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1 Introduction

Social networks are generally seen as an interesting object of study from both the
perspective of the social sciences [26] as well as of the natural sciences [1, 23]. The
advent of computational social science [20] marked the joining of forces of these two
disciplines, among other things in search for new network analysis methods and min-
ing algorithms to address pressing social scientific questions. The relatively recent
availability of digital trace data sparked a number of studies focused on the analysis
of large-scale social networks. Very frequently, these social networks are obtained
from social media data [21] or telecommunication data [3]; oftentimes sourced from
organizations that operate the infrastructure behind these networks through data shar-
ing agreements or by means of scraping or sampling. While interesting due to their
large size, these networks are inherently subject to bias in terms of who is included.
For example, the set of users of a social media platform is not necessarily a uniformly
random sample of the population [24]. Moreover, the connections represented in such
datasets are not per se an accurate display of one’s social circles, and might involve
spurious connections that do not represent meaningful ties in the real world [7]. In
other words, the so-called boundary specification problem [19] depicted in Figure 1
(left) plays its parts in large-scale social network data. This means that it is often
unclear according to what inclusion criteria a dataset was sampled. Even more so,
there is the risk that the commercial organizations behind the social media platforms
unexpectedly change their data access policy, resulting in sudden unavailability of
such social network data for research purposes [29].

A recent line of work has proposed to create networks from official government-
curated register data at the level of a complete population, e.g., an entire country.
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Fig. 1 Boundary specification. Sampling-induced (left) vs. Population-induced boundary (right).
Blue nodes are in the sample, grey ones are not. The rightmost outline is that of the Netherlands.

Because such administrative data is based on population registers, it is typically
highly complete. This means that the delineation of the set of nodes is precisely
defined by those people present in the population under consideration. In Figure 1
(right), this situation is contrasted to the aforementioned sampling-induced boundary.
In a population-scale network, the set of edges is not a collection of self-reported ties,
but rather stems from official register data and, e.g., tax filings. For example, birth and
marriage registers can be used to derive family connections. Income tax data can be
used to obtain employment information, enabling the derivation of an individual’s
colleagues. In a similar vein, schoolmates can be identified from central school
administrations. Housing registers can in turn, when combined with geospatial data,
be used to derive household and next-door neighbor ties. The resulting networks are
known under different terms, with the most frequently used ones being “population-
scale social network”1 and “nation-scale social network”2. The creation of such
network data at the country level is typically done by national statistics institutes [2,
30] that are able to link, in a responsible and privacy-preserving manner, data on
individuals originating from different governmental data sources.

The remainder of the text starts with a description of the main concepts and
terminology related to population-scale social networks in Section 2. We then give
an overview of some of the most important findings from the field in Section 3,
ending the chapter in Section 4 with an outlook in terms of what opportunities this
type of social network data offers researchers in the years to come.

1 See, e.g., the POPNET project (2020–2025) in the Netherlands: https://www.popnet.io
2 See, e.g., the Nation-scale Social Networks project (2020–2025) in Denmark:
https://sodas.ku.dk/projects/nation-scale-social-networks



Population-scale Social Network Analysis 3

2 Population-scale Social Networks

A population-scale social network is defined as a graph consisting of:

• a set of nodes representing people in a clearly demarcated population, and
• a set of edges originating from one or more well-defined contexts.

The most common and simple demarcation of a population of people, i.e., the
node set, is a country. Data on the place of residence of people can be used to study
precise sub-populations of, e.g., provinces, municipalities, or neighborhoods. In
addition, demographic data on for example people’s age, education, socio-economic
status and race can provide contextual information on the individuals in the data in
the form of node attributes. Unique about population-scale social networks in terms
of data quality is that the set of nodes is often highly complete. Concretely, there is
no question of sampling bias or error resulting from for example entity resolution
problems. This is typically because the data creation process utilizes government-
issued identifiers from centralized population registers, that are per definition unique.

