Ransome et al., 2017). Strong social
capital, characterized by high social cohesion, has shown to enhance
HIV testing uptake in certain settings, demonstrating the effectiveness
of building trust and solidarity within and between groups (Fonner
et al., 2014; Grover et al., 2016).

However, social capital can also have negative effects on sexual
behaviour. For instance, research by Kalolo et al. (2019) revealed a
suggestive, albeit statistically nonsignificant, association between so-
cial trust and engaging in multiple sexual partnerships. This finding
suggests that adolescents who exhibit trust in others may be suscep-
tible to the influence of behaviours endorsed by their social group.
Consequently, interventions that leverage social networks and engage
influential individuals can effectively address the multifaceted dynam-
ics of sexual behaviour and contribute to the prevention of sexually
transmitted infections, including HIV. By targeting influential figures
and leveraging social connections, interventions can promote positive
sexual health outcomes and mitigate the potential negative impact of
social capital on sexual behaviour.

In this study, our focus lies on Sub-Saharan Africa (SSA), where
combating HIV/AIDS remains an ongoing challenge due to unsafe
sexual behaviour among adolescents. Specifically, we seek to investi-
gate the impacts of social capital on sexual and reproductive health
outcomes. To address this, we leverage data on the Social Connected-
ness Index (SCI) from Facebook and its parent company Meta, which
we combine with the Demographic and Health Surveys, to examine
knowledge diffusion and behaviour formation linked to sexual and re-
productive health. The SCI, which assesses the likelihood of individuals
in different regions being connected through Facebook friendship links,
provides a novel and data-driven approach to studying social capital
dynamics, particularly in low- and middle-income countries, where
such data have been sparse.

Our contributions in this paper are twofold: First, we demonstrate
that the SCI serves as a promising proxy for social capital in Africa,
offering advantages in coverage, timeliness, and potentially frequency
compared to traditional survey-based measures. Second, we show that
social connectedness, as measured by the SCI, plays a mediating role
in shaping health behaviour and knowledge related to sexual and
reproductive health. These findings carry crucial policy implications,
as health information campaigns need to consider knowledge gaps
among socially-connected regions. We highlight the significance of
understanding how social connectedness can both drive and hinder
behaviour formation, making it a vital factor in designing effective
public health interventions.

The paper is organized as follows: In Section 2, we provide a concise
presentation of the conceptual background. Section 3.1 delves into the
data used for this study, emphasizing the connection between survey
results and network information obtained from the SCI. In Section 3.2,

we outline the methodology employed to estimate the relationships
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between social connectedness and behaviour, as well as knowledge
related to sexual and reproductive health. Moving on to Section 4,
we present the main findings, first establishing the SCI’s validity as a
proxy for social capital and then exploring its impact on sexual and
reproductive health behaviour and knowledge. Lastly, in Section 6,
we discuss the policy implications arising from our research, with a
particular focus on the role of social connectedness in shaping public
health campaigns.

2. Theoretical Background

Existing social demographic literature has emphasized the signifi-
cant role that social interactions, or in other words the connections
between individuals and their social networks, play in the dissemi-
nation of ideas, behaviours, and preferences related to fertility and
reproduction, particularly within linguistically or culturally homoge-
neous populations (Cleland and Wilson, 1987; Bongaarts and Watkins,
1996; Montgomery and Casterline, 1996; Entwisle et al., 1996; Kohler
et al., 2001; Behrman et al., 2002). This literature has argued that
individual socioeconomic characteristics or their access to institutions
such as family planning programmes are insufficient in themselves for
explaining changes in reproductive behaviours in low- and middle-
income countries (LMICs), and as such, the pace of fertility decline
is better explained through understanding the diffusion of new be-
haviours that are facilitated by social interactions in social networks.
In other words, this literature highlights that social capital, generated
through exchange and interaction within social networks, is capable of
shifting behaviours.

Social networks, and the social capital they generate, can shift
behaviours through two potential mechanisms – social learning or
social influence (Montgomery and Casterline, 1996). When it comes to
adopting new behaviours, such as using modern contraceptive methods,
individuals often face the challenge of embracing innovative practices
in an environment characterized by high uncertainty. This is especially
true in low-income country contexts, such as the African continent,
where access to reproductive health services is still limited and unmet
need for family planning is high (Cleland et al., 2006). In this context,
social capital becomes crucial as individuals rely on trusted sources
of information to learn about and adopt these new behaviours (social
learning). Social connections can help provide individuals with new
information, shaping their knowledge, attitudes, and beliefs regarding
reproductive health choices. On the other hand, social networks can
also operate by exerting social influence, by shaping the normative
context in which individuals alter their behaviour in response to the
behaviour of others. Although large-scale data on social networks,
social connectedness and social capital are rare, particularly in LMICs,
small-scale studies, drawing on specialized data collection on social
networks, e.g. in Kenya (Behrman et al., 2002; Kohler et al., 2001),
or Thailand (Entwisle et al., 1996), show the importance of social
learning through social networks for contraceptive adoption. The lack
of data on social capital and social networks in LMICs has meant that
their role in the adoption of health-related behaviours, particularly
in relation to sexual and reproductive health, has received limited
empirical attention, despite the theoretical salience attributed to these
processes.

