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Network Analysis of Internal Migration in Austria

DINO PITOSKI, THOMAS J. LAMPOLTSHAMMER, and PETER PARYCEK, Danube University

Krems

Human migration, and urbanization as its direct consequence, are among the crucial topics in regional and national gover-
nance. People’s migration and mobility flows make a network structure, with large cities acting as hubs and smaller settle-
ments as spokes. The essential method by which these phenomena can be analyzed comprehensively is network analysis.
With this study, we first contribute to capacity building regarding the analysis of internal (national) migration data by provid-
ing a set of network indicators, models, and visualizations tested and argued for in terms of applicability and interpretability
for analyzing migration. Second, we contribute to the understanding of the shape and scale of the phenomenon of internal
migration, particularly toward urbanization and mobility flows between human settlements (i.e., cities, towns, and villages).
Third, we demonstrate the utility of our approach on the example of internal migration flows in Austria on the settlement
level and provide a longitudinal analysis for the period from 2002 to 2018. To the best of our knowledge, this is the first time
that the key traits of a network of internal migration are identified for a European country, which, when accompanied by
additional country analyses, has the potential to reveal the migration patterns in the region and beyond.
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1 INTRODUCTION

The latest mass migration to Europe, often cited as the “migration crisis,” showed in an unambiguous way the
exigence for international joint policy actions across all geographic scales [1]. This circumstance is also reflected
in the fact that the 2030 Agenda for Sustainable Development, comprising the 17 Sustainable Development Goals
(SDGs), explicitly includes the challenges of migration [2, 3] that become directly embedded into regional and
national political strategies.
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The targets (indicators) defined by the SDGs are heavily reliant on data collection, particularly by national
authorities [4, pp. 8–9]. These data are often translated one-to-one as indicators, and indicators are often rated
as reductionist [5]. It becomes clear to the development community that more efforts need to be invested into
building national capacities to systematically analyze migration data [6].

With current capacities, aided by politicization and media influence, the scale of migration is oftentimes been
wrongly perceived (i.e., to a larger extent than there actually is) [6]. Often, and particularly in global development
policy, the international dimension of migration gets the most attention. Migration, in the minds of many, reflects
relocation to a different country. The fact is, however, that the share of international migrants in the global popu-
lation, persistently, from the start of its measuring (1960s onward), stays at about 3% [7], whereas within-country
migration—internal migration—is known to be at least three times greater than international [8]. Although the
two types of migration are proven to be complementary, where one is a strong predictor of the other [9], the re-
search on internal migration remains largely ignored [10].

Moreover, migration and urbanization are often considered as separate topics. The rate of urbanization is enor-
mous, with the number of people living in cities projected to rise to about 5 billion people by 2030—yet another
global problem requiring collaborative governance (SDG 11: Sustainable cites and communities). Urbanization
is a direct result of migration, be it internal or international, and one could argue that urbanization is just another
class from the utterly many categories of migration [11]. Policy experts, however, become more and more aware
that internal and international migration, mobility, and urbanization must be approached integratively [12].
In the European Union, especially, due to its constitution being founded on the free movement of people, migra-
tion and mobility have for a long time been recognized as a unitary concept [13]. Increasingly, EU policies also
recognize the connection of migration (mobility) and urbanization, with migration being one of the cross-cutting
issues consequential for urban development [14].

What underlies all migration, international and internal, is a network of cities, towns, and villages (human set-
tlements), in which large cities act as hubs and smaller settlements as spokes. By analyzing this network one
can obtain relevant insights about urbanization as well, as smaller settlements become larger settlements and
vice-versa inherently as a consequence of internal migration, alongside international migration and natural birth.
In addition, analyzing migrations within shorter time spans practically means analyzing mobility. In that per-
spective, to support the policies in any of the relative domains—governance of migration and mobility, or urban
growth planning—both national and international capacities need to be improved to incorporate comprehen-
sive analyses of network patterns, and forecasting of migration exchange in the network of human settlements.
Effectively, this is pursuable using tools of network science.

Network analyses of human migration, especially at the level of human settlements, are, however, very rare.
From the beginning of the 2010s, with the opening of the global migration database [15], several network analyses
have been done at the level of countries, describing global connectedness of countries in terms of bilateral migrant
stocks. These analyses are, however, overshadowed by uncertainties in terms of the accuracy of data, which are
clearly addressed in the original source, where data can be considered to provide only a rough estimate of global
nation-in-nation dispersion. Consequently, the network analyses based on these data are neither reliable as
policy information nor suitable for focused policy decisions. However, only a few network studies have looked
into migration at the level of human settlements, with the more accurate and, also important, more fine-grained
and regularly reported data on migration flows. The majority of these studies analyze internal migration in
the United States, followed by migration between Chinese larger cities, although none have yet investigated
migration within any of the European countries. At the same time, both international and internal migration
analyses have been run as trial applications of a complex network approach to migration and are laden with
methodological uncertainty [16].

Europe, particularly the European Union, might be a very suitable ground for a novel, refined network anal-
ysis of inter-settlement migration, whereby successively explaining internal migration, country by country, we
might understand migration within the region as a whole. This would be due to the adoption of common
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policies that regulate migration, mobility, urbanization, and all other domains of living, and which presum-
ably all lead toward the convergence of relocation patterns within and between societies. Moreover, the data
collection and warehousing policies strive toward unification across the region [17], so conjoining the various
datasets, and subsequently, analyses, would be relatively easily achieved. Data on internal migrations are col-
lected by membership states in a way that they are reliable, timely, and fine grained, showing exact relocation
counts at the level of human settlements—cities, towns, and villages. Such data are, for instance, immediately
available for the Republic of Austria from Statistics Austria [18].

In terms of all of the issues exposed, there are three main goals aimed for by the study at hand:

(1) To contribute to capacity building regarding the analysis of internal (national) migration data. We do this
by providing a set of indicators, models, and visualizations, which we tested and argued for in terms of
applicability and interpretability in the case of a network analysis of migration, emphasizing the crucial
aspect of interpretability of the selected indicators for policymakers.

(2) To contribute to the understanding of the shape and scale of the phenomenon of internal migration, partic-
ularly toward urbanization and mobility flows between human settlements (i.e., cities, towns, and villages).

(3) To demonstrate our approach on the example of internal migration flows in Austria on the settlement level,
and to provide a longitudinal analysis for the period from 2002 to 2018.

We advise that a thorough, settlement-level analyses like ours could serve as pieces of puzzle that build
the view into the interconnectedness of cities, and human settlements in general, in Europe, as well as globally.
To the best of our knowledge, this is the first attempt to run a network analysis of migration in a European coun-
try at such a detailed level, both in terms of data and in terms of network methodology. We consider our analysis
as contributing to the national and global sustainable development policy in the perspective, not only in the part
of migration and mobility but also in the part of urbanization and urban growth planning. At the least, our anal-
ysis provides Austrian national governors and policy experts with an insight into the structure and development
of country’s internal migration.

