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Introduction: Unregulated livestock movements pose a significant risk for the spread of 
diseases, threatening animal health and productivity. These movements have been cited as a 
potential driver of the spatial and temporal dynamics of disease spread in the country. However, 
a formal evaluation of peste des petits ruminants (PPR) spread linked to livestock migration is 
lacking. This study investigated the extent to which PPR spread can be attributed to livestock 
movement, while accounting for risk factors such as production system, livestock population, 
geographical location and season. 

Materials & Methods: Data on livestock movement from Tanzania were collected to 
create network patterns illustrating the risk of PPR circulation across geographical areas and 
agroecological systems. 

Results: Results demonstrate a notable variation in network structure. Compared to movement 
driven by seasonal variation, trade-related movement extended up to 600 km. Additionally, 
during the dry season, animals travel longer distances than in the wet season. The probability 
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1. Introduction

he movement of livestock is crucial for 
trade, search for pasture and water, or 
relocation. However, it also poses a sig-
nificant risk for disease transmission. For 
example, in 1920, rinderpest returned to 

Europe from Brazil, a disease that was officially declared 
eradicated in 2011 [1, 2]. Improved livestock trade in-
frastructure like roads, railway networks, and slaughter 
facilities, show evidence of increased peste des petits ru-
minants (PPR) risks. For example, in Asia and Africa, 
livestock movement within meat supply chain networks 
(herds-local small and big market central market) has 
been linked to PPR outbreak [3, 4]. This pattern is also 
evident in Tanzania, where PPR spread throughout the 
northern part of Tanzania, which benefits from well-
developed trade infrastructure. International livestock 
market dynamics were linked to PPR spread, where out-
breaks have been very common in regions with a high 
number of border markets [5]. The health and sustain-
ability of agricultural and pastoral production systems 
have been directly impacted by the unprecedented rapid 
spread of infectious diseases like PPR, which pose a sig-
nificant economic risk [6, 7]. Research efforts to gain a 
better understanding of the movement patterns of sheep 
and goats in different environmental settings has been 
spurred by the realization that the movement of livestock 
plays a significant role in the transmission and spread of 
contagious diseases [8, 9]. For sustainable agriculture, 
animal welfare, and effective resource use, it is essential 
to comprehend and optimize livestock mobility within 
various production systems. Every system has benefits 
and drawbacks, and the decision is frequently influenced 
by elements like the environment, available resources, 
and intended output [10]. 

1.1. Pastoral and agropastoral

Tanzania's economy is rapidly developing, with ag-
riculture accounting for 24.27% of the GDP [11, 12]. 
Livestock plays a vital role for food, traction, revenue, 
savings, and social status in agropastoral and pastoral 
communities. As illustrated in Figure 1, over 80% of 
production is accounted for by agropastoral societies, 
which include crop farming and livestock raising, and 
14% by pastoral systems. Specialized or emerging prac-
tices, such as smallholder dairy systems, urban and peri-
urban livestock production, and other mixed farming 
systems, make up the remaining 2-6% of production [10, 
13]. The habitats of these communities are constantly 
shifting due to several factors, including climate change 
[14]. Climate change and other factors have led to a shift 
in pastoral communities to agropastoralism, due to un-
predictable weather patterns and insufficient resources 
[15]. Traditional coping techniques, such as livestock 
movement, are being adapted to include resilient breeds 
like drought-tolerant and short-cycle animals [16]. How-
ever, developing disease management strategies is chal-
lenging due to the dynamic and interconnected nature of 
agropastoral and pastoral systems [17].

1.2. Livestock movement analysis

It is possible to comprehend risk and investigate po-
tential pathogen spread by closely examining livestock 
contact patterns [8]. Various network analysis techniques 
have been applied to explore the structure and dynam-
ics of livestock movements and their relevance to dis-
ease spread. Given the complexity and dynamic nature 
of livestock commerce, complex network analysis is 
well-suited to handle bidirectional interactions such as 
animal movement, trade, and contacts [18, 19]. Network 
analysis allows us to determine centrality metrics, as-
sess a node's significance within the network, and look 
into disease spread pathways [12]. Some key measures 
that have been used include centrality, which identifies 

T

of contracting PPR infection was found to be half for households with outgoing livestock 
(outdegree), indicating a lower risk of infection compared to households with more incoming 
livestock (indegree). The network pattern shows scale-free properties, with negative and near- 
zero assortative mixing in pastoral and agropastoral societies, respectively.

Conclusion: These findings suggest that pastoral communities in northern Tanzania are prone 
to PPR infections, suggesting control methods targeting high-potential households in pastoral 
communities and districts with high livestock populations. The study suggests targeting the 
pastoral production system in these areas to impede PPR spread. Future research should 
emphasize dynamic modeling and targeted control interventions. 
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highly connected nodes or regions in the network, and 
community detection, which identifies groups of loca-
tions with strong internal connections [20]. In addi-
tion, we can analyse the network structure to calculate 
epidemics sizes and determine whether removing a node 
would allow for targeted surveillance or control strate-
gies [20-26]. Risk-based interventions, directed towards 
high-risk nodes, have been shown to significantly re-
duce the explosiveness of acute infections that spread 
quickly, such as the PPR-virus (PPRV) [21]. Few studies 
have examined the impacts of livestock movement of 
in East Africa by looking at animal transaction records, 
sales records, and questionnaire surveys [12, 24]. For 
example, networks of local livestock mixing at com-
munal areas have been developed using movement data 
gathered from community participatory mapping [10]. 
In addition, GPS data loggers have been used to study 
livestock contact around communal aggregation areas of 
in a typical East African agropastoral community, help-
ing describe contact rates and identify factors driving 
movement and interaction among village herds [27-29].
The study findings suggest that strategic interventions 
can reduce infection without limiting livestock mobil-
ity, critical for their survival, by focusing on high- risks 
points and times [10]. Another study found that targeted 
interventions are both practical and efficient means of 
controlling disease, and that animal migrations can af-
fect the patterns of disease transmission in livestock en-
vironments [27]. Although these studies have explored 
livestock movements in the context of disease spread, 
they mostly focused on cattle in a small region of Tanza-
nia. To date, no study has explicitly examined the vari-
ous social and economic factors influencing small rumi-
nant (SR) movements and implication for PPR spread in 
both pastoral and agropastoral communities. This is par-
ticularly important in northern Tanzania, where there is 
a shift in livestock typology and more households now 
keep higher numbers of sheep and goats compared to 
cattle because the former are better adapted to increas-
ing environmental and climatic challenges [28]. This 
may result in increased risk of SR diseases outbreaks 
like PPR in both pastoral and agropastoral communi-
ties [29]. In this study, a network of movement of SRs 
(i.e. sheep and goats) was used to describe: (1) the role 
of livestock mobility in the spread and transmission of 
PPR in sheep and goats; (2) identify important hotspots 
PPR surveillance; and (3) recommend strategies for 
controlling PPR in both agropastoral and pastoral pro-
duction systems in Tanzania. Overall, the study findings 
have the potential to improve our understanding of SRs 
movement patterns within livestock-keeping communi-

ties and inform network-based interventions for diseases 
surveillance and control of livestock.

2. Materials and Methods

2.1. Study area 

A cross-sectional study was done in eight districts lo-
cated within four surveillance zones of Tanzania, as de-
scribed in the Supplementary Materials S1 and Figure  
2. A purposive sampling approach was employed, taking 
into account key risk factors for disease spread in select-
ing the study area. These risk factors include geographi-
cal location, husbandry system, animal population [30] 
and composition, species, season, vaccination, and 
source of the animal [31]. Apart from risk factors, infor-
mation from the Director of Veterinary Services (DVS) 
on the zones with recent PPR outbreaks was considered 
during sample collection. The four selected surveillance 
zones, namely the southern, northern, lake, and central 
zones, were selected from the seven surveillance zones 
established for animal disease control in Tanzania [5].

2.2. Data collection

Data were collected between August and October, 
2021. A semi-structured questionnaire was developed 
using Kobo Toolbox to investigate the link between 
sheep and goat movements and PPR outbreaks in the 
study area. The primary unit of analysis in this study was 
the household, because every household in the study 
owned animals. A household is a group of people living 
in the same homestead or compound, sharing cooking 
facilities, and reporting to the same household head [32].

3.3. Collection of movement data

In this study, we documented both local movements 
to resource areas or trade related mobility; for the for-
mer, we defined agistment as taking livestock to ac-
quire fodder and water in different sites during the dry 
season and wet season, often in exchange for payment 
while permanent involve trade- related movement. Both 
trade-related and non-trade-related movements of ani-
mals were observed and documented. Using any of the 
aforementioned movement kinds throughout the study 
period, respondents were asked to name any animal des-
tination by common name. In order to acquire locational 
data, where wards were permanently recognized as op-
posed to the villages, it was necessary to identify both 
villages and a ward. A portable GPS embedded in the 
smartphone was used to record location information for 
each household surveyed and village/ward mentioned. 
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The destination coordinates were picked through inter-
net search, where the mentioned name of village or ward 
was searched through Tanzania Postal code directory 
website [33] and Google Maps [34]. To ensure compre-
hensive coverage, 121 sites involved in the study were 
extrapolated to 155 nodes to produce 471 connections. 
The extrapolation accounted for three reasons of move-
ment, including selling/trade, wet season, and dry sea-
son.