When the set of edges stems from multiple different contexts, e.g., different
government registers on employment and family of people, a multi-layer network
representation [17] in which each layer defines the precise context from which the link
stems, is often used. An example is given in Figure 2, visualizing one person’s ego
network (red center node), featuring five different (partially overlapping) contexts

Fig. 2 Ego network of center red node in a 5-layer population-scale social network.
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(layers). The set of edges is equally complete: for each context represented, the
official underlying data source is typically available for the population as a whole.
For example, in a layer of work connections, precisely all colleagues associated with
the same organization as the ego’s employer, are represented. Similarly, a layer of
family connections contains all family up to a certain degree of kinship.

One very substantial caveat in all of the above, lies in the word “complete”. Given
the definition of how the network was constructed from official government registers,
the data itself is indeed highly complete. However, this does not say anything about
the use of that particular type of connection for a downstream task utilizing the
network data. For each context (layer), connections may or may not be meaningful in
modelling a particular network process. More generally, it is uncertain whether for a
given ego node, the connections in the various layers represent the true social circles
of that node. Certain layers may oversample the number of meaningful connections.
This may happen, e.g., when all classmates are used as a proxy for someone’s
friendship network. On the other hand, only utilizing register-based data may in fact
undersample friendships acquired via, for example, informal sports clubs.

Be it epidemic spread, knowledge diffusion, social influence or the plain mea-
surement of social capital (for more examples, see Section 3); which links of the
population-scale network are “active” or “meaningful” may differ depending on the
studied problem. When this is approached as a problem of data quality; then it is
actually about the accuracy of the links present in the data. Here it can be useful
to, loosely inspired by [6, 18], distinguish between formal and informal ties. We say
that formal ties represent connectivity of individuals originating from co-affiliation
within a well-defined context and accompanying data source (e.g., business registers
or family archives), over which the individual itself has limited control. These are
typically the links present in a population-scale social network. In turn, informal
ties represent relationships caused, created and/or to some extent controlled by the
individual(s) involved in that particular tie. Clearly, formal and informal ties are not
mutually exclusive: they may overlap, some formal ties may not be reported on by
an individual, and the other way around, formal ties may not capture all meaningful
social connections, i.e., the informal ties.

Depending on what downstream task is performed on the network, a population-
scale social network may thus undersample or oversample certain types of connec-
tions. A particularly useful more social-scientifically theoretical way of approaching
the links in the population-scale social network, is that of the social opportunity
structure [5]. Each layer of the network can be seen as a particular context, i.e.,
opportunity structure, in which the individual is potentially exposed to a certain
group of people (e.g., neighbors, colleagues or classmates). This conceptualization
has been used in a number of studies, on which the section below elaborates further.
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3 Advances

The structure of population-scale social networks has been shown to exhibit uni-
versal structural properties also observed in other types of social networks, such
as small-world characteristics, high clustering and a skewed degree distribution, as
shown in [5]. This paper also shows how the multi-layer structure enables an un-
derstanding of how people’s connections in different contexts, such as family, work,
and neighborhoods, evolve over an individual’s life course based on factors like age
and socioeconomic status. Population-scale network data has also been compared
to online social networks. The work presented in [22] focuses on doing so for the
Netherlands, comparing its population-scale social network with that of the country’s
at that time most dominant online social networking website. Results of applying
community detection to these networks revealed historical and sociocultural sub-
groups. Perhaps equally importantly, the work showed that both types of networks
capture similar connectivity patterns, suggesting that aforementioned oversampling
and undersampling problems might be equally persistent in both online and register-
based population-scale social networks. Whereas above referenced comparison was
done using aggregated data, a number of studies utilizes individual level data. In
such data, the importance of ensuring privacy of individuals in the population-scale
social network has sparked a line of research on measuring and ensuring anonymity
in networks [10, 11]. Findings in these works suggest that straightforward knowl-
edge of distant connections significantly reduces overall network anonymity. These
insights can be used for building more robust privacy-preserving data sharing and
data publication techniques for (population-scale) social network data.