The rest of this article is structured as follows. In Section 2, we provide a review of previous network analyses
on human migration in the context of network-scientific research in general. In Section 3, we define the network
of internal migration in Austria, its underpinning data, and the summary and schedule of the methodology
deployed in the analysis. In Section 4, we analyze the network and discuss the methodological issues, along with
the results. In Section 5, we recapitulate the main findings from the applications. We conclude with Section 6,
where we summarized the motivations and contributions, and point to the avenues open(ed) for further research.

2 RELATED WORKS

The field of network science has seen an exponential growth of scientific contributions [19] since emergence of
some seminal works in the late 1990s [20, 21]. The migration phenomenon, however, received greater attention
from network scientists only very recently. In the last 3 years, more than a dozen new applications have emerged
compared to the handful of studies from the beginning of decade. All of these studies essentially were the test
runs of a network approach to migration. They were based on hands-on implementations of different network
measures and models, and were not touching upon the methodological issues prior to their application—issues
such as the appropriate network abstractions from migration data, applicability of different network measures
and models to the selected network abstractions, or the interpretability of the selected network tools for eventual
use in practice.

The methodology of network science is generally not of a fixed design. There is no comprehensive theoretical
guide that sorts and recommends particular measures and models for their application on particular network
abstractions. Base network-theoretical research is largely concentrated on artificial networks, which are almost
exclusively binary network abstractions, in which only the existence of flow is accounted for, and not its ac-
tual size; if any flow between two nodes exists, a link between these nodes exists, and its weight essentially is

Digital Government: Research and Practice, Vol. 2, No. 3, Article 25. Publication date: July 2021.



25:4 • D. Pitoski et al.

1 (person). All prevalent network indicators have essentially originated from these binary network abstractions
(see the work of Newman et al. [22] for an overview of the field). Weighted observations, in which the actual size
of inter-nodal flow is accounted for, are still largely under-represented in both theoretical and applied network
research, and the selection of indicators and models to suit the weighed abstractions is often dependent upon
specific application. Human migration is one study case where weighted network abstraction is required when
one desires realistic and practical results from the analysis. In this observation, locations are nodes connected
by directed links (weights) representing batches of people moving between locations. In former network stud-
ies on migration, there was usually no differentiation between binary and weighted network abstractions, or
between indicator and models as being applicable for one abstraction or the other. We cite and provide some
very general findings of these past studies in the sequel. The systematic process by which this literature was
gathered, including a detailed analysis of the formerly applied network methods, is described in detail in our
related work [16].

Among the first studies that deployed a network analysis to the phenomenon of migration were those of
Fagiolo and Mastrorillo [23], Davis et al. [24], and Tranos et al. [25], basing the global migration network on
the data estimated by the United Nations’ Department of Economic and Social Affairs on international bilateral
migrant stocks [26]. The studies found a steady enhancement in the small-world effect, high network cluster-
ing, and a robust community structure throughout the period from 1960 to 2000. Stable interconnectedness
was found at the top of the network hierarchy also by Peres et al. [27], with developed countries of the West act-
ing as the great attractors of migration from an increasingly diverse array of origin countries. Similar findings
were brought forward by Porat and Penguigui [28], who talked about the division into two separated groups
of countries with large (about 20%) and small (about 80%) degree of connectedness. A more recent study by
Danchev and Porter [29] took a closer look into community structures and found a heterogeneous structure
in the year 2000, where some communities are increasingly globally integrated and some geographic regions
largely isolated. Other studies [30, 31] investigated more recent periods (2013 and 2015, respectively) and refined
the differences in influence of particular countries expanding the centrality indicators to incorporate the eco-
nomic component into connectivity. A more comprehensive investigation including factors other than economic
through combining network and statistical approaches was performed by Windzio [32] for the period from 1990
to 2013. All studies noted a hierarchy of attractiveness between countries, with the direction of migration run-
ning from poor to rich countries.

An inter-country analysis was also conducted for migration between European countries [33], again deploying
data on bilateral migrant stocks. The studies observed the periods from 1974 to 2004 and 2005 to 2013, and
reported a generally increased interconnectedness among countries, but with a much more pronounced rich-
club pattern for the European network with respect to the worldwide network.

Few studies have concentrated on U.S. inter-county migration using Internal Revenue Service data and changes
of address on tax returns. The study by Xu [34] reported on fundamental hub-and-spoke disassortative struc-
ture of the U.S. network (1990–2011), with a small number of highly connected metropolitan hubs exchanging
high-volume and long-distance migration, and less connected areas attaching to these with smaller migration
volumes. In the work of Liu et al. [35], the same was noted for the periods from 1992 to 1993 and 2012 to 2013,
with a steady diversity of destinations but a steady increase in the average size of migration between best-friend
connections. Most recently, U.S. inter-county migration in the period from 2000 to 2015 was analyzed by Goldade
et al. [36] and Charyyev and Gunes [37]. The authors reported a significant majority of migration being within
U.S. states and a greater variation in destination counties in inter-state migration.

A network analysis by Li et al. [38] was dedicated to explaining migration between urban agglomerations
in the Chinese mainland in 2000 and 2010. Small-world effect and clustering are reported to have aggravated
for urban agglomerations, with short migration distances dominating the links. In the work of Sun and Pan [39]
the network of inter-city migration for Chinese graduates in 2011 was analyzed using census data, with the
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emphasis to economic attributes of each city, reporting again a clear power law scaling and a tendency of this mi-
grant group to move toward urban province capitals.

A few additional works published mainly as working papers, such as those that investigate migration within
the United States [40–42], migration within the United Kingdom [43], and internal migration in Mexico [44], were
found while systematically gathering the literature in our earlier work [16]. Few additional works also emerged
as closely related due to their employment of some of the network science tools, although not primarily observing
migration. These include works that investigate the relation of computer technologies including social media on
human mobility [45–47], the relation of migration and the spread of diseases [48, 49], the relation of migration
and income/trade/remittances [50–53], and those that compare migration and tourism flows [54, 55]. To avoid
making this review too long, we leave it to the reader to consult these sources for their general findings.

In terms of the spatial scope of the previous studies, the literature review clearly informs about a shortage
of the analyses on internal migration, at the level of settlements, and especially on any European country. In
terms of the network methodology, in this same review we identified and ranked by frequency of application
all of the network measures and models utilized in former studies. In this way, we produced a set of measures
that are straightforwardly applicable and interpretable after application to migration, as well as those whose
applicability and interpretability has to yet be established. Essentially, what we derived from the review is the
network methodology appropriate for the analysis of migration, since, as explained at the beginning of this
section, a common methodology for the exploration of networks does not exist.