2.4. Data analysis

2.4.1. Network building

A movement network was constructed in our study 
using data on local movement resulting from resource 
seeking and trade-related mobility. Migration within a 
wards or districts for specific purposes, like searching 
for pasture or water, can be classified as either dry or wet 
season migrations. A third type of migration category 
was trade, in which animals moved between wards, dis-
tricts, or market areas [23]. In the network, each house-
hold or ward was represented by a node, and the move-
ment of livestock between households or wards was 
represented by an edge. Centrality and network metrics 
were separately calculated at both node and network lev-
els for individual districts and the whole network [35]. 
Two centrality metrics were computed at the node level: 
In and out-degree and betweenness, which are the path-
ways between nodes. At the network level, we computed 

the density, clustering coefficient, and giant strongly and 
weakly connected components [36, 37]. These centrality 
metrics were used in locating important nodes that are 
thought to be PPR transmission hotspots. In addition, we 
created a composite network of all the movements in or-
der to comprehend the high-ranking household in terms 
of degree. Supplementary Table S1 lists the definitions 
of node and network level metrics as well as their im-
portance in the spread of disease. All analyses were per-
formed in R Programming Language using Geosphere, 
igraph and ggplot packages [37, 38].

2.4.2. How the degree of distribution and fitting 
look like

Although many writers claim that their studied net-
works have scale-free properties and a power-law degree 
distribution, but this is extremely rare [39, 40]. Since 
node degree ‘k’ follows ‘a’ power-law distribution k – α 
where α>1, we considered in this study that many real-
world networks are scale- free. In order to manage com-
plexity, the latter proposes that a small number of nodes 
handle the majority of connectivity. This is frequently 
connected to the hierarchical structure of real-world 
communication systems [39, 41-43]. This can have 
a substantial impact on the dynamics of disease at the 
population level and may indicate the presence of super-
spreaders within the network [44, 45]. Maximum likeli-
hood estimates (MLE) of the data for the given distribu-
tion are calculated by default by the Anderson-Darling 

Figure 1. Agropastoral and pastoral community distribution in selected disease surveillance zones
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test. The households data in the network were fitted with 
a power -law distribution using the Anderson-Darling 
test in this study to determine the degree of data distribu-
tion [23, 46]. Using the ad.test function from the ADG 
of test package I performed the Anderson-Darling to test 
the data, if they follow power-law distribution [47]. A P 
<0.05 from Anderson-Darling test results suggests that 
the data don’t follow a power-law distribution, while a 
large P>0.05 suggests that it does [46-48].

2.4.3. Small-world properties of the network 

The "six degrees of separation" theory and other phe-
nomena are explained by the small-world networks 
properties, which balance between local clustering and 
global connectivity and permit brief social connections 
between individuals on Earth [49]. Through the compu-
tation of average path length and clustering coefficient 
and their comparison with a small world property model, 
the study assessed the small-world properties of a house-
hold network [23]. Strong local connectivity is indicated 
by a high clustering coefficient, a feature of small-world 
networks [50]. As mentioned in section 2.4.2, the degree 
distribution typically resembles a power-law distribution 
[47]. Furthermore, we generated random networks with 
the same number of nodes and links as actual networks, 
by utilizing the Erdos-Renyl model [51]. We contrasted 
the generated networks' average path length and cluster-

ing coefficient with those of the real networks to find 
scale-free or small world characteristics [52, 53].

2.4.4. Analysis of the cohesion and fidelity of the 
network

The structural properties of the network and its overall 
connectedness were examined using interconnected sub-
group analysis based on k-core decomposition. Every 
node in a subgroup known as a "k-core" is, on average, 
connected to at least k other nodes. The K-core decom-
position method was used to identify the core and pe-
ripheral networks. Percolation analysis was used to de-
termine the degree in which the network structure would 
be vulnerable to the targeted removal of household. In 
this study we investigated how the network structure 
would change if household were gradually removed one 
by one in descending order of a specific centrality value. 
These measurements of centrality -indegree, outdegree, 
betweenness, and eigenvector were used for this study. 
The cohesiveness of the network supporting livestock 
movement was evaluated by computing the magnitude 
of the giant weakly connected component (GWCC) and 
the magnitude of the largest community visible in the 
residual networks at each removal phase.

Figure 2. Map of Tanzania showing study area districts within four animal disease surveillance zones
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2.4.5. Measurement of distance covered due to sea-
sonal and commercial reason 

Using the Geosphere, ggplot and igraph R packages, 
was calculated the geographic distances between the 
sender and recipient household or ward. These mea-
surements were performed for both the overall network 
data and the data for each individual district. The dis-
tance covered in the whole network during wet and dry 
seasons were also measured using the R packages men-
tioned above. After moving to Microsoft Excel, the data 
were further visualized.

2.4.6. Integration of network characteristics with 
PPR seropositivity

PPR is a highly contagious disease, where infection 
of one animal means contamination of the whole flock. 
Household were classified as PPR- positive or nega-
tive based on serological test using the HPPR blocking 
ELISA (HPPR-b-ELISA) produced from AU-PANVAC 
Addis Ababa, Ethiopia. This assay is based on monoclo-
nal antibodies against PPR virus hemagglutinin protein 
(H). HPPR-b-ELISA was used to detect antibodies from 
serum specimens according to the kit manufacturer's 
protocol [54]. However, the test's ability to distinguish 
between unvaccinated animals and naturally infected an-
imals disease is limited. Regression modelling technique 
was used to explore the association between network 
characteristics and PPR seropositivity. For example, fit 
logistic regression models with PPR seropositivity as 
the outcome variable and network metrics as predictors, 
adjusting for covariates such as production system, geo-
graphical location, and season. PageRank, an algorithm 
that measures the importance of nodes (household/ward) 
in a network and assigns a score to each node (house-
hold/ward) based on the number and quality of links 
connected to it, hence, due to its conceptualization, it 
detects influential household/wards across the whole 
network. Household or wards with a higher PageRank 
were considered more central or influential in the net-
work [55, 56] Spearman correlation (Spearman’s ρ) was 
computed by ranking the values of each household and 
ward, and then calculating the correlation between their 
ranks S [57]. Relationship between household level risk 
and network characteristics, as well as the correlation 
coefficient were determined by lm() function and igraph 
fitted R-package [58].

3. Results 

3.1. Descriptive statistics of the network

The results of centrality measures at the node and net-
work levels are presented in Supplementary Tables S2 
and S3, respectively. The livestock movement network 
topology for the full network is presented in Supplemen-
tary Figure S1. The average degree was 6.077419, indi-
cating that each household had,on average, six connec-
tions with any other households. According to the degree 
centrality, each household was found to have a median 
link of 1 (range: 1 to 18) with other households. The 
median outdegree centrality for every node in the entire 
network was 1, while the median indegree was 0, mean-
ing that only a few households have high number of in-
coming connections compared to outgoing connections. 
Greater household centrality as a result of closeness was 
seen throughout the entire network, meaning that,on av-
erage, it took just 1 step to access every other household 
from a particular household within the network. Higher 
reach_2 centrality nodes (>0.41) which are significant 
for disease dissemination, were detected in Hanang and 
Masasi districts, showing the potential of PPR outbreaks 
within those districts (Supplementary Table S2). At the 
district level, betweenness centrality measure for both 
districts were lower compared to eigenvector centrality, 
taking into account the centrality of a node's neighbors. 
Nodes connected to other central nodes will have higher 
eigenvector centrality. High eigenvector centrality value 
(0.58) was detected in Simanjiro and Kiteto district, indi-
cating that those districts have PPR transmission poten-
tial. In comparison to subnetworks exclusive to the study 
districts, it found the probability of a well-connected 
household in entire network 

Table 1 presents the findings of the livestock movement 
network analysis based on selected node- and network-
level parameters. With only 1% of all potential links 
present, the entire livestock movement network showed 
a lower density of connections, indicating a very low 
level of network cohesiveness, and highlighting the local 
and regional nature of livestock movement in Tanzania. 
According to the literature, Longido, Simanjiro, Kiteto 
and some wards of Hanang represent pastoral societies, 
while the other districts were agropastoral societies. 

Assortativity measurements, which offer a quantitative 
way to understand how households in a network prefer-
entially connect, based on production system. Accord-
ing to According to Table 1 and Supplementary Table 
S3,  assortativity, based on degree close to negative, was 
picked in those districts as for the full network, while all 
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agropastoral society did have assortativity close to zero 
>0.004. Households in Agropastoral society were reach-
able, compared to pastoral society as seen in Reach_2 
and Reach_3 value (median >0.29) in Pastoral societies, 
compared to agropastoral societies <0.29. According to 
the network diameter, there was a minimum of one step 
needed to connect the two most distant reachable house-
holds in the network. Degree centrality-based network 
centralization showed that the Masasi sub-network was 
more centralized, although the overall network showed 
more decentralized tendency. The district and overall 
livestock movement network's global clustering coef-
ficient, which is the average of each household's local 
clustering coefficient, was zero (Table 1). A household 
may only need to take a few steps to connect with anoth-
er household in the network because the average short-
est path length for the entire and district networks was 
1. Modularity, which depends on network cohesion and 
network fragmentation, was picked in both district levels 
and full networks at the range (0.6 to 0.76) and 0.9367, 
respectively. Network analysis, base on justification for 
livestock movement as in Table 1, shows that edge den-
sity was higher in trade- related movement, compared to 
season (wet/dry) related movement. Modularity and cen-
tralization by degree was constant throughout all the rea-
sons. Assortativity close to negative (-0.1152909) was 
picked in dry season compared the assortativity close to 
zero (0.002818196), picked in wet season. 