The digital revolution, encompassing the spread of mobile phones
and the internet, has provided researchers with unprecedented access
to vast amounts of data, offering new insights into a wide range of
socio-economic and population phenomena (Kashyap, 2021; Schmid
et al., 2017). The new data streams generated by the use of digital
technologies have the potential to lend themselves for new types of
social measurement, including phenomena for which large-scale social
data are limited, such as social capital. The scarcity of large-scale,
detailed, and comparable datasets on social capital poses a challenge

for researchers in this field (Chetty et al., 2022). To address this issue,
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Fig. 1. Geographical coverage and timeliness of the latest data on social capital in Africa, by source. (a) The latest data on the generalized trust indicator from the
Afrobarometer covers 395 out of 859 African regions between 2011–13. (b) Meta’s Social Connectedness Index (SCI) provides data for 710 out of 859 African regions for 2021.
researchers have turned to Facebook-generated social capital data, uti-
lizing the Social Connectedness Index (SCI) developed by Meta. The SCI
quantifies social connectedness by assessing the likelihood of Facebook
users in different regions being connected through Facebook friendship
links. This index has been instrumental in exploring the impact of
social capital on various socio-economic outcomes, including economic
prosperity, international trade, compliance with pandemic restrictions,
and predicting COVID-19 cases and flood insurance decisions (Jahani
et al., 2023; Bailey et al., 2021; Charoenwong et al., 2020; Vahedi
et al., 2021; Hu, 2022). However, in much of this work the SCI’s
effectiveness as a proxy for social capital has often been assumed rather
than rigorously validated. Moreover, most of these studies have focused
on high-income country contexts with high Facebook penetration rates,
largely focusing on the US.

In our specific context, focusing on Africa and examining sub-
national regions within countries across the continent, we can take
advantage of the Afrobarometer, a nationally-representative public at-
titudes survey run in multiple countries in Africa, to assess how the
SCI is validated compared to widely used measures of social capital
operationalized in survey data. Details on the data can be found in
Section 3.1.

Fig. 1 compares the geographical coverage of the SCI from 2021
with coverage of the latest data on a commonly used measure used
to capture social capital available for parts of the African continent –
the generalized trust indicator from the years 2011–13 from the Afro-
barometer surveys. Beyond the evident benefits of timely updates and
potential for frequent data refreshing with the SCI, the vast geograph-
ical scope of the data is particularly striking. Within the 859 African
regions listed under administrative level 1 in GADM v2.8 (GADM,
2015), data from the SCI encompasses 710 regions, in contrast to the
Afrobarometer which covers 395. Consequently, the SCI presents a
promising avenue for more expansive research into social capital dy-
namics, contingent upon its validation as a reliable proxy for measuring
social capital.

3. Data & Methods

3.1. Data

For our study, we mainly draw on three distinct data sources:
the Afrobarometer, Meta’s Social Connectedness Index, and the Demo-
graphic and Health Surveys (DHS).
3 
Initiated in 1999, the Afrobarometer has consistently run individual-
level surveys to gauge attitudes on a spectrum of political, economic,
and social issues across Africa (BenYishay et al., 2017). This study taps
into the data from Afrobarometer Round 5, which spanned 27 sub-
Saharan African countries between 2011 and 2013, offering the most
current and comprehensive insight into survey-based measures of social
capital within the continent. Leveraging the Afrobarometer’s geolocal-
ized data, this study incorporates information on social (generalized)
trust and social participation, two widely-used indicators associated
with social capital within the survey. Social trust is measured using
a binary variable derived from respondents’ answers to a question
regarding trust in people within their country (Rosenberg, 1956), while
social participation is assessed as a binary variable indicating whether
respondents are members of any community or volunteer group.

The SCI developed by Facebook’s parent company Meta quantifies
social connectedness of two locations by assessing the probability of
Facebook users in these locations being connected through Facebook
friendship links (Bailey et al., 2018). The latest SCI data is available
for the year 2021 for large parts of the world on the sub-national level.

The DHS is a long-standing, large-scale household-survey
programme of nationally representative surveys across LMICs, funded
by the United States Agency for International Development
(USAID) (ICF, 2024). We consider DHS surveys since 2010 onward in
our study to allow for a large sample, thereby implicitly assuming that
behavioural and knowledge information from earlier years still hold
value for the analysis. A list of the DHS surveys used in the analysis
can be found in Table 7 in the Appendix.

More specifically, in the first part of the paper, we look at survey
outcomes related to social capital and trust covering 249 sub-national
regions across Africa. For the second part, we look at survey outcomes
related to sexual and reproductive health derived from DHS covering
497 regions across 33 African countries. While the DHS provides infor-
mation on individuals – primarily women and men of reproductive ages
– and the households they live in, and therefore follows a household
survey structure, the SCI provides information on the connectedness
of pairs of regions, thus representing a network structure. For each
pair of the 497 regions, the SCI provides a measure of social connect-
edness, resulting in 497 × 497 = 247, 009 regional edges. In order to
analyse them jointly, aligning those two data sources requires either
(a) aggregating the SCI of a given region across its ties, thus leaving us
with 497 observations or (b) calculating the differences of aggregated
survey information for pairs of regions, thus leaving us with 247,009

observations. As the correspondence between measures linked to social



T. Koebe et al.

a
i
n
o
d
s
2
o
o
n
f
p
a
4
(
p

o
u
f
t

w
a
a
a
e
f
p
c
A

3

a
h
o
w
b
l
a
m
n
a
b
W
k

Social Science & Medicine 357 (2024) 117159 
Table 1
Final dataset characteristics of the edge-based ap-
proach.