A comprehensive overview of network measures with the frequency of their application to the phenomenon
of migration, as well as the overview of the network abstractions on which these measures were applied, is
provided in our earlier work [16]. There, a thorough theoretical argumentation is also made on each measures’
applicability in terms of the appropriate network abstractions, their interpretability, and their potential usability
in the domain of policymaking. In the subsequent analysis, we apply directly the set of measures outlined in
that review, simultaneously discussing other important topics raised in the theoretical argumentation, such as
network abstraction, reduction of scope and generalization, and the information delivered by each measure,
now after being applied to our concrete case. In the next section, we define in mathematical terms the analyzed
network, as well as the data from which it has been abstracted, and unfold the precise methodology (i.e., network
indicators and models) that we employ for this analysis, and which stems from the literature review presented
previously.

3 DATA AND METHODOLOGY

Statistics Austria defines internal migration in any given year as the count of official changes of address of
residence occurring on each link between/within municipalities in that same year. These address changes, in-
dependent of the length of stay at any given address, count as migration if there is a minimum stay of 90 days
in the country as a whole. The original data used in the analysis are made publicly available [18], and the de-
tailed outline of definitions, methods of data collection, and quality of data is provided at Bundesanstalt Statistik
Österreich [56]. Based on these data and definitions, here we define the Austrian internal migration network as
a weighted directed graph Gt = (N ,Lt ,Wt ), whose

— nodes N = {n1,n2, . . . ,nN } represent all Austrian municipalities,

— link weightsWt =
{
wi j t

}
N×N

, i, j = 1, . . . ,N , where i can be equal to j, are the counts of official changes

of address of residence from municipality i to municipality j in year t , t = 2002, . . . , 2018, and

— links Lt =
{
li j t

}
N×N

is a binary projection ofWt such that li j t = 1 if wi j t > 0 and li j t = 0 if wi j t = 0.

In the most general formulation, we take into account loops (wii t ≥ 0) as they occur in the real world (intra-
municipal migrations). From Gt , we can further identify a subgraph G′t = (N ,L′t ,W′

t ), whereW′
t =Wt \

{wii t } and L′t is the according binary projection ofW′
t , and which essentially is a subnetwork of Gt based on

exclusively inter-municipal migrations.

Digital Government: Research and Practice, Vol. 2, No. 3, Article 25. Publication date: July 2021.



25:6 • D. Pitoski et al.

The preceding definitions refer to total internal migrations per year. The original dataset, however, contains
yearly migration counts reported separately for nationals versus non-nationals, and males versus females, which
allows for separate analyses and comparisons of these four group networks, both in Gt and G′t . Respective
changes in formal notations that discern on the exact levels analyzed or discussed will be denoted in index form
such that “A” will designate Austrian nationals, “O” will designate non-nationals, “M” will designate males, and
“F” will designate females.

There is also variability in terms of the granularity at which data are being maintained by Statistics Aus-
tria. Namely, the original dataset shows migrations at the municipal level, except for Vienna, where migration
is counted at the level of its 23 districts. As migration at the district level has not been reported for other larger
municipalities (e.g., Graz and Klagenfurt am Wörthersee, which also comprise multiple municipal districts), we
flattened these levels by contracting Vienna districts to a single node (Wien).

All abstracted networks subsequently are composed of 2096 nodes (municipalities). The summary statistics
on the weights and links are provided in the supplementary material [60], which also contains the calculated
values for the indicators and models that we employ in the following analysis. A summary and schedule of the
methodology—indicators and models that we employ in the analysis—is as follows:

(1) Overall descriptives of the main components of migration (inter-municipal and intra-municipal migration),
and the description of their inherent relation with population. Here, we assess the sizes and temporal
progression of the three categories as a whole and at the level of each municipality. We employ network
graphs to grasp the the evolution of the network and correlation analysis for reduction of the temporal
scope.

(2) Application of node centrality indicators, namely node strength and degree centrality, and PageRank and
HITS algorithm centrality, by which applications we assess attractive or repulsive potential of each mu-
nicipality in the network. By the analysis of correlations between these indicators, we further evaluate if
reduction of the spatial scope of the analysis is possible.

(3) Application of network structural metrics, namely reciprocity, assortativity, transitivity, and community
detection algorithms, to describe the general network structure and identify constitutive communities.

(4) Application of network models in terms of link weight estimation, namely the Gravity Law model and the
Radiation model, to test their predictive power in the case of internal migration forecasting for Austria.

All of the metrics that constitute our methodology are derived from a systematic literature review made in our
earlier work [16], as explained in the previous section. For each indicator or model employed in the sequel, we
refer to the original network scientific study from which it has emerged, also using the study’s original notation.
For more description on each of these network tools and their general interpretation when applied to migration,
consult our earlier work [16].

4 ANALYSIS

4.1 Austrian Internal Migration 2002–2018: General Characteristics and the Reduction of Temporal
Scope

Before we start to analyze our network using network metrics, we first analyze and inform on some general
characteristics of Austrian internal migration, including its evolution and its innate relationship with population,
all with the aim of reducing the temporal scope of the analysis. In the process, we also pull some parallels with
migration theory.

The size of migration in a particular country or a region is commonly approximated as
∑

i wi j t∑
i pi t

, where pi t is a

municipality’s population at a year’s end. For Austria, this share has increased steadily from about 8% in 2002 to
about 9% in 2018 (

∑
i wi j 2002 = 649153,

∑
i wi j 2018 = 797666). This share of migration in population is rather high

when compared to about 2.75% to 3.25% as reportedly the size of global international migration in the global

Digital Government: Research and Practice, Vol. 2, No. 3, Article 25. Publication date: July 2021.



Network Analysis of Internal Migration in Austria • 25:7

Fig. 1. Sizes and growth rates of population, intra-municipal migration, and inter-municipal migration in Austria from 2002
to 2018. Top: Number of persons counted as migrating/residing within Austria by the end of the specified period. Bottom:
Percentage rise or fall in the number of persons migrating/residing in the country with regard to the prior period.

population (see De Haas [7]), but at the same time rather low when compared to the level of global internal
migration in the global population of about 11.75%. The latter is evaluated using the last known “conservative”
estimate for 2009 from UNDP [8] and the global population estimate for the same year published by the World
Bank [57].

In any year of observation, more than half of relocations in Austria (55% on average) are relocations within one
and the same municipality, or intra-municipal migrations. The rest are migrations between different settlements,
or inter-municipal migrations. This matches to some extent the fact that there is globally more internal migration
activity than international migration activity—about 214 million international migrants compared to about 740
million internal migrants in 2009 (sources same as earlier)—that is, if we analogize global international migration
with Austrian inter-municipal migration, and global internal migration with Austrian intra-municipal migration.

The relationships of Austrian inter-municipal migration, intra-muncipal migration, and population, in terms
of the overall size and growth of these three categories over years, are provided in Figure 1. One can observe a
higher growth of inter-municipal migration relative to intra-municipal migration and, overall, a steady rise of
the migration phenomenon.

