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Abstract
The dominance of online social media data as a source for large-scale social network
studies has recently been challenged by networks constructed from state-curated
register data. In this paper focused on the cross-comparison of the network
structures, we investigate the similarities and differences of the Dutch online social
network (OSN) Hyves and a register-based social network (RSN) of the Netherlands.
First and foremost, we find that node metrics and the connectivity of the two
population-scale networks are similar, with more long-distance ties captured by the
OSN, and with the OSN ties proving to be predictive of RSN ties. These results hold
when correcting for population size and geographical distance, notwithstanding that
these two factors appear to be the main drivers of connectivity. Second, we show
using multiple algorithms that the community structure of the two networks is similar
and that neither follows strict administrative geographical delineations (e.g.,
provinces). Instead, communities appear to either center around large metropolitan
areas or, outside of the country’s most urbanized area, comprise large blocks of
interdependent municipalities. Beyond population and distance-related patterns,
communities also highlight the persistence of deeply rooted sociocultural
communities such as the Dutch Bible belt. The findings presented in this work aid in
interpreting results from future studies in which register-based social networks are
used to obtain insights into the social network structure of an entire population.

Keywords: Network science; Online social network; Register-based network; Spatial
networks; Social connectedness; Community detection; Cross-comparison

1 Introduction
The recent rise in large-scale digital tracing from mobile devices enabled, for the first time,
the study of large populations at once. These digital data sources offer researchers un-
precedented access to huge amounts of information on human interactions and behavior
(Lazer et al. [32]), enabling large-scale network analysis using data from online social net-
works (OSN) or mobile phone communication records (Kumar et al. [27], Onnela et al.
[43], Hidalgo and Rodriguez-Sickert [20], Lambiotte et al. [29], Eagle et al. [13]). Early stud-
ies uncovered structural properties of global OSNs such as Meta (formerly Facebook) or
X (formerly Twitter) (Ugander et al. [54], Myers et al. [40]), as well as more localized ones
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such as Hyves in the Netherlands (Corten [9]) or iWiW in Hungary (Lengyel et al. [34]).
Subsequent work illustrated the importance of large-scale social network structure by re-
lating it to various socio-economic outcomes: the abundance and diversity of connections
in a region is linked to its economic prosperity (Eagle et al. [12]), socio-economic inequal-
ity is reflected in more fragmented or closed network structures (Tóth et al. [53], Kovács
et al. [25]), and having more people of high socioeconomic status in one’s social network
is associated with upward social mobility (Chetty et al. [7], Chetty et al. [8]). However, a
drawback of these data sources is that it is often difficult to obtain reliable demographic
information on the nodes, edges may represent multiple different types of connections,
and the sample of both the nodes and the edges can be biased (Sloan et al. [50], Kassa et al.
[22], Mislove et al. [39]).

Recently, state-curated registers that enable social network analysis for entire popula-
tions have become a promising alternative to OSNs and mobile phone data (Van der Laan
et al. [56], Cremers et al. [10]). Register-based social networks (RSN) capture social con-
nections reflected in administrative registers for a well-delineated population of a country
(van der Laan and de Jonge [57], Cremers et al. [10]). Such a population-scale approach
ensures high-quality data on nodes and edges with an administratively documented def-
inition of both. As an example, Statistics Netherlands combined multiple registers cov-
ering family, school, work, household, and next-door neighbor connections into a com-
prehensive population-scale social network with multiple edge types (van der Laan [55]).
A particular strength of RSN data is that it contains explicit information about the social
foci where edges are created (school, work, family, etc.) and therefore allows for multi-
layer social network analysis. As such, the RSN describes the so-called social opportunity
structure (Bokányi et al. [4], Kazmina et al. [23]), i.e., a variety of social contexts where
interactions are possible, although it remains uncertain whether these interactions are ac-
tually realized. Despite its drawbacks such as an overrepresentation of social ties which are
not necessarily active, and an underrepresentation of informal or past connections, this
novel data source has already proven instrumental in offering new insights into persistent
social issues such as segregation (Kazmina et al. [23]) or the intergroup connectivity of
migrants and natives (Soler et al. [51]).

Neither OSNs nor RSNs were originally designed for research, resulting in different
opportunities and challenges for each. Crucially, they are based on different conceptu-
alizations of what constitutes a social tie. The ties in RSN data represent administratively
defined relationships — people are connected through formal ties of kinship, work and
school affiliations, and their registered address. OSNs, however, connect people through
informal ties of nominating others as ‘friends’ or ‘contacts’. This may include a myriad of
social ties, such as family and friends, but also aspired relations, such as ties to celebri-
ties. The findings of Van Eijk [58] suggest that they may compare well, as a large share of
informal ties come from current or former formal ties of people, such as work, school,
or family connections. In previous literature comparing online and offline networks, the
offline part was not large-scale; nevertheless, the Dunbar number as limit for the number
of close social relationships has been showed in Facebook and Twitter data ([11]), online
connections were shown to reflect face-to-face encounters (Subrahmanyam et al. [52]),
and students’ online and offline connection structure might differ based on their cultural
backgrounds (Cardon et al. [6]). However, it is not obvious whether the factors that in-
fluence connection probability play out similarly for large-scale offline formal and online



Menyhért et al. EPJ Data Science            (2025) 14:8 Page 3 of 19

informal ties, such as homophily (McPherson et al. [38]), triadic closure (Asikainen et al.
[1]), or geographic distance between people (Lambiotte et al. [29], Liben-Nowell et al.
[35]).

