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 A B S T R A C T

Traceability of animal movements and robust surveillance are crucial for prevention and control of animal 
diseases. While network analysis has emerged as a powerful tool for identifying higher-risk holdings through 
centrality metrics, its effectiveness depends on two methodological choices: (1) edge-weighting schemes 
(movement frequency vs. animal volume) and (2) centrality metric selection. This study investigates how 
alternative edge-weighting approaches (frequency vs. volume) influence network topology and node centrality 
rankings in a pig movement network.

Using 2021 pig movement data from Upper Austria (5,766 holdings; 92,914 movements), we: (1) quantify 
how edge-weighting schemes (frequency vs. volume) affect network topology and community structure, and 
(2) evaluate node ranking robustness across three centrality metrics (strength, betweenness, closeness) against 
epidemic simulation rankings. Our analysis reveals distinct edge weight distributions: frequency-based network 
exhibited a bimodal pattern, while volume-based was more uniform. We observed strong positive correlations 
(𝜏 > 0.42–0.84; 𝑝 < 0.001) in node rankings across all centrality metrics (strength, closeness, betweenness), 
with consistent patterns observed both: (i) between frequency- and volume-weighted networks, and (ii) within 
each network representation. Strength centrality exhibited the highest correlation with the simulation-based 
rankings, particularly for the top 5% highest-ranked nodes (𝜏𝑏 = 0.51 for frequency-based and 𝜏𝑏 = 0.5 for 
volume-based). These findings highlight that strength centrality provides a computationally efficient and field-
practical alternative to epidemic simulations for identifying high-risk holdings. This enables resource-efficient, 
data-driven surveillance while maintaining epidemiological relevance.
 

 

1. Introduction

The transmission dynamic of infectious diseases depends fundamen-
tally on contact patterns between individuals (Keeling and Rohani, 
2011). While network models typically simplify these interactions by 
treating them as binary (i.e. either present or absent) (Newman, 2004), 
this oversimplification overlooks critical variations in contact rates. 
Such oversight is epidemiologically significant, as it fails to recognize 
that some individuals interact more intensely than others and therefore 
disproportionally drive infectious disease spread (Büttner and Krieter, 
2021).
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The intensity of the interactions is typically represented as edge 
weights in network models (Büttner and Krieter, 2021). To realis-
tically represent the contagion process and estimate epidemic met-
rics, models must therefore move beyond binary consideration within 
homogeneous-mixing models to incorporate weighted interactions. This
requires examining both contact frequency distribution and interac-
tion characteristics between pairs of individuals (Jolly, 2001; Lockhart 
et al., 1996). In frequency-dependent disease transmission, the contact 
rate (and therefore the likelihood of transmission of the disease) is
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independent of the population size or density. In contrast, in density-
dependent disease transmission, contact rates between individuals in-
crease as the population density rises, leading to a subsequent increase
in disease transmission (Begon et al., 2002; McCallum, 2001; Keeling
and Rohani, 2011). For example, in sexual contact networks, disease 
transmission risk depends on the number of partners (node degree)
and on the coital frequency (edge weights), but is not dependent on 
the population density. Consequently, weighting contacts is essential 
to accurately capture heterogeneity in individual contacts and model
its impact on disease transmission dynamics (Kamp et al., 2013).

Mobility datasets allow flexible edge weighting to quantify relation-
ship intensity or capacity between network entities (Barrat et al., 2004).
In livestock trade networks, edge weights typically represent either 
trade frequency, i.e., the number of transactions (hereafter referred to 
as ‘‘frequency-based’’), or traded volume, i.e., the number of traded 
animals (‘‘volume-based’’) between holdings. These measures can be 
further aggregated across various time intervals (e.g., daily, monthly,
or the entire observation period).

While weighted networks are increasingly used in veterinary epi-
demiology for analyzing livestock trade data, e.g., in the USA (Pas-
safaro et al., 2020), Germany (Lentz et al., 2016), and North Mace-
donia (O’Hara et al., 2022), identify high-risk holdings (Büttner and 
Krieter, 2018; Candeloro et al., 2016; Natale et al., 2009), and modeling 
disease transmission (Schley et al., 2012). However, several critical 
challenges persist in applying these methods for epidemic control. First, 
while studies have evaluated node importance using either centrality 
measures (Lentz et al., 2016; Volkova et al., 2010b) or simulation 
approaches (Schley et al., 2012; Büttner and Krieter, 2021), the field 
lacks a reproducible framework for node ranking due to inherent
heterogeneity in livestock mobility networks and a notable absence 
of direct comparisons between centrality-based and simulation-based 
rankings. This limitation is compounded by the fact that current node 
ranking methods often prioritize technical measures over empirical
validation of a node’s actual influence during an epidemic process. 
While studies have demonstrated the existence of superspreaders in 
specific networks, these findings demonstrate limited generalizability 
across diverse real-world scenarios (Chin and Bouffanais, 2020; da Silva 
et al., 2012; Kitsak et al., 2010). Furthermore, no consensus exists 
regarding the optimal node centrality measure for quantifying epidemic 
importance, as metric performance appears highly dependent on both
network structure and epidemiological context.

Additionally, the network structure significantly impacts disease 
transmission. For instance, real-world networks exhibit heterogeneous 
connectivity patterns across nodes (called degree centrality distribu-
tion), where most nodes have few connections while a few act as 
highly connected hubs (Albert et al., 1999; Büttner et al., 2013; Lentz
et al., 2016; Rautureau et al., 2012), which may serve as sentinels for 
disease surveillance (Bellingeri et al., 2023; Bucur and Holme, 2020). 
Although Büttner et al. Büttner and Krieter (2021) demonstrated that 
the type of edge weights affects epidemic size, they did not exam-
ine whether high-risk nodes, critical for targeted surveillance, remain
consistent across weighting approaches. Moreover, few studies have 
systematically examined whether different weighting approaches con-
sistently identify influential nodes for surveillance (Trostle et al., 2022;
Candeloro et al., 2016). This unresolved methodological question rep-
resents a fundamental methodological challenge in network-based risk
assessment, with direct consequences for (i) disease control efficacy,
as inconsistent node rankings may lead to misallocated surveillance 
resources; (ii) policy standardization, as current weighting scheme 
selection lack evidence-based guidelines; and (iii) model reliability, as 
potential divergence in risk predictions depending on methodological
choices.