The relative proportions of these three categories are consistent at the level of individual municipalities. In Fig-
ure 2, we provide the distributions of intra-municipal migration, inter-municipal migration, and municipal pop-
ulation, overlapped for each year of the investigated period and ranked according to the average inter-municipal
migration over the period. The figure captures the very strong correlations existing among values and value rank-
ings of these three categories, both within and across different yearly periods (min ρ ≈ 0.94). Inter-municipal
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Fig. 2. Distributions of population, intra-municipal, and inter-municipal migration sizes, per Austrian municipality, per year
of the period from 2002 to 2018. Vertical axes: Migration/population size (number of persons) on a logarithmic scale. Hori-
zontal axis: Municipality rank according to the average size of inter-municipal migration over the period.

migration at the level of municipality is represented by the node strength [58] of the municipalities in the inter-
municipal migration subnetworks G′t .

The evolution of the Austrian internal migration network can be brought closer by means of network graphs—
one of the most straightforwardly useful tools of network analysis that provides a comprehensive picture of
migration. Figure 3 shows this evolution, with the emphasis on the growth of inter-municipal migration weights.
One can observe a robust network structure, where the graphs do not seem to move toward completeness but
whose weights are generally growing on a fixed set of links. In other words, in a loose interpretation, about the
same migration links are traversed by an increasing number of migrants each year. Self-loops (intra-municipal
migrations per municipality) are omitted from this representation to maintain clarity, but considering the afore-
mentioned strong correlations, one can imagine the weights on loops from/to each municipality as being pro-
portional to the weights by which each municipality interacts with other municipalities. Besides the consistent
spatially distributed growth of migration, network graphs unveil a high level of reciprocity in the network, as
for every major link there is a counter-link of seemingly proportional weight. The preceding descriptions on the
“looping” and reciprocal migration are in line with some of the oldest internal migration observations (see the
work of Ravenstein [59]).

The correlations among municipal values/value rankings between different yearly records of any of the three
observed categories (inter-municipal migration, intra-municipal migration, and population) are extremely strong
(min ρ = 0.996). Very strong correlations also exist between different yearly records of inter-municipal and intra-
municipal migration at a link level (min ρ = 0.960). This, along with the network visualizations, warrants the
historical validity of findings that we will have obtained from analyzing any particular year. In further analysis,
we hence run and interpret network measures and models primarily on the migration network of the year 2018,
the most recent period which for data was retrievable at the time of performing these analyses. Also in terms of
notation, unless the period of observation is specified, all calculations refer to the year 2018.

Digital Government: Research and Practice, Vol. 2, No. 3, Article 25. Publication date: July 2021.



Network Analysis of Internal Migration in Austria • 25:9

Fig. 3. Evolution of the inter-municipal migration network of Austria from 2002 to 2018. Edges with wi j t ≤ 10 migrations
are omitted in all graphs for better readability. Labels indicate the 20 most central nodes in each G′t , in terms of their node
strength (si t ) and also the basis for size of the labels (nodes). Direction of migration is reflected in the clockwise curvature
of links.
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4.2 Centrality of Municipalities and the Reduction of Spatial and Social Scope

As described in Section 2, before we initiated this analysis, in our earlier work [16] we assessed the feasibility
of application of different network measures and models on a network of human migration, along with appro-
priate ways of network abstraction from migration data. There, we argue that the reduction of scope to the ex-
clusively inter-nodal connections (the disregard of self-loops typical for network analyses) must be backed up
by some sort of a statistical validation for the generalization of findings to the network as a whole. This sec-
tion is dedicated to the application of node centrality measures for an assessment of municipalities’ relative
importance, but through the statistical comparisons of these indicators’ results after being applied on the com-
plete network versus on the isolated inter-municipal migration network, we are also able to achieve a reduction
of the overall complexity of the analysis. Further reductions can be achieved as well in terms of comparisons
of results of these indicators’ applications for networks and subnetworks based on nationality and gender di-
chotomies. We turn first to the calculations and comparisons of the most basic centrality measures: node strength
and degree centrality.

4.2.1 Node Strength and Degree. The list of strength and degree centrality values for municipalities per
all of the abstracted migration (sub)networks is provided in the supplementary material [60]. We point back
also to Figure 3, which shows the 20 most central municipalities ranked by node strength in G. For the ori-
entation, note that the value for the strongest node in the network is max si = sW ien = 443, 603, followed
by sGr az =86,306, sLinz =51,630, sSalzburд =36,143, and sInnsbruck =35,799, and that the value for the weakest
node equals 2. The same nodes are at the top in G′: max si

′ = sW ien
′ =69,935, followed by sGr az

′ =24,790,
sLinz

′ =18,540, sSalzburд
′ = 11, 567, and sInnsbruck

′ =11,365 (min si
′ = 2). Naturally, as was raised in the previ-

ous section, these rankings, especially for the top municipalities, are in strong correlation with population sizes;
however, there are notable exceptions where smaller settlements rank over the larger, such as Wiener Neustadt
over Sankt Pölten, Feldkirch over Leonding, and Klosterneuerburg over Traiskirchen. These ranking differences
are the result of the influence of other migration drivers and deterrents, such as the physical distance to the more
populated, as well as to the “popular” areas in terms of job opportunities and so forth. The rankings inform the
policymakers about the relative importance of the municipalities, which can serve as a basis for the discussions
on the possible factors influencing migration preferences, and whose affecting might modulate the evolution of
the phenomenon.

The node strength values can be considered as total migratory activity of a municipality when calculated on
the complete network (si in G) or total migratory exchange of a municipality when calculated on the network
of exclusively inter-municipal migration (s ′i in G′). These two nodal features show to be in very strong correla-
tion: ρ (S, S ′) ≈ 0.96 (Pearson) and ≈0.98 (Spearman). Very strong correlations are also found when comparing
relative strength values and value rankings in the complete network versus that of the inter-municipal subnet-
works for each group; the smallest correlation of strength values is with non-nationals (min ρ (SO , SO

′) ≈ 0.93),
although rank correlation for this same group is ≈0.98. Nearly perfect correlations were found between strength
values (ranks) of complementary group networks (SA vs. SO , SM vs. SF ). Strength distribution plots provided
in Figure 4 visually grasp these high correlations.

All distributions were found to follow a power law with exponents (α ) as specified in Figure 4, testing for
the power law fit was performed according to Clauset et al. [61], with all p values for the Kolmogorov-Smirnov
test calculated well above 0.1 (min KS .p = 0.504, for SO ). Based on the correlation analysis for node strength
values and value rankings, captured also by the charts, it shows that both migratory activity and migratory
exchange of municipalities are strongly proportional and almost equally intense when we compare migration
networks of males with migration networks of females. Migratory exchange in the inter-municipal migration
network of nationals versus that of non-nationals shows to be highly proportional as well. For non-nationals,
total migratory activity appears to be somewhat less in line with migratory exchange across municipalities,
where non-nationals tend to make more intra- than inter-municipal relocations.
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Fig. 4. Node strength distributions. All plots on the left pertain to networks including loops (Gs), and all plots on the right
pertain to networks excluding loops (G′s). Top: Networks as a wholeCenter: Networks of nationals (in black) versus non-
nationals (in red). Bottom: Networks of males (in black) versus females (in red). Logarithmic scale is applied on all axes.

