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SUMMARY

Importation of live pigs poses a significant risk for introducing exotic diseases, threatening animal health, 
welfare, and food security. Using daily Austrian pig movement records from 2021, we modeled the introduc-

tion of an infectious disease. Within-holding infection dynamics were simulated with a stochastic suscepti-

ble-exposed-infectious-removed (SEIR) with ASF-like parameters; between-holding transmission occurred 
via direct trade and indirect local spread within 5-km radius. Across simulations, the epidemic affected 
0.2% of pigs and 2% of holdings, reaching 10% of municipalities. Most holding-to-holding transmission 
was short-distance (54.9% intra-municipal; inter-municipal transmission averaged 7.8 km), but rare long-dis-

tance events (mean 5.6 events per simulation; >2 SD above mean trade distance) facilitated large-scale out-

breaks. Early-stage projections predicted final size and progression more precisely than later forecasts, 
supporting timely targeted interventions. Static networks overestimated affected municipalities by 8.9-

fold. The first 40 days were critical for epidemic control when introduction occurred in a low-trade period 
(January), shrinking to 20 days during high-trade periods (April).

INTRODUCTION

In Europe, millions of live animals are transported annually 

for various purposes, increasing the potential for communi-

cable diseases to spread across the European Union (EU). 

Interstate movements are particularly at risk for the introduc-

tion of exotic pathogens into disease-free regions. 1–4 A 

notable example is the introduction of foot-and-mouth dis-

ease (FMD) into the Netherlands from Irish calves, which 

further spread into mainland Europe. 5 Despite such risks, 

few surveillance systems use international livestock move-

ment data to monitor and mitigate the risks of disease intro-

duction, 6,7 highlighting a critical gap in the current biosecurity 

framework.

Pigs are among the most frequently traded livestock in 

Austria, with over 1.9 million movements recorded between 

2015–2021, 8 heightening the risk of introducing infectious 

diseases and facilitating their subsequent spread. 1 In Austria, 

significant concerns include African swine fever (ASF) and 

classical swine fever (CSF), both highly contagious viral 

diseases that can cause severe economic losses in the pig 

industry. 9–11 Despite Austria’s current ASF-free status, the 

disease is present in several neighboring countries, 12 

elevating the risk of transboundary spread via legal or illegal

movement of infected animals or contaminated products. 

Understanding the vulnerabilities of pig production systems 

in relation to trade dynamics, notably importations, can pro-

vide critical insights for designing targeted animal health 

surveillance systems.

At farm level, the incidence of infectious diseases is positively 

associated with the number of incoming contacts, i.e., the num-

ber of farms from which animals are purchased. 13 Regions 

located downstream of major animal mobility flows are often 

at increased risk of disease introduction, while holdings with 

numerous outgoing movements can act as key propagators 

of infection. 14–16 Disease propagation typically involves a com-

bination of short-distance spread and long-distance dispersal 

events, closely tied to the structure of livestock mobility 

networks. 4,17 Short-distance spread affects nearby holdings 

through indirect paths (e.g., arthropod vectors 18,19 and fo-

mites 20–26 ) or via direct contact, such as the introduction of 

infected animals via transfer. 17,27

In the EU, animal movements must be reported, 28 allowing for 

traceability, while regulating livestock movements during out-

breaks provides an effective means of controlling disease 

spread. 29,30 Livestock mobility can be modeled using origin-

destination (OD) matrices, with or without time attributes. 31,32 

These data can be represented as a directed network where
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communities, such as holdings, spatial zones (e.g., grid 

cells 33,34 ), or administrative regions, 16 form nodes and edges 

represent trading operations (‘‘flow’’) between them. Addition-

ally, edges can be weighted based on the intensity of animal 

movements between communities, e.g., using trade volume or 

frequency, providing a more accurate representation of move-

ment dynamics. 8,35

To better understand and predict infectious disease dynamics, 

compartmental models are widely used in epidemiology. These 

models divide the population into distinct compartments accord-

ing to disease status, such as susceptible (S), exposed (E), in-

fected (I), and recovered/removed (R), forming the SEIR 

model. 36,37 The integration of pig mobility data with compart-

mental models has been instrumental in simulating the spread 

of infectious diseases such as FMD, 38,39 porcine reproductive 

and respiratory syndrome (PRRS), 40–42 CSF, 43–45 ASF, 46,47 and 

porcine epidemic diarrhea (PED). 48

Beyond understanding disease spread, a key application of 

network models is to inform and optimize outbreak control. So-

phisticated mathematical frameworks, such as optimal control 

theory, 49 are increasingly applied to epidemiological networks 

to derive cost-effective intervention strategies over time, for 

instance, by optimizing vaccination allocation 50,51 and quaran-

tine strategies. 52 While these approaches are powerful for deter-

mining ‘‘how much’’ and ‘‘how to’’ intervene, they first need 

identifying ‘‘who’’ to target and ‘‘when’’ to act. Our study focuses 

on these two foundational steps.

While the epidemiological importance of trade networks is 

well-established in other contexts, their specific dynamics 

of the Austrian pig movement network remain unexplored. 

The objective of this study was to explore likely scenarios 

that would follow the introduction of a disease into the pig 

population of Austria. Our model is the first to integrate 

high-resolution pig movements data from Austria into an 

epidemiological model, yielding several context-specific pol-

icy-relevant findings. The novel inclusion of temporally 

resolved data show that static networks substantially over-

estimate outbreak size and critical intervention windows

are seasonally dependent. We characterize long-distance 

infection jumps, identify specific municipalities as trans-

mission hubs, and model disease spread from a data-

driven high-risk entry point. These findings provide critical in-

sights to guide targeted disease prevention strategies and 

optimize resource allocation for outbreak management 

in Austria. 1,53

RESULTS

Mobility flow patterns in the static pig trade network 

Strong correlation between inflow and outflow in the 

domestic pig mobility network

Analyses revealed that annual outflow per municipality ranged 

from 1 to 3,458, while inflow ranged from 1 to 10,267 trades 

(Figure 1). High-flow areas were concentrated in the federal 

states of Upper Austria and Styria. The Spearman correlation 

test revealed a strong positive relationship (r s = 0.76, p 

value = 1 < 10 − 300 ) between inflow F in and outflow F out . This high-

lights the existence of ‘‘hubs’’ characterized by both a high 

vulnerability to disease introduction (sinks) and a large potential 

for widespread transmission (amplifiers).