We aim to position this work as a network structure comparison study. The focus is on
cross-validating two large-scale, fundamentally different social network types (an online
social network and a register-based social network) and extracting insights about their
similarities and differences. This is an essential step in understanding the extent to which
findings from the newly emerging register-based networks generalize to other types of
social networks. We focus our comparison on connectivity and community structure to
understand whether OSNs and RSNs exhibit the same topological features, since they rep-
resent different relationships. We ask a number of important questions related to how the
OSN and RSN compare. Are connection patterns and structural features of nodes simi-
lar in the two networks? What are the types of connections (e.g. family, work, or school)
from RSNs that are best represented in OSNs? How do population size and geographi-
cal distance, i.e., factors known to affect social network connections (Liben-Nowell et al.
[35], Lambiotte et al. [29], Krings et al. [26], Xu et al. [60]), impact each of the two net-
works? Are meso-scale network structures, such as communities (Fortunato [16], Expert
et al. [15], Fortunato and Hric [17]), persistent across different data sources? Are these
communities indicative of predefined administrative delineations, or do they reveal other
patterns of group connectivity in the population-scale social network?

We address the above questions using the unique combination of the Dutch OSN Hyves
of 6.2M nodes and 320M edges, and a register-based multilayer social network (RSN) of
the entire population of the Netherlands of 16.6M nodes and 570M edges, aggregated
at the municipality level. We find that the municipality-level OSN and RSN compare re-
markably well: the weighted networks are both similar for structural node metrics such
as degree, clustering coefficient, and pagerank, and in the edge weights. When we remove
the effects of population and distance as the main drivers of connectivity, these similarities
still hold. Multivariate regression confirms that OSN edge weights are both significant and
increase predictive power in modeling the RSN edge weights. The community structure
of the two networks is also similar, and neither follows strict administrative geographical
delineations but instead reveals deeply rooted sociocultural patterns.

In general, the findings presented in this paper confirm that both online social networks
and register-based networks are useful for modeling the social network structure of a pop-
ulation. Moreover, both approaches lead to similar conclusions, since node-level topol-
ogy, connectivity and community structure are similar in the two networks, especially at
shorter distances, i.e. local spatial scales. As across different countries, more and more
population-scale register-based social networks are expected to be available for research
in the future (Magnani et al. [36], Savcisens et al. [48]), our paper gives a guideline on the
cross-comparison and transferability of results between these different types of datasets.

2 Results
In this section, we first give a brief overview of the OSN and RSN datasets we use in this
study. Then we provide two sets of comparative empirical results. The first pertains node
properties and connectivity, and compares the weighted degree, the clustering coefficient,
and the pagerank of nodes, and the number of edges between municipalities in both net-
works. We also investigate how the different layers in the RSN compare to the OSN. The
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second set of experiments dives into the community structure, focusing on a comparison
with administrative borders and sociocultural aspects of the connectivity patterns. In both
sets of experiments, we consider normalization of the connection strength by two com-
mon aspects known to influence connectivity: population size and geographical distance.

2.1 Online and register-based population-scale social network datasets
We use a unique combination of two large-scale networks, each from 2010. The first is
the formerly highly popular Dutch online social network Hyves (Corten [9]). It was the
main online social networking site in the Netherlands before the advent of Facebook. The
Hyves dataset is an anonymized version of the service provider used in the study of Corten
[9] and includes 6.2M users and more than 320M edges. The second is a register-based
social network sourced from Statistics Netherlands (van der Laan [55]). It contains all
16.6M registered residents of The Netherlands as of 1 January 2010. The roughly 570M
edges between the nodes include formal ties of current family, school, and work relation-
ships sourced from administrative databases. Family relations are derived from the official
parent-child and partner registers, school relations are projections of the bipartite person-
school network sourced from educational records, and work relations are sampled based
on the bipartite employer-employee matching. These different types of edges constitute
the layers of the RSN; we refer to all three of them as the combined layers. The data was
accessed and analyzed using the Remote Access environment of Statistics Netherlands.
The works of Corten [9] and Bokányi et al. [4] contain more details on the composition
and topological properties of both networks.

Direct person-level matching of the two networks is legally and technically impossi-
ble due to privacy concerns and limited information available on the nodes. To facilitate
the comparison, we aggregated the two networks to the level of 431 municipalities of the
Netherlands as of 2010. Weighted edges between the municipality pairs denote the num-
ber of ties between people in the given network – the family, work, and school relations
are all counted as one connection in this aggregation. Figure 1A and 1B illustrate the 500
edges with the largest weights in both networks. These strongest edges connect both ma-
jor cities in the urban areas in the west but also reach out to the rural areas in the east and
north. For more details on the two networks and the construction of the municipality-level
aggregation, see the Data and methods section.