When observing the diversity of location municipalities exchange migration, which is reflected through de-
gree centrality (ki ), we always find a nearly perfect correlation between any two sets of degree values (ranks)
of the network and its inter-municipal subnetwork, as well as between and within values (ranks) in networks
of nationality/gender groups. For the exact degree values for each municipality, consult the supplementary ma-
terial [60]. Naturally, degree distribution was also found to follow a power law, with the exponent of 3.28 in G
and 3.25 in G′. Virtually identical degree distributions are found between all group networks and their inter-
municipal subnetworks. This indicates that both men and women, and nationals and non-nationals, migrate
along the same migratory links.

Nearly perfect correlations are also found between direction-respective degree and strength values and ranks:
ρ (K in ,Kout ), ρ (S in , Sout ), ρ (K in ′, Kout ′), ρ (S in ′, Sout ′) ≥ 0.99. Similarly, nearly perfect correlation is found
between respective directional centralities in each group network. This indicates that, in Austria, the more in-
migrated settlements are ubiquitously more out-migrated settlements, and points to a high link (weight) reci-
procity in the network, which, among other network structural characteristics, we cover in detail in the next
section.
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The confirmation on the vast similarities between and across networks and inter-municipal subnetworks legit-
imizes the reduction of analysis’ scope from the full network(s) to the inter-municipal migration subnetwork(s).
Moreover, the vast similarities in inter-municipal migration across different groups allow for a generalization
of findings obtained from the analysis of the inter-municipal subnetwork as a whole to any of the particular
inter-municipal group subnetworks. This is certain in the case of gender groups, since men and women exhibit
particularly similar migration tendencies; in other words, what we find for the subnetwork of inter-municipal
migration may be considered valid equally to men as to women. Last, from the observations of complementary
groups in terms of nationality, although the patterns are again vastly similar, the tendency for more intense
intra-municipal migration compared to total migration with non-nationals requires us to be cautious with such
generalizations. The cross-group comparisons extend to the following section.

4.2.2 Hubs and Authorities. Migration by definition does not presume indirect connectivity; when a migrant
relocates from one municipality to the other (or the same), it is expected that s/he will stay at the migrated lo-
cation for a longer period of time, at least as long as the recording period (1 year). The network is not formed
by overlapping paths but by one-time movements of “batches” of people from one place to the other. Even if
the network would be based on the data of finest granularity, of every single individual relocation, the network
of any particular period would still be formed by bilateral one-time movements that start at one municipality
and sink in the directly connected other. Thus, the connectedness of one location does not effectively relate
to the connectedness of the other. Migration is, moreover, relatively independent of the physical infrastructure
that links municipalities, and much less dependent than other mobility networks, such as the network of commut-
ing, which directly depends on the transportation infrastructure. Given these specifics, the selection and inter-
pretation of metrics that incorporate neighbors-of-neighbors connectedness is not straightforward. We elaborate
more on this in our related work [16].

In our application, we turn to the more complex centrality indicators, which take into account directedness
of links, PageRank centrality (PR) [62], and Hub (H ) and Authority (A) centrality (the HITS algorithm) [63].
The two measures developed for the binary directed World Wide Web have been updated to suit the weighted
directed network observation in numerous applications (e.g., Deguchi et al. [64] and Bartholdi et al. [65], to just
name a few). In our application, we will follow the common practice of weight normalization,

w ji∑
k w jk

, wherew ji

is the edge weight from municipality j to i . The Hub, Authority, and PageRank scores for all municipalities
are available in the supplementary material [60].

Via the application of the HITS algorithm, municipalities get assigned higher in-migration scores (Author-
ity scores) if they receive more migrants from municipalities with higher out-migration scores (Hub scores)
and vice versa. With regard to PageRank, its values theoretically represent the likelihood of a particular munic-
ipality being the chosen migrated destination of a “random” migrant that joined into the network at any given
moment, based on the entire structure of the network (direct and indirect connectivity). Both of these measures,
especially the latter, may be useful for migration forecasting. For example, the policymakers could use these in-
dicators to estimate the distribution of larger migration flows coming into the country across its municipalities.
However, as much as these same measures get continually updated by additional variables against their original
formulation to be optimized for their original application (ranking Web pages), so does migration forecasting
require complementing these indicators with numerous variables that stand as drivers of human migration to get
to the optimal probabilistic algorithm. These algorithms’ rankings nevertheless are, same as strength and degree
rankings, a good starting point for policymakers’ discussions on possible migration factors, and their influencing
with the purpose of controlling the migration flows.

We can use the raw results of these algorithms for making additional cross-group (nationals vs. non-nationals,
male vs. female) comparisons. As these indicators encapsulate the whole network structure, they can be used
to re-evaluate the appropriateness of generalizations we proposed in the previous section. As we did for node
strengths and degrees, here we also sought for correlations between Hub, Authority, and PageRank values (ranks)
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Fig. 5. Austrian inter-municipal migration nationality and gender subnetworks in 2018. Edges withwi j ≥ 100 migrations are
marked in red, and edges withwi j ≤ 10 migrations are removed in all graphs. Links thickness is proportional to link weights
(maxwi j

′ = wGr az,W ien
′ in all four networks; maxwi j A

′ = 922, maxwi j O
′ = 659, maxwi j M

′ = 827, maxwi j F
′ = 754).

Direction of migration is reflected in the clockwise curvature of links.

calculated in migration subnetworks of nationals, non-nationals, and males and females. We found strong cor-
relations here as well: all correlations were above 0.97, except ρ (A′A, A

′
O ≈ 0.85). One more network graph

visualization is provided in Figure 5 to elucidate how greatly similar network patterns are among the examined
groups.

In conclusion, we establish that the discovered similarities in the structure of the four groups through di-
rect and indirect connectivity grant us to generalize the findings derived for the total inter-municipal migration
subnetwork (G′) to any of the inter-municipal group subnetworks (G′A, G′O , G′M and G′F ). Combined with con-
clusions from the previous analysis of direct connectivity, the findings from the analysis of the inter-municipal
migration subnetwork (G′) may be generalized to the network (G) as a whole. Henceforth, we will continue
the analysis on the inter-municipal migration subnetwork only (G′), and in the descriptions and interpretations
we will refer to the same as just “network” for simplicity. We also offer an easy-to-use, interactive visualization
of this network at https://flowmap.blue/1zA3XV4fYshsdkwmWtfixNt5pVBtco4NPAjcUe-FtAoc.

4.3 Network Structure

In the previous section, we touched upon some of the characteristic structural features of the migration network
when discussing the application of eigen-centrality measures. In this section, we further analyze its structure
using the network structural metrics refined in our earlier work [16].