Importation patterns and high-risk entry point

In 2021, Austria recorded 4,160 pig importation events, primarily 

sourced from Germany (89%), followed by Hungary (3.4%), 

Slovenia (3.3%), Croatia (2%), the Netherlands (1.8%), the 

Czech Republic (0.5%), and Denmark (0.1%). These imports 

were distributed across 64 municipalities, with per-municipality 

event counts ranging from 1 to 1,243. The municipality M1514 

emerged as the highest risk entry point, receiving 1,243 importa-

tion events (29.7% more than the second-highest municipality; 

958 events) that brought 86,461 pigs into the region. This volume 

represented 18.6% of all pigs imported into Austria, with an 

average of 69.6 pigs per import event. With 25 active holdings, 

M1514 was identified as a critical hotspot for potential exotic dis-

ease introduction via live pig movements.

Using 2021 Austrian pig movement data, we constructed 

a propagation network to model potential disease spread

Figure 1. Flow of pig trades aggregated to hexagonal grid cells in Austria in 2021

(A) Outflow trade frequencies.

(B) Inflow trade frequencies. Each hexagon represents a 5 km 2 area. Municipal-level trade frequencies were aggregated to hexagons by summing movements 

from municipalities whose centroids fall within each hex. Hexagons are color-coded based on quantiles of the flow distribution, highlighting variations of trade 

activity across the country. Hexagons with no flow are shown in white. Thick black lines represent federal state boundaries. Data are derived from a total 

movement record of 250,137.
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originating from M1514 (Figure 2). This network encompassed all 

municipalities that could have received pigs directly or 

indirectly from this high-risk entry point. We found that: (1) 

M1514 was linked to 44 municipalities via direct movements 

(k = 1); and (2) through pathways of five or more trade steps 

(k ≥ 5), 1,839 municipalities (89% of Austria’s total) were reach-

able (Figure S2).

The mean Euclidean trade distance between municipalities in 

the propagation network was 46.8 ± 57.3 (SD) km (Figure 3A). We 

defined long-distance trades as those exceeding 161.4 km 

(mean +2SD). The majority (39, 88.6%) of these M1514-directly 

connected municipalities were located within Styria, while two 

were in Upper Austria, approximately 200 km away, two were 

in Burgenland, and one in Carinthia.

The Euclidean trade distances of M1514-directly connected 

municipalities in the propagation network exhibited a bimodal 

distribution (Figure 3B). Most of the directly connected munici-

palities were located at distances centered around a mean of 

33.8 ± 36.7 km from M1514.

A similar pattern was observed for propagation steps k ∈ [2, 5] 

(Figure S3). The mean inter-municipality Euclidean distance for 

these steps ranged from 27.7 km to 55.5 km, indicating that 

most trades—and thus potential transmission pathways— 

occurred over relatively short distances, i.e., primarily between 

neighboring municipalities. The monthly frequency of long-dis-

tance trade events (Figure S5) increased from January, peaked 

in May, and subsequently declined to the lowest levels in late 

autumn and winter.

Finally, we also calculated that by the third step (k = 3) in the 

propagation network, 1,283 municipalities (60.7% of Austrian 

municipalities) were reached.

Epidemic size and dynamics

We modeled disease spread in Austria’s pig production system, 

simulating within-farm transmission, local indirect spread, and 

movement-mediated transmission. The model was parameter-

ized to mimic ASF dynamics. Two scenarios were tested: one initi-

ating in January and another in April, each starting at a randomly 

selected holding in the high-import municipality (M1514).

In all simulations, the number of exposed (E) and infectious (I) 

pigs increased steadily over time. The infectious pigs population 

peaked at 3,183 on day 359 while exposed pigs reached their 

maximum of 2,978 on day 365 (Figure 4A).

The number of infected holdings exhibited an initial smooth 

increase in the first 25 days which transitioned to an exponen-

tial-like growth pattern, indicating a rapid rise in infections 

before stabilizing (Figure 4B). By the end of the simulation 

period, the number of infected holdings reached 477 (95% 

CI: [400–563]), representing approximately 2% (95% CI: 

[1.7–2.4]) of all trading holdings in Austria in 2021. An average

Figure 2. Potential propagation network 

from M1514 (highest-import municipality), 

Austria, 2021

The network representation illustrates pig trade 

pathways originating from M1514, Austria. Nodes 

represent municipalities and are color-coded 

based on their stepwise distance from the origin 

(M1514, which is shown in dark red), while mu-

nicipalities 1 to more than 5 steps (i.e., trades) 

away are shaded as indicated in the legend. 

Directed edges represent trade movements, with 

red edges indicating slaughter-related connec-

tions and gray edges representing other trade 

types.
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of 212 (95% CI: [207.2–217.2]) municipalities (10%) were 

affected (Figure 5). The resulting likelihood of infection showed 

that the highest likelihoods were concentrated around the 

origin of initial outbreak (Figure 6). This estimate is substantially 

lower than the potential geographic range predicted by the 

analysis of the movement network (89% of all municipalities, 

Figure S2).

Epidemic size does not vary with incursion time

Given that trade flows exhibit marked seasonal variation—with 

volumes typically peaking in April 54 —we hypothesized that the 

timing of pathogen incursion may influence the subsequent 

epidemic size.

Within 30 days following the disease introduction, simulations 

initiated in January resulted in 62 exposed E and 50 infectious I 

pigs, whereas those initiated in April showed slightly lower 

counts, with 58 pigs in E and 47 pigs in I (Data S1). A similar trend 

was observed in the number of infected holdings, with 12 hold-

ings infected in the January and April scenarios (Data S1). 

Statistical analysis using Mood’s median test showed no sig-

nificant difference between the two scenarios for the number of 

pigs in E (p value = 0.58) and I compartments (p value = 0.26) at 

t = 5 onward. Similarly, no significant difference was observed in 

the number of infected holding at t = 3 onward (all p value >0.1). 

Results from the analysis of epidemic impact after the April 

disease incursion are presented in Data S1.

Infection jumps via long-distance trade

Transmission events predominantly occurred over short dis-

tances, with 54.9% (95% CI: 54.8%–55%) taking place within 

the same municipality. When transmission occurred between 

municipalities, the average inter-municipal distance was 7.8 ± 

10.4 km, consistent with localized spatial spread. Of particular 

epidemiological significance were long-distance transmission 

events (>mean + 2SD, Figure 3B) as they have the potential to 

seed new, geographically distant clusters far from the outbreak 

origin, and substantially alter the spatial trajectory of the 

epidemic. 4,27,55

We quantified the duration of the initial local spread phase (i.e., 

the period before the first long-distance jump). This phase per-

sisted for an average of 143 days (95% CI: 139–147.2). For sim-

ulations initiated in January, the mean number of long-distance 

infection jumps per run was 5.6 ± 3.0, with a median of five 

(range: 0 to 22) (Figure S4). Our analysis of the relative contribu-

tion of transmission routes revealed that while only a small frac-

tion of municipalities were directly seeded by a long-distance 

transmission event, the secondary clusters originating from 

these events accounted for 20.1% (95% CI: 19.0–21.1%) of all 

affected regions, with the remaining 79.9% (95% CI: 78.9– 

81.0%) attributable to local spread.