Collectively, these gaps highlight the need for systematic compar-
isons of node ranking approaches and their relationship with actual
epidemic outcomes across diverse network types.
2 
In this study, we first aimed to explore, from a veterinary epidemi-
ology perspective, whether the selection of edge weights impacts both 
the topology of an animal trade network and node ranking based on 
weighted centrality metrics. Our second objective was to address the
limited validation of technical network metrics against epidemiological 
relevance by evaluating whether node rankings from centrality metrics
aligned with rankings based on a simulation-based contagion process,
used as a benchmark. To achieve these objectives, we analyzed daily 
pig movement records from Upper Austria in 2021 using methods
from social network analysis (Bellingeri et al., 2023). We constructed
a weighted directed network, where nodes represented pig holdings
and edges represented trade movements. We created two representa-
tions of this network to compare two weighting approaches: in the 
‘‘frequency-based’’ network, edge weights represented the number of
trades between holdings, while in the ‘‘volume-based’’ network, weights 
reflected the number of animals traded.

We investigated the federal state of Upper Austria ( 1.53 mil-
lion inhabitants, 11,982.67 km2 (Statistics Austria, 2024)) because 
it contributes 41.7% to the total pig production in the country, ex-
hibits the highest density of pig farms in Austria, and its network 
of pig movements is more densely connected than in the rest of the 
country (Puspitarani et al., 2023b). These characteristics create an
interesting opportunity for testing surveillance and control strategies
that may not be readily applicable to regions with a sparser network. 
By leveraging a real-world network, our goal was to generate insights
that closely mirror field conditions and support practical applications 
in disease surveillance and prevention within the swine industry.

2. Materials and methods

Data

The Verbrauchergesundheitsinformationssystem (VIS) (Statistics Aus
tria) is a national database that records information on livestock
movements and farms in Austria. Each pig movement entry includes
the date of the movement (dd.mm.yyyy), the number of animals moved 
(batch size), the type of movement (e.g., domestic, slaughter, abroad, 
and abroad-slaughter), as well as the source and destination holding 
(see Puspitarani et al. (2023b,a) for more details). Each holding is 
identified via a unique anonymized identifier (ID) and associated data 
includes the number of animals per production stage, randomized 5 km-
radius geocoordinates (i.e., latitude and longitude, projected coordinate 
system EPSG 31287), and the federal state where the holding was 
located (Upper Austria). Additionally, each holding is labeled according
to its type of activity, as self-reported annually by the owner. There are 
eight possible labels: abattoir, boar station, collection point, cutting 
plant, farm, private owner, processing plant, and trade and logistics. 
For this study, we excluded boar stations (i.e., facilities producing
liquid boar semen for artificial insemination), cutting and processing 
plants since they were not involved in live animal movements and thus 
played a limited role in transmitting infectious diseases among live pigs.
Holdings could be assigned multiple labels if they reported different 
activities or no label at all if they did not report any activity for the
year (these were classified as ‘‘inactive’’ for the considered period).

The holdings’ geographical coordinates were overlaid over a shape-
file of Austrian municipalities (Statistik Austria) using the R package
sf (Pebesma, 2018). We extracted the name of the municipality where
each holding was located using the function st_join(). Due to the 5-
kilometer radius randomization of coordinates, some holdings fell out-
side the boundaries of Upper Austria. To correct for this, we employed 
a k-Nearest Neighbor join method (function st_nn(), with k = 1), which 
assigns the attributes of the closest polygon to a point, available in the 
package nngeo (Dorman, 2023).
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Network analysis

To create the weighted networks, we assigned two types of edge 
weights: (i) trade frequency: each edge represents one transaction with
a weight of 1, regardless of the number of pigs involved; (ii) trade 
volume: each edge is assigned a weight equal to the number of pigs 
traded during that exchange (i.e., batch volume). The edge direction
corresponded to a movement from the source holding to the destina-
tion holding. We created two static representations of each network
by aggregating daily movement data throughout 2021. This process 
yielded multigraphs, where multiple edges could exist between pairs 
of nodes. These multigraphs were subsequently converted into simple 
graphs by collapsing multiple edges into single weighted edges. The 
resulting edge weights corresponded to either (i) the total number 
of trades (frequency-based network) or (ii) the total number of ani-
mals traded (volume-based network) between pairs of nodes. In both
networks, a higher edge weight between two nodes corresponded to
a shorter ‘‘distance’’ between them, signifying a stronger connection.
These two representations of the Upper Austrian pig trade network
are isomorphic, meaning they share identical underlying structures and 
node connections (Wasserman and Faust, 1994).

Quantifying similarities and differences between networks

We normalized the edge weights in each network by dividing them 
by the maximum value of the edge weights within that specific net-
work (Antoniou and Tsompa, 2008). This normalization ensured both
networks were on a comparable scale, facilitating a fair comparison.

To characterize and compare the frequency- and volume-based 
networks, we computed the following weighted network-level cen-
trality metrics, as suggested by Bellingeri et al. (Bellingeri et al.,
2023): clustering coefficient (Mcassey and Bijma, 2015), average path 
length (West et al., 2001), and diameter (West et al., 2001). The 
clustering coefficient quantifies the density of triangles in a network,
representing the probability that two neighbors of the same node are 
themselves connected. Average path length is the mean number of steps 
along the shortest paths between all pairs of nodes. Diameter refers 
to the longest shortest path among all connected node pairs in the 
network (West et al., 2001; Wasserman and Faust, 1994; Mcassey and 
Bijma, 2015).