4.3.1 Reciprocity. Perhaps the most prominent feature of the Austrian inter-municipal migration network
is reciprocity. This reciprocity was indicated by strong correlations between outward and inward municipality
centrality values, and is apparent in network visualizations (Figure 3). For this part of the analysis, we return to
incorporate the temporal aspect of network development, as by observing the temporal reciprocity we can grasp
the extent by which inter-municipal migration systematically contributes to the population size of municipalities.
In addition, we can once again validate the reduction of temporal scope by re-examining consistency in network
structure.
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Fig. 6. Reciprocated component of the top 20 migratory links from 2009 to 2018. Top migratory links (counter-links) in
terms of their average weights are shown over the mentioned period. The reciprocated component for each respective year
is designated by the prefix “R.” Vertical axis: Link migration weights.

The principles by which to measure reciprocity in weighted networks have been debated. These issues are
raised in the work of Squartini et al. [66], whose definition and terminology we will use in this demonstration.
Among the problems are how to handle the absence of reciprocation (w ji t = 0), and how to handle situations
where w ji t << wi j t . For a general evaluation, we respect both of the preceding cases and consider the total

reciprocated component in total migration over the whole analyzed period (2002–2018): r =
∑

i

∑
j�i w↔i j

′
∑

i

∑
j�i wi j

′ ≈ 0.61.

This value, of about 0.60, remains almost unchanged when calculated for the networks of each particular year
(min r = r2005 = 0.59, max r = r2017 = 0.61), which is another confirmation of the historical validity of results
obtained from analyzing a 1 (last) year’s migration network. In a loose interpretation, in Austria, for every 100
people relocating from an origin to a destination during a particular year, there will be on average 60 people
relocating from that same destination to the same origin during that same year.

Naturally, reciprocity is higher between municipalities of higher centrality ranks. In Figure 6, we provide a
glance at the general reciprocity pattern, on the example of the 20 most central links according to the average
migration (including counter-migration) over the 10-year period from 2009 to 2018). Note that the top 3,888
migratory links and their counter-links (note that max

∑
li j
′
t =
∑
li j
′
2018 = 58428) take up more than 50% of

migratory activity of that period. The precise specification of these top links, their counter-links, and weights
is provided in the supplementary material [60]. By this specification, the policymaker is informed about the
relative importance of links, as complementary to the relative importance of nodes covered in the previous
section, which aids discussions on potential migration factors working on particular bilateral ties, and how to
affect these factors.

With such intense and stable reciprocity, it can be expected that the non-reciprocated component of migra-
tion flow goes systematically in favor of some, particularly large, municipalities. The share of migration that
spills over, on a yearly basis, in favor of larger municipalities, can be traced by calculating the difference in
total migration that goes from less populated to more populated municipalities and vice versa (Figure 7). The
average spillover over the investigated period is 2.08%, which can be considered as the average contribution
to urbanization coming specifically from internal migration. A further investigation that can be undertaken by
the policymakers directly using the supplementary material [60], particularly observing the non-reciprocated
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Fig. 7. Migration’s contribution to urbanization, 2002-2018. Top: yearly ratio of total size of migration from less-to-more vs.
from more-to-less populated municipalities. Bottom: yearly incremental shares of total migration spilling over in favour of
the more populated municipalities.

component per each inter-municipal link and adjacent municipalities, can show which exact cities are growing
faster relative to the other, further aiding the discussion on factors of this growth.

4.3.2 Assortativity and Transitivity. The amount of network reciprocity established in the previous section
appears to interfere with the notion of network assortativity, whether more migrated tend to inter-migrate
more with more migrated, or with less migrated municipalities. This occurs because, following the origi-
nal assortativity definition [67], the remaining (weighted) degrees of the two linked municipalities overlap
to large extent. The weighted assortativity coefficient (adjusted for the weighted directed application as in
the work of Csárdi and Nepusz [68]), calculated at −0.05, would suggest that we can conclude—at best—that
the network moves negligibly toward the disassortative side. Otherwise, we cannot quantify the tendency of
settlements to inter-migrate with high or low migrating neighbors. The canceling-out effect is clear when
comparing each particular municipality’s strength and its weighted average nearest neighbor degree
(WANND) [58], as presented in Figure 8 on the left.

The highly reciprocal network structure interferes with the notion of transitivity as well. Figure 8, on the right,
shows the virtually uniform distribution of the values for the weighted (local) clustering coefficient (WLCC) [58]
value for municipalities in G′. This means that intensity of migration interaction of each municipality with two
adjacent municipalities is always in proportion to the intensity and diversity of its total in-/out- migration. This
is reasonable, as the two adjacent municipalities observed return a significant amount of migration flow, simul-
taneously, to the one being evaluated.

The preceding two network-structural measures were among the most extensively applied measures in for-
mer migration studies, although these were mainly applied in their nascent, binary form [16]. What we theo-
rized as potentially reducing the interpretability of these, and structural metrics in general (when applied on the
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Fig. 8. Assortativity and transitivity indicator distributions. Left: Distribution of WANND (in red) against the distribution
of node strength (in black). Right: WLCC (in red) against the distribution of node strength (in black). WANND values rescaled
by maximum. Value (vertical) axes of a logarithmic scale.

migration network in the most realistic abstraction), is the non-existence of network paths—a problem we dis-
cussed while analyzing the eigenvalue centralities in the previous section. By this application, we demonstrated
how the pronounced trait of high reciprocity in the migration network is the primary cause for the lower in-
terpretability of some typical structural indicators. This may serve as an invitation for the network theorists to
find ways to advance the network metrics to account for high reciprocity, which may not be the trait exclusively
present in the network(s) of human migration.

4.3.3 Modularity and Random Migrant Clustering. To understand the community structures in the network,
we have utilized a couple of methods based on optimization of modularity [69] and the InfoMap algorithm [70]
based on the description of random walk through the network. The modularity optimization methods include
the Louvain algorithm [71] and the Fastgreedy algorithm by Clauset et al. [73]. Since highly reciprocal migration
was found to be consistent across municipal pairs, we consideredG′ as undirected, as required for the application.
Both modularity optimization algorithms detected the same, highly modular structure (Q = 0.68), with 9 com-
munities. InfoMap, which was straightaway applicable, detected a more fine-grained modular structure with 47
communities. Figure 9 shows the two sets of communities obtained by using the two methods, whereas the
community membership allocation per different algorithm is provided in the supplementary material [60].

Both of the approaches—modularity optimization and random walk optimization—provide reasonable results.
The first two algorithms identify relatively large modules centered at the largest Austrian cities that exchange
most of migration with surrounding settlements. InfoMap traces smaller municipal clusters in which, according
to the suggested theoretical interpretation, a random migrant spends a longer period of time before departing
for another cluster. These clusters are obviously determined by geographical proximity as well, although some in-
fluential cities stretch into more remote areas, such as Klagenfurt stretching wide in the southern part of the coun-
try or Graz stretching inland and toward Vienna.

The policymakers profit from these results, as they can match the current administrative subdivision with the
hypothetical subdivision based on migration, as one of the most important factors in state organization. The same
as with node and link relevance rankings covered in previous sections, the information on different community
structures can serve as input for understanding migration factors working in different urban-centered regions.