3.2. The appearance of the degree of distribution 
and fitting

The centrality degree of distribution shown in Figure 
3 displays high number of nodes with little connections, 
while only few nodes have many connections. This dem-
onstrates that the network of livestock movement was 
not distributed normally. The data was left-skewed, sug-
gesting that a relatively small percentage of households 
were highly connected in comparison to the majority of 
households. The distribution has been well described by 
a power-law distribution, while after fitting the power 
law distribution with Anderson darling test it produces a 
P of 0.957, greater than 0.05, which means that the data 
are plausible.

3.3. Small-world properties of the network and 
overall connectivity

The values of the clustering coefficient and average 
shortest path length were compared with those of the 
random network to determine whether the entire network 
showed a small world structure [35, 51]. As in Table 2, 
the value was simulated at 156 as the number of vertices 

(nodes) in the graph and 0.3 as the probability of an edge 
existing between any pairs of vertices. In light of this, 
the random network demonstrated a higher clustering 
coefficient of 0.3 and an average shortest path length of 
1.7, indicating that the established livestock movement 
network was less clustered, but still capable of reaching 
a large number of households easily. This suggested that 
the real network exhibited a small world structure.

3.4. Cohesive analysis and network reliability

The livestock movement network was organized in 9- 
core sub-groups as shown in Supplementary Figure S1 

One node was present in each of the three GWCCs 
among the network's participating households. It should 
be noted that the network lacks a GSCCs. The livestock 
movement network's modularity, estimated to be 0.9367 
(Table 1), was used to assess the quality of the commu-
nity structure. This indicates that there is a greater ten-
dency for intracommunity connections than what there 
would be if the connections were rewired under random 
network conditions. Within the connected network, 32 
communities were found using a cluster walk trap  (Sup-
plementary Figure S1). There were 18 households in the 
largest community, compared to just 2 in the smallest. 
Of the total number of households in the network, 3 of 
the largest communities had 41 households, making up 
30% of the total. The remaining 70% of the communi-
ties had two to eight households each. In most cases, 
community distributions were contained to the study 
sites, although some communities did cross into neigh-
boring districts. It was found that communities involv-
ing these households crossed over because fewer of the 
households in the Masasi districts (Mchauru, Sululu) had 
connections to the households in Bahi (Chiungutwa). A 
few other smaller communities in Meatu (Mwamalole) 
and Hanang (Dawari, Balagda Wards) were also seen to 
cross one another, despite the absence of any connected 
households in between as in Supplementary Figure S1. 

A percolation analysis assessed network vulnerability 
of the cohesion of the network structure as measured by 
the size of GWCC and largest community (Figure 4). 
Supplementary Figure S2 compare the impact of selec-
tive removal of households, according to their central-
ity measures to random selection. Targeted removal of 
households in the network based on decreasing order of 
the betweenness, indegree, outdegree, closeness and ei-
genvector values showed remarkably faster changes in 
the network structure with faster reduction on the size 
of GWCC compared to random removal Supplementary 
Figure S2. Based on the fragmentation of the GWCC 
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(Table 3), our study has shown that if we target the top 
5% of highly connected households based on their de-
gree centrality value, the cohesiveness of the network 
will drop by nearly 62%. Additionally, if we increase 
the target to 10% of the connected households, the co-
hesiveness will drop by more than 83%. Household re-
moval using betweenness centrality did not disintegrate 
the network structure. The largest community size in 
the network dropped promptly when households were 
removed, based on the value of their eigenvector cen-
trality followed by closeness centrality then out-degree 
and then indegree showing slow disintegration (Figure 
4). The spatial livestock movement network is shown in 
Figure 5.

3.5. Distance covered due to seasonal and com-
mercial reason

The geographic distance between the sender and re-
ceiver household/ward as shown in Figure 5 for all 
movement was between 0.0 km and 617.59 km at both 
full network and district level. At full network level dur-
ing dry season, livestock movement was detected in sev-
eral households with average of 10.62 km. The maxi-
mum distance covered by movement of livestock, as the 
result of selling, was 617.6 km. Mean distance covered 
for commercial and seasonal purposes (dry and wet) in 
km were 10.62, 2.764 and 33.04, respectively. Seasonal 
livestock movement covered maximum distance of up 

Table 1. The network metrics parameters at node and Network level with network parameter determined uniquely for every 
purpose (selling, dry, wet)

Node Level Parameters Network Level Parameters

Parameter Values Parameter Values

Degree 1(1,18) Diameter 1

Indegree 0(0,18) Average shortest path length 1

Outdegree 1(0,2) Edge density 0.01

Closeness 1(0.5,1.0) Reciprocity 0

Reach_2  0.03(0.013,0.15) Assortativity (based on 
degree) -0.04317455

Reach_3 0.03(0.01,0.22) Global clustering coefficient 
(CC) 0

Eigenvector value 0(0,1) Modularity 0.9367

Hubs 0(0,1) Giant components (GC) 4

Authority 0(0,1) Centralization (by degree) 0.1524662

Parameter
Metrics Values Uniquely for Every Purpose 

Dry Wet Selling

Diameter 1 1 1

Average shortest path length 1 1 1

Edge density 0.005593663 0.005684109 0.007880124

Reciprocity 0 0 0

Assortativity (based on degree) -0.1152909 0.002818196 0.007293846

CC 0 0 0

Modularity 0.952315 0.9515618 0.9597036

Components (GC) 18 19 18

Centralization (by degree) 0.04920694 0.05196965 0.05013149
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to 258.16 km and 60.984 during wet and dry season, 
respectively. At district level there was zero livestock 
movement during dry and wet season in Bahi and Ma-
sasi, while Hanang showed zero livestock movement 
only in wet season. Livestock movement for commer-
cial purposes was covered in all the districts but distance 
of >100 km was covered in Longido (151.3 km), Bahi 
(391.1 km) and Meatu (617.6 km) Figure 5.

3.6. Important network characteristics which show 
PPR transmission dynamics and control 

Through determination of the degree of correlation 
between PPR status and network characteristics as pre-
dictor variables, the study ould find important PPR hot 
spots for surveillance and management (Table 4). Hub 
odds ratio of 0.01 suggests that households identified as 
hubs (i.e. highly connected nodes within the network) 
have higher odds of PPR seropositivity compared to 
non-hub households. The degree odds ratio of 0.97 sug-

Table 2. Properties examined using Erdos-Renyl to verify compliance of real-world networks

Properties Actual Simulation

Total number of households (nodes) 155 155

Size of GSC 0 13

Size of GWC 27 13

Average path length 1 1.7

Clustering coefficient 0 0.3

Table 3. Fragmentation of the GWCC

Parameters Values

Fragmentation (%) 5 10 30

GWCC-before fragmentation 53 53 53

GWCC-after fragmentation 20 9 3

Remaining nodes 33 44 50

Remaining nodes (%) 62 83 94

Table 4. Estimation of node characteristics by logistic regression model for household level PPR risk

PPR-risk Factor OR 95% CI P

Degree 0.97 0.73, 1.17 0.8

Eigenevector 0 0.2

Hub 0.01 0.2

Authority 0 0.9

Closeness 0.52 0.18, 1.52 0.2

Reach_2 0 0.0, 0.0 0.001

Reach_3 0 0.0, 0.0 0.001

Inward livestock movement (indegree) 1.01 0.82, 1.19 0.9

Outward livestock (outdegree) 0.48 0.19, 1.15 0.11
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gests that for every unit increase in the degree central-
ity of a household, the odds of PPR seropositivity de-
crease by 3%. Conversely, households with one or more 
outgoing animals (outdegree ≥1) had 52 percent lower 
likelihood of PPR seropositivity (adjusted OR=0.48) 
compared to households maintaining their animals (in-
degree=1.01). Households with higher closeness central-
ity values showed 48% decrease in PPR seropositivity 
(adjusted OR 0.52), indicating decrease in proximity to 
other households within the network. According to Sup-
plementary Table S4 page rank centrality measure by 
ward shows that Mbuyuni Chiungutwa and Sululu ward 
found in Masasi district were influential wards as ranked 
higher by page rank scores showing their importance in 
PPR spread during outbreak. It was further revealed that 
the Page rank centralities measure in the entire network 
using the page rank scores positively correlated (Spear-
man correlation, ρ=0.6764416).