As suggested in [13], the potential of population-scale social network analysis
lies not merely in analyzing network structure. This type of data also presents a
novel way to study many relevant research topics of interest to social scientists. For
example, population-scale social network analysis been instrumental in examining
socio-economic segregation [31, 32]. Recent work showed that segregation is often
more pronounced when measured in people’s social networks, as compared to when
measured in the traditional way, being within spatial neighborhoods [16]. Social
capital studies have also benefited from this type of analysis, allowing for more
precise measurements of bonding and bridging capital within a population [12].
Additionally, population-scale social network analysis has been used to explore
people’s perceptions on immigration, demonstrating that both direct contacts and
broader social networks shape these views, with tipping points that depend on the
extent of exposure [15]. Moreover, population-scale network data has been used
to examine how social context influences the formation of close intergroup ties
between immigrants and natives [28]. It turns out that opportunities for intergroup
interaction in private contexts significantly increase the likelihood of forming these
ties, with natives who have immigrant parents serving as key brokers. Beyond studies
rooted in sociology, socio-economics, and political science, population-scale social
network analysis has been applied in the field of family studies to better understand
kinship networks [33]. In this domain, a recent work confirmed the generalizability of
particular demographic patterns of interest across different country’s populations [9].
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Population-scale social networks have furthermore been used in the domain of
public health, in particular in epidemic spread modelling, where network centrality
measures were used to predict infection risks during the COVID-19 pandemic [14].

Overall, the studies referenced above collectively highlight the broad applicability
and impact of population-scale social network analysis across diverse fields, from
network science, to various strands of the social sciences, to public health.

4 Opportunities

Advances in methods for large-scale network analysis [8] combined with the in-
creasing availability of register data for research purposes [27] has made it possible
for population-scale social network analysis to establish itself as a core topic in the
domain of computational social science. This has made it possible to study con-
temporary social scientific problems making use of data at unprecedented scale,
providing unique avenues for methodological advances in the field of network sci-
ence and social network analysis. The magnitude of population-scale data together
with rich features on both the nodes and edges presents plenty of directions for de-
velopment of data processing techniques and efficient network analysis models and
algorithms. More specifically, the multi-layer large-scale structure of population-
scale social networks has the potential to co-evolve with recent methodological
advances in higher-order network models [4], which may help to better capture the
complex group structures in population-scale network data.

The most logical yet extremely promising next step forward in population-scale
social network analysis is that of longitudinal analyses of the network structure.
This allows the field to move from insights related to people’s position in the social
network at a given point in time, to how real-world phenomena relate to how this
network position evolves over time. Studying this at macro scale enables insights into
the dynamics of an evolving population. First steps in this regard are to some extent
taken in [25], which focuses on the evolution and predictability of human lives based
on detailed event sequences. The work suggests how this type of work may allow
researchers to “discover potential mechanisms that impact life outcomes as well
as the associated possibilities for personalized interventions.” Indeed, longitudinal
network data is also a first and necessary step to deriving causal insights about
the relation between social network structure and contextually meaningful outcome
variables.

The future development of this field is dependent on continued intensive syner-
gistic collaboration between researchers and national statistics institutes. This way,
reusable and interoperable research infrastructure can be developed, enabling sci-
entific research at population-scale with verifiable and reproducible results, while
respecting legal and privacy-related guidelines. Moreover, it requires the availability
of co-located population-scale data and compute infrastructure, integrating large-
scale high performance computing infrastructure and secure government research
data access environments.
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In the years to come, scholars should seek to even further integrate this line of
research into the broader field of computational social science. It is abundantly clear
that population-scale social network data offers decades of research opportunities for
both fundamental network science research as well as applied research on the most
pressing social scientific challenges that our society will face in the years to come.
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