We also computed three node centrality metrics: strength (Barrat
et al., 2004), betweenness (Freeman, 1978), and closeness central-
ity (Marchiori and Latora, 2000). These metrics were selected based
on their direct and functional relevance to animal trade flows and
disease transmission. Specifically, strength, defined as the sum of edge 
weights connected to a node, captures the total volume or frequency
of animals traded and reflects the node’s overall activity in the net-
work. Betweenness centrality measures how often a node lies on the 
shortest paths between other nodes, indicating its potential to act as a 
bridge between otherwise disconnected parts of the network. Closeness
centrality, which quantifies the average distance from a node to all 
others, reflects how quickly a holding can reach – or be reached by 
– others through direct or indirect trade connections (Wasserman and 
Faust, 1994; Freeman, 1978; Keeling and Rohani, 2011).

Closeness and betweenness centrality rely on the concept of shortest
paths. However, in weighted networks of livestock movements, edge
weights represent the strength of the connection between a pair of 
holdings rather than a cost or distance. Therefore, to ensure that
higher trade frequencies or volumes translated into shorter distances
(reflecting stronger connections), we inverted the edge weights when 
calculating weighted closeness and betweenness centrality, as proposed
by Newman (Newman, 2001) and Brandes (Brandes, 2001).

We compared the distributions of edge weights and node centrality 
metrics (strength, closeness, and betweenness) in both the frequency-
based and volume-based networks using density plots. To evaluate the 
similarity of edge weights between the two networks, we ranked edges 
3 
by weight within each network and applied a Kendall rank correlation
test with a significance level set to 0.05 (Ghanem et al., 2019).

To assess the consistency of node importance across centrality met-
rics, we performed pairwise comparisons of holding (node) rankings 
based on the three centrality metrics within each network and across 
the two network types using the Kendall rank correlation test (Ghanem 
et al., 2019).

Additionally, we investigated whether specific types of pig holding 
activities were associated with higher node centrality. For each activity
type, we computed the median centrality values and tested for group 
differences using the Kruskal–Wallis test. When holdings were associ-
ated with multiple activities, they were included in the analysis under
each applicable label.

Community detection

A community is defined as a group of nodes with denser connections 
(trades) among themselves than with the rest of the network (Radicchi
et al., 2004). We used the Leiden algorithm, which iteratively (i) 
optimizing modularity, (ii) refine the partition, and (iii) aggregates
communities. We selected this algorithm because it improves upon
Louvain method by guaranteeing well-connected communities, there-
fore ensuring better partition quality, and more reliable communities.
Additionally, the Leiden algorithm converges faster and scales better to
very large graphs (Traag et al., 2019).

Community detection was performed at two levels: (i) holding-level: 
we applied the Leiden algorithm to the previously described network 
of pig trades, where nodes represented individual holdings and edges
captured direct trade relationships between them; (ii) municipality-
level: we first aggregated holdings based on their municipality (nodes
= municipalities, edges = inter-municipality movements). In both net-
works, edge weights were assigned to represent either the frequency of 
trades or the volume of pigs traded.

We quantified the similarities in community membership using 
the matching method (Hopcroft et al., 2004), where matching values 
range from 0 (no overlap) to 1 (identical membership). We com-
pared the community structures between frequency- and volume-based 
networks by evaluating holding/municipality composition, size, and
spatial connectivity patterns.

Epidemics on weighted networks

Spreading dynamic
We aimed to identify influential nodes by ranking them based on 

their epidemic ‘‘susceptibility’’, defined as the likelihood of infection 
during a contagion process. Specifically, we focused on identifying 
nodes infected more frequently than average and assessed whether 
node ranking, based on ‘‘susceptibility’’, differs between frequency-
based and volume-based networks and whether these results align with 
centrality-based rankings.

We simulated epidemic spread on both networks using a stochas-
tic Susceptible–Infectious–Recovered–Susceptible (SIRS) model. While
temporal analyses more accurately reflect real-world transmission pro-
cesses, they introduce substantial variability in node rankings across
different time windows. Here, we chose a static approach to prioritize
interpretability for surveillance applications.

In our model: transitions between states were determined proba-
bilistically at each time step; pig movements, represented by edges,
indicate direct contact between pig operations, through which herds
can be infected; each holding occupied states 𝑆, 𝐼 , or 𝑅; infection 
may occur when an infectious holding sends pigs to a susceptible 
one; infected holdings temporarily cease trading before restocking and 
returning to state 𝑆.

The model incorporated the recovery rate (transition from I to R), 
denoted 𝛾, and the transition rate from R to S, denoted 𝜎. The infection
probability (transition from S to I) 𝜆  for susceptible node 𝑖 depends on
𝑖  
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weighted connections to infectious nodes, with edge types denoted as
𝜉 ∈ {trade frequency, batch size}. The infection probability (transition
from S to I) 𝜆𝑖 for susceptible holding 𝑖 at each time step is: 

𝜆𝑖 = 1 − exp

(

𝛽
𝑛𝑖
∑

𝑗=1
𝐼𝑗𝑤𝜉𝑖,𝑗

)

(1)

here:

• 𝛽: transmission rate that depends on the edge weight 𝑤𝜉 (fre-
quency or volume of trades)

• 𝐼𝑗 : binary indicator (𝐼𝑗 = 1 if neighbor 𝑗 is infectious, 0 otherwise)
• 𝑤𝜉𝑖,𝑗 : edge weight (frequency or volume of trades) between node 
𝑖 and neighbor 𝑗

• 𝑛𝑖: neighbors of node 𝑖

In our main analysis, we set the following values: 𝛽 = 0.5, 𝛾 ranged
from 5 to 10 days (allowing sufficient spread), and 𝜎 ranged from 10
to 30 days (based on the scientific opinion of the European Food Safety 
Authority (EFSA) Panel on Animal Health and Welfare (Nielsen et al.,
2021)). We selected the 𝛽 value based on Büttner et al. (Büttner and Kri-
eter, 2021), where high transmission probability led to a convergence 
in the number of infected farms across differently weighted networks.