Municipalities serving as sources for long-distance transmis-

sion events exhibited heterogeneous outflow centrality values 

(total outgoing of pig movements), a metric representing the like-

lihood to spread infection via long-distance trade. Notably, mu-

nicipalities M1491 (λ = 2.3), M1510 (0.4), and M0292 (0.4) 

showed the highest outflow, indicating they were the most prob-

able source of such spreading events.

Similarly, municipalities receiving long-distance transmis-

sion events exhibited heterogeneous inflow centrality values 

(total ingoing of pig movements). The most vulnerable munic-

ipalities included M0731 (λ = 0.7), M0797 (0.7), and M0720 

(0.4). These municipalities were primarily concentrated in 

southeastern Austria, specifically in Styria and Carinthia, 

with additional hotspots in Lower Austria and Upper Austria 

(Figure 7).

The farthest recorded infection jump in our simulations 

occurred from a municipality in Lower Austria to a municipality 

in Vorarlberg, covering a distance of 501.3 km. However, the 

likelihood of this event was extremely low (0.001). The propaga-

tion of the disease to the distant region of Vorarlberg consistently 

occurred through multi-step transmission rather than a direct 

jump from the outbreak origin. All long-distance infections reach-

ing Vorarlberg originated not from the initial hotspot (M1514) in 

Styria, but from subsequent foci in Upper Austria.

Figure 3. Euclidean distance distribution of domestic pig movements in the potential propagation network from M1514 (highest-import 

municipality), Austria, 2021

Distances are in kilometers (km) and correspond to trade distance between municipalities within the propagation network.

(A) Distribution of Euclidean distances for all trades originating from M1514. The green dashed line represents the mean trade distance (46.8 ± 57.3 (SD) km). The 

dashed red line on the right side indicates the threshold for long-distance movements (161.4 km, i.e., mean +2SD).

(B) Distance distribution for pig trades at step one (k = 1). The green dashed line represents the mean trade distance at k1 (33.8 ± 36.7 (SD) km).
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A critical window for local disease containment is the period 

between initial incursion and the first long-distance transmission 

event. 56,57 To measure this, we reported the shortest time from 

incursion to the first long-distance infection jump across 1,000 

simulations. When seeded in January, the earliest first long-dis-

tance infection jump occurred at day 42 after the incursion. In the 

following week (day 42–49), the probability of a long-distance 

infection jump to occur was 0.7%. In contrast, in the April seed-

ing scenario, the earliest infection jump occurred at day 20 after 

disease introduction (calendar days 126–133). In the following 

week (day 20–27) the probability of occurrence of a long-

distance infection jump was 11.7% (Figure 8). These results 

demonstrate that April-initiated outbreaks progressed to 

the long-distance transmission phase 2.1 times faster than 

January-initiated outbreaks.

Temporal analysis of the January seeding scenario revealed 

a multimodal pattern in long-range transmission risk, charac-

terized by three distinct peaks in the probability of long-dis-

tance transmission events (Figure 8). The first and most prom-

inent peak occurred between t = 113 − 120 days post 

introduction, at a probability of 55.5%. Two subsequent peaks 

were observed at t = 239 − 246 days (44.5%) and t = 358 − 

365 days (54.9%), with the final peak coinciding with the simu-

lation endpoint (day 365). Poisson regression indicated a sta-

tistically significant negative association between weekly 

overall trades and weekly infection jump events (0.01% de-

creases in expected infections per trade unit, p = 0.008) but 

also revealed extreme overdispersion (Deviance/df ≈ 152; 

Pearson χ 2 /df ≈ 190) (Data S1).

Municipalities exhibited varying contributions to long-distance 

infection jumps throughout the epidemic (Figure 9). For instance, 

at t = 113 − 120 days, municipality M1491 emerged as the most 

frequent source of long-distance infection jumps, contributing to 

524 jumps. This municipality consistently served as a key source 

of long-distance transmission across multiple time frames. Simi-

larly, at t = 190 − 197 days, municipality M0292 was associated 

with the highest number of long-distance infection jumps (300). 

The median timing for the infection to reach these ‘‘long-range 

spreaders’’ was 74 ± 37.7 days for M1491, 62.5 ± 50.1 days 

for M1510, and 132days ±51.9 for M0292.

Results from the temporal analysis of the April seeding sce-

nario are presented in Data S1.

DISCUSSION

By simulating an ASF-like outbreak seeded at a single high-risk 

importation point (M1514), our study demonstrates how the 

timing of disease introduction and the structure of the domestic 

pig trade network jointly determine the speed and spatial extent 

of epidemic spread. Despite exploring only one entry scenario, 

the results reveal important dynamics: early-stage spread re-

mains local for a limited period, after which the likelihood of 

long-distance dissemination increases sharply—especially 

when the introduction occurs during peak trade activity. 

Although rare, long-distance transmission events had a dispro-

portionate impact on outbreak geography by establishing sec-

ondary clusters that subsequently spread the disease further. 

This is exemplified by the infection of Vorarlberg, which was

Figure 4. Temporal dynamics of epidemic size over a 365-day simulation following the hypothetical introduction of an ASF-like disease in 

Austria on 1st January 2021

One holding, located in municipality M1514 (the highest-import municipality), was randomly selected as the origin of the outbreak.

(A) Median number of pigs in the exposed E (blue line) and infectious I (red line) compartments across all municipalities.

(B) Median number of infected holding (red line) across municipalities. A holding was considered infected if it contained at least one pig in either the exposed E or 

infectious I compartment. Once a holding became infected, it remained infected for the duration of the simulation. Shaded gray areas indicate the 95% confi-

dence intervals (CI), reflecting variability across 1,000 simulations. The widening of the CIs over time indicates increasing uncertainty in the model’s predictions as 

the epidemic progresses.
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not seeded directly from the outbreak origin but was relayed via 

the central hub of Upper Austria, highlighting the dispropor-

tionate role of amplifier regions in long-range dissemination. 

Municipalities in Upper Austria and Styria, characterized by 

high frequencies of both inflow and outflow of pigs, emerge as 

central hubs in this network. Their dual role as major receivers, 

making them vulnerable to disease incursion, and as distribu-

tors, positioning them as key transmission points, underscores 

their pivotal influence in shaping epidemic dynamics. These find-

ings emphasize the importance of early detection and rapid 

response, particularly in highly connected municipalities that 

function as both receivers and major distributors within the trade 

network.

Studies have consistently shown a positive relationship be-

tween import activities and the risk of disease introduction. 3,27 

We identified M1514 as a critical high-risk importation point, 

which received the highest number of import events and a sub-

stantial proportion of the national import volume, serving as a po-

tential epicenter where introduced infections could cascade 

through the network.