4. Discussion

Livestock movements play a significant role in the 
spread of PPR by influencing the contact structure of 
livestock populations, which in turn affects the trans-
mission of PPR in SR. By pinpointing the locations of 
PPR hot spots, network-based risk assessment can help 
to shape animal health policy. These places can then be 
targeted to lessen the burden of disease and the chance of 
PPR spreading. The movement networks of livestock in 
pastoral and agropastoral districts were described in this 
study using network analysis. According to our hypoth-
esis, the wet season, dry season, and trade have an effect 
on the cohesiveness and structure of the network, which 
in turn affects the likelihood of PPR transmission and the 
efficacy of outbreak containment and response strategies. 
In this study, network structure showed a higher degree 
of variation in the number of connections per household, 
indicating the heterogeneity of links per household. The 
observed variation is partly due to production systems. 
As observed in all the districts, Kiteto1 (0,1) and Si-

manjiro 1 (0,1) showed higher concentrations of highly 
connected households, or "hubs," which could act as 
super spreaders of PPR once infected. Lower outdegree 
is typically found in households with higher indegrees, 
indicating a lack of households that are both more likely 
to contract an infection and spread it to others, which is 
crucial in promoting PPR transmission throughout the 
network [9]. Eigenvector values have been used to iden-
tify super spreaders, in which Kiteto and Simanjiro with 
high eigenvector values can be considered PPR hot spots 
[60-63]. While some risk factors show associations with 
PPR seropositivity, such as outward livestock movement 
due to a high tendency to sell animals as a result of ex-
tended dry season and other social and economic factors, 
none of the associations are statistically significant at the 
conventional significance level (P<0.05). This indicates 
that the observed relationships may be due to random 
variation or confounding factors, highlighting the need 
for further investigation and larger sample sizes to draw 
definitive conclusions.

Through PageRank scores, it was revealed that wards 
with higher scores, like Chiungutwa, Mbuyuni and Su-
lulu, are influential in the event of PPR during outbreaks. 
These wards connect other wards, potentially serving 
as hubs for disease transmission. Positively correlated 
(Spearman correlation, ρ=0.6764416) PageRank cen-
tralities measures emphasize the importance of network 
centrality measures in predicting disease spread and 
identifying hotspots for targeted control and manage-
ment strategies. A scale-free property is also suggested 
by the livestock movement network's right-skewed inde-
gree, eigenvector, outdegree distribution and power law 
fit (Figure 3). Fewer homes with many connections, the 
bulk of which act as hubs, are more likely to become 
infected with PPR, and once they do, they may become 
potential super spreaders to many other homes connect-
ed to them [9]. Kiteto and Simanjiro districts, identified 
as hubs, can not only play a role as super spreaders but 
also as maintainers of PPR infection. Prior research on 

Figure 3. The distribution of key centrality measures according to the number of nodes (households)
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infectious disease epidemics on scale-free networks has 
shown that the presence of hubs accelerates the spread of 
epidemics [63-66]. 

Livestock production system variation in the districts 
involved in the study area shows higher-order relation-
ships between households in the full network and in the 
districts level. Negative assortative mixing is seen in 
both full networks and districts with pastoral production 
systems, suggesting that households with higher levels 
of connectivity tend to interact with those with lower 
levels of connection. It was found that the latter relation-
ship was more pronounced in pastoral societies, suggest-
ing that PPR could spread quickly within those commu-
nities [21, 64, 65]. Previous studies have demonstrated 
that frequent connections between households with high 
and low levels of connectivity can effectively inhibit the 
spread of infectious diseases in compared to networks 
exhibiting positive assortative relationships, which is 

true for Bahi and Masasi [9]. Identifying negative assor-
tative relationships in networks as seen in the dry season 
(-0.1152909) can aid in PPR control by implementing 
control measures like movement restriction, culling, and 
increased biosecurity during the respective season [66]. 

Livestock groups exhibit modular structure when sub-
sets of conspecifics habitually engage in more interac-
tions with one another than with other members of the 
group, hence creating subgroups. Reduced disease bur-
den is caused by structural delay and the trapping of 
pathogens that propagate across social networks due to 
strong subgroup cohesion and fragmentation, both of 
linked to high modularity [67]. Despite the network's 
weak cohesiveness, its high fragmentation structure has 
boosted its modularity at both the district and entire net-
work levels. The scale of the epidemic impact may be 
greater on the tiny subgroups with strong cohesion seen 
in the Masasi district, which has been recognized as a 

Figure 4. Centrality measure changes during household (node) removal

Figure 5. Graph network on a map of Tanzania showing livestock movement across different districts
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hotbed of future PPR outbreaks. Subgroups with high 
modularity can be easily connected over long distances 
for a variety of reasons, which can result in PPR out-
breaks. According to Figure 5, very short distances were 
covered by animals during the wet season compared to 
the dry season. However, livestock was transported very 
far for trade purposes compared to seasonal purposes as 
a result of water and pasture searches. The higher dis-
tances covered in the dry season compared to the wet 
season increase due to variations in the heterogeneous 
contact rate between animals. Livestock movement rate 
is related to an increase in PPR risk, in which areas with 
a road/railway density of 5000 m/km2 have a higher risk 
of PPR spread [68]. In the study area, vehicular livestock 
movement was mostly preferred compared to tracking, 
resulting in long distance movement, as shown in pasto-
ral and agropastoral societies located in accessible areas 
[69]. The risk of PPR spreading to a wide area, including 
neighboring countries, increases with the increase in ve-
hicular movement [66]. Previous research demonstrating 
the significance of animal movement in the transmission 
of infectious diseases supports this observation [9, 70]. 
Long-distance livestock travel is a major contributor to 
the nationwide PPR epidemic, making it difficult to con-
trol. Therefore, finding an ideal way to quickly split up a 
network into isolated components at the lowest feasible 
cost is crucial and fascinating for managing the spread 
of PPR [70, 71]. One useful tactic to identify households 
that are crucial to the spread of disease is to remove spe-
cific households from the livestock movement network 
in order to break up the cohesiveness of the network. 
Then, you can implement disease control measures like 
movement restrictions and vaccinations [9, 24, 35, 72]. 
Based on the fragmentation of the GWCC (Table 3), this 
study has shown that if we target the top 5% of highly 
connected households, based on their degree centrality 
value, the cohesiveness of the network will drop by near-
ly 62%. Additionally, if we increase the target to 10% of 
the connected households, the cohesiveness will drop by 
more than 83%. Though at a slower rate than the effect 
on GWCC, a measure of network resilience, targeted re-
moval based on the degree centrality value also demon-
strated a positive effect on the fragmentation of the larg-
est community. The relatively rapid fragmentation of the 
cohesiveness of the network implies that there may be a 
limit to the rate at which PPR spreads among household 
networks. The removal of households by fragmentation 
indicates that targeted interventions may be an option for 
disease control. However, because PPR is infectious, it 
may be easier to attain effectiveness and detect the inter-
vention's impact in a shorter period of time than chronic 
infections. Thus, control efficacy can be improved by 

implementing good biosecurity measures and restricting 
livestock movement from PPR-endemic areas. These 
findings could inform policymakers and veterinary au-
thorities about the need to implement more effective 
surveillance and intervention measures to mitigate the 
spread of PPR in SR populations.

5. Conclusion

While this study provides valuable insights into the 
spread and transmission of PPR among SRs, several 
limitations must be acknowledged. The use of static, 
non-weighted networks simplifies analysis but does not 
account for the temporal nature of livestock movements 
or variations in link weights, such as the quantity of live-
stock, which could influence outcomes. Furthermore, 
the study considered all livestock species rather than fo-
cusing exclusively on SRs, the primary hosts of PPR, po-
tentially affecting the precision of findings. Limitations 
in smartphone GPS data accuracy, influenced by signal 
interference and device variability may have introduced 
data inconsistencies. Despite these limitations, the find-
ings identified pastoral districts as hotspots for PPR 
transmission and emphasized the need for targeted con-
trol measures, particularly in southern Tanzania, where 
dynamic livestock mobility driven by climate change 
and other factors heightens disease spread risk. Future 
research should integrate temporal network modeling 
and evaluate focused control interventions, accounting 
for production systems, transmission pathways, seasonal 
variations, and contact rates to construct dynamic mod-
els for PPR and other SR diseases.

Ethical Considerations

Compliance with ethical guidelines

The authors hereby declare all ethical standards have 
been respected in preparation of the submitted article.

Data availability

The data that support the findings of this study are 
available upon request from the corresponding author.

Funding

This study was financially supported by the Partnership 
for Skills in Applied Sciences, Engineering, and Tech-
nology (PASET), Nairobi, Kenya. Additional support 
was provided by FAO and the Tanzanian Government, 
through the Ministry of Livestock and Fisheries.

Mwanandota JJ, et al. Network-based Analysis of PPR Spread in Tanzania. Arch. Razi Inst. 2025; 10(3):775-796. 

https://archrazi.areeo.ac.ir/
https://www.rsif-paset.org/
https://www.rsif-paset.org/
https://www.rsif-paset.org/
https://www.fao.org/home/en


787

May & June 2026, Volume 81, Issue 3

Authors' contributions

Supervision: Gerald Misinzo, Augustino Chengula, Sha-
radhuli Kimera, George Omondi Paul, Devine Ekwem, 
and Satya Parida; Methodology: Julius Joseph Mwa-
nandota and Daniel Mdetele; Conceptualization, inves-
tigation and writing the original draft:  Julius Joseph 
Mwanandota; Data collection and analysis: Julius Jo-
seph Mwanandota and Daniel Mdetele; Review and ed-
iting: Gerald Misinzo, Augustino Chengula, Sharadhuli 
Kimera, George Omondi Paul, Devine Ekwem, Satya 
Parida, and Daniel Mdetele.