Final dataset coverage

Individuals 684,928
Regions 495
Edges 122,760
Countries 33
% females (weighted) 70.5
% urban (weighted) 39.5

capital in Afrobarometer survey and SCI datasets are key for exploring
the appropriateness of the SCI as a proxy of social capital, we opt for the
first option, also called the node-based approach for the first part of the
analysis. We exploit the second, also in the following called edge-based
approach to identify whether differences in regional health outcomes
can be explained by how socially connected those regions are.

Even though the SCI is available for a majority of regions in the
world, we limit the extent of the network to the 247,009 edges of
the 497 regions for which we have DHS information and/or social
capital data. For linking the information on social capital from the
Afrobarometer to the SCI, we average both the edge-level SCI across
each region’s ties and the social trust and social participation values
for the regional level via Afrobarometer’s cluster locations. In addition,
we aggregate various groups of control variables to the regional level
resulting in a joint sample of 99 to 249 sub-national regions across
Africa for further analysis.

The SCI measures the relative probability that two Facebook users
across two locations are friends on Facebook. We denote the SCI as

SCI𝑎,𝑏 =
FB_Connections𝑎,𝑏

FB_Users𝑎 × FB_Users𝑏
, (1)

where FB_Connections𝑎,𝑏 is the number of Facebook connections mea-
sured as friendship links between location 𝑎 and location 𝑏 and FB_Users
is the number of Facebook users in location 𝑎 and 𝑏, respectively. The
location of a user is either self-declared by the user on its profile or
estimated from other network information. For public release, Meta
provides a scaled version of the SCI with some additional privacy mea-
sures applied. For details on the SCI methodology, we refer to Bailey
et al. (2018). Without spelling out the privacy measures in detail, the
SCI we use in this study is defined by:

scaled_SCI𝑎,𝑏 =
SCI𝑎,𝑏

max𝑖,𝑗 (SCI𝑖,𝑗 )
, (2)

where max𝑖,𝑗 (SCI𝑖,𝑗 ) describes the highest regional-level SCI value avail-
ble in the global SCI dataset provided by Meta. Thus, the SCI itself
s an undirected graph, which means the edges between a pair of
odes (regions in our case) have identical SCI values. However, in
rder to align the survey structure with the SCI structure by taking the
ifferences between regional-level statistical indicators, the direction
tarts to matter. Consequently, for the edge-based approach, from the
47,009 edges available between the 497 regions, we consider just
ne side of the difference matrix, namely when the differences in our
utcomes of interest are positive (𝛥 >= 0). This approach reduces the
umber of observations to roughly a half. Effects of this decision are
urther discussed in Section 4. In addition, as we expect the Facebook
enetration rate to be an important control variable in subsequent
nalysis, we use data from the Facebook marketing API available for
95 of the 497 regions in our sample as described in Kashyap et al.
2020), reducing the final sample size to 𝑛 = 122, 760 edges. Table 1
rovides an overview of the dataset we use for the edge-based analysis.

For both the node- and the edge-based part of the study, we focus
n two important survey indicators, respectively. For the former, we
se the indicators related to generalized trust and social participation
rom the Afrobarometer described above. For the latter, we focus on

wo important behavioural indicators from the DHS related to sexual
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and reproductive health: (a) Does the respondent use a modern method of
contraception? (b) Has the respondent ever been tested for HIV?. As we are
interested in the channels that explain these behaviours, we consider
the SCI and corresponding knowledge indicators, specifically (c) Does
the respondent know about modern methods of contraception? and (d) Does
the respondent have knowledge about HIV transmission? calculated as a
linear index across a set of HIV-related knowledge indicators asked
within the DHS.

In order to further control for other factors related to social cap-
ital on one hand and for general levels of human development and
physical connectedness on the other, we draw on additional datasets,
namely satellite-derived covariates from WorldPop (Lloyd et al., 2018),
sub-national scores from the Human Development Index (Smits and
Permanyer, 2019; GlobalDataLab, 2017-2021) and indicators on slave
exports and explorer contact being key indicators of social trust in
Africa as described in the seminal paper of Nunn and Wantchekon
(2011). Table 2 shows a fictitious example of how node-based survey
data is differenced to align it with the network structure of the SCI for
the edge-based approach.

3.2. Methodology

Predictor variables were mean-centred and scaled by the standard
deviation prior to analysis (i.e. SCI, WorldPop, and Afrobarometer),
except for those that were already proportions (i.e. DHS and Facebook
penetration; see Table 6). Cluster-robust standard errors on the level of
regions are used to account for regional-level dependencies.

3.2.1. Assessing social media friendships against broader social trust mea-
sures

We first investigate whether there is a correspondence between
measures of social capital, as collected through social trust measures
through household survey instruments and the SCI based on social
media friendship connections, which can be more readily measured
across space and through time (cf. Fig. 1). To do this, we ran a
simple linear regression with country-level fixed effects using validated
measures of social capital from the Afrobarometer project as predictors
of Meta’s SCI (𝑀𝑒𝑎𝑛_𝑆𝐶𝐼𝑖) at each location 𝑖:

𝑀𝑒𝑎𝑛_𝑆𝐶𝐼𝑖 = 𝛼 + 𝛽1𝑡𝑟𝑢𝑠𝑡𝑖 + 𝛽2𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 +
𝑀
∑

𝑚=1
(𝜃𝑚𝑥𝑚,𝑖) + 𝜖𝑖 (3)

here 𝑀𝑒𝑎𝑛_𝑆𝐶𝐼𝑖 is the SCI of a specific region calculated as the aver-
ge of its edge-level SCIs, 𝑡𝑟𝑢𝑠𝑡𝑖 is a measure of generalized social trust
nd 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 is a measure of social participation. The regression
lso includes a set of 𝑀 control variables 𝑥𝑚,𝑖 and a Gaussian residual
rror term 𝜖𝑖. We control for a range of other potentially relevant
actors related to socio-demographic characteristics, education, mobile
enetration and Facebook penetration, among others. A full list of
ontrol variables and their description can be found in Table 6 of the
ppendix.