4.4 Network Models

At the end of our analysis, we implement two link weight estimation models, which require a minimum
of network-external variables for the purpose of forecasting. Both models are known to work well in explaining
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Fig. 9. Community structures of internal migration network of Austria. Top: communities detected by Louvain/Fastgreedy
algorithm modularity optimization algorithm. Bottom: communities detected using InfoMap minimal random walk descrip-
tion code length. Labeled are the municipalities from each community with highest node strength.

migration and mobility within other countries or internationally, and have been used extensively in other net-
work studies of migration [16]. Shared variables for both models are defined as follows:pi refer to the populations
of origin and destination municipality on January 1, 2018, respectively (data obtained from Statistics Austria),
and di j are the great-circle distances between municipal centers of origin-destination municipality pairs. Both
models are tested for the 1,000 links carrying the highest weights.

4.4.1 Gravity Law Model. We first tested the hold of the gravity law [74], where we produced estimated

weights as ŵi j
′ = pα

i p
β
j di j

−γ . Best fit, in terms of the maximum coefficient of determination in a linear regression

on the two variables, was found for α ≈ 0.33, β ≈ 0.31, and γ ≈ 0.29. Real and model-estimated values, as well
as the linear regression estimation, are provided in Figure 10 (left). Exact values for all variables in the model
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Fig. 10. Gravity and Radiation model estimations. Left: Gravity Law model-estimated values (in red) vs. real values (in black)
of the 1000 links of highest weight inG′. Right: Radiation model-estimated values (in red) vs. real values (in black) of the 1000
links of highest weight in G′. In top right of both charts: simple regression plots for real vs. model-estimated values.

are available in the supplementary material [60]. As expected, the gravity law equation produces estimated
values that are in good proportion with actual migrations. However, it is also clear that the model systematically
exaggerates flow predictions, which is not unusual (e.g., see the work of Kaluza et al. [75]).

4.4.2 Radiation Model. An extension to the gravity model that was offered to correct for its biases has been
proposed by Simini et al. [76]. The main notion behind the model is that employment opportunities sought for by
potential migrants are in proportion to the size of the population within the radius of a circle, si j , of which the
circle is centered at i and tangent to the center of j, excluding pi and pj . By that notion, it is not only the gravity
of the estimated adjacent municipality that is taken into account in the prediction but also the gravity of all
locations surrounding the migrant-sending location. Exact values of all components of the model are avail-
able in the supplementary material [60], as well as within-radius municipalities for each evaluated link. Note
that on some occasions, from the top-1,000 links between municipalities that were in immediate proximity,
within-radius population (si j ) would return a zero value. These links are excluded from the estimation of both
the Gravity and Radiation models. Model-estimated weights were derived following the original model as

ŵi j
′ = Mi

pi pj

(pi+si j )(mi+pj+si j ) , where Mi = pi

∑
j wi j

′
∑

i pi
. The Radiation model shows to be much more balanced in its

predictions, which is observable from Figure 10 (right), and the policymakers are therefore recommended to use
the Radiation model for migration forecasting purposes.

It is clear, however, that the two models are not sufficient in explaining migration. The Radiation model has
somewhat better explanatory power, yet both models are able to explain only about half of the variance of real
migration (see R2 values in Figure 10). This is not odd, as the number of variables identified by migration scholars
as being relevant drivers or deterrents of migration is vast—from economic, such as income, (un)employment,
or living expenses, over socio-cultural such as education, lingual, or religious proximity, to external such as
climate or natural resources. Still, it is impressive how useful these two natural variables are for predicting
migration, which are now also shown for the case of Austrian internal migration.

5 FINDINGS

In this section, we briefly recapitulate our analysis’ main findings. For the consequences of these findings and
the policy contributions, the reader should consult Section 4 to obtain a detailed view, or Section 6 where we
shortlist the main contributions of each indicator and model application.

The overall size of internal migration in Austria has been steadily increasing from about 8% in the starting
year of observation (2002) to about 9% in the ending year of observation (2018). In any year of observation,
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more than half of relocations in Austria (55% on average) are relocations within one and the same munici-
pality (intra-municipal migrations); however, there is a higher increase of inter-municipal migration relative
to intra-municipal migration and to population. The relative proportions of these three categories (population,
inter-municipal migration, and intra-municipal migration) are consistent at the level of individual municipalities
considering each year’s distribution over the whole analyzed period. One can observe a robust network structure,
where migration network in time does not seem to move toward completeness but in which migration weights
are generally growing on a fixed set of links. Temporal validity has been established for the case of observing
one (last) period only: 2018.

Node centrality indicators, namely node strength, degree centrality, PageRank, and HITS algorithm centrality
have been calculated for the discrete last year’s period, and are provided in the supplementary material [60].
These measures show relative attractiveness or repulsiveness in terms of the different direction of the indicators,
which is reported alongside the composite indicator values. PageRank and HITS algorithm centrality deliver
the basic probabilities of migration being distributed over each municipality in the network when not taking
into account the different migration factors, but only the inherent network structure. The preceding set of node
centrality indicators is calculated and reported for the inter-municipal subnetwork, as well as for the total and
inter-municipal subnetworks of Austrian nationals, non-national, and males and females.

Correlation analysis of these indicator values and ranks applied to various subnetwork reductions validated
the spatial and social reduction of scope—that is, observing inter-municipal movement only—without regarding
any migrant groups separately, as we show that both men and women, and nationals and non-nationals, migrate
along the same migratory links with consistent migration intensity. Although the patterns are vastly similar
across all groups, the tendency we observed with non-nationals for more intense intra-municipal migration
compared to global migration and the rest of the groups requires caution with generalization on the findings
concerning that particular group.

The most prominent global structural trait of the network is its reciprocity; the total reciprocated component
in total migration, over the last 10 years observed (2009–2018), as well as within each particular period of the
whole period observed (reconfirming temporal validity), is about 60%. The top nearly 3,900 migratory links and
their counter-links, from the total of nearly 59,000 links, take up more than 50% of migratory activity of last
10 years observed (2009–2018). The specification of these top links, their counter-links, and weights is provided
in the supplementary material [60]. The share of migration that spills over, on a yearly basis, in favor of larger
municipalities (i.e. the migration’s contribution to urbanization), is calculated at 2.08% on average over the whole
period observed.

Very high reciprocity in the network affects the sensibility of interpretation of assortativity and transitivity
metrics. Ultimately, the network is characterized by neither assortative nor dissasortative mixing; small and large
municipalities exchange migration consistently and simultaneously with both small and large municipalities.

Separate clusters that form the network are established using three different community detection algorithms,
consequently with two different network visualizations. One is more coarse grained and shows large modules
centered at largest Austrian cities. The other is more fine grained, with about 50 smaller clusters. The exact
municipality allocation per different algorithm is specified in the supplementary material [60].