2.2 Connectivity in the OSN and the RSN
In the following set of empirical analyses, we seek to understand the structure of the OSN
and the RSN in terms of their social connectivity. We do so for three versions of the net-
work: the weighted network constructed from the aggregation of the person-level network
reflecting the number of connections between municipalities, and for the same network
with edge weights first normalized by population and then by population and geographical
distance (see Data and methods for details). For each of the three variants of the network,
we then look at structural node metrics of weighted degree, weighted clustering coefficient
and pagerank, and the comparison of edge weights.

Frist, we compare the edge weight representing the connection counts between the mu-
nicipality pairs in the OSN and in the RSN in Fig. 1C. We calulcate the Pearson correlation
of the logarithm of the weights to decrease the influence of large outliers coming from the
skewed weight distributions (see Additional file 1 Fig. 5 for all edge weight distributions)
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Figure 1 The OSN and the RSN and the comparison of edge weights and node-level metrics. Spatial layout of the
top 500 edges between municipalities in (A) the OSN and (B) RSN. (C) Scatterplot of OSN and RSN edge
weights between municipality pairs. (D-F) Scatterplot of OSN and RSN node properties: weighted degree,
weighted clustering coefficient, and pagerank values

– which is 0.939. This suggests a high similarity between the two municipality-level net-
works. However, this similarity could be driven by factors that are known to influence the
number of connections, such as population size and geographical distance between mu-
nicipalities (Expert et al. [15], Krings et al. [26], Xu et al. [60], Lengyel et al. [34], Bokányi
et al. [5], Lee et al. [33], Illenberger et al. [21]). We therefore normalize by population and
distance to exclude these effects. Furthermore, we do a pairwise comparison between the
OSN and each of the separate layers in the RSN (e.g., family, school, or work).

Second, Fig. 1D shows the scatterplots of weighted degree, weighted clustering coeffi-
cient, and pagerank in both the municipality-level OSN and the RSN, where edge weights
are the connection counts. The Pearson correlation of the logarithm of the values – which
we again use because of the skewed underlying distributions of these metrics (see Addi-
tional file 1 Figs. 2-4 for the distributions) is 0.960 for degree, 0.924 for clustering, and
0.979 for pagerank, indicating a high structural similarity between the nodes.

Figure 2A shows the correlation of edge weights between the OSN and the RSN (Com-
bined), as well as for the family, school, and work layers separately. We calculate these
correlations for three different edge weighting strategies. The Count captures the num-
ber of connections between two municipalities which we already used in Fig. 1. For each
barplot from Fig. 2A, the first row shows the correlation corresponding to this weighting
strategy for the differently composed RSN networks. The first bar on top shows the very
high Pearson correlation of 0.939 from Fig. 1C. If we restrict the RSN to a single layer type
in the subsequent bar plots, we get slightly lower correlation values: 0.924 for the fam-
ily, 0.865 for the school, and 0.866 for the work layer. This comparison shows that for the
count edge weights, the full RSN compares best with the OSN.

The population size of a municipality is an important driving factor for connectivity,
as larger municipalities naturally have more connections. The Social Connectedness In-
dex (SCI) metric of Bailey et al. [2] corrects for this dependence by normalizing the edge
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Figure 2 Detailed correlation of edge weights and distance behaviour of connection probability of the OSN and
the RSN. (A) Pearson correlation similarity of OSN and RSN edge weights using all RSN layers (Combined), and
Family, Work, and School layer separately, each for different edge weighting strategies (Count, Social
Connectedness Index (SCI) an distance-aware Social Connectedness Index (DSCI)). (B) Distance dependence
of connection probabilities in the OSN and RSN (C) Correlation of DSCI edge weights for different distance
ranges

weights by the population size of the edge endpoints. Focusing on the results for SCI in
Fig. 2A, we observe slightly lower but still high similarities compared to the plain edge
weights: 0.918 for the combined layers, 0.883 for the family, 0.784 for the school, and 0.873
for the work layers. This suggests that the edge weights of the two networks are similar
beyond population distribution patterns. Again, combining layers gives the highest simi-
larity.

However, these correlations might still be partially driven by distance dependence,
namely that closeby places are more likely to be connected. This relationship is often
formalized as a gravity law (Lambiotte et al. [29]), in which the connection probability
between areas has a power-law dependence on the Euclidean distance with a negative ex-
ponent – sometimes exactly –2 as in the original gravity law, but mostly ranging between
–0.5 to –1.6 for various different social networks (Krings et al. [26], Scellato et al. [49],
Bokányi et al. [5], Lengyel et al. [34], Xu et al. [60]). Inspecting Fig. 2B that shows the con-
nection probability between two municipalities as a function of their Euclidean distance,
we can observe a strong distance decay. The distance decay is slower for the OSN, which
indicates more large-distance connections that are not as sensitive to distance as com-
pared to the RSN. It should be noted that the overall higher probability of the OSN edges
at all distances can be attributed to normalizing the probabilities by user counts instead
of population size.

As a next step, we account for the distance dependence of the connection probability and
propose DSCI: a distance-aware SCI metric that beyond population, is also normalized
by the expected SCI at a certain distance. Thus, this metric reflects the similarity in tie
formation disregarding the effects of both population size or spatial distance. Figure 2A
shows that DSCI correlations between the OSN and RSN drop significantly compared to
the plain SCI measure. The similarity of the OSN and the combined layers of the RSN
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drops to 0.705. This is in the same range as for the family layer, which is 0.676, but we see
smaller similarity scores for the school layer (0.383) and the work layer (0.548).