.2.2. Social connectedness and health-related behaviour
For this study, we focus on the use of modern contraceptive methods

nd the use of HIV tests as key pillars of sexual and reproductive
ealth. Consequently, we ask: Can social connectedness - as a proxy
f social capital - shape health-related behaviour? And if yes, through
hich channels? Does it help spread knowledge which in turn shapes
ehavioural change or does it influence behaviour directly? To shed
ight on these questions, we exploit the network structure of Meta’s SCI
s described in Section 3.1. We implement an edge-based simple linear
odel with country-level fixed effects to analyse how social connected-
ess may influence health behaviours related to modern contraception
nd HIV. The edge-based approach utilizes pairwise differences in health
ehaviours between locations as the response variable (cf. Table 2).
e hypothesize that these gaps in health behaviours correlate with

nowledge gaps between locations and that this relationship may be
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Table 2
Translating classical survey data into the edge-based setting. Differencing can be done in two directions for
a pair of regions, e.g. A-B and B-A. However, we only consider the absolute differences in health outcomes
in the analysis as the SCI is direction-invariant.
Region 1 Region 2 scaled_SCI Region 1:

Use of HIV test
Region 2:
Use of HIV test

𝛥Use of HIV test

A B 0.3 0.4 0.2 0.4–0.2 = 0.2
A C 0.7 0.4 0.6 0.4–0.6 = −0.2
B A 0.3 0.2 0.4 0.2–0.4 = −0.2
mediated by the degree of social connectedness. In a second step, we
further investigate whether social connectedness not only affects be-
haviour formation directly, but also indirectly by facilitating knowledge
diffusion across regions.

To determine the weight of evidence for these hypotheses using our
observational data, we estimate four linear regressions. The response
variables for the first two regressions are the differences in the use
between pairs of locations 𝑖 and 𝑗 (𝛥𝑢𝑠𝑒𝑖,𝑗) of modern contraceptive
methods and HIV testing, respectively. Turning to knowledge diffusion,
the third and fourth response variables are the differences in knowledge
between pairs of locations 𝑖 and 𝑗 (𝛥𝑘𝑛𝑜𝑤𝑖,𝑗) of modern contraceptive
methods and HIV transmission, respectively. All responses are roughly
normally distributed and centred on zero. The regressions on health
behaviour took the following form:

𝛥𝑢𝑠𝑒𝑖,𝑗 = 𝛼 + 𝛽1(𝑆𝐶𝐼𝑖,𝑗 ) + 𝛽2(𝛥𝑘𝑛𝑜𝑤𝑖,𝑗 ) + 𝛽3(𝑆𝐶𝐼𝑖,𝑗 × 𝛥𝑘𝑛𝑜𝑤𝑖,𝑗 )

+
𝑀
∑

𝑚=1
(𝛽𝑚𝛥𝑥𝑚,𝑖,𝑗 ) + 𝜷𝑭 + 𝜖𝑖,𝑗

(4)

where 𝑆𝐶𝐼𝑖,𝑗 is the scaled SCI defined in Eq. (2) which we show in later
analysis to be a good proxy for social capital. 𝛥𝑘𝑛𝑜𝑤𝑖,𝑗 is the difference
in knowledge of modern contraception or difference in knowledge of
HIV transmission for the first and second regressions, respectively.
𝛥𝑥𝑚,𝑖,𝑗 is a set of 𝑀 control variables describing differences between
location 𝑖 and 𝑗. 𝜷𝑭 are the country-level fixed effects for the country
of location 𝑖 and the country of location 𝑗, respectively, and 𝜖𝑖,𝑗 is a
Gaussian residual error term. We use country-level fixed effects here to
account for potential spatial dependencies created by national health
care systems and their impact on health outcomes in general. We expect
the SCI to reduce the difference in behaviours between locations (i.e. 𝛽1
< 0). Where a knowledge gap exists between locations, we also expects
to see a behaviour gap (i.e. 𝛽2 > 0). The interaction between the SCI
and knowledge (𝛽3) is of particular interest, because a negative value
would suggest that social connectedness facilitates a spill-over of health
behaviours (i.e. reduce 𝛥𝑢𝑠𝑒) even when a knowledge gap remains.

To further explore the underlying mechanism driving any spillovers
of health behaviours via social connectedness, we analyse the effects of
SCI on differences in health knowledge between locations.

𝛥𝑘𝑛𝑜𝑤𝑖,𝑗 = 𝛼 + 𝛽1(𝑆𝐶𝐼𝑖,𝑗 ) +
𝑀
∑

𝑚=1
(𝜃𝑚𝛥𝑥𝑚,𝑖,𝑗 ) + 𝜷𝑭 + 𝜖𝑖,𝑗 (5)

If knowledge transfers were the underlying mechanism for spillovers
of health behaviours among socially connected locations, then we
would expect a significant negative effect of social connectedness on
differences in knowledge (i.e. 𝛽1 < 0). The lack of an effect would indi-
cate that our data do not provide evidence that knowledge exchange
is the mechanism driving spillovers of health behaviours through a
socially-connected network.