Integrating 2021 pig mobility networks with a holding-level 

SEIR model, we simulated the dynamic spread of an ASF-like 

pathogen introduced at M1514. This approach captured critical 

propagation dynamics, with epidemics spreading rapidly to 2% 

of municipalities within 100 days, confirming M1514’s role as a 

network propagation hub. Additionally, we demonstrated that 

early-stage projections exhibit significantly greater precision

than later forecasts, providing more accurate estimates of 

both: final outbreak size and outbreak progression patterns. 

This enhanced early-stage predictive capacity creates a critical 

window for targeted interventions before uncertainty escalates 

and transmission processes become irreversibly established. 

Epidemic simulations revealed limited network-wide dissemi-

nation, with only 10% of susceptible municipalities ultimately 

becoming infected. This moderate overall impact reflects the 

Austrian pig trade network’s inherent sparsity and hierarchical 

structure, which naturally limit extensive spread. 54 These find-

ings align with Avraam et al., 58 who demonstrated that network 

heterogeneity and community structure are key determinants 

of epidemic scale. The observed pattern of localized clusters 

interspersed with long-distance jumps reflects the multiscale na-

ture of disease spread through complex trade systems. 59 The 

propagation network exhibits a small-world structure 60 charac-

terized by densely connected clusters that enable localized 

transmission, while occasional long-distance jumps facilitate 

broader geographic spread. Collectively, these features high-

light how network topology shapes epidemic outcomes across 

varying levels of trade activity.

Comparative analysis revealed fundamental differences 

in outbreak predictions between static and temporal network 

models. 44,61,62 The static network overestimated the number 

of affected municipalities by 8.9 times by assuming all 

annual trade connections are simultaneously available, 

creating unlimited transmission potential. 63 In reality, the

Figure 5. Distribution of the number of municipalities infected per simulation, after hypothetical introduction of an ASF-like disease in Austria 

on 1 January 2021

One holding, located in the municipality M1514 (the highest-import municipality), was randomly selected as the origin of the outbreak. The dashed green line 

represents the mean number of infected municipalities across 1,000 simulations (mean = 212). The red dashed lines represent the ±2 standard deviation (SD) from 

the mean [207.2–217.2].
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temporal model showed that epidemics unfold sequentially: 

transmission requires trade events to occur in specific orders 

while infection is present. This demonstrates that accurate 

risk assessment requires explicit incorporation of trade 

chronologies. 61

Following the initial introduction, the infection, if left uncon-

trolled, rapidly spreads within the vicinity of the seed municipal-

ity. This early phase is driven by intense holding-to-holding 

transmission, which precedes occasional long-range move-

ments. These rare jumps subsequently seed new areas, where 

local to medium-range transmission further amplifies the 

outbreak. This localized transmission pattern reflects the homo-

philic nature of swine trade in Austria, where animal transfers 

predominantly occur between holdings located within the 

same federal state. 54 In densely populated livestock regions, 

the close proximity between holdings facilitates rapid contagion, 

raising the risk of severe epidemics 64 compared to more 

sparsely populated regions. Although stochastic local dispersion 

increases substantially epidemic size, it has a limited impact on 

the overall geographic extent of the outbreak. 57

Notably, long-distance transmission events, though uncom-

mon, were responsible for 20% of affected municipalities that 

would otherwise have remained uninfected. Therefore, miti-

gating these rare but critical jumps is essential to prevent the 

transition from localized outbreaks to nationwide epidemics. 

Long-distance trades can disproportionately alter disease dy-

namics by creating pathways that enable infections to spread 

across vast geographic areas, bypassing local containment ef-

forts. This phenomenon, where infrequent events have outsized 

consequences, was described during FMD outbreaks in Great 

Britain, 55 Uruguay, 4 and Japan, 27 where long-range animal 

movements were instrumental in seeding infections far from 

the original outbreak site, leading to widespread transmission. 

A similar pattern has been observed in human mobility studies, 

where long-distance travelers play a pivotal role in disseminating 

diseases across geographically disconnected regions. 65 These 

findings highlight the dual role of epidemic dynamics: prox-

imity-based spread determines the local case load, while occa-

sional long-range jumps are primary drivers of geographical 

escalation.

Our results confirm that the risk of disease propagation is dy-

namic, fluctuating with trade activity. 62,66 Specifically, the critical 

window for containment varies significantly depending on the 

timing of disease introduction. When the disease is introduced dur-

ing a period of low trade activity (e.g., January), 54 it spreads locally 

for approximately 40 days before the first long-distance infection 

jump occurs, with the probability of such an event remaining below 

1%. In contrast, introduction during high-trade periods (e.g., 

April) 54 shortens this critical window to 20 days, after which the 

probability of a long-distance jump rises to 11%. These findings 

define the drastically reduced operational window for effective 

containment efforts in high-trade seasons, making rapid detection

Figure 6. Hexagonal aggregation of infection likelihood across Austria following the hypothetical introduction of an ASF-like disease on 1 

January 2021

One holding, located in the municipality M1514 (the highest-import municipality), was randomly selected as the origin of the outbreak. For each simulation 

iteration, we recorded whether a municipality was reached by the infection and then counted these occurrences. The resulting frequencies were normalized by 

the total number of iterations (1,000) to obtain likelihood values ranging from 0 (never reached) to 1 (always reached). These likelihood values were then averaged 

within each hexagonal cell (5 km radius). Data are presented as mean likelihood per cell. Thick black lines represent federal state boundaries.
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and immediate response crucial to prevent wider spread. This 

disparity is explained by the underlying pattern of long-distance 

trades: while both January and April recorded 13 such events, out-

breaks seeded in April coincided with the onset of the annual peak 

of long-distance trade events in May (29 events), resulting in a sub-

stantially higher probability of early transmission jumps. However, 

the observed multimodal peaks in infection jumps cannot be ex-

plained solely by trade intensity. Instead, we suggest it emerges 

from the complex interactions between multiple factors, including 

the timing at which infections reach key spreader nodes deter-

mined by network topology; non-trade transmission dynamics 

that amplify infection within high-density regions; and specific 

trade behaviors of individual holdings.

In both scenarios, the probability of a long-distance transmis-

sion jump (and subsequent spread to distant regions) increased 

substantially after 100 days. These time points (20, 40, and 

100 days post-introduction) serve as easy-to-remember, critical 

stages for mitigation efforts. Delayed identification of infections 

or late reporting of laboratory test results allows the disease to 

spread unchecked, compromising containment efforts and 

increasing the risk of large-scale outbreaks. 27,67–69 Such delays 

can also have severe consequences, not only for epidemic con-

trol but also for the economy, animal health, and welfare. 70 

Notably, if the outbreak extends beyond this critical window, con-

trol strategies must expand to target not only local areas but also 

distant regions affected by long-range trade movements.