Because the OSN has more large-distance connections, we investigate how the correla-
tion changes if we restrict the calculations to edges of different distances in Fig. 2C. We
find that the correlation between DSCI edge weights decreases as the distance increases.
Thus, the two networks compare best at local spatial scales, due to the OSN having more
long-distance ties.

We also calulcate the Pearson correlations of the node-level metrics for the two addi-
tional networks: SCI weights and DSCI weights. The distribution, scatterplots and the
exact values of the correlations for weighted degree, clustering coefficient, and pagerank
can be found in the Additional file 1 Fig. 1. Correlation values are only slightly decreased
for these normalized weights, ranging from 0.823 to 0.900, indicating a high level of struc-
tural similarity between nodes regardless of the edge weight normalization method.

2.3 Multivariate modeling
To show whether the OSN edge weights are significant even in the presence of the control
variables population and geographical distance for the modeling of RSN edge weights, we
ran multivariate OLS models. The results are summarized in Table 1 in the Additional file
1. For all three edge weighting strategies, we first include a baseline which models the RSN
edge weights (log) with the population (log) and the geographic distance (log) of the two
municipalities, along the lines of a gravity-like spatial interaction model (Illenberger et al.
[21], Lee et al. [33]). By taking the logarithm of the dependent and independent variables,
the obtained coefficients correspond to the exponents in a gravity-like model formulation.
The sample used for the estimation are all municipality pairs with at least 10 edges in both
the OSN and the RSN, self-loops (i.e. municipality pairs where the two municipalities are
the same) excluded, corresponding to 78,947 observations.

In the baseline models (1,3, and 5), for raw edge counts, the population coefficients are
positive and significant, and the distance coefficient is negative and significant, in line
with the gravity law expectations of increasing social connectivity with population, and
the decreasing connectivity with increasing geographical distance. In baseline models for
SCI and DSCI, we see the coefficients of those variables which are included into the edge
weight normalizations diminishing.

In three subsequent models (2,4, and 6), we add the logarithm of OSN edge weights
to the baseline models. The coefficient for the OSN edge weights is always positive and
significant, moreover, the predictive power of all three models, as measured by the R2, in-
creases – the increase is especially remarkable in the case of DSCI, from 0.026 in model (5)
to 0.508 in model (6). This suggests that the edge weights of the OSN are good predictors
of the RSN edge weights, and this predictive power goes beyond the gravity law, further
confirming the similarity between the two networks.

2.4 Community structure
In this section, we explore the community structure of the municipality-level OSN and the
RSN using two different community detection methods, and compare our results across
algorithms, in addition to administrative boundaries and two distinct socio-cultural units.
This allows us to reveal commonalities in the patterns of the community structure of the
OSN ad the RSN. As far as we are aware, this is the first community analysis of the entire
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social structure of the Netherlands. Intuition and public discourse would suggest a distinct
community centered around the urbanized Randstad area in the west (with Amsterdam,
The Hague, and Rotterdam), separate from the North and the South (Kooij and van de
Laar [24]).

We use the Louvain modularity optimization algorithm (Blondel et al. [3]) combined
with consensus clustering (Kwak et al. [28], Mandaglio et al. [37]) as well as a Stochastic
Block Model (SBM) approach (Peixoto [46]) to obtain network communities. For further
explanation see the Data and methods section. The pairwise similarities of the discovered
communities are calculated using the adjusted mutual information (AMI) metric. An AMI
value of 1 means identical partitions and 0 means that the partitions are only as similar as
expected due to random chance.

Figure 3 presents our community finding results: it shows the maps of Louvain commu-
nities and the various cross-comparisons of the Louvain and SBM communities. In the
tables of Fig. 3A-C, top left 4×4 corner displays the AMI similarity scores comparing the
OSN and RSN communities. Figure 3A is based on the edge weights representing connec-
tion counts, Fig. 3B uses the SCI, Fig. 3C the DSCI metric. The similarity between the two
networks’ communities using the same algorithm (Louvain or SBM) is high for the counts
(0.89 and 0.72) and the SCI metric (0.76 and 0.82). The results from the two community
finding algorithms for the same network, however, display lower similarities (i.e. the AMI
score for the OSN Louvain and SBM on Fig. 3A is 0.31). This is partly attributable to the
different number of found communities: 4 to 7 with the Louvain method, and 8 to 14 with
the SBM method. The country maps of Figs. 3A and 3B displaying the Louvain commu-
nity detection results show spatially contingent community structures. This highlights a
localized geographical preference in group formation. The maps of the SBM communities
can be found in Additional file 1 Fig. 6.

The ‘Province’ row and column in the tables of Fig. 3A-C indicate the similarity of the
resulting partitions from community detection to pre-established administrative bound-
aries, in our case, the subdivision of the Netherlands into 12 provinces. We highlight the
borders of these provinces in Fig. 3A-C in white. We see that some communities largely
follow province borders, with only small deviations, whereas other clusters span multiple
provinces. Numerically, the first two edge weighting strategies (Count and SCI) combined
with the Louvain algorithm give AMI scores for both networks between 0.61 and 0.73.
Corresponding SBM communities, however, are less similar to provinces (0.30-0.32).