4. Results

4.1. Relationship of social connectedness with social capital

In this section, we present the results of our analysis aiming to
assess the validity of the social connectedness index as a measure
of social capital by comparing it against survey-based measures of
social trust, and exploring its socioeconomic and historical correlates.
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Our regression model estimates the relationship between the SCI and
various demographic and socioeconomic factors, including those on
social capital, as detailed in Eq. (3). The results of this exercise are
depicted in Table 3.

Social trust consistently emerges across models 1–7 as a positive
and statistically significant correlate of the SCI, even when controlling
for a range of other socio-economic variables, underscoring its pivotal
role in fostering social capital and strengthening social networks. It is
worth noting that reverse causation is unlikely to occur in this analysis
since social trust was measured before the SCI, further supporting the
argument that the SCI is a reliable proxy for social capital.

Additionally, the inclusion of historical variables, such as the histor-
ical prevalence of slavery export and exposure to explorers, provides
valuable insights into the long-lasting impact of historical events on
contemporary social connectedness. As expected, regions with a higher
historical prevalence of slavery export show a negative association with
social connectedness, reflecting the enduring consequences of this his-
torical legacy (Nunn and Wantchekon, 2011). Conversely, exposure to
explorers is positively associated with social connectedness, indicating
the potential influence of historical exploration and cultural exchange
on contemporary social capital, similar to the results shown in Enke
(2023). These consistent directions of the historical variables add to
the robustness and credibility of the SCI as a proxy of social capital in
this context.

4.2. The role of social connectedness in changing health behaviours

Now that we have shown that the SCI is a good proxy of social
capital in general and of generalized social trust specifically, we further
investigate the role of social connectedness in shaping health-related
behaviour. Table 4 summarizes the main results of this study.

As expected and in line with existent literature, knowledge is a
major determinant of usage behaviour as shown across regression
results indicating that knowledge differences have a positive and sta-
tistically significant effect on the differences in respective uses (see
columns 1 and 2 in Table 4). By looking at the SCI across outcomes,
a direct mediating effect of social connectedness becomes evident:
socially better-connected regions show smaller differences in both the
use of (i.e. columns 1 and 2) and the knowledge about (i.e. columns 3
and 4) modern contraception and HIV between pairs of regions (𝛽1 <
0). Interestingly, we observe that social connectedness also helps to
overcome knowledge gaps in determining differences in use by filling
the void with social trust as demonstrated by the negative and signifi-
cant interaction effect between the SCI and the regional differences in
knowledge variables (𝛽3 < 0). In other words, the mediating role of
social connectedness becomes stronger, the larger the knowledge gaps
between regions. This also holds true when looking at the negative
outcomes of a pairwise connection (𝛥 <= 0, cf. Section 3.1) as shown
in Table 8 in the Appendix. All effects remain almost identical, except
for the SCI and the country-fixed effects, which both see a change in
signs, but not in effect sizes as both effects are direction-invariant (cf.
Table 2). Small changes in the effect sizes are due to the inclusion
of cases where 𝛥 = 0. Using only non-zero differences in health
outcomes would yield identical absolute effect sizes for either direction.
Fig. 2 gives an example of the SCI’s mediating effect for the region

of Cankuzo, Burundi, where both use of and knowledge levels about
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Table 3
Relationship between social connectedness index (SCI) and social capital measures from Afrobarometer.

(1) (2) (3) (4) (5) (6) (7)
Regional SCI (averaged across ties)

b/se b/se b/se b/se b/se b/se b/se

Trust: General (2011–2013) 1.807*** 1.830*** 1.441*** 1.406*** 1.406*** 1.383*** 1.674***
(0.373) (0.370) (0.358) (0.512) (0.512) (0.342) (0.498)

Volunteer/Community members 0.556* 0.611** 0.855*** 0.855*** 0.930*** 1.966***
(0.315) (0.289) (0.307) (0.307) (0.299) (0.597)

Wealth index: poorest −0.086
(0.486)

Wealth index: poorer 0.627
(0.811)

Educ.: secondary or higher −3.500**
(1.448)

Mobile penetration rate −2.884*** −1.190** −1.190** −2.039*** −3.248***
(0.548) (0.464) (0.464) (0.496) (0.675)

Living in rural areas (in %) −0.645** −0.194 −0.194 −0.051 −0.908
(0.299) (0.252) (0.252) (0.281) (0.610)

Age group 15–19 (in %) −1.169 −2.507 −2.507 −2.050 −1.485
(4.752) (4.357) (4.357) (4.291) (6.837)

Age group 20–24 (in %) 18.200*** 28.331*** 28.331*** 23.760*** 3.242
(6.379) (6.531) (6.531) (6.418) (12.534)

Age group 25–29 (in %) −14.594* −24.367** −24.367** −17.152** −5.057
(7.663) (10.227) (10.227) (8.029) (14.514)

Age group 30–34 (in %) −9.317 −13.543 −13.543 −9.925 −13.367
(7.287) (8.670) (8.670) (7.387) (13.275)

Age group 35–39 (in %) 29.072** 18.564** 18.564** 18.629* 22.589
(11.375) (9.300) (9.300) (9.896) (17.386)