Conflict of interest

The authors declared no conflict of interest

Acknowledgements

The cooperation of farmers and field officers in Man-
yara, Mtwara, Dodoma, Arusha, and Simiyu have dem-
onstrated exceptional cooperation.

References

[1] Cáceres SB. The long journey of cattle plague. Can Vet J. 
2011; 52(10):1140. [PMID]

[2] Okello WO, Amongi CA, Muhanguzi D, MacLeod ET, 
Waiswa C, Shaw AP, et al. Livestock Network Analysis 
for Rhodesiense Human African Trypanosomiasis Con-
trol in Uganda. Front Vet Sci. 2021; 8:611132. [DOI:10.3389/
fvets.2021.611132] [PMID] 

[3] Rahman AKMA, Islam SS, Sufian MA, Talukder MH, Ward 
MP, Martínez-López B. Peste des Petits ruminants risk factors 
and space-time clusters in Bangladesh. Front Vet Sci. 2021; 
7:572432. [DOI:10.3389/fvets.2020.572432] [PMID] 

[4] Zhang S, Li N, Xu M, Huang ZYX, Gu Z, Yin S. Urbanization 
and Habitat Characteristics Associated with the Occurrence 
of Peste des Petits Ruminants in Africa. Sustainability. 2022; 
14(15):8978. [DOI:10.3390/su14158978]

[5] Mdetele DP, Komba E, Seth MD, Misinzo G, Kock R, Jones 
BA. Review of Peste des Petits Ruminants Occurrence and 
Spread in Tanzania. Animals. 2021; 11(6):1698.  [DOI:10.3390/
ani11061698] [PMID] 

[6] Herzog CM, de Glanville WA, Willett BJ, Cattadori IM, 
Kapur V, Hudson PJ, et al. Peste des petits ruminants Virus 
Transmission Scaling and Husbandry Practices That Contrib-
ute to Increased Transmission Risk: An Investigation among 
Sheep, Goats, and Cattle in Northern Tanzania. Viruses. 2020; 
12(9):930.  [DOI:10.3390/v12090930] [PMID] 

[7] Onono JO, Wieland B, Rushton J. Constraints to cattle pro-
duction in a semiarid pastoral system in Kenya. Trop Anim 
Health Prod. 2013; 45(6):1415-22. [DOI:10.1007/s11250-013-
0379-2] [PMID]

[8] Ekwem D, Morrison TA, Reeve R, Enright J, Buza J, Shiri-
ma G, et al. Livestock movement informs the risk of disease 
spread in traditional production systems in East Africa. Sci 
Rep. 2021; 11(1):16375.  [DOI:10.1038/s41598-021-95706-z] 
[PMID] 

[9] Kiss IZ, Green DM, Kao RR. The network of sheep move-
ments within Great Britain: Network properties and their im-
plications for infectious disease spread. J R Soc Interface. 2006; 
3(10):669-77. [DOI:10.1098/rsif.2006.0129] [PMID] 

[10] Ekwem D, Enright J, Hopcraft JGC, Buza J, Shirima G, 
Shand M, et al. Local and wide-scale livestock movement net-
works inform disease control strategies in East Africa. Sci Rep. 
2023; 13(1):9666. [DOI:10.1038/s41598-023-35968-x] [PMID] 

[11] United Republic of Tanzania, Ministry of Livestock and 
Fisheries. Tanzania livestock sector analysis (2016/2017–
2031/2032). Nairobi: International Livestock Research Insti-
tute; 2026. [Link]

[12] Chaters GL, Johnson PCD, Cleaveland S, Crispell J, de 
Glanville WA, Doherty T,  et al. Analysing livestock network 
data for infectious disease control: An argument for routine 
data collection in emerging economies. Philos Trans R Soc 
Lond B Biol Sci. 2019; 374(1776):20180264. [DOI:10.1098/
rstb.2018.0264] [PMID] 

[13] Baltussen, W., van Berkum, S., Dijkxhoorn, Y., Helmes, R., 
Özkan Gülzari Ş, & Vellinga, T., et al. Traditional livestock 
systems in Tanzania; an application of the TEEB framework, 
UNEP. Nairobi: TEEB for Agriculture and Food, UNEP; 2019. 
[Link]

[14] Mwambene PL, Mbwile RP, Hoeggel FU, Kimbi EC, Ma-
teru J, Mwaiganju A, et al. Assessing dynamics of forced live-
stock movements, livelihoods and future development op-
tions for pastoralists/agro-pastoralists in Ruvuma and Lindi 
Regions, in the Southern Tanzania. Livest Res Rural Dev. 
2014; 26(1). [Link]

[15] Ripkey C, Little PD, Dominguez-Salas P, Kinabo J, Mwanri 
A, Girard AW. Increased climate variability and sedentari-
zation in Tanzania: Health and nutrition implications on 
pastoral communities of Mvomero and Handeni districts, 
Tanzania. Glob Food Sec. 2021; 29:100516. [DOI:10.1016/j.
gfs.2021.100516]

[16] Nair MRR, Sejian V, Silpa MV, Fonsêca VFC, de Melo Costa 
CC, Devaraj C,  et al. Goat as the ideal climate-resilient animal 
model in tropical environment: Revisiting advantages over 
other livestock species. Int J Biometeorol. 2021; 65(12):2229-40.  
[DOI:10.1007/s00484-021-02179-w] [PMID]

[17] Benham-Hutchins M, Clancy TR. Social networks as 
embedded complex adaptive systems. J Nurs Adm. 2010; 
40(9):352-6. [DOI:10.1097/NNA.0b013e3181ee42bc] [PMID]

[18] Strogatz SH. Exploring complex networks. Nature. 2001; 
410(6825):268-76. [DOI:10.1038/35065725] [PMID]

[19] Danon L, Ford AP, House T, Jewell CP, Keeling MJ, Rob-
erts GO, et al. Networks and the epidemiology of infectious 
disease. Interdiscip Perspect Infect Dis. 2011; 2011:284909.
[DOI:10.1155/2011/284909] [PMID] 

Mwanandota JJ, et al. Network-based Analysis of PPR Spread in Tanzania. Arch. Razi Inst. 2025; 10(3):775-796. 

https://archrazi.areeo.ac.ir/
https://pubmed.ncbi.nlm.nih.gov/22467973/
https://doi.org/10.3389/fvets.2021.611132
https://doi.org/10.3389/fvets.2021.611132
https://www.ncbi.nlm.nih.gov/pubmed/34262958
https://doi.org/10.3389/fvets.2020.572432
https://www.ncbi.nlm.nih.gov/pubmed/33569395
https://doi.org/10.3390/su14158978
https://doi.org/10.3390/ani11061698
https://doi.org/10.3390/ani11061698
https://www.ncbi.nlm.nih.gov/pubmed/34200290
https://doi.org/10.3390/v12090930
https://www.ncbi.nlm.nih.gov/pubmed/32847058
https://doi.org/10.1007/s11250-013-0379-2
https://doi.org/10.1007/s11250-013-0379-2
https://www.ncbi.nlm.nih.gov/pubmed/23417827
https://doi.org/10.1038/s41598-021-95706-z
https://www.ncbi.nlm.nih.gov/pubmed/34385539
https://doi.org/10.1098/rsif.2006.0129
https://www.ncbi.nlm.nih.gov/pubmed/16971335
https://doi.org/10.1038/s41598-023-35968-x
https://www.ncbi.nlm.nih.gov/pubmed/37316521
https://www.ilri.org/knowledge/publications/tanzania-livestock-sector-analysis-20162017-20312032
https://doi.org/10.1098/rstb.2018.0264
https://doi.org/10.1098/rstb.2018.0264
https://www.ncbi.nlm.nih.gov/pubmed/31104601
https://www.suaire.sua.ac.tz/server/api/core/bitstreams/1f608940-f054-43be-81d1-7517dc9cf43b/content
https://www.lrrd.org/lrrd26/1/mwam26004.htm
https://doi.org/10.1016/j.gfs.2021.100516
https://doi.org/10.1016/j.gfs.2021.100516
https://doi.org/10.1007/s00484-021-02179-w
https://www.ncbi.nlm.nih.gov/pubmed/34363136
https://doi.org/10.1097/NNA.0b013e3181ee42bc
https://www.ncbi.nlm.nih.gov/pubmed/20798616
https://doi.org/10.1038/35065725
https://www.ncbi.nlm.nih.gov/pubmed/11258382
https://doi.org/10.1155/2011/284909
https://www.ncbi.nlm.nih.gov/pubmed/21437001