If we normalize edge weights for distance as well, i.e., look at DSCI in Fig. 3C, we get a
lower similarity, 0.47, between the two Louvain community structures, but still 0.66 be-
tween the SBM community structures. DSCI communities have lower AMI scores for the
Louvain–Province comparison, and higher AI scores for the SBM–province comparison
in contrast with the Count and SCI communities. The number of communities in the SBM
(14) is closer to the number of provinces (12), thus, both the lower values for Louvain, and
the higher ones for SBM indicate that the administrative divisions are partly present in the
communities found by the two algorithms.

The visual representation of the DSCI Louvain results on the map suggests that the
communities are no longer spatially contiguous. We find one specific community in both
networks that spans from the southwest to the northeast. This roughly follows the area
of the Bible Belt of the Netherlands, a set of regions that form a distinct sociocultural
unit with high shares of religious adherence and conservative voters (Exalto and Bertram-
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Figure 3 Comparing community structures of the OSN and the RSN. Community structure similarity of the
online social network (OSN), the register-based social network (RSN), administrative borders (Provinces), and
the Bible Belt and Randstad areas, measured in terms of Adjusted Mutual Information (AMI) for (A) the plain
weighted network, (B) weights normalized by population density (SCI) and (C) population density and
distance (DSCI) for Louvain and Stochastic Block Model (SBM) community detection algorithms. The maps in
the figure represent the Louvain communities, for SBM communities see Additional file 1 Fig. 6

Troost [14]). To make the community finding results numerically comparable to the def-
initions of the Bible Belt and our expectations about the Randstad, we categorized mu-
nicipalities based on whether they formally belong to these areas, and compared the cat-
egorization with the obtained partitions. The Bible Belt is defined as the set of munici-
palities in which the popular vote for the SGP party (Staatskunding Gereformeerd Partij
– a conservative Christian party) exceeds the 4% threshold (Rellstab [47]). While there is
no formal definition for the Randstad municipalities, they can be approximated with the
urbanized municipalities of the four provinces Noord-Holland, Zuid-Holland, Utrecht,
and Flevoland (Kooij and van de Laar [24], Zonneveld and Nadin [61]). We created addi-
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tional figures in the Additional file 1 (Additional file 1 Fig. 8 and 9) representing overlaps of
the clusters with the Bible Belt and the Randstad. Especially the Bible Belt municipalities
are dense in a few communities in the DSCI results of both the SBM and Louvain algo-
rithms. We also added AMI scores in Fig. 3 comparing the binary partitioning of Bible belt
/ non-Bible belt or Randstad / non-Randstad to the community finding results in last two
columns of the AMI tables. We observe and increased AMI of the DSCI communities for
both the Louvain and the SBM results, 0.17-0.34, as compared to the previous weighting
stragegies 0.04-0.10, numerically confirming that the communities based on DSCI weight-
ing highlight these two sociocultural areas. Again, a slightly lower score is attributable to
the differing number of partitions in the communities and the binary partitioning corre-
sponding to the Bible belt and the Randstad.

3 Discussion
It is well-known in the social network analysis literature that each source of social net-
work data comes with its particular biases, as well as data completeness and data quality
issues (Lazer et al. [31]). In the following, we expand on the usability and potential limita-
tions of RSNs in the light of our findings.

We have analyzed the similarities between two Dutch large-scale networks from dif-
ferent data sources: Hyves, an online social network (OSN), and a register-based social
network of Statistics Netherlands (RSN), each aggregated to the municipality level. We
found that the two networks are very similar in terms of the topology of the nodes (de-
gree, clustering coefficient, and pagerank) and connectivity. The RSN is most similar to
the OSN when including all available edge types, thus, when combining multiple contexts
of life in the construction of the register-based network. Moreover, the OSN weights are
significant and improve the predictive power of a simple multivariate gravity model when
modeling the RSN edge weights.

This suggests that behind the ‘friend’ edges of online social networks, there are mul-
tiple different mechanisms at play when users establish connections. While OSNs do a
good job of capturing the social opportunity structure as established by the RSNs (and the
other way around), OSNs are composed of several undisclosed edge sets with different
characteristics. This result is in line with the literature that suggests that a large share of
informal relationships are based on various forms of current or former family, school, and
work connections of people (Van Eijk [58]). This also implies that even though a register-
based network does not capture informal connections by definition, a superposition of
various formal connections performs well when modeling an aggregated social network
of a whole country.