Age group 40–44 (in %) −2.587 25.408*** 25.408*** 14.859 8.673
(8.944) (9.274) (9.274) (9.709) (18.448)

Age group 45–49 (in %) 9.601 3.776 3.776 4.568 3.620
(6.608) (6.331) (6.331) (6.579) (14.369)

Facebook penetration rate −0.335 −0.493* −0.493* −0.659** −0.697
(0.261) (0.263) (0.263) (0.267) (0.506)

HDI −1.822*** −1.822***
(0.503) (0.503)

Night Lights −0.095*** 0.044
(0.033) (0.290)

Distance to major rd −0.302 −1.097**
(0.252) (0.447)

Distance to inland water 0.325 1.050*
(0.242) (0.575)

Built settlement growth −0.193*** −0.283*
(0.051) (0.163)

Local Slave Export (Log) −0.503***
(0.147)

District Ethnic Fractionalization −0.539
(0.544)

Explorer contact 0.816***
(0.240)

Railway contact −0.510**
(0.240)

adj. R2 0.108 0.120 0.433 0.359 0.359 0.386 0.717
N 249. 249 231 200 200 249 99

Note: Probit/OLS. SE clustered at the regional level in parentheses. Country FE included.
* p < 0.10.
** p < 0.05.
*** p < 0.01.
𝛥

modern contraception are higher than in the three regions it is most
socially connected to.

In Fig. 2, we predict differences in modern contraceptive use for
Cankuzo, Burundi for two distinct scenarios: (a) assuming no social
connectedness, i.e. 𝛽1 = 𝛽3 = 0, and (b) accounting for social con-
nectedness as measured per SCI. We then estimate the use level of
Cankuzo for those two scenarios by adding the estimated differences
in use to the actual use levels in the three others regions and averaging
them. We observe that Cankuzo loses from being socially connected
as its predicted use of modern contraception rate (17.6%) is below
the rate expected in a setting without social connectedness (18.7%),
but still higher than the average use across its three strongest ties
(11.7%), assuming all other things equal. This nicely demonstrates the
mediating effect of social connectedness: regions with comparatively
higher use levels vis-à-vis its strongest ties lose, while regions with
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comparatively lower use levels benefit and the effect is stronger the
larger the knowledge gap is. Since we look at those edges with positive
differences in use only (cf. Section 3.1), the overall effect of the SCI on
use levels is negative, i.e. social connectedness drives down differences
between regions, as shown in Table 5.

The regional-level effects are calculated as the average of the
estimated tie-specific effects of the SCI and its interaction effect with
knowledge differences in percentage points defined as
𝛥𝑢𝑠𝑒𝑖 = 1

𝐽
∑𝐽

𝑗=1 𝛽1(𝑆𝐶𝐼𝑖,𝑗 ) × 100 and 𝛥𝑢𝑠𝑒𝑖 = 1
𝐽
∑𝐽

𝑗=1 𝛽3(𝑆𝐶𝐼𝑖,𝑗 ×
𝑘𝑛𝑜𝑤𝑖,𝑗 ) × 100, respectively, where J is the total number of regions

in our sample. We see that the median effect of social connected-
ness on health behaviour is small. In comparison, knowledge gaps
increase differences in health behaviour on average by 1.7%-points and
12.5%-points for modern contraception and HIV testing, respectively.
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Table 4
Effects of social connectedness and knowledge gaps on health behaviour.

Dependent variable: Positive regional differences in...

...use of... ...knowledge about...
modern
contraception

HIV tests modern
contraception

HIV

(1) (2) (3) (4)
b/se b/se b/se b/se

Constant 0.035*** 0.037* 0.140*** 0.062**
(0.011) (0.019) (0.009) (0.027)

SCI −0.260*** −0.131*** −0.360*** −0.165***
(0.040) (0.027) (0.050) (0.032)

𝛥Contraceptive knowledge 0.217***
(0.011)

SCI × 𝛥Contraceptive knowledge −14.395***
(5.257)

𝛥Knowledge about HIV 0.548***
(0.027)

SCI × 𝛥Knowledge about HIV −25.121***
(8.307)

𝛥Control variables (20) Yes Yes Yes Yes

Observations 122,760 122,760 122,760 122,760
R2 0.726 0.932 0.697 0.932
Adjusted R2 0.726 0.932 0.697 0.932

Note: OLS. SE clustered at the regional level. Country FE included.
* p < 0.1.
** p < 0.05.
*** p < 0.01.
Table 5
Share of regions and median effect sizes of the social connectedness and its interaction effect with knowledge gaps on
differences in health behaviour, by direction of effect.
Direction of
effect

Indicator Use of modern contraception Use of HIV testing

Main Interaction Total Main Interaction Total

+ % of regions 0 12.1 1.0 0 14.1 7.1
+ effect size (in %-points) – 0.001 0.000 – 0.002 0.002
− % of regions 100 87.9 99.0 100 85.9 92.9
− effect size (in %-points) −0.004 −0.001 −0.006 −0.002 −0.005 −0.009