The two link weight estimation models—the Gravity Law and Radiation models—are both very efficient
in forecasting migration. The Radiation model results are, nevertheless, more aligned with the actual migra-
tions, whereas the Gravity Law model systematically exaggerates flow predictions. Exact values for all variables
in the model are available in the supplementary material [60].

6 CONCLUSION AND PROSPECTS FOR FUTURE RESEARCH

Migration, mobility, and urbanization are interdependent phenomena consequential for global sustainable de-
velopment. An integrative approach, based on accurate data and reliable descriptive and forecasting models, is
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preferred to analyze these phenomena. People’s migration and mobility flows, directly impacting urban growth,
make a network structure, with large cities acting as hubs and smaller settlements as spokes. The essential
method by which these phenomena can be analyzed comprehensively is network analysis, but the emergent
methodology of network science has not yet settled. Very few network analyses have been performed on migra-
tion, especially on country-internal migration for which there is accurate and structured data on migration flows.
Those that have been performed have not scrutinized the network indicators and models and network abstrac-
tions to deliver the most realistic and practically useful results. No such analysis, to the best of our knowledge,
has yet been performed for any European country, although Europe, due to convergence of the structures of coun-
tries’ political and judicial systems, is a very suitable research ground, where conjoining analyses of internal mi-
grations could elucidate migration in the region as a whole. Such knowledge, built on accurate and detailed data,
and comprehensive processing and representation tools, is essential in creating coherent and efficient migration
policies.

In this context, we underlined the three main aspects as the desired contributions of our study. First, we
aimed to contribute to the capacity building regarding the analysis of internal (national) migration data. We
did this by providing a systematically derived set of indicators, models, and visualizations, which we tested and
argued for in terms of applicability and interpretability in the case of the network analysis of human migration.
The systematically derived set of network measures and models applied to the thoroughly elaborated network
abstraction and its reductions ensured that insights are realistic and reliable, which is particularly important
from the perspective of the policymakers.

Second, we aimed at contributing to the understanding of the shape and scale of the phenomenon of internal
migration, particularly toward urbanization and mobility flows between human settlements (i.e., cities, towns,
and villages). A network analysis based on a realistic network abstraction enables the policymakers to get a
straightforward insight on the holistic network structure, as well as a fine-grained view on the relative attrac-
tiveness of particular settlements and migration links. The analysis informs on particular network modules or
the spatial range of influence of particular urban centers, thus reducing the complexity for migration and urban
growth planning.

Third, we demonstrated our approach on the example of internal migration in Austria analyzed on the level
of human settlements and provided a longitudinal analysis for the period from 2002 to 2018. In this application,
we have obtained the following main findings.

Internal migration in Austria is shown to increase, slowly but consistently, relative to population, based on
the overview of the past two decades. More than half of total internal migrations are always migrations within
one and the same location (intra-municipal migration), although inter-municipal migration is rising at a higher
pace. The overall network structure is consistent, with migration weights increasing on a generally fixed set of
links, which warrants the reduction of temporal scope of the analysis. The relative importance of municipalities
is evaluated in a centrality analysis, namely using node strength, degree, PageRank, and the HITS algorithm. The
indicators indicate the attractive and repulsive potentials of municipalities, which serves as a good starting point
for identifying the various migration drivers and deterrents that have prevalent effect within particular settle-
ments. Besides the municipality relevance ranking, these are used to trace significant similarities between total
and separately inter-municipal migration, as well as inter-municipal migration of separately Austrian nationals,
non-nationals, and males and females. Methodical application of these indicators ensures reduction of complexity
and generalizability of conclusions exclusively based on the inter-municipal network. Inter-municipal migration
is highly reciprocal, with a small but persistent contribution of migration in favor of the more populated areas.
In addition to the calculation of the effect of migration in terms of urbanization, reciprocity analysis provides
insights on the relative link importance, which again serves as a good starting point for identifying the vari-
ous migration drivers and deterrents working on particular links. The network structure is highly modular, as
confirmed by the application of three different community detection algorithms. The communities encapsulate
the spatial range of influence of the core urban centers, which aids discussions on potential factors working in
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specific urban regions and generally the state organization planning. Application of the Gravity and Radiation
models exhibit strong predictive performance, whereas the Radiation model is more effective and commendable
for future utilization in migration forecasting.

This applied network analysis, which explains in detail the process of network abstractions and reductions
from basic data, and the selection and the application of network measures, indicators, and visualizations, is
offered as means to improve national capacity to analyze and manage migration data. This way of analysis of
migration is suggested as an embedded national policy effort on managing migration data more effectively, as is
called for by the global development experts. The method and applications designed to be executed on the scale
of human settlements are easily replicable to other countries and help policymakers get an overview of human
mobility in general, with urbanization as its straightforward consequence. In addition to supporting the policy,
our analysis reveals methodological issues that hinder a straightforward application of the network analysis as
information for network theorists on where to improve the tools and models.

There are many ways in which this analysis may be advanced. A confirmation of broader validity, as well as
usability of the analysis, should primarily be looked for in a comparative analysis with another European country
to identify the similarities in migration patterns in the two countries and set out the agenda for eventual joint
network analysis for multiple countries with the incorporation of international migration data. Validity and
usability of the network approach should also be traced at a narrower level (i.e., intra-settlement migrations).
By replicating the analysis on a large city in Austria, such as Vienna for which data are already available, we
would be able to confirm whether migration “behaves” similarly at a smaller scale. For these tests for spatial
consistency, updates and extensions should be prepared on different indicators and models, making them more
abundant. An extended view should be made into the most prominent characteristics of the network, most
importantly reciprocity. Where data allows it, deep scans into the temporal development of the networks should
be performed, particularly to fully grasp the role of internal migration in urbanization. We have quantified on
the example of Austria, roughly, how much migration spills over to the more populated areas. However, it is
important to quantify exactly the rate of growth or decline of particular municipalities over the others, or at least
per different municipality-size brackets. The calculated rate of contribution to urbanization should be combined
with other contributors to urban growth such as natality and international migration.

Moreover, the identified methodological issues such as the lack of appropriate weight adjustments for some
network measures, or the interference of reciprocity with other network structural metrics, require a deeper
look into the more suitable means to investigate specific networks such as the network of migration. Combined
with analyzing the actual policy demands, it is important to advance or create more interpretable and usable met-
rics. It is imperative to complement migration probability measures such as PageRank, or link weight prediction
models such as the Radiation model with data on various migration drivers, to increase their predictive power.
All of the important drivers, from those demographic such as age or marital status to those economic such as
income or employment, which are, as opposed to nationality and gender, currently not tied in the migration
patterns scheme, can be brought in relation to migration through various sorts of modeling. This includes classi-
cal econometric-type models, where inter-municipal migrant flows are explained by migration driver indicator
values tied to origin and destination municipalities but should also include exponential random graph models,
as well as more heuristic models. In the future, we plan to undertake as many of the aforementioned research
actions.
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