We postulated that the very high similarity between the two networks can be by the
simple fact that the same main factors of edge formation drive the connectivity in both
networks. Therefore, we performed two normalization approaches: we calculated the SCI,
a population-normalized version of the edge weights, and the DSCI, the deviation from the
expected SCI at a given geographical distance. We find that the Pearson correlation of the
edge weights decreases if we apply the normalization. However, it remains at a relatively
high value of 0.7 even for DSCI. Thus, there remains a considerable similarity in social
connectivity even after accounting for the population density and distance effects. This
is further supported by the evidence of a multivariate statistical model, in which we find
that OSN edge weights (for all weighting strategies) are significant and improve predictive
power for modeling RSN edge weights even when controlling for population and distance.
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The remaining similarity when using the population and distance-normalized weight
DSCI most likely captures socio-cultural homophily and geographical or economic con-
straints, footprints of which are in the structure of both types of municipality-level net-
works. This is reflected in the multivariate statistical model where explanatory power of
the gravity model is very low, and it increased considerably when adding the OSN DSCI
weights to the model, thus indicating that similar remaining edge formation mechanisms
underlie both networks. The fact that the correlation of DSCI edge weights decreases with
increasing distance highlights that mostly the local structures are similar in the OSN and
the RSN. Long-distance connections are both more numerous and more random in the
OSN used in this paper, which we can partly trace back to a limitation in the original
underlying data, namely, the sampling strategy for work relationships – for companies
larger than 100, the 100 geographically closest colleagues are chosen as work connections
for a person. This sampling is designed to overcome the problem that the Dutch admin-
istrative registers do not contain information about the exact location of the employee
within an organization. The sampling is reflected in both the faster distance decay of the
RSN edge probability, and the lower correspondence between the two networks for larger
distances. While the choice of including the 100 closest colleagues into the work-related
social opportunity structure of individuals seems to be an arbitrary limit, a random sam-
pling approach would include colleagues from faraway subunits with even lower chance
of an actual realized relationship than the distance-based sampling. The distance-decay
behaviour of family and school RSN edges (Additional file 1 Fig. 7), however, suggests that
if better quality work data would be available, and we would not have to rely on a sampling
strategy for large organizations, it would improve the RSN representation of large-distance
connections.

Our first analysis of the community structure of the whole of the Netherlands also re-
vealed striking similarities between the OSN and RSN. Again, we find the least corre-
spondence between the OSN and RSN communities when using normalization for both
distance and population. However, in this latter case, a remarkable community that is not
geographically contiguous appears in both the OSN and RSN. It includes most of the so-
called Dutch Bible Belt, which is a set of regions that form a distinct sociocultural unit
with high shares of religious adherence and conservative voters (Exalto and Bertram-
Troost [14], Rellstab [47]). Thus, distance- and population-aware communities uncover
socioculturally similar regions in both networks in a similar way to Expert et al. [15].
If we compare communities with the administrative boundaries of Dutch provinces, we
find that distance-unaware communities somewhat correspond to administrative bound-
aries. However, there are notable differences, such as the northern part of the province
of Flevoland attaching to Overijssel. This might reflect that economic and infrastruc-
tural constraints matter more than administrative division in this case, since the Northern
parts of Flevoland are infrastructurally well-connected to the neighboring province. When
using DSCI, there is very little agreement between network communities with province
boundaries. Hence, socioeconomic policymaking on topics such as labor markets, infras-
tructure investments, or formal care systems might be better based on community clusters
rather than provincial boundaries.

The differences in the structures of the OSN and RSN highlighted throughout this pa-
per might originate from the different underlying link generation strategies in the two
networks. In the RSN, family links represent persistent ties, whereas work and school re-



Menyhért et al. EPJ Data Science            (2025) 14:8 Page 12 of 19

lationships only reflect the situation of the current year. OSNs capture the fact that some
relationships are always retained from former schools or workplaces, even if sometimes
in a different context such as a close friendship. Aggregating RSN links over time (e.g.
similarly to Cremers et al. [10]) and comparing them with the OSN structure could pro-
vide further insight into this matter. However, OSN links might reflect connections of
very different strengths, ranging from close family to distant past acquaintances. This can
partly explain the differences in the structure of large-distance connections between the
RSN and the OSN. RSNs miss out on important informal relationships such as church or
leisure groups. The OSN node sample is also heavily biased towards younger users (Corten
[9]), which may have important consequences on both the number of links – young adults
tend to have the highest number of connections (Bokányi et al. [4]) –, and the distance
distribution of those edges if younger people are more mobile. We observe the structural
similarity of the two municipality-level networks despite these differences.

4 Conclusion
In this work, we provided an comparison of the population-scale network structure of an
online social network (OSN) and a register-based social network (RSN) in the Nether-
lands. We observed similarities between the structure of the two networks despite the
OSN containing self-reported friendship ties, and the RSN being based on legal defini-
tions of kinship and formal affiliations such as work and school. We showed that the two
networks are similar when comparing structural metrics of modes, their connectivity; that
combining all available RSN layers (family, school, work) results in the highest similarity;
that similarity remains relatively high even after accounting for population and spatial dis-
tance patterns, especially for local edges; and that OSN edge weights are significant and
improve predictive power when modeling RSN edges.

By analyzing communities of the two networks with different edge weighting strategies
with multiple algorithms, we showed that the networks have similar community structures
using all three edge weighting strategies; and that detected communities do not closely
follow pre-established administrative borders, especially when accounting for population
and distance patterns. However, the latter method uncovers a socioculturally tightly knit
community that corresponds to the Dutch Bible Belt.

In summary, we expect researchers to draw similar conclusions based on register-based
social networks and online social networks. Both data sources are useful for modeling the
social network structure of a whole population, and the more edge types a register-based
network contains, the better the comparability.

5 Data and methods
In this section, we first present Hyves and the register-based social network of Statistics
Netherlands, the OSN and RSN datasets, and their aggregation into Dutch municipalities,
followed by a detailed description of the RSN layers. Then, we introduce our notation
and describe the methods for normalizing edge weights. Lastly, we outline the process of
identifying communities.