Overall effect size (in %-points) −0.004 −0.001 −0.006 −0.002 −0.004 −0.008
Fig. 2. The effect of being socially connected. Both Figs. 2(b) and 2(a) map the predicted and actual use of modern contraception rates in Cankuzo, Burundi and the three
regions Cankuzo is most socially connected to, respectively. In Fig. 2(b), the predicted use of modern contraception rate in Cankuzo takes social connectedness as measured per
the SCI into account. The thickness of the white arrows indicates the strengths of social connectedness with the other three regions. Fig. 2(a) shows the hypothetical setting of no
social connectedness of Cankuzo, keeping all other things equal.
7 
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Fig. 3. Regional-level effects of social connectedness on the use of modern contraception. The effects of social connectedness in Figs. 3(a)–3(c) represent the median SCI
per region across its respective ties for the 495 regions in the study sample.
One potential reason why the effect of social connectedness on
health-related indicators is surprisingly small is that social networks
are predominantly locally anchored and that the administrative level
used in our analysis (i.e. regions) only captures geographic variation
across the longest-ranging ties of a social network. This is supported
by the fact that the SCI of self-connections is on average 643 times
higher than the SCI to other regions, which means that by far the largest
proportions of friendship links remain within the same region. In order
to investigate how more granular geographic disaggregation affects the
SCI’s impact, we repeat the analysis for the country with the smallest
average area size per region in our sample, namely Burundi (1591 km2

vis-à-vis 51931 km2 across the remaining countries). We observe that
the SCI of self-connections over connections to other regions reduces
to 456 and the overall SCI effect becomes stronger (−0.01 vis-à-vis
−0.006, cf. Table 5), further supporting the argument that we capture
just a fraction of the overall SCI effect through the longest-ranging
ties. Thus, we argue that our estimated effects represent a lower bound
of the impact of social connectedness on health behaviour and expect
the true effect to be significantly stronger. Figs. 3 and 4 visualize the
SCI-related effects on the regional level.

Table 9 in the Appendix shows the results of our main analysis
when excluding the extreme outlier region from our sample. As shown
in Fig. 3, Bahr el Gazel in Chad acts as the most notable outlier with
an overall regional-level effect of −17.1%-points (cf. Table 5). With an
SCI of 0.65, Bahr el Gazel has the highest SCI value among all ties in
the sample and the fourth highest SCI value globally. This might be
due to the fact that both the estimated Facebook penetration (0.2%)
and the estimated population count of about 300,000 is comparatively
low, leading to an estimated Facebook user count of 600 in Bahr el
Gazel. This hints at a very well-connected few that use Facebook in
this region. The resulting changes in coefficient sizes are negligible and
neither change the direction nor the significance of the observed effects.

In addition, by looking at Table 21 in the Appendix, we observe
that the main coefficient of the SCI more than doubles for ties with a
Facebook penetration rate above the median, as does the interaction
effect between SCI and differences in knowledge. In other words, the
mediating effect of social connectedness is stronger in regions with high
Facebook penetration rates. In areas with higher Facebook penetration,
we also expect Facebook ties to reflect social ties among a broader
range of the population, rather than capturing only selective users. We
further consider this as indication that Facebook is not only a good
proxy for the cognitive component of social capital, i.e. trust, but also
partly provides a medium for its structural component by facilitating
the forging of a network between different communities.

Further, as we show in Tables 10–13 in the Appendix, the direction
and significance of our effects of interest are robust across different
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model specifications. The same holds true for re-running the analysis on
female- and male-specific DHS data as well as age-group specific DHS
data (multiple groupings have been tested without notable differences,
here showing results for the groups 15–39 years versus 40+ years),
respectively (see Tables 14 and 15 in the Appendix), thus further
underscoring the robustness of our approach. Interestingly, although
one could expect the use of both social media and HIV testing to be
higher among younger adults and thus the effect sizes to be larger, their
differences compared to the older age group are negligible (e.g. −0.144
vs. −0.194 for the SCI effect on the regional differences in the use of HIV
tests in Tables 16 and 17). This again supports the argument that the
SCI not only captures social connectedness online, but also (partially)
reflects social connectedness in the physical world or through other
means, thereby capturing broader social capital dynamics.

In addition, one could expect that HIV prevalence plays an impor-
tant role in our analysis as one can think of multiple ways how it
relates to HIV testing and HIV knowledge. Since HIV prevalence data
from the DHS is just available for 18 out of the 33 countries under
study covering a total of 214 of the 495 regions, we show results in
Table 18 and for regions with above and below in-sample median HIV
prevalence, respectively, only in the Appendix ( Table 19 and 20). We
observe that the mediating effect of social connectedness on the use
of HIV testing is stronger among regions with comparatively higher
HIV prevalence. In addition, we observe that higher HIV prevalence
is also linked to significantly higher use levels of HIV testing across
all regions and for contraceptive methods in regions with higher HIV
prevalence. One potential explanation could be that stigmatization is
lower in high-HIV regions, so people exchange more openly about
it. Another possibility is that regions with more friendship ties are
also politically better connected, resulting in more aligned policies to
combat high HIV rates, including similar family planning and testing
strategies. And finally, sub-samples of regions (note the drastically
reduced number of observations (𝑁 = 5, 778) compared to the main
analysis (𝑁 = 122, 760)) with above and below median HIV prevalence
might structurally differ in ways we have not fully controlled for in
our analysis such as political cooperation or similar hard-to-measure
influences.