788

May & June 2026, Volume 81, Issue 3

[20] Martínez-López B, Perez AM, Sánchez-Vizcaíno JM. Social 
network analysis. Review of general concepts and use in pre-
ventive veterinary medicine. Transbound Emerg Dis. 2009; 
56(4):109-20. [DOI:10.1111/j.1865-1682.2009.01073.x] [PMID]

[21] Kao RR, Danon L, Green DM, Kiss IZ. Demographic 
structure and pathogen dynamics on the network of live-
stock movements in Great Britain. Proc Biol Sci. 2006; 
273(1597):1999-2007. [DOI:10.1098/rspb.2006.3505] [PMID] 

[22] Christley RM, Pinchbeck GL, Bowers RG, Clancy D, 
French NP, Bennett R, et al. Infection in social networks: Us-
ing network analysis to identify high-risk individuals. Am J 
Epidemiol. 2005; 162(10):1024-31. [DOI:10.1093/aje/kwi308] 
[PMID]

[23] Marquetoux N, Stevenson MA, Wilson P, Ridler A, Heuer 
C. Using social network analysis to inform disease control in-
terventions. Prev Vet Med. 2016; 126:94-104. [DOI:10.1016/j.
prevetmed.2016.01.022] [PMID]

[24] Motta P, Porphyre T, Handel I, Hamman SM, Ngu Ngwa 
V, Tanya V, et al. Implications of the cattle trade network in 
Cameroon for regional disease prevention and control. Sci 
Rep. 2017; 7:43932.  [DOI:10.1038/srep43932] [PMID] 

[25] Kinsley AC, Perez AM, Craft ME, Vanderwaal KL. Char-
acterization of swine movements in the United States and 
implications for disease control. Prev Vet Med. 2019; 164:1-9.  
[DOI:10.1016/j.prevetmed.2019.01.001] [PMID]

[26] Yang Y, McKhann A, Chen S, Harling G, Onnela JP. Efficient 
vaccination strategies for epidemic control using network in-
formation. Epidemics. 2019; 27:115-22.  [DOI:10.1016/j.epi-
dem.2019.03.002] [PMID] 

[27] Pomeroy LW, Moritz M, Garabed R. Network analyses 
of transhumance movements and simulations of foot-and-
mouth disease virus transmission among mobile livestock in 
Cameroon. Epidemics. 2019; 28:100334. [DOI:10.1016/j.epi-
dem.2019.02.005] [PMID]

[28] Omondi GP, Obanda V, VanderWaal K, Deen J, Travis 
DA. Animal movement in a pastoralist population in the 
Maasai Mara Ecosystem in Kenya and implications for path-
ogen spread and control. Prev Vet Med. 2021; 188:105259.  
[DOI:10.1016/j.prevetmed.2021.105259] [PMID] 

[29] de Glanville WA, Davis A, Allan KJ, Buza J, Claxton JR, 
Crump JA, et al. Classification and characterisation of live-
stock production systems in northern Tanzania. PLoS One. 
2020; 15(12):e0229478 [DOI:10.1371/journal.pone.0229478] 
[PMID] 

[30] The United Republic of Tanzania. 2019/20 National Sam-
ple Census of Agriculture Key Findings Report for Crops and 
Livestock Sectors and Fish Farming. Tanzania: The United 
Republic of Tanzania; 2021. [Link] 

[31] Victor I. Risk factors associated with peste des petits rumi-
nants (PPR) in sheep and goats in makurdi, benue state. Arch 
Vet Sci Technol. 2017; 2017(5):1-5. [Link]

[32] United Republic of Tanzania (URT), Ministry of Finance 
and Planning, Tanzania National Bureau of Statistics and 
President’s Office - Finance and Planning, Office of the Chief 
Government Statistician Z. The 2022 population and housing 
census: administrative units population distribution report; 
Tanzania, December 2022 [Internet]. National Population and 
House Census of Tanzania. National Bureau of Statistics, Dar 
es Salaam, Tanzania. Dar es salaam. 

[33] Tanzania Post Code Directory. Tanzania Communications 
Regulatory Authority [Internet]. 2021 [Updated 20 Jun 2022 ]. 
Available from: [Link]

[34] Google maps. Google maps of Tanzania [Internet]. 2022. 
[Updated 16 November  2025]. Available from: [Link]

[35] Mekonnen GA, Ameni G, Wood JLN; ETHICOBOTS con-
sortium; Berg S, Conlan AJK. Network analysis of dairy cattle 
movement and associations with bovine tuberculosis spread 
and control in emerging dairy belts of Ethiopia. BMC Vet Res. 
2019; 15(1):262. [DOI:10.1186/s12917-019-1962-1] [PMID] 

[36] Zhang F, Zhang Y, Qin L, Zhang W, Lin X. Finding criti-
cal users for social network engagement: The collapsed k-
core problem. Paper presented at: Proceedings of the AAAI 
Conference on Artificial Intelligence. 4-9 February, 2017;  San 
Francisco, USA. [DOI:10.1609/aaai.v31i1.10482]

[37] Ognyanova K. Network analysis and visualisation with R 
and igraph. Paper presented at: NetSciX 2016 School of Code 
Workshop. 2016; Wroclaw, Poland. [Link] 

[38] Csárdi G, TN The igraph software package for complex 
network research. Int J, Complex Systems. 2006;1695:1-9. 
[Link]

[39] Broido AD, Clauset A. Scale-free networks are rare. Nat 
Commun. 2019; 10(1):1017. [DOI:10.1038/s41467-019-08746-
5] [PMID] 

[40] Alocilla O, Monti G. Network analysis of cattle move-
ments in Chile: Implications for pathogen spread and con-
trol. Prev Vet Med. 2022; 204:105644. [DOI:10.1016/j.prevet-
med.2022.105644] [PMID]

[41] Tsiotas D. Detecting differences in the topology of scale-
free networks grown under time-dynamic topological fitness. 
Sci Rep. 2020; 10(1):10630. [DOI:10.1038/s41598-020-67156-6] 
[PMID] 

[42] Albert R, Barabási AL. Statistical mechanics of complex 
networks. Rev Mod Phys. 2002; 74(1):47-97. [DOI:10.1103/
RevModPhys.74.47]

[43] Albert R, Jeong H, Barabási AL. Error and attack toler-
ance of complex networks. Nature. 2000; 406(6794):378-82.
[DOI:10.1038/35019019] [PMID]

[44] Bansal S, Grenfell BT, Meyers LA. When individual behav-
iour matters : Homogeneous and network models in epide-
miology. J R Soc Interface. 2007; 4(16):879-91. [DOI:10.1098/
rsif.2007.1100] [PMID] 

[45] Chin WCB, Bouffanais R. Spatial super-spreaders and 
super-susceptibles in human movement networks. Sci Rep. 
2020; 10(1):18642. [DOI:10.1038/s41598-020-75697-z] [PMID] 

[46] Coronel-Brizio HF, Hernández-Montoya AR. The Ander-
son-Darling test of fit for the power-law distribution from left-
censored samples. Phys Stat Mech Appl. 2010; 389(17):3508-
15. [DOI:10.1016/j.physa.2010.03.041]

[47] Clauset A, Shalizi CR, Newman MEJ. Power-law distri-
butions in empirical data. SIAM Rev. 2009; 51(4):661-703. 
[DOI:10.1137/070710111]

[48] Jäntschi L, Bolboacă SD. Computation of probability as-
sociated with Anderson-Darling statistic. Mathematics. 2018; 
6(6):88. [DOI:10.3390/math6060088]

Mwanandota JJ, et al. Network-based Analysis of PPR Spread in Tanzania. Arch. Razi Inst. 2025; 10(3):775-796. 