We initialized outbreaks by randomly selecting one infected holding 
per previously identified community (holding-level), excluding abat-
toirs, running 1,000 simulations per community (where the epidemic 
could start) for 90 days. This approach (see S1 Text) (i) ensured that 
the seeding of the infection occurs with equal probability across all
communities, (ii) captured the critical exponential growth phase of the 
outbreak (a critical window for intervention) while (iii) maintaining
computational efficiency.

We evaluated the overall impact of the epidemic by calculating the 
average number of infected holdings across all simulations (epidemic 
size) and the average number of communities reached by the epidemic 
(S2 Text).

Node ranking based on nodes’ susceptibility
To quantify node susceptibility, we counted the number of times 

each node 𝑖 in community 𝐶𝑗 was infected/reinfected across 1,000 sim-
ulations, storing these values in a vector 𝑉𝑖,𝑗 = (𝑛𝑖,𝑗,1,… , 𝑛𝑖,𝑗,1000), where
𝑛𝑖,𝑗,𝑘 represents the number of (re)infections for node 𝑖 in simulation 𝑘
(𝑖 = 1,… , 𝑁 ; 𝑗 = 1,… ,𝑀 ; 𝑘 = 1,… , 1000).

Next, we computed the average infection frequency for node 𝑖

𝐼𝑖 =
1

1000

1000
∑

𝑘=1
𝑛𝑖,𝑗,𝑘, (2)

𝐼𝑖 was used to rank the nodes based on their epidemic susceptibility 
(simulation-based ranking). This ranking served as the benchmark for 
comparison with centrality-based rankings.

We assessed agreement between simulation- and centrality-based 
rankings using Kendall rank correlation tests. Nodes in the top 5% of 
the best-correlated centrality metric were considered potential sentinel
surveillance holdings. We analyzed their spatial distribution using point 
pattern analysis (Weil, 2007) to detect clustering patterns (see S3 Text
for methodological details).

2.0.1. Sensitivity analysis
We conducted a sensitivity analysis to assess the robustness of

node ranking correlations under varying transmission scenarios. Four 
transmission rates 𝛽 were tested: 0.1, 0.3, 0.7, and 0.9, spanning low to
high transmissibility. For each scenario, we calculated the Kendall rank 
correlation coefficient in both frequency- and volume-based networks,
evaluating metrics consistency across transmission intensities.

Additionally, epidemic impact was quantified through multiple 
complementary metrics: (i) average node susceptibility: mean infection 
frequency [95% CI], (ii) ranking consistency: Kendall’s 𝜏𝑏 between 
network types; (iii) community effects: Kruskal–Wallis test for seed-
ing location impact; (iv) epidemic facilitation: Dunn’s test, (v) out-
break magnitude; Wilcoxon test for median epidemic size; and (vi) 
community with highest vulnerability.
4 
Software

Data cleaning, preparation, subsequent data analyses, and compu-
tation of the figures were performed in R software (v.4.1.0) (R. Core 
Team, 2021) using RStudio Server ‘‘Juliet Rose’’ (v.1.4.1717) (RStu-
dio Team, 2020). The network analysis and study of the spreading 
dynamics was performed using the R package igraph (Csárdi et al., 
2024). Community detection using the Leiden algorithm was conducted 
using leidenAlg(Kharchenko et al., 2022). Point pattern analysis was 
performed with spatstat (Baddeley and Turner, 2005).

3. Results

The pig trade network in Upper Austria

In 2021, there were 110,891 movements recorded in Upper Aus-
tria involving 6,020 pig holdings, with most holdings geographically 
concentrated in the central region (Fig.  1). For this study, we fo-
cused on the 92,914 (83.8%) movements that occurred exclusively
within the federal state of Upper Austria, representing trades among 
5,766 holdings (95.8% of all regional operations). The remaining 254
holdings (4.2%) conducted trades crossing federal state or national
boundaries and were excluded from analysis. The intra-state network 
included 5,726 (99.3%) farms, 288 (5%) abattoirs, 96 (1.6%) trading
points, and 14 (< 1%) collection points. Overall, these transactions 
involved 3,100,852 pigs, with nearly equal proportions destined for 
slaughter (1,510,690; 49%) versus transfers between animal operations 
(1,590,162; 51%).

Comparison of the edge weight distributions

The frequency-based network exhibited trade frequencies between 
pairs of pig operations (edge weights) ranging from 1 to 99, with a 
median of 2. The volume-based network showed edge weights (total
pigs exchanged) spanning 1 to 9,384 animals (median = 26), with 
896 edges (5.5%) accounting for half of all traded animals. These 
figures reveal that while most holdings engaged in infrequent, low-
volume exchanges during the studied period, a small subset exhibited 
high-frequency, high-volume trading relationships.

The edge weight distribution differed between the frequency- and
volume-based networks. Specifically, the frequency-based network
showed a clear bimodal edge weight distribution, whereas the volume-
based network exhibited a more uniform pattern (Fig.  2). Despite these 
distributional differences, the Kendall test showed a strong positive 
correlation in edge-weight rankings between networks (Kendall 𝜏𝑏
correlation coefficient = 0.56; 𝑝 < 0.001), indicating consistent ordering
of edge weights across both networks.

Network centrality statistics

The frequency- and volume-based networks exhibited similar clus-
tering coefficients: 8.9 × 10−3 versus 8.7 × 10−3, respectively. However, 
their connectivity patterns differed substantially: the frequency-based
network showed longer path characteristics (average path length = 
1.6, diameter = 6.97) whereas the volume-based network demonstrated 
more direct connectivity (average path length = 0.3, diameter = 4.09) 
(Table  1).