5.1 Social network datasets
OSN. The Hyves online social network was an online social media platform in the Nether-
lands (Corten [9]) before the advent of Facebook. The dataset represents the late 2009 state



Menyhért et al. EPJ Data Science            (2025) 14:8 Page 13 of 19

of the network which during its peak period contained 10M people, covering up to 60%
of the population of the Netherlands. The network represents supposed friendship con-
nections between its registered users. There are 6.2M users with a self-reported place of
residence at a municipality-level resolution, with 320M edges between them. We excluded
users flagged as celebrities from our analysis.

The self-reported municipality names in the data were provided by users and therefore
were prone to different errors. Norbutas and Corten [42] cleaned and aggregated place
names at the municipality level even if users gave different administrative units, such as
neighborhoods, as their place of residence. The municipalities were matched to the offi-
cial list of Statistics Netherlands as of 2009. We use this cleaned and matched municipality
dataset, and refer the reader to Norbutas and Corten [42] for more details on data pro-
cessing.

RSN. The register-based social network (RSN) is compiled by Statistics Netherlands
(CBS) from official records (van der Laan and de Jonge [57], van der Laan [55]). In this
network, the nodes are all 16.6M residents of the Netherlands in 2010. The roughly 570M
edges are organized in three layers representing different contexts of life: family, school
and work relations. Family relations are derived from the official parent-child and partner
registers, school relations are projections of the bipartite person-school network sourced
from educational records, and work relations are derived based on the bipartite employer-
employee matching. Each person’s place of residence (municipality) is known. In the fol-
lowing, we give more details on the different layers.

Family layer. Family connections are derived from official parent-child and partner re-
lations. The partner relations are united from marriage registers, tax declarations, and
household registers. From the above two source datasets, other family ties such as grand-
parents, grandchildren, siblings, aunts, uncles, cousins, nieces, and nephews are inferred.
Step and in-law relationships are also included.

School layer. School connections are aggregated from various official educational agen-
cies spanning five levels of education: elementary, secondary, secondary special, voca-
tional, and higher. People have a school connection if they go to the same school, in the
same yeargroup, at the same school location (larger organizations might have multiple
sites in different municipalities), and type of education (e.g. vocational or secondary).
University and other higher education students are further distinguished by study pro-
grammes. Teachers are not linked to students through schools.

Work Work connections contain links between people working for the same employer
of their major source of income. If a company has less than 100 employees, all of them
are connected to each other. Otherwise, a person is connected only to the 100 co-workers
closest to their residence.

We introduce the intuition and notion of the aggregated network of municipalities cre-
ated from the person network. As direct person matching between the two networks is
infeasible, we aggregate the networks such that nodes are the 431 municipalities of the
Netherlands in 2010, and weighted edges between municipality pairs count the number
of ties between people in the municipalities that the link connects. There were a few mu-
nicipality merges in The Netherlands from 2009 to 2010 that we applied to the network
dataset as well. We obtain this aggregated network for the OSN and every relevant layer
in the RSN (family, school, and work), as well as for a combination of these layers. In the
combined layers, an edge exists between two people when at least an edge exists in any of
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the three layers. If multiple edges run between people in the base layers, we count it as a
single edge in the aggregated layer.

5.2 Preliminaries
We introduce the notion of the aggregated multilayer graph. The notation is based on
Bokányi et al. [4]. We represent a person-level network as Gp = (Vp, Ep, L), where Vp is the
set of nodes respresenting people. In our case, the residents of the Netherlands in 2010
consisted of |Vp| = np = 16.6M people. The set of undirected edges running between these
nodes can be described as

Ep ⊆ {({u, v},�) : u, v ∈ Vp, u ≠ v, � ∈ L}, (1)

such that L is the set of possible layers. In this setting, we can represent the network Gp

using personal level binary adjacency tensor (Ap)u,v,�. An entry au,v,� of this matrix is 1 if
and only if an edge runs between persons u, v ∈ Vp in layer l ∈ L, and 0 otherwise.

We define G = (V , E, L) as a multilayer graph. In this case, V is the set of municipalities,
n = |V | = 431 is the number of nodes. The set of undirected edges is

E ⊆ {({u, v},�, w) : u, v ∈ V , u ≠ v, w ∈R, � ∈ L}, (2)

such that L is the set of the possible layers and w is the strength of the connection be-
tween the two municipalities, for which we propose three different weighting schemes in
the Weighting strategies section below. We can represent the edges E using an adjacency
matrix Au,v,� that counts half-edges that run between u, v ∈ V in the layer � ∈ L.

We can relate the two representations as follows. We can represent the place of residence
using a binary affiliation matrix B of shape np × n. An entry in this matrix is 1 if u ∈ Vp is
affiliated to v ∈ V . With the help of this representation, we can calculate

Au,v,� = BT (Ap)u,v,�B. (3)

Here, (.)T represents matrix transposition.
Person-level edges can also originate and end in the same municipality. This is repre-

sented by weighted self-edges in the aggregated graph. The above equation would count
person-level edges twice within the same municipality. However, we dropped all of the
self-edges when running our experiments.

In this weighted municipality-level network, the edge weight wij thus represents con-
nection counts. When connections from all layers are added,

wij =
∑

�

Au,v,�.