https://archrazi.areeo.ac.ir/
https://doi.org/10.1111/j.1865-1682.2009.01073.x
https://www.ncbi.nlm.nih.gov/pubmed/19341388
https://doi.org/10.1098/rspb.2006.3505
https://www.ncbi.nlm.nih.gov/pubmed/16846906
https://doi.org/10.1093/aje/kwi308
https://www.ncbi.nlm.nih.gov/pubmed/16177140
https://doi.org/10.1016/j.prevetmed.2016.01.022
https://doi.org/10.1016/j.prevetmed.2016.01.022
https://www.ncbi.nlm.nih.gov/pubmed/26883965
https://doi.org/10.1038/srep43932
https://www.ncbi.nlm.nih.gov/pubmed/28266589
https://doi.org/10.1016/j.prevetmed.2019.01.001
https://www.ncbi.nlm.nih.gov/pubmed/30771888
https://doi.org/10.1016/j.epidem.2019.03.002
https://doi.org/10.1016/j.epidem.2019.03.002
https://www.ncbi.nlm.nih.gov/pubmed/30878314
https://doi.org/10.1016/j.epidem.2019.02.005
https://doi.org/10.1016/j.epidem.2019.02.005
https://www.ncbi.nlm.nih.gov/pubmed/31387783
https://doi.org/10.1016/j.prevetmed.2021.105259
https://www.ncbi.nlm.nih.gov/pubmed/33453561
https://doi.org/10.1371/journal.pone.0229478
https://www.ncbi.nlm.nih.gov/pubmed/33378382
https://www.fao.org/fileadmin/templates/ess/ess_test_folder/World_Census_Agriculture/WCA_2020/WCA_2020_new_doc/TZA_REP1_ENG_2020.pdf
https://d1wqtxts1xzle7.cloudfront.net/77679791/1510500693article_pdf1569096025-libre.pdf?1640870030=&response-content-disposition=inline%3B+filename%3DRisk_Factors_Associated_with_Pestedes_Pe.pdf&Expires=1763293532&Signature=dEk0JlGTmktvCJs4imDM4sfgPq1dPYWALhCRwW-IQTD2qckcqL1aTnRY7vQkXxVxSm0JBlp65dfrks2RgDP3WWcpXfdHxz1Sp-qPOMrucfyZtRSTefvORGt2ZajRDvY-EvamS8pCapsxj0ZD-XM-bTUIkB1HxmFbivqedt518fSJVU-dQpRFWTKnMxmUDvL1rAhCwVCpcB9cnk1YGTmsTTWfNLSfk84QLP01p~yhDRTH95F5pS6VHod4tm2YofPzsRQw-15U-lBuC8qsR2JDBGjVPAx0CD0u2xy~Gms84h-YAxeclR7EJeqVx-zMo52h8WaXSdbLZPyCuC8pnI6p9w__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://www.tanzaniapostcode.com/
https://www.google.com/maps/@-11.1705173,40.7536024,9z?entry=ttu&g_ep=EgoyMDI1MTExMi4wIKXMDSoASAFQAw%3D%3D
https://doi.org/10.1186/s12917-019-1962-1
https://www.ncbi.nlm.nih.gov/pubmed/31349832
https://doi.org/10.1609/aaai.v31i1.10482
http://www.kateto.net/wp-content/uploads/2016/01/NetSciX_2016_Workshop.pdf
https://www.researchgate.net/publication/221995787_The_Igraph_Software_Package_for_Complex_Network_Research
https://doi.org/10.1038/s41467-019-08746-5
https://doi.org/10.1038/s41467-019-08746-5
https://www.ncbi.nlm.nih.gov/pubmed/30833554
https://doi.org/10.1016/j.prevetmed.2022.105644
https://doi.org/10.1016/j.prevetmed.2022.105644
https://www.ncbi.nlm.nih.gov/pubmed/35429840
https://doi.org/10.1038/s41598-020-67156-6
https://www.ncbi.nlm.nih.gov/pubmed/32606368
https://doi.org/10.1103/RevModPhys.74.47
https://doi.org/10.1103/RevModPhys.74.47
https://doi.org/10.1038/35019019
https://www.ncbi.nlm.nih.gov/pubmed/10935628
https://doi.org/10.1098/rsif.2007.1100
https://doi.org/10.1098/rsif.2007.1100
https://www.ncbi.nlm.nih.gov/pubmed/17640863
https://doi.org/10.1038/s41598-020-75697-z
https://www.ncbi.nlm.nih.gov/pubmed/33122721
https://doi.org/10.1016/j.physa.2010.03.041
https://doi.org/10.1137/070710111
https://doi.org/10.3390/math6060088


789

May & June 2026, Volume 81, Issue 3

[49] Watts DJ, Strogatz SH. Collective dynamics of ‘small-world’ 
networks. Nature. 1998; 393(6684):440-2. [DOI:10.1038/30918] 
[PMID]

[50] Saramäki J, Kivelä M, Onnela JP, Kaski K, Kertész J. Gen-
eralizations of the clustering coefficient to weighted complex 
networks. Phys Rev E Stat Nonlin Soft Matter Phys. 2007; 75(2 
Pt 2):027105. [DOI:10.1103/PhysRevE.75.027105] [PMID]

[51] Erdos P. On the evolution of random graphs. Publ Math 
Inst Hungar Acad Sci. 1960; 5:17. [Link]

[52] Wasserman S, Faust K. Social Network Analysis: Methods 
and Applications. Cambridg. New York; 1994. [Link]

[53] Avalos A, Durand B, Naranjo J, Maldonado V, Canini L, 
Zanella G. Analysis of cattle movement networks in Para-
guay: Implications for the spread and control of infectious 
diseases. PLoS One. 2022; 17(12):e0278999. [DOI:10.1371/
journal.pone.0278999] [PMID] 

[54] Bodjo SC, Baziki JD, Nwankpa N, Chitsungo E, Koffi YM, 
Couacy-Hymann E,  et al. Development and validation of an 
epitope-blocking ELISA using an anti-haemagglutinin mono-
clonal antibody for specific detection of antibodies in sheep 
and goat sera directed against peste des petits ruminants vi-
rus. Arch Virol. 2018; 163(7):1745-56.  [DOI:10.1007/s00705-
018-3782-1] [PMID]

[55] Oldham S, Fulcher B, Parkes L, Arnatkevic Iūtė A, Suo C, 
Fornito A. Consistency and differences between centrality 
measures across distinct classes of networks. PLoS One. 2019; 
14(7):e0220061.  [DOI:10.1371/journal.pone.0220061] [PMID] 

[56] González-Gordon L, Porphyre T, Muwonge A, Nantima 
N, Ademun R, Ochwo S, et al. Identifying target areas for 
risk-based surveillance and control of transboundary ani-
mal diseases: A seasonal analysis of slaughter and live-trade 
cattle movements in Uganda. Sci Rep. 2023; 13(1):18619.
[DOI:10.1038/s41598-023-44518-4] [PMID] 

[57] Diefenbach D, Thalhammer A. PageRank and Generic En-
tity Summarization for RDF Knowledge Bases. In: Gangemi 
A, editor. The Semantic Web. ESWC 2018. Lecture Notes 
in Computer Science(), vol 10843. Cham: Springer; 2018.
[DOI:10.1007/978-3-319-93417-4_10]

[58] R Foundation for Statistical Computing. R: A language and 
environment for statistical computing [Computer software]. 
VIENA: R Foundation for Statistical Computing; 2024. [Link]

[59] Clark RA, Macdonald M. Identification of effective spread-
ers in contact networks using dynamical influence.  Appl 
Netw Sci. 2021; 6(1):5. [DOI:10.1007/s41109-021-00351-0] 
[PMID] 

[60] Pautasso M, Jeger MJ. Epidemic threshold and network 
structure: The interplay of probability of transmission and of 
persistence in small-size directed networks. Ecol Complex. 
2008; 5(1):1-8. [DOI:10.1016/j.ecocom.2007.07.001]

[61] Kiss IZ, Green DM, Kao RR. Infectious disease control us-
ing contact tracing in random and scale-free networks. J R 
Soc Interface 2006; 3(6):55-62. [DOI:10.1098/rsif.2005.0079] 
[PMID] 

[62] Hufnagel L, Brockmann D, Geisel T. Forecast and control 
of epidemics in a globalized world. Proc Natl Acad Sci U S 
A. 2004; 101(42):15124-9. [DOI:10.1073/pnas.0308344101] 
[PMID] 

[63] Riley S, Fraser C, Donnelly CA, Ghani AC, Abu-Raddad 
LJ, Hedley AJ, et al. Transmission dynamics of the etiological 
agent of SARS in Hong Kong: Impact of public health inter-
ventions. Science. 2003; 300(5627):1961-6. [DOI:10.1126/sci-
ence.1086478] [PMID]

[64] Noldus R, Mieghem PV. Assortativity in complex net-
works. J Complex Netw. 2003; 3(4):507–42. [DOI:10.1093/
comnet/cnv005]

[65] Badham J, Stocker R. The impact of network clustering and 
assortativity on epidemic behaviour. Theor Popul Biol. 2010; 
77(1):71-5. [DOI:10.1016/j.tpb.2009.11.003] [PMID]

[66] Valerio VC, Walther OJ, Eilittä M, Cissé B, Muneepeerakul 
R, Kiker GA. Network analysis of regional livestock trade in 
West Africa. PLoS One. 2020; 15(5):e0232681.  [DOI:10.1371/
journal.pone.0232681] [PMID] 

[67] Sah P, Leu ST, Cross PC, Hudson PJ, Bansal S. Unraveling 
the disease consequences and mechanisms of modular struc-
ture in animal social networks. Proc Natl Acad Sci U S A. 2017; 
114(16):4165-70. [DOI:10.1073/pnas.1613616114] [PMID] 

[68] Agoltsov VA, Podshibyakin DV, Padilo LP, Chernykh 
OY, Popova OM, Stupina LV, et al. Analysis of peste des 
petits ruminants virus spread and the risk of its introduc-
tion into the territory of the Russian Federation. Vet World. 
2022; 15(7):1610-6. [DOI:10.14202/vetworld.2022.1610-1616] 
[PMID] 

[69] Amprako L, Karg H, Roessler R, Provost J, Akoto-Danso 
EK, Sidibe S, et al. Vehicular livestock mobility in West Africa: 
Seasonal traffic flows of cattle, sheep, and goats across bama-
ko. Sustainability. 2021; 13(1):171. [DOI:10.3390/su13010171]

[70] Lentz HH, Koher A, Hövel P, Gethmann J, Sauter-Louis C, 
Selhorst T, et al. Disease spread through animal movements: 
A static and temporal network analysis of pig trade in Ger-
many. PLoS One. 2016; 11(5):e0155196. [DOI:10.1371/journal.
pone.0155196] [PMID] 