These findings indicate that holdings were typically connected by 
fewer than two links in the frequency-based network or one link in the
volume-based network, on average. In the frequency-based network, 
the most distant pair of holdings requires seven intermediaries to 
connect; in contrast, the volume-based network reveals far more direct
routes.
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Fig. 1. Density of pig holdings per municipality in the federal state of Upper Austria, Austria, 2021.
Fig. 2. Edge weight distribution in the frequency- (green) and volume-based network (red) of pig trade in Upper Austria, 2021, normalized, in each network, by the maximum edge 
alue. The dashed lines and marginal rugs represent the means and marginal distribution for each network, respectively. The x-axis is presented in a log scale. . (For interpretation 
f the references to color in this figure legend, the reader is referred to the web version of this article.)
 
 

 

 
 

Table 1
Network-level measures calculated for the frequency- and volume-based representations 
f the Upper Austrian pig trade network, Austria, 2021.

 Metric Frequency-based Volume-based 
 Clustering coefficient 8.9 × 10−3 8.7 × 10−3  
 Average path length 1.6 0.3  
 Diameter 6.97 4.09  
Clustering coefficient, average path length, and diameter for both the frequency- and 
olume-based pig trade networks in Upper Austria, Austria, 2021.

Community detection

Holding-level community detection
The Leiden algorithm identified 46 and 80 trade communities 

within the frequency- and volume-based networks, respectively. These
communities were characterized by high spatial fragmentation, often
comprising fewer than five holdings each (see S1 Text). This output was 
not further considered in this study, as the focus was on larger, more in-
terconnected communities that could offer meaningful insights into pig
 

5 
trade dynamics and network structures, particularly for epidemiological
purposes.

Municipality-aggregated network
The Leiden algorithm identified six trade communities in both the 

frequency- and volume-based municipality networks (Fig.  3). The low 
matching coefficient, 0.22 ± 0.29 (standard deviation, SD), revealed
substantial differences in community memberships between network
representations. Distinct spatial patterns emerged: the frequency-based 
network displayed clear geographic segregation with well-defined com-
munity boundaries (Fig.  3A). Conversely, the volume-based network 
exhibited fragmented communities without distinct ‘‘blocks’’ (Fig.  3B). 
While eastern and southern regions maintained consistent commu-
nity membership across both networks, northern, central, and west-
ern regions exhibited varying community memberships. Spatially iso-
lated municipalities (those geographically separated from their as-
signed communities) typically connected by single trade to their com-
munity (Fig.  3).
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Fig. 3. Pig trade communities in Upper Austria, Austria, 2021, detected using the Leiden algorithm run on the municipality network. (A) Frequency-based network. (B) Volume-based 
etwork. The municipality is considered as the epidemiological unit.
 

 

 

 

 
 

 

 

 

 

 

 
 

 

 

 
 

 

 

 

Ranking of nodes based on centrality metrics

Kendall’s analysis revealed strong correlations between node rank-
ings based on strength and closeness centrality in both networks
(𝜏𝑏 = 0.75 for frequency-based; 𝜏 = 0.84 for volume-based; 𝑝 < 0.001). 
Correlations between closeness and betweenness rankings were lower 
but significant (𝜏𝑏 = 0.35; 𝑝 < 0.001 for both networks). Strength 
and betweenness ranking displayed moderate correlations (𝜏𝑏 = 0.47 
for frequency-based; 𝜏 = 0.42 volume-based; 𝑝 < 0.001). These find-
ings showed that betweenness correlates weakly with the two other 
measures (Fig.  4).

Comparison between networks showed strong correlation between 
strength rankings (𝜏𝑏 = 0.8, 𝑝 < 0.001), with 107 nodes shared between 
the top 5% (counting 289 nodes) of both networks. Density plots 
revealed bimodal distributions of the node strength (Fig.  5A), with a 
notable proportion of nodes showing lower strength centrality in the
volume-based network, while most of the nodes in the frequency-based 
had average values.

The closeness centrality rankings also showed strong agreement 
between network types (𝜏𝑏 = 0.75, 𝑝 < 0.001), with 148 (51%) 
common nodes appearing in the top 5% of both networks, and closeness
centrality distributions exhibited bimodal patterns with some overlap 
(Fig.  5B).

Betweenness centrality showed the strongest inter-network correla-
tion (𝜏𝑏 = 0.86, 𝑝 < 0.001), with 244 (85%) shared top nodes. The den-
sity plots showed bimodal distribution, but left-skewed, with a notable 
overlap, confirming highly similar distributions of node betweenness 
across networks (Fig.  5C).

The Kruskal–Wallis test confirmed significant differences in central-
ity metrics between operation types (𝑝 < 0.001). In both networks,
collection points consistently showed high median centrality across all 
three metrics. On the other hand, slaughterhouses had high median
strength and closeness but lower betweenness centrality (Table  2),
reflecting their role as endpoints in the trade chain. Farms generally 
exhibited lower median centrality values, corresponding to their low 
trade frequencies and volumes compared to specialized operations like 
collection points (frequently receiving and sending large volumes of 
pigs) and abattoirs (frequently receiving large volumes of pigs for
slaughter).

Rankings of nodes based on epidemic susceptibility and epidemic size

Our simulations revealed that epidemics consistently spread beyond
their origin communities in both network types, with no observed cases 
6 
of complete intra-community containment. This pattern of between-
community transmission persisted across all outbreak scenarios (S2
Text).

In the frequency-based network, nodes were infected on average 
0.022 times per simulation (95%CI: 0.020–0.023); compared to 0.017
(95%CI: 0.016–0.018) in the volume-based network. The strong pos-
itive correlation between simulation-based rankings across networks 
(𝜏𝑏 = 0.678, 𝑝 < 0.001) indicates a consistent identification of influ-
ential nodes regardless of weighting scheme.