5.3 Weighting strategies
We compare the strengths of the connections between municipality pairs in the RSN and
the OSN by comparing edge weights corresponding to the same municipality pair. We
incorporate population and distance into the weighting scheme as follows.

Population corrected weighting. We use a metric that not only counts connections be-
tween areas but also takes into account that larger population areas typically have more
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connections inspired by Bailey et al. [2]. Within a layer, the metric between i, j ∈ V is for-
mulated as

SCIij =
Connectionsij

Possible connectionsij
. (4)

If i ≠ j, then the number of possible connections is Populationi × Populationj. Otherwise,
it is equal to Populationi × (Populationj – 1). In the case of the RSN, the population is the
number of inhabitants. In the case of the OSN, population is the number of users that have
self-reported the municipality as location in their profiles.

Population and distance corrected weighting. It is widely known that distance is an im-
portant factor when forming connections (Lambiotte et al. [29]). A power-law distribution
often models this dependency which is often called the gravity law. In our context, we use
a model-free metric inspired by Expert et al. [15]. To measure the distances of municipal-
ities, we calculate the distances of the centroids of the municipalities using the Euclidean
distance metric.

The proposed distance-aware social connectivity index (DSCI) is given by

DSCIij,D =
SCIij

E [SCI|D]
, (5)

where D denotes a certain spatial distance and E[·] denotes the expected value of a vari-
able. We approximate this value by creating 200 bins that contain an equal number (464)
of municipality pairs between 0 and 360 km.

5.4 Node-level features
We use three metrics from the networkx Python package to characterize nodes in the
three weighted networks.

1. We calculate the weighted degree of nodes:

Dw
i =

∑

j

wij.

2. We use the weighted version of the clustering coefficient which in the package
corresponds to the geometric average of the subgraph edge weights (Onnela et al.
[44]).

3. Third, we calculate the PageRank of each node to reflect its centrality with damping
parameter α = 0.15.

5.5 Community detection
Community detection (Newman [41], Girvan and Newman [18]) is a way to identify
groups of nodes in a network that form tightly knit subunits that are more loosely con-
nected with other subunits. We use this to investigate the meso-level structure in our net-
works. We perform community detection based on the Louvain method, which accounts
for edge weights. This allows us to investigate the three community structures resulting
from our three edge weighting strategies: the number of connections between municipal-
ities, the SCI weights, and the DSCI weights. We set the resolution parameter to 1. We
use the Python package networkx (Hagberg et al. [19]).
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It is well-known that community detection algorithms involve a degree of randomiza-
tion. This can be accounted for by using consensus clustering (Lancichinetti and Fortunato
[30]). In our first set of experiments, we use 1) 1000 iterations of the Louvain algorithm
to 2) create a new network based on the number of times the nodes belonged to the same
community. Then, we go to step 1) and repeat until convergence. It took 3 iterations until
all node pairs distinctively belonged to the same community. In the second set of exper-
iments, we use the Stochastic Block Model (SBM) of Peixoto [46] implemented in the
graph-tool Python package to find non-overlapping communities. The results in both
cases can also be regarded as a partitioning of the node set V into R non-empty partitions
U = {U1, U2, . . . , UR}, where Ui ∩ Uj = {} for any i ≠ j, i, j ∈ {1, 2, . . . , R}, so the partitions are
pairwise disjoint, and ∪R

i=1Ui = V .
We use the Adjusted Mutual Information (AMI) metric of Vinh et al. [59] to compare

the partitions we get from the concensus clustering and the SBM on the different networks
and edge weighting strategies, and also to compare the network partitions to the province
borders of the Netherlands, and the Bible belt and tha Randstad areas which in essence are
also partitioning into 12, 2, and 2 partitions, respectively. If we have two different parti-
tionings, U = {U1, U2, . . . , UR} of R partitions, and T = {T1, T2, . . . , TC} of C partitions, then
the Adjusted Mutual Information is:

AMI(U , T) =
MI(U , T) – E {MI(U , T)}

avg {H(U), H(T)} – E {MI(U , T)} . (6)

In the above equation, MI stands for Mutual Information, which if calculated as

MI(U , T) =
R∑

i=1

C∑

j=1

PUT (i, j) log
PUT (i, j)

PU (i)PT (j)
, (7)

where PUT (i, j) = |Ui∩Tj|
|V | is the probability that a node belongs to partition i in U , and par-

tition j in T , and PU (i) = |Ui|
|V | is the probability that a node belongs to partition i in U , and

PT (j) = |Tj|
|V | is the probability that a node belongs to partition j in T . E denotes the ex-

pected value of the Mutual Information, for details on its calculations, we refer the reader
to Vinh et al. [59]. The expected MI terms normalize this score to reflect that two random
partitionings can also have similarity by chance.

H stands for the entropy associated with a partitioning U :

H(U) =
R∑

i

–PU (i) log PU (i). (8)

We use the implementation of the scikit-learn (Pedregosa et al. [45]) Python
package (see sklearn.metrics.adjusted_mutual_info_score) for the calcu-
lations.

List of abbreviations
CBS, Statistics Netherlands; DSCI, distance-aware Social Connectedness Index; OSN, online social network; RSN,
register-based social network; SBM, Stochastic Block Model; SCI, Social Connectedness Index.
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