Our results demonstrate that municipalities with high trade ac-

tivity are not only more susceptible to disease incursion but also 

serve as key facilitators of further transmission. Among these, mu-

nicipality M1491 emerged as a major driver of long-distance infec-

tion jumps, emphasizing its pivotal role in transmission dynamics 

(long-range spreader). These high-risk nodes represent critical 

targets for enhanced surveillance and strengthened biosecurity 

measures to mitigate the risk of widespread disease dissemina-

tion. This aligns with findings from other disease outbreaks, 

such as avian influenza and FMD, where disrupting trade hubs 

early in an outbreak has been shown to substantially reduce 

downstream infections. 71–74 Similarly, studies in human epidemi-

ology have demonstrated that targeted vaccination of highly con-

nected individuals can disrupt transmission early in an outbreak, 

potentially halting the spread of infection more effectively. 75

On a broader scale, our work reinforces the importance of inter-

national collaboration. Infectious diseases are not confined 

by political borders, 76–78 and neither should efforts to control 

them. For Austria, the identification of high-risk entry points and 

the role of long-distance trade underscore an urgent need for 

sub-regional, cross-border working groups with key partners 

like Germany, the Czech Republic, and Slovenia. These groups 

should prioritize aligning pre-emptive surveillance in shared trade 

basins, developing joint simulation exercises, and creating proto-

cols for reciprocal, real-time alerts for high-risk movements. This 

targeted cooperation is critical because European countries share 

interconnected, regulated 28 animal trade networks, where vulner-

abilities in one country can have ripple effects across the entire 

continent. Harmonized surveillance protocols, real-time cross-

border data sharing, and coordinated response strategies are 

essential components of modern biosecurity frameworks.

In conclusion, Austria’s pig import activity increased the risk of 

exotic disease introduction, and the domestic trade network en-

ables disease spread, posing a threat to animal health and food

Figure 7. Districts involved in long-distance infection jumps and the likelihood of long-distance infection jumps following the hypothetical 

introduction of an ASF-like disease in Austria on January 1, 2021

One holding, located in the municipality M1514 (the highest-import municipality), was randomly selected as the origin of the outbreak. Analysis is aggregated to 

the district level to highlight broader transmission patterns while protecting personal data. Districts shown in red contain at least one municipality that participated 

in at least one long-distance infection jump, either as a source or destination, with color intensity reflecting the number of participating municipalities within each 

district (across 1,000 simulations). Districts shown in white did not participate in any long-distance infection jumps across all simulations. Directed blue arcs 

indicate long-distance infection jumps, with arrows pointing to the destination districts. Arc thickness is proportional to the likelihood of occurrence across 

simulations, highlighting critical connections within the network that may drive large-scale outbreaks.
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security. Therefore, early outbreak detection, prioritized surveil-

lance in high-risk municipalities, and stringent biosecurity mea-

sures can significantly reduce disease spread. By targeting 

high-risk nodes and critical time windows (20/40/100 days), 

containment strategies can be optimized to effectively manage 

both localized and long-distance transmission dynamics. During 

periods of high trade activity, swift intervention is essential, as 

the disease can spread to distant regions twice as fast compared 

to introductions during low-trade periods. After 100 days, contain-

ment becomes more challenging due to the increased frequency 

of long-distance infection jumps, requiring strategies that target 

both local and distant geographical scales. Our network-based 

approach offers a scalable framework that can be applied to other 

regions and adapted for different swine diseases, enhancing over-

all preparedness, and resilience against emerging threats.

Limitations of the study

The SEIR model used in this study assumes homogeneous 

mixing within and between compartments, which may not fully

capture the complexities of real-world disease dynamics, 

such as variations in farm biosecurity practices and animal 

susceptibility (i.e., based on pig age categories). Moreover, 

the absence of biosecurity data for holdings may limit the 

model’s accuracy, as varying biosecurity levels significantly 

influence the holding’s vulnerability to infectious disease. 

Incorporating this information would enhance the model’s re-

alism. Furthermore, the model uses fixed ASF-like parameters 

and therefore does not capture the diverse epidemiological 

traits of other swine pathogens or potential meteorological in-

fluences on transmission. The comparison of two introduction 

time points, representing seasonal extremes in trade activity, 

also limits the exploration of year-round dynamics. Finally, 

the analysis is based on historical data from 2021, which 

may not fully reflect future conditions due to evolving trade 

patterns. Nevertheless, 54 demonstrated that the Austrian pig 

trade network has exhibited consistent annual cycles over 

seven years, suggesting some stability in trade dynamics 

over time.

Figure 8. Temporal distribution of successful infections via long-distance trades following the hypothetical introduction of an ASF-like 

disease in Austria under January and April seeding scenarios

The histogram shows the percentage of simulations (out of 1,000) in which a long-distance infection jump occurred within each time bin, with blue bars rep-

resenting January seeding and orange bars representing April seeding. The outbreak originated from a randomly selected holding in the municipality M1514 (the 

highest-import municipality). The overlaid kernel density estimates (KDEs; red and green lines for January and April, respectively) highlight the temporal density of 

events and reveal distinct peaks at specific time intervals.
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Although the outbreak in our study was seeded in the munici-

pality with the highest import activity, real-world introductions of 

foreign diseases may occur in unexpected locations, including re-

gions with minimal import activity. Such scenarios emphasize the 

inherently unpredictable nature of disease incursions and under-

score the need for adaptable surveillance and response strate-

gies. Importantly, our framework remains applicable regardless 

of the initial entry point, as it enables the identification of likely 

transmission trajectories and the assessment of disease spread 

dynamics across the entire trade network. By applying this 

approach to any potential outbreak origin, authorities can 

proactively design targeted control measures that are both timely 

and spatially optimized to mitigate the risk of large-scale 

epidemics.

While the study focuses on disease spread through animal 

movements, it does not account for other potential transmis-

sion pathways like interactions with wild animals (e.g., wild 

boars and rats) or insect density, which can contribute to local 

transmission, especially for some swine diseases. Moreover, 

the trade network analyzed may not reflect the full complexity 

of actual trade dynamics, as informal trades or unreported 

movements (such as truck transits) could influence disease 

spread. Despite these limitations, the study offers valuable in-

sights into how transboundary animal diseases could be intro-

duced into Austria through high-import municipalities, providing 

a general overview of the vulnerabilities within the country’s

swine industry and informing targeted surveillance and preven-

tion strategies.
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Amaku, M., Burbano, A., Gonç alves, V.S.P., and Ferreira, F. (2022). 