The epidemic size (i.e., average number of infected nodes across 
1,000 simulations) varied significantly by seeding community in both
networks (Kruskall-Wallis test: 𝜒2 = 779.41, 𝑑𝑓 = 5,p< 2.2×10−16). 
Post-hoc analysis using Dunn’s test revealed consistent patterns across
network types. Community 5 showed the least facilitation (smallest
outbreaks when seeded) and least vulnerability (it consistently showed 
the fewest secondary infections when any other community is seeded).
Community 6 proved to be the most facilitative, generating the largest 
epidemics across all communities when seeded. Communities 1 and 3
were consistently the most vulnerable receivers, exhibiting the highest 
attack rates irrespective of where the epidemic began. Wilcoxon signed-
rank tests revealed that volume-based networks had significantly larger 
median epidemic sizes than frequency-based networks (𝑝 < 0.005).

Centrality- versus simulation-based rankings
Both frequency- and volume-based networks showed weak pos-

itive correlations between simulation-based rankings and all three
centrality measures (Table  3). In both network representations, strength
centrality-ranking exhibited the highest correlation with the simulation-
based ranking.

Analysis of the top 5% of nodes (289 nodes) revealed a stronger 
positive correlation between strength centrality- and simulation-based 
rankings compared to the full node set. In contrast, closeness centrality 
showed lower agreement for these highest-ranked nodes. Since the
strength-based ranking consistently showed the strongest correlation, 
we focused our subsequent analysis on the top 5% highest-ranked nodes 
identified by strength centrality for sentinel surveillance evaluation.

In the frequency-based network, these top-ranked nodes were dis-
tributed across communities as follows: community 1 (113 nodes),
community 2 (50), community 3 (45), community 4 (16), community 
5 (8), and community 6 (57). The volume-based network showed a 
similar but distinct distribution: community 1 (107 nodes), community 
2 (14), community 3 (84), community 4 (31), community 5 (15), and 
community 6 (38), with 107 nodes common to both networks’ top
rankings.
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Fig. 4. Upper matrix of pairwise Kendall’ s-tau rank correlations between node rankings based on three weighted centrality metrics (strength; str; closeness: clo; betweenness: btw) 
ithin and between the frequency-based (denoted F-) and volume-based (V-) representations of the Upper Austrian pig trade network, 2021. The Kendall-tau correlation coefficient 
an take values from −1 to 1, where the most positive value reflects a positive correlation between ranks.
Table 2
Node centrality values for both the frequency- and volume-based networks of pig movements in Upper Austria, Austria, 2021.
 Type of holdings Frequency-based (×10−2) Volume-based (×10−2)
 Strength Closeness Betweenness Strength Closeness Betweenness 
 Trade point 3.3 47.1 3.1 2.2 29 3.9  
 Slaughterhouse 2.2 38.2 0.37 1.5 17 0.42  
 Farms 0.3 36.1 0.08 0.24 19.5 0.1  
 Collection point 5.7 54.7 9.4 5.9 46 13.1  
Median values of the node strength, closeness, and betweenness centrality for different types of node: trade points, slaughterhouses, and farms, in the frequency- and volume-based 
ig trade networks in Upper Austria, 2021.
 

 
 

 

 

 

 

 

 

 

 

 

Point pattern analysis demonstrated spatial clustering of these po-
tential sentinels compared to Complete Spatial Randomness in both
networks (Figure 3 in S3 Text) (𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 < 0.005). Notably, sen-
tinels identified in the volume-based network showed tighter clustering 
patterns than those from the frequency-based network (S3 Text).

3.0.1. Sensitivity analysis
The epidemic impact metrics for all transmission scenarios are

detailed in S1 Table. Two key patterns emerged from our sensitivity
analysis:

(i) Strength centrality robustness: Across all transmission scenar-
ios, strength ranking maintained a consistently positive yet modest 
correlation with simulation-based rankings (𝜏 = 0.14–0.31, all 𝑝 <
0.001). While correlation strength exhibited a slight negative associa-
tion with increasing transmissibility, statistical significance persisted
across all scenarios. (ii) Top-node performance:: For the top 5% highest-
ranked nodes, strength ranking maintained strong agreement with
simulation-based rankings (Kendall’s 𝜏𝑏: 0.42–0.61, all 𝑝 < 0.001).

4. Discussion

Before epidemiological inferences (e.g., transmission dynamics, risk 
prioritization) can be reliably applied to livestock networks, method-
ological ambiguities in network construction, particularly edge-
weighting choices, must be resolved. Our study advances network 
epidemiology by systematically isolating the effects of edge-weighting
choices on node importance in disease spread. Using isomorphic pig
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trade networks weighted by either trade frequency or volume, we 
demonstrate that strength centrality robustly identifies high-risk hold-
ings across both weighting schemes, outperforming betweenness and
closeness centrality when validated against 6,000 stochastic SIRS sim-
ulations. This finding is particularly valuable when movement data is 
incomplete, as they demonstrate that frequency-based networks-even
without volume data-can reliably identify high-risk holdings for tar-
geted disease surveillance. Moreover, while prior work established that
weighting affects epidemic size in livestock movement network (Büt-
tner and Krieter, 2021; Candeloro et al., 2016; Schley et al., 2012), we 
reveal three additional dimensions: weighting scheme alters network 
path metrics, community structure (46% municipality membership
shifts), and edge weight distributions (bimodal vs. uniform), with 
critical implications for targeted surveillance.

The higher path metrics (average path length and diameter) in 
the frequency-based network indicate that transmission chains driven 
solely by trade counts will unfold over longer, more circuitous paths, 
potentially slowing pathogen spread but demanding broader surveil-
lance. Conversely, the volume-based network behaves as a densely 
connected structure, enabling pathogens to traverse the system in fewer 
steps and achieve rapid, wide-scale dissemination (Dubé et al., 2009; 
Wasserman and Faust, 1994; Pérez-Ortiz et al., 2022). This structural
difference is reflected in our simulation results, which showed that 
the volume-based network consistently produced larger outbreaks com-
pared to the frequency-based one. Consequently, control strategies
informed solely by trade frequency risk underestimating the velocity, 
spatial extent, and size of epidemics driven by large-batch shipments,
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Fig. 5. Density plots showing the distributions of the weighted node centrality metrics (A) strength, (B) closeness, and (C) betweenness for both the frequency- and volume-based
networks of pig movements in Upper Austria, Austria, 2021.
 