5. Discussion

Unlike previous studies that have primarily relied on Facebook
social connectedness indicators and assumed them to be measures
of social capital (e.g. Bailey et al., 2020; Chetty et al., 2022), this
study contributes to the literature using these indicators by comparing

them against validated survey-based measures of social capital from
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Fig. 4. Regional-level effects of social connectedness on the use of HIV testing. The effects of social connectedness in Figs. 4(a)–4(c) represent the median SCI per region
across its respective ties for the 495 regions in the study sample.
the Afrobarometer. The raw correlation coefficient between trust and
social connectedness is 0.328 (p-value=0.000), indicating a significant
positive relationship. While this correlation may appear moderate in
magnitude, it is important to consider the 10-year time span between
the measurement of social trust in 2011–2013 in the Afrobarometer
survey and the Social Connectedness Index (SCI) in 2021. Moreover,
social capital is a multidimensional concept, of which social trust is
one component (Chetty et al., 2022; Portes, 2000). Despite this time
gap, the consistent and positive correlation between trust in the survey
and the social connectedness index even with controls, as demonstrated
in Table 3, reinforces the robustness of the relationship and highlights
how the SCI is capturing broader social capital dynamics.

Nevertheless, the SCI measure also comes with limitations: Firstly,
as mentioned before, the geographical granularity of the SCI in Africa
as currently provided by Meta misses out on the majority of spatial
variation. While for both the US and most of Europe finer geographical
resolutions are available, the rest of the world including Africa falls
short of the opportunity to leverage the full potential of an alternative
measure of social capital, given this coarser geographical resolution.
Secondly, working with proprietary datasets, derived from social media
such as Meta’s SCI, introduces several potential biases that need to be
carefully considered. For instance, these data may structurally under-
represent certain segments of the population, such as women, children,
elderly individuals, and the very poor, who may have limited access to
digital platforms. Consequently, any population-level inferences drawn
from such data should be interpreted with caution. Nevertheless, we
implement several analyses to test the robustness of the SCI by compar-
ing against survey-validated measures, and also examine the sensitivity
of our results linking the SCI with the DHS to the levels of Facebook
penetration within a region, to more deeply examine the validity of the
measure and its impacts.

When examining the relationship between node-level SCI averages
and the Facebook penetration rate in specific regions, we observe
a non-linear pattern. Regions with low levels of Facebook penetra-
tion, typically below 10%, appear to exhibit higher levels of social
connectedness than other regions. This suggests that the subset of
Facebook users in these regions is a homophilic and well-connected
group, which may not be entirely representative of the overall popu-
lation. This phenomenon, where areas with low coverage can reflect a
selected or distinctive user base, has also been noted in other analyses
of online platforms, like LinkedIn (Kashyap and Verkroost, 2021) or
Google+ (Magno and Weber, 2014). However, it is important to note
that this bias primarily affects grouped data, such as regional SCI
averages, and is not evident at the individual or edge level. This
observation aligns with Simpson’s paradox, which hints at a potential
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confounding factor in the underlying data. To address this issue, we
conduct additional analysis to ensure that we appropriately account
for the non-linear relationship between SCI and Facebook penetration
rate. We test this by examining the correlation between the regional
Facebook penetration rate and node-level residuals derived from re-
gressing the edge-level SCI on a set of control variables used in our
preceding analysis. This indicates that the control variables included
in our models allows us to account for this non-linearity. Despite
these challenges, and through these additional checks, we believe that
leveraging the SCI data offers valuable insights, and our approach
allows us to overcome potential biases effectively.

In sum, this research underlines the pivotal influence of social
connectedness in determining the efficacy of public health initiatives,
especially concerning sexual and reproductive health in Sub-Saharan
Africa. The insights here show how aggregate data from social media on
social connectedness can help tap into the intricate web of social capital
dynamics, thereby enabling health professionals and policymakers to
develop nuanced strategies that can bolster sexual and reproductive
health outcomes in Sub-Saharan Africa. It is, however, indispensable
to recognize that these strides hinge on the provisos of data integrity
and accessibility. Navigating and rectifying the constraints tethered
to non-standard, proprietary data reservoirs, like Facebook’s Social
Connectedness Index, is thus paramount to enable these insights to be
applied to the development of health campaigns.

6. Conclusion

While a large body of research across the social sciences argues for
the importance of social capital for shaping health outcomes, existing
research has often faced difficulties in operationalizing social capital at
scale, especially in low- and middle-income country contexts. Through
the integration of Demographic and Health Survey data with a novel
measure of social capital, as proxied by social connectedness of regions
through Facebook friendship links between them, we provide insights
into how social connectedness shapes the diffusion of health knowledge
and behaviours. These findings provide empirical evidence to a large
theoretical literature on social capital and its impacts. They further
underscore crucial implications for the structuring of health informa-
tion campaigns. Firstly, our findings show the profound influence of
knowledge on health behaviours linked to the use of modern contra-
ception and HIV testing. However, we also show that the effectiveness
of an information initiative in a specific region is not solely anchored
in its inherent knowledge base; it is also intricately linked to its social
connections with other regions and their respective health behaviours.
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In navigating these complex interrelationships, Meta’s Social Connect-
edness Index, which taps into Facebook friendships as a representation
of social capital, emerges as a valuable measure. It can pinpoint re-
gions outside the primary focus area that might significantly sway the
outcome of the campaign.

Furthermore, our findings indicate that information campaigns in
regions strongly connected to areas with pronounced disparities in
health knowledge might not be as effective as those in areas linked to
regions with more similar knowledge outcomes. The Social Connected-
ness Index (SCI) then emerges as a pivotal tool, shedding light on the
trajectory and intensity of potential behavioural ripple effects in sexual
and reproductive health campaigns. Harnessing the SCI allows policy-
makers and health experts to delve deeper into the social intricacies
influencing behaviour, thus equipping them with the insights needed
to craft more precise and potent health strategies.
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