Modelling control strategies against classical swine fever: Influence of 

traders and markets using statautstatic and temporal networks in 

ecuador. Prev. Vet. Med. 205, 105683. https://doi.org/10.1016/j.pre-

vetmed.2022.105683.

45. Martı́nez-Ló pez, B., Ivorra, B., Ramos, A.M., and Sá nchez-Vizcaı́no, J.M. 

(2011). A novel spatial and stochastic model to evaluate the within- and 

between-farm transmission of classical swine fever virus. i. general con-

cepts and description of the model. Vet. Microbiol. 147, 300–309. 

https://doi.org/10.1016/j.vetmic.2010.07.009.

46. Vergne, T., Andraud, M., Bonnet, S., De Regge, N., Desquesnes, M., Fite, 

J., Etore, F., Garigliany, M.M., Jori, F., Lempereur, L., et al. (2021). Me-

chanical transmission of african swine fever virus by stomoxys calcitrans 

: Insights from a mechanistic model. Transbound. Emerg. Dis. 68, 1541– 

1549. https://doi.org/10.1111/tbed.13824.

47. Guinat, C., Gogin, A., Blome, S., Keil, G., Pollin, R., Pfeiffer, D.U., and 

Dixon, L. (2016). Transmission routes of african swine fever virus to do-

mestic pigs: current knowledge and future research directions. Vet. Rec. 

178, 262–267. https://doi.org/10.1136/vr.103593.

48. Machado, G., Vilalta, C., Recamonde-Mendoza, M., Corzo, C., Torremor-

ell, M., Perez, A., and VanderWaal, K. (2019). Identifying outbreaks of 

porcine epidemic diarrhea virus through animal movements and spatial 

neighborhoods. Sci. Rep. 9, 457. https://doi.org/10.1038/s41598-018-

36934-8.

49. Sethi, S.P. (2021). What Is Optimal Control Theory? (Springer International 

Publishing), pp. 1–23. https://doi.org/10.1007/978-3-030-91745-6_1.

50. Li, L., Zheng, N., Liu, C., Wang, Z., and Jin, Z. (2025). Optimal control of 

vaccination for an epidemic model with standard incidence rate. 

J. Theor. Biol. 598, 111993. https://doi.org/10.1016/j.jtbi.2024.111993.

51. Sun, G.-Q., He, R., Hou, L.-F., Luo, X., Gao, S., Chang, L., Wang, Y., and 

Zhang, Z.-K. (2025). Optimal control of spatial diseases spreading in net-

worked reaction–diffusion systems. Phys. Rep. 1111, 1–64. https://doi. 

org/10.1016/j.physrep.2025.01.005.

52. Shi, S., Wang, Z., Chen, X., and Fu, F. (2024). Determinants of successful 

disease control through voluntary quarantine dynamics on social net-

works. Math. Biosci. 377, 109288. https://doi.org/10.1016/j.mbs.2024. 

109288.
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METHOD DETAILS

Pig mobility data

The dataset comprises origin-destination (OD) data, which captures daily live pig movements across Austria, 2015–2021, detailing 

transfers from a source holding to a destination holding (also called ‘‘flow data’’). The dataset includes the date of movement, batch 

size, holding types, the number of animals per weight category in each holding, and the randomized 5 km-radius geo-coordinates 

(latitude and longitude, using the projected coordinate system EPSG 31287) of each holding. The data as well as the data cleaning 

processes have been previously detailed in Puspitarani et al. 54 For the present study, only data from the year 2021 is used. We 

considered the following pig movement types: 1) domestic: movement of live pigs between holdings within Austria, 2) slaughter: 

domestic movement of live pigs intended for slaughter, 3) abroad: import or export of live pigs, and 4) abroad-slaughter: import of 

live pigs that are intended for slaughter.

The 2021 dataset included 23,722 pig holdings (e.g., farms, slaughterhouses, and trade centers) across 2,115 municipalities, with 

250,137 movement records. In that year, 321 municipalities did not send any animals, and 198 did not receive any, resulting in 161 

municipalities being inactive in terms of trade. The data included 145,104 slaughter movements, 100,327 domestic trades, 3,888 im-

ports for slaughter, and 818 import/export movements. In 2021, Austria traded swine with 14 EU/EEA and two non-EU/EEA countries.

Administrative boundary data

The holdings’ geographical coordinates were overlaid over a shapefile of the Austrian municipalities 81 using the GeoPandas library in 

Python. 82 We extracted the name of the municipality where each holding was located using the function st_GeoDataFrame. To main-

tain confidentiality, all municipality names were anonymized in the analysis and reporting.

Networks of pig mobility

We constructed a 2021 static directed network at the holding level, where nodes represented the holding and edges represented a 

relationship (trade) between them. The directed graph G = (V, E) consisted of a set of nodes V representing holdings, and a set of 

directed edges E, representing the pig movement between them. Edges were weighted using the frequency of trade movements be-

tween holding pairs. To analyze the temporal dynamics, we also created a time-ordered sequence of daily snapshots, G 1 , …, G 365 , 

where each G t represents the network for day t. The graphs were built using the NetworkX 83 library with the DiGraph function, 

ensuring that networks were directed.

This network captures mobility flow, which describes interactions between entities based on movement patterns. While mobility 

studies often quantify interactions using the volume of moving entities (i.e., humans), 31,32,84,85 our approach differs by using trade 

frequency between holding to define these connections.

Domestic mobility flow

Here, we aggregated the holding-level graph G to create a municipal-level graph G m . In this new static network, the nodes represent 

municipalities, and edges were defined based on the connections between their constituent holdings. To focus on domestic
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(i.e., occurring within Austria) movements between municipalities, we excluded import and export movements (i.e., ‘‘abroad’’ and 

‘‘abroad-slaughter’’ types). For each municipality, we computed the outflow F out and inflow F in during 2021, which represented 

the total number of outgoing and incoming pig movements, respectively. In graph theory, these metrics are also referred to 

as out-strength and in-strength, respectively. 32,86 The total flow (strength) was calculated as the sum of the in- and out-flow 

(F out + F in ).

To identify key municipalities in the network, we classified those with inflow in the upper quantile as high-risk for disease introduc-

tion (‘‘sinks’’). Conversely, we classified municipalities with outflow in the upper quantile as high-risk for disease spread (‘‘amplifiers’’). 

Municipalities with simultaneously high inflow and outflow were considered central to the network’s connectivity (‘‘hubs’’) and thus 

potentially critical for surveillance. We performed a Spearman correlation test to evaluate the rank-order relationship between inflow 

and outflow, determining whether municipalities with high outflow also exhibited high inflow (p-value ≤0.05 was considered 

significant).