 

 
 

 

 

 
 

 

 

underscoring the necessity of incorporating volume-based metrics into 
surveillance and intervention planning (Lysholm et al., 2025; Büttner 
et al., 2013; Lentz et al., 2016). While the frequency-based network 
exhibited a clear bimodal edge-weight distribution, the volume-based
network had a more uniform distribution. Nevertheless, edge rankings
were highly correlated across networks, indicating that pairs of hold-
ings that traded frequently also tend to trade larger volumes. Therefore,
prioritizing the highest-ranked edges, regardless of whether they are
defined by trade count or batch size, is crucial for identifying the most 
influential transmission pathways in disease control (Rautureau et al., 
2011; Büttner et al., 2013; Büttner and Krieter, 2018).

We also found strong positive correlation in node centrality rankings 
(strength, closeness, and betweenness) within and between the two
networks, indicating that (i) multiple centrality measures may redun-
dantly capture similar aspects of node importance (Valente et al., 2008)
and (ii) both networks shared similar topological properties. However, 
betweenness centrality consistently exhibited weaker correlations with
closeness and strength centrality. This discrepancy may arise because
betweenness identifies nodes that serve as bridges connecting different 
parts of the network, whereas closeness and strength emphasize nodes
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with central locations and strong connections, respectively (Wasserman 
and Faust, 1994; Newman, 2018).

Collection points consistently showed high centrality values across 
all three metrics in both networks, indicating their central role in the
networks (Robinson and Christley, 2007; Natale et al., 2009; Rautureau 
et al., 2011), irrespective of edge weighting. These nodes function as 
bridge, facilitating numerous transactions (Newman, 2018). On the 
other hand, farms and slaughterhouses exhibited low betweenness 
centrality, consistent with the typical unidirectional flow of the pig 
trade network and the terminal role of slaughterhouses in the pork 
production.

Epidemic simulations (SIRS model) used to rank epidemic sus-
ceptibility revealed a strong correlation between the two networks, 
suggesting that edge weight has minimal impact on identifying vulnera-
ble nodes. In other words, nodes most susceptible to infection remained
largely consistent, regardless of whether frequency or volume was used 
to weight interactions.

Among centrality measures, strength centrality, which integrates 
both the number of connections and their weights (Wasserman and 
Faust, 1994; Newman, 2018), exhibited the strongest and more robust
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Table 3
Comparison of node rankings based on three centrality metrics versus simulation-based rankings, for both the frequency- and volume-based networks of pig movements in Upper
Austria, Austria, 2021.
 Transmission rate 𝛽 Network Centrality Full network Top 5% highest-ranked
 𝜏 p-value 𝜏 p-value  
 

0.1

Frequency-based
Betweenness 0.29 < 0.001 0.05 0.5022  

 Closeness 0.27 < 0.001 0.36 4.018 × 10−6  
Strength 0.31 < 0.001 0.61 2.084 × 10−11  

 
Volume-based

Betweenness 0.28 < 0.001 0.15 0.0471  
 Closeness 0.26 < 0.001 0.17 0.02514  
 Strength 0.29 < 0.001 0.42 3.539 × 10−07  
 

0.3

Frequency-based
Betweenness 0.21 < 0.001 0.14 0.07144  

 Closeness 0.17 < 0.001 0.28 0.0005378  
 Strength 0.22 < 0.001 0.58 1.543 × 10−11  
 

Volume-based
Betweenness 0.25 < 0.001 0.17 0.03427  

 Closeness 0.24 < 0.001 0.05 0.541  
 Strength 0.26 < 0.001 0.46 1.489 × 10−8  
 

0.5

Frequency-based
Betweenness 0.15 < 0.001 0.08 0.338  

 Closeness 0.13 < 0.001 0.08 0.343  
 Strength 0.16 < 0.001 0.51 < 0.001  
 

Volume-based
Betweenness 0.15 < 0.001 0.2 0.02396  

 Closeness 0.17 < 0.001 −0.02 0.7753  
 Strength 0.17 < 0.001 0.5 < 0.001  
 

0.7

Frequency-based
Betweenness 0.19 < 0.001 0.09 0.2923  

 Closeness 0.16 < 0.001 0.17 0.05267  
 Strength 0.20 < 0.001 0.47 3.504 × 10−8  
 

Volume-based
Betweenness 0.28 < 0.001 0.11 0.1467  

 Closeness 0.27 < 0.001 0.11 0.1355  
 Strength 0.29 < 0.001 0.38 4.121 × 10−6  
 

0.9

Frequency-based
Betweenness 0.18 < 0.001 0.17 0.06508  

 Closeness 0.16 < 0.001 0.28 0.005459  
 Strength 0.19 < 0.001 0.49 2.465 × 10−8  
 

Volume-based
Betweenness 0.24 < 0.001 0.16 0.06612  

 Closeness 0.23 < 0.001 −0.04 0.6363  
 Strength 0.25 < 0.001 0.47 9.716 × 10−8  
Kendall’s tau and associated p-values comparing node rankings based on betweenness, closeness, and strength centrality with epidemic-derived susceptibility rankings in frequency- 
nd volume-based networks.
 
 

 
 

 
 

 

 

 

 

 
 
 
 

 

 

correlation with simulation-derived susceptibility rankings. This consis-
tency persisted across both weighting schemes and all tested transmis-
sion rates. The correlation strength notably increased when analyzing 
the top 5% highest-ranked nodes, making strength centrality a valuable
tool for identifying vulnerable holdings in the network, i.e., those
frequently involved in disease transmission. These findings align with 
earlier studies in pigs (Passafaro et al., 2020; Wiratsudakul et al., 
2022), cattle (Candeloro et al., 2016), and sheep networks (Schley 
et al., 2012), confirming that strength centrality robustly captures node 
influence across different weighting schemes, making it particularly 
valuable for targeted surveillance program design.