Import flow and potential propagation network

To identify municipalities at higher risk of exotic disease introduction due to significant pig import activity, we filtered the dataset to 

include only import movements into Austria. For each municipality m, we calculated the number of import events using the following 

equation:

F abroad 
in;m = 

∑n

i = 1

I(source i ∕∈ AT) ⋅ I(target i = m) (Equation 1)

Where I identifies trades originating outside Austria (AT) and directed to municipality m. The municipality with the highest import flow 

was identified as the most probable entry point for the introduction of exotic diseases within Austria.

Further investigating the potential spread of exotic diseases from the municipality with the highest number of import trades, m*, we 

extracted the static subgraph G ′ , referred to as the potential propagation network of m*, which captures the connectivity between m* 

and other municipalities based on pig movements. Municipalities directly connected to m* were termed first-order neighbors (k = 1). 

The municipalities connected to these first-order neighbors were then classified as second-order neighbors (k = 2), and this process 

continued iteratively until no further connections could be identified (k-order neighbors). In this context, a ‘‘propagation step’’ corre-

sponded to a single trade movement between two connected municipalities within G ′ , where step k corresponded to a trade between 

a municipality of order k − 1 and one of order k. The set of nodes that could be reached from m* within k steps was denoted as follows:

N k (m ∗ ) = 
{ 

j|Ak
m∗ j > 0 

}
, where A km∗ j > 0 indicates that there is a connection from m* to node j within k steps. This analysis aimed to

identify municipalities at risk of infection following an incursion in the highest-import municipality and explore how diseases might 

propagate through the static network.

We examined the spatial characteristics of the potential propagation network G ′ to assess whether trades predominantly occur 

over long or short distances and to evaluate how spatial proximity influences disease spread. For this purpose, we calculated the 

Euclidean distances between the geographic centroids of connected municipalities. The centroid C m of a municipality m was deter-

mined from the shapefile of Austrian administrative boundaries. 81 Then we calculated the Euclidean distances, D(i, j), between the 

geographic centroids of two connected municipalities i and j.

We analyzed the distribution of the Euclidean trade distances (in km) across different steps in the propagation network. For each

step k, we calculated the average distance D k over all trades occurring at k-order from m* and examined how these distances varied 

across steps (orders). Furthermore, all Euclidean distances between connected municipalities in the potential propagation network 

were calculated, providing a statistical summary of these trade distances. In this work, we defined long-distance threshold as any 

trade with a Euclidean distance greater than two standard deviations above the mean of all trade distances (this same threshold 

was applied in the transmission model to identify long-distance infection jumps). We then quantified the frequency of these long-dis-

tance events for each month of the study period.

Epidemic model

Here, we used the temporal subgraphs G t (unlike the static network used in previous analyses) to simulate disease transmission over 

time, capturing the dynamic nature of disease spread. We developed a holding-level compartmental contagion model that incorpo-

rated two transmission pathways: (1) direct contact via trade (e.g., introduction of infected pigs) and (2) indirect short-distance trans-

mission (e.g., via fomites or arthropod vectors). This approach allowed for a more realistic representation of disease propagation 

dynamics between holdings.

Additionally, we modeled infection dynamics at the farm level.

Transmission dynamic within holding

We used a stochastic Susceptible-Exposed-Infectious-Removed SEIR model to capture the transmission dynamics within each 

holding, assuming a homogeneous mixing of pigs. The model compartmentalized the farm population into four categories: 

pigs that are susceptible to the disease S, pigs that have been exposed to the disease E, i.e., infected but not yet contagious, 

pigs that are infectious I, and pigs that have been removed R, i.e., dead.
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The total pig population for each holding was based on the annual census. We assumed herd sizes remained constant during the 

study period, ensuring sufficient pigs were available for trade between holdings. Therefore, the SEIR model excluded natural birth 

and death rates (except deaths related to infections). At t = 0, all pigs in every holding were considered susceptible.

Within a herd, if a susceptible pig came into contact with an infectious pig, it became exposed with probability P, following a 

frequency-dependent transmission with a PERT distribution:

P i (t) = 1 − e − βI i (t)=N i (t) (Equation 2)

Where β is the transmission rate, I i (t) represents the number of infectious pigs at time t, and N i (t) = S i (t) + E i (t) + I i (t) is the total number of 

pigs in herd i at time t. After the latent period μ, pigs transitioned from E to the infectious state I. Subsequently, the pigs were removed 

when the infectious period σ ends. We assumed a disease with 100% lethality, so that all pigs were removed at the end of the infec-

tious period. The epidemiological parameters were based on those of an ASF-like virus, which is not currently present in Austria, 

serving as an example of a potential exotic disease that could be introduced through the importation of live animals. The schematic 

representation of the transition between compartments and the parameter values is provided in Figure S1 and Table 1 respectively. 

This parameterization provides a concrete case study for an exotic ASF-like threat. However, our analytical framework is readily 

adaptable, allowing for the investigation of other swine pathogens with different epidemiological characteristics.

Our model utilizes fixed epidemiological parameters to isolate the specific effects of trade network structure and timing on disease 

spread. This simplifying assumption allows us to clearly attribute simulated outbreak dynamics to the movement data, providing a 

foundational understanding of network-driven risks without the confounding influence of seasonal transmission effects. 

Transmission dynamics between holdings

At the start of each simulation, t = 0, all nodes in the network were disease-free. The outbreak was initiated in a holding located in the 

municipality with the highest imports, m*, where one holding was randomly selected as the initial infection source (seed). In the 

selected holding, 10% of the susceptible pigs were infected by t = 1, representing 10% of the total herd size. A holding was consid-

ered to be infected if at least one pig from the E or I compartment was present.

When pigs were transferred from holding i to j, they were drawn randomly from i’s compartments (S, I, or E), based on the recorded 

number of transferred animals. These pigs were then assigned to their corresponding compartments in holding j. The introduction of 

at least one pig from E or I compartment caused the susceptible holding j to become infected. The localized contagion process was 

modeled using a Gaussian transmission kernel with a 5-km radius. 79,80 This value represents a conservative estimate for capturing 

high-risk local transmission events, and was also selected to align with international disease control guidelines, falling between the 

3-km Protection Zone and 10-km Surveillance Zone mandated by the World Organization of Animal Health (WOAH) and EU legislation 

for diseases like ASF. 26,28 In this model, the probability of transmission P loc decreases as the distance between the infected holding 

i and the susceptible holding j increases, defined as:

P loc 
j (t) = 1 − e − β loc d (i;j) I i (t) (Equation 3)

Where, for each time step t, β loc d (i,j) is the distance-dependent transmission rate and d (i,j) is the distance between the infected holding 

i and the susceptible holding j. The force of infection is proportional to the number of infected pigs I i in the infected holding i.

The model was executed over 1,000 iterations. Each simulation ran for 365 days, starting on January 1, 2021 (t = 1) and ending on 

December 31, 2021 (t = 365).

Additionally, a comparative analysis was conducted to assess the impact of the timing of disease introduction on infection dy-

namics. Specifically, we simulated the incursion of an exotic disease in April, a period of high trade activity in Austria, 54 and compared

Table 1. Parameters used in the epidemiological model

Parameter Definition Value

β Average transmission rate 

from an infectious pig to a 

susceptible one

pert(0.2; 0.4; 

0.6) day − 146,47

μ Average duration of the 

latent period in pigs

pert(3; 4; 5)

days 46,47

σ Average duration of the 

infectious period in pigs

pert(3; 7; 14)

days 46,47

D Spatial range of the local 

transmission kernel

5 km 79a.

Prevalence 

at t = 1

Proportion of infected pigs in 

the seeded herd at t = 1

10%

β loc Maximum local transmission rate 0.0001 day s− 180

This value represents a conservative estimate for capturing local transmission events.
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the resulting epidemic trajectory to that of an introduction in January, a period of low trade activity. In this scenario, each simulation 

started on a randomly selected day in April and ended on December 31, 2021.

Epidemic size

We evaluated the epidemic size of an exotic disease introduced via trade in Austria by calculating the total number of infected and 

removed pigs (E + I + R) and infected holdings (E + I) at each time step in the propagation network G ′ . Additionally, we provided a 

breakdown of infected pigs, E + I, which reflects the persistence of the disease in the population, while R reflects the disease burden 

in terms of mortality. To summarize the spread across holdings, we reported the maximum, minimum, median, and 95% confidence 

intervals of infected holdings at each time step.

To estimate the number of infected municipalities, we determined the count of unique municipalities reached by infection in each 

simulation iteration. Using a bootstrapping approach, we generated 1,000 resamples by randomly sampling epidemic sizes with 

replacement. The mean and 95% confidence interval (CI) of these resampled values were then calculated and visualized in a 

histogram.

We compared the epidemic size of an ASF-like disease introduced in January versus April by analyzing the first 30 days of the 

outbreak. This time frame reflects a realistic scenario in which the disease would no longer circulate unnoticed or undetected, as 

notification would have occurred. Additionally, it accounts for the period during which the outbreak may not yet be fully 

contained. 69,87–89

Municipality-level vulnerability to infection

We calculated the likelihood of infection for each municipality by determining how frequently it was affected across all iterations. For 

each iteration, we recorded whether a municipality was reached by the infection and then counted these occurrences. The fre-

quencies were normalized by the total number of iterations, producing likelihood values ranging from 0 (never reached) to 1 (always 

reached).

Analysis of long-distance infection jumps

For each pair of municipalities where a successful infection occurred in the propagation network, we calculated the distance (in km) 

between their centroids. Any infection event exceeding the predefined long-distance threshold was classified as a long-distance 

infection.

These jumps were analyzed to determine their frequency and normalized likelihood across all simulation iterations. The likelihood 

of long-distance jumps between municipalities was computed as the number of occurrences divided by the total number of 

iterations.

If a successful long-distance infection occurred during an iteration, it was marked as present; otherwise, it was marked as absent. 

We calculated the duration of the initial localized stage (until the first long-distance jump) per simulation, with means and 95% CIs 

derived via bootstrap resampling. To quantify the relative contribution of the transmission route, we performed a connected compo-

nent analysis on the propagation network G ′ after removing all long-distance edges. The proportion of affected nodes attributable to 

each transmission pathway was calculated by classifying those within the seed’s connected component as local spread, and all 

others as long-distance initiated.

We visualized successful long-distance infection jumps using the propagation network G ′ , where edge weights represent the likeli-

hood of infection jump occurrence, therefore creating a ‘‘long-distance infection propagation network’’. For each node (municipality), 

we computed the in- and out-strength centrality by summing the weights of incoming and outgoing edges, respectively. In this 

context, in-strength centrality represents the likelihood of a municipality being infected through incoming long-distance trades, while 

out-strength centrality represents the likelihood of a municipality spreading infection to others through outgoing long-distance 

trades.

Additionally, we analyzed the timing of long-distance infection jumps to identify key patterns. A histogram with a kernel density 

estimation (KDE) highlighted periods with the highest concentration of jumps. To determine if the temporal pattern of long-distance 

jumps was driven by underlying trade activity, we fitted a Poisson regression model, with the weekly count of infection jumps 

regressed on the weekly volume of all trades. Finally, a heatmap visualized the temporal and spatial distribution of these jumps, 

identifying specific time frames when certain municipalities played a major role in disease spread.

QUANTIFICATION AND STATISTICAL ANALYSIS

Computational modeling and data processing were performed using R software (v.4.1.0) 90 within RStudio Server ‘‘Juliet Rose’’ 

(v.1.4.1717) 91 and Python (8.25.0) 92 via Jupyter Notebook (version 7.2.0). 93 Spatial data management and overlay of holding coor-

dinates onto administrative boundaries were conducted using the GeoPandas library 82 in Python and the ‘‘sp’’, ‘‘sf’’, 94 ‘‘rgeos’’ 95 

package in R. Network constructions and topology analyses utilized NetworkX library. 83 Data visualizations, including kernel density 

estimations (KDE) to identify peaks in infection risks, were also generated in Python. All original code used for the simulations and 

statistical evaluations has been deposited at Figshare (https://doi.org/10.6084/m9.figshare.29656082).
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The study utilized several statistical tests. A Spearman correlation test was conducted to determine the relationship between 

municipal-level trade inflow and outflow, with a p-value ≤0.05 considered significant. To compare the epidemic trajectories of the 

January and April introduction scenarios, Mood’s median test was applied to the number of holdings and pigs in the exposed 

and infectious compartments. Poisson regression model was fitted to analyze the association between weekly trade volumes and 

the frequency of long-distance infection jumps. For spatial analysis, a connected component analysis was used to distinguish be-

tween municipalities affected by local spread versus those seeded by long-distance events.

The sample size (n) in this study primarily refers to the 1,000 stochastic simulation iterations performed for each seeding scenario to 

capture the variability of disease spread. Centrality in the data are reported as either the mean (e.g., for trade distances and municipal 

infections) or the median (e.g., for temporal dynamics of infected holdings). Precision and dispersion are represented by standard 

deviation (SD) and 95% confidence intervals (CI). These CIs were derived using a bootstrap resampling approach with 1,000 itera-

tions to provide robust estimates of epidemic size and the duration of the initial local spread phase.

Specific statistical details regarding the experiments can be found throughout the manuscript and supplemental files. The epide-

miological parameters and the PERT distributions used for stochastic modeling are consolidated in Table 1. Finally, extended 

comparisons between seasonal seeding times and the associated statistical distributions are provided in Data S1.
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