The weaker correlation observed across the full set of nodes is due 
to the instability of the rankings’ tails, influenced by a large number 
of holdings that infrequently engaged in trades or involved relatively 
small volumes of animals. Similar observations of pig operations with
sporadic trading patterns have been documented in pig (Büttner and
Krieter, 2021; Lentz et al., 2016; O’Hara et al., 2022; Passafaro et al., 
2020),cattle (Volkova et al., 2010a; Rautureau et al., 2011), and sheep 
trade networks (Volkova et al., 2010b).

Our research identified a structural divergence in network behav-
ior depending on the data aggregation level. At the holding level, 
both frequency- and volume-based networks exhibited low modularity, 
reflecting diffuse and broadly distributed connectivity patterns. In con-
trast, when aggregated at the municipality level, the same networks 
showed high modularity, indicating strong community segregation and
more compartmentalized trade structures. Spatial analysis of the top
5% influential holdings (by strength centrality) showed significant clus-
tering across Upper Austria, yet uneven distribution across communities
within the municipality-networks. This dual pattern (local clustering 
within broader regional dispersion) supports their utility as sentinels, 
9 
as local clustering ensures monitoring efficiency and cross-community 
distribution provides outbreak detection coverage. These findings align
with the work of Colman et al. (Colman et al., 2019), who suggested 
that in highly modular networks, such as those observed at the mu-
nicipality level, sentinel surveillance is most effective when sampling 
efforts are distributed across different regions or communities.

Epidemic size varied significantly depending on which community 
was initially seeded, in both networks. On average epidemic size was 
significantly higher in the volume-based network. This pattern may 
be driven by ‘‘weak ties’’ (infrequent or low-volume trades connecting 
distant parts of the network) that act as bridges facilitating spread 
across communities. These results exemplify the ’strength of weak 
ties’ paradox (Granovetter, 1973; Burt, 2004), where infrequent or
low-volume exchanges serve as crucial connectors that link otherwise 
distant communities.

This study presents some limitations. First, it focuses on the pig 
trade network in Upper Austria, thus findings may not generalize to
other regions. Additionally, we limited our analysis to three central-
ity metrics and did not include alternative centrality measures such
as eigenvector centrality or PageRank, as these prioritize ‘‘prestige’’
(i.e., being connected to other well-connected nodes) over actual trade
volume or frequency (Newman, 2018). While useful in certain types
of networks, these metrics are less appropriate in the context of direct 
physical movements of livestock, where functional roles in transmission 
dynamics are more relevant than influence by association (Bucur and
Holme, 2020; Natale et al., 2009). Therefore, strength, betweenness, 
and closeness were most aligned with our aim to identify holdings 
critical for surveillance and control. Nonetheless, we acknowledge that
alternative or hybrid centrality approaches may offer valuable insights 
in future work.
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Second, we assumed that all pig movements were accurately
recorded, as movement reporting is mandatory under the Animal
Health Law (AHL, Regulation (EU) 2016/429) (European Parliament 
and The Council, 2016). While some underreporting cannot be entirely 
ruled out, we expect it to be minimal and unlikely to substantially affect
the network structure or the overall findings of this study. Additionally,
incorporating additional holding attributes, such as biosecurity or herd 
size, could improve the model and susceptibility rankings.

A further limitation stems from our use of a static network ap-
proach, which aggregates temporal trade data into a single snapshot. 
This approach overlooks dynamic aspects of pig movements that vary
seasonally or temporally (Lentz et al., 2016). This static representation
could lead to two key limitations: (i) the aggregation process may arti-
ficially inflate predicted epidemic size (Enright and Kao, 2018; Holme, 
2005; Lentz et al., 2016), by assuming all recorded connections are
simultaneously active; and (ii) from an epidemiological standpoint, our 
approach implies that all contacts are persistent, while in reality many
transmission opportunities are transient (Kim and Anderson, 2012).
This simplification may affect the accuracy of both centrality measures
and simulated spread patterns. Future studies comparing static and 
dynamic network approaches could provide additional insights into 
how trade timing interacts with weighting choices to influence disease
spread.

Lastly, while strength centrality is promising, its practical imple-
mentation must be considered. If rankings based on centrality metrics 
change over time, stakeholders may face challenges in adapting surveil-
lance efforts to these evolving rankings. However, increasing model 
complexity may reduce usability for surveillance personnel. Therefore, 
while dynamic networks are very valuable (Oettershagen et al., 2022),
their real-world usability should be balanced against interpretability 
and ease of use to ensure they remain manageable for those performing 
surveillance.

5. Conclusion

Our findings have practical implications for developing more effec-
tive surveillance strategies. The strong alignment of strength centrality 
rankings with simulation-based ranking suggests that this metric can be 
a reliable and computationally efficient initial approach for identifying
influential nodes in a static network. However, further validation using
dynamic network models is recommended to confirm its reliability 
under dynamic conditions.

A network-based approach can enhance the efficiency of traditional 
surveillance strategies, by enabling more targeted, risk-based monitor-
ing that is both actionable and field-deployable. While both frequency-
and volume-based networks exhibited similar overall structures, our 
results clearly demonstrate that the choice of edge weighting signif-
icantly influences epidemic size. This underscores the importance of
tailoring edge weight selection to the characteristics of the infectious
disease under surveillance (or being modeled), notably its transmission 
probability and mode of spread.

In conclusion, the weighted network approach holds considerable 
potential for informing targeted surveillance and control strategies.
By prioritizing high-risk nodes through strength centrality and ac-
counting for the differences between frequency- and volume-based
weighting, animal health authorities can implement more efficient and 
cost-effective interventions.
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