[71] Wang ZG, Deng Y, Wang Z, Wu J. Disintegrating spa-
tial networks based on region centrality. Chaos. 2021; 
31(6):061101. [DOI:10.1063/5.0046731] [PMID]

[72] Mohr S, Deason M, Churakov M, Doherty T, Kao RR. Ma-
nipulation of contact network structure and the impact on 
foot-and-mouth disease transmission. Prev Vet Med. 2018; 
157:8-18. [DOI:10.1016/j.prevetmed.2018.05.006] [PMID]

[73] Chang’a LB, Kijazi AL, Luhunga PM, Ng’ongolo HK, 
Mtongor HI. Spatial and temporal analysis of rainfall and 
temperature extreme indices in Tanzania. Atmos Clim Sci. 
2017; 07(04):525–39. [DOI: 10.4236/acs.2017.74038]

[74] Tanzania National Bureau of Statistics (NBS). Annual ag-
riculture sample survey crop and livestock report. Dar Es Sa-
laam: NBS; 2018.  [Link]

Mwanandota JJ, et al. Network-based Analysis of PPR Spread in Tanzania. Arch. Razi Inst. 2025; 10(3):775-796. 

https://archrazi.areeo.ac.ir/
https://doi.org/10.1038/30918
https://www.ncbi.nlm.nih.gov/pubmed/9623998
https://doi.org/10.1103/PhysRevE.75.027105
https://www.ncbi.nlm.nih.gov/pubmed/17358454
https://cir.nii.ac.jp/crid/1370285712505210626
https://www.cambridge.org/vi/universitypress/subjects/sociology/sociology-general-interest/social-network-analysis-methods-and-applications?format=AR
https://doi.org/10.1371/journal.pone.0278999
https://doi.org/10.1371/journal.pone.0278999
https://www.ncbi.nlm.nih.gov/pubmed/36534658
https://doi.org/10.1007/s00705-018-3782-1
https://doi.org/10.1007/s00705-018-3782-1
https://www.ncbi.nlm.nih.gov/pubmed/29520689
https://doi.org/10.1371/journal.pone.0220061
https://www.ncbi.nlm.nih.gov/pubmed/31348798
https://doi.org/10.1038/s41598-023-44518-4
https://www.ncbi.nlm.nih.gov/pubmed/37903814
https://doi.org/10.1007/978-3-319-93417-4_10
https://www.r-project.org/
https://doi.org/10.1007/s41109-021-00351-0
https://www.ncbi.nlm.nih.gov/pubmed/33490367
https://doi.org/10.1016/j.ecocom.2007.07.001
https://doi.org/10.1098/rsif.2005.0079
https://www.ncbi.nlm.nih.gov/pubmed/16849217
https://doi.org/10.1073/pnas.0308344101
https://www.ncbi.nlm.nih.gov/pubmed/15477600
https://doi.org/10.1126/science.1086478
https://doi.org/10.1126/science.1086478
https://www.ncbi.nlm.nih.gov/pubmed/12766206
https://doi.org/10.1093/comnet/cnv005
https://doi.org/10.1093/comnet/cnv005
https://doi.org/10.1016/j.tpb.2009.11.003
https://www.ncbi.nlm.nih.gov/pubmed/19948179
https://doi.org/10.1371/journal.pone.0232681
https://doi.org/10.1371/journal.pone.0232681
https://www.ncbi.nlm.nih.gov/pubmed/32407336
https://doi.org/10.1073/pnas.1613616114
https://www.ncbi.nlm.nih.gov/pubmed/28373567
https://doi.org/10.14202/vetworld.2022.1610-1616
https://www.ncbi.nlm.nih.gov/pubmed/36185524
https://doi.org/10.3390/su13010171
https://doi.org/10.1371/journal.pone.0155196
https://doi.org/10.1371/journal.pone.0155196
https://www.ncbi.nlm.nih.gov/pubmed/27152712
https://doi.org/10.1063/5.0046731
https://www.ncbi.nlm.nih.gov/pubmed/34241284
https://doi.org/10.1016/j.prevetmed.2018.05.006
https://www.ncbi.nlm.nih.gov/pubmed/30086853
https://doi.org/10.4236/acs.2017.74038
 https://www.nbs.go.tz/nbs/takwimu/Agriculture/2016-17_AASS Report _Final.pdf


790

May & June 2026, Volume 81, Issue 3

1. Supplementary files

Supplementary Table S1. Definition of node and network metrics

Parameter Definition Epidemiological Sig.

Node-Level Metrics

Betweenness 
The frequency of any pair of pairings in 

the observed network along the shortest 
path between any two wards.

Wards with a high betweenness are closer to the network and are 
more likely to be infected sooner. They could be good intervention 
targets one of its assumptions, i.e. the contributions of all shortest 

paths are equal, is inconsistent with variations in spatial interactions 
along these paths and has been questioned when applied to spatial 

networks. Hence, this paper proposes a spatial interaction incorporated 
betweenness centrality (SIBC)

In and out-
degree 

The total number of other wards from 
which or to whom a ward sent or 

received animals.

In the network, a higher in-degree ward is viewed as a sink (correlated 
with a higher risk of disease introduction), whereas a higher out-degree 

ward is viewed as influential (higher probability of spreading disease) 

Undirected 
path

The pathway between nodes 
(households/wards) ignoring the 

direction of the contacts.

A movement from household to a ward/market area or vice versa thus 
defines the same pathway in disease transmission.

Directed path

The pathway between nodes 
(households/wards) accounting for the 
direction of the contacts (i.e. livestock 

movements). 

A movement from household to a ward/market area or vice versa thus 
defines two different pathways in disease transmission.

Network-level Metrics

Clustering 
coefficient 

Probability that any two wards connected 
to a third ward in common are also 

connected to one another in the network 
to form a triangle.

This describes the spatial or social organization of a network, with high 
clustering being hypothesized to lessen transmission.

Giant strongly/ 
weakly 

connected 
component 

A set of households that are all reachable 
from each other by existing directed 

edges is referred to as a strongly 
connected component in a network. The 

term “weakly connected component” 
refers to a region of the network where 
all wards are connected to one another 
but not all wards can be reached from 

every other ward in the network.

The size of the GSCC is a measure of the potential size of an epidemic 
in the network because any ward in the giant strongly connected 

component can be reached from every other ward. The size of the 
GWCC is frequently interpreted as the maximum size for an epidemic 
within the system because the GWCC relaxes the assumption that all 
wards can be reached from any other ward by directed paths in the 

connected component.

Clustering 
coefficient
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Supplementary Table S2. The authority, eigenvector, degree, and reach-2 and reach-3 metrics, which indicate how central the 
node is in the livestock movement network

Centrality
Centrality Values (Ranges)

Bahi Bariadi Hanang Kiteto Longido Masasi Meatu Simanjiro Full Network

Degree 1(1,5) 1(1,4) 1(1,4) 1(1,3) (1,4) 1(1,18) 1(1,4) 1(1,3) 1(1,18)

Indegree  0(0,5) 0(0,4) 0(0,4) 0(0,3) 0(0,4) 0(0,18) 0(0,4) 0(0,3) 0(0,18)

Outdegree 1(0,2) 1(0,1) 1(0,2) 1(0,1) 1(0,1) 1(0,2) 1(0,2) 1(0,1) 1(0,2)

Closeness 1(0.5,1) 1(1,1) 1(0.5,1) 1(1,1) 1(1,1) 1(0.5,1) 1(0.5,1) 1(1,1) 1(0.5,1.0)

Reach_2 0.16
(0.08,0.32)

0.28
(0.1,0.28)

0.3
(0.13,0.6)

 0.33
(0.33,0.33)

0.29
(0.14,0.36)

0.29
(0.11.0.52)

0.28
(0.11,0.5)

0.29
(0.14,0.29)

 0.03
(0.013,0.15)

Reach_3 0.24
(0.08,0.32)

0.28
(0.1,0.28)

0.4
(0.13,0.6)

 0.33
(0.33,0.33)

0.29
(0.14,0.36)

0.41
(0.15,0.74)

0.33
(0.11,0.67)

0.29
(0.14,0.29)

0.03
(0.01,0.22)

Eigenvector 
value 0(0.1) 0.16(0,1) 0.45(0,1) 0.58(0.58,1) 0(0.1) 0.01(0,1) 0.35(0,1) 0.58(0,1) 0(0,1)

Betweenness 0 0 0 0 0 0 0 0 0

Hubs 0(0,1) 0(0,1) 0(0,1) 1(0,1) 0(0,1) 0.01(0,1) 0.12(0,1) 1(0,1) 0(0,1)

 Authority 0(0,1) 0(0,1) 0(0,1) 0(0,1) 0(0,1) 0(0,1) 0(0,1) 0(0,1) 0(0,1)

Supplementary Table S3. Network metrics calculated for every district and network as a whole

Parameter
Metrics Values

Bahi Bariadi Hanang Kiteto Longido Masasi Meatu Simanjiro Full Net-
work

Diameter 1 1 1 1 1 1 1 1 1

Average shortest path 
length 1 1 1 1 1 1 1 1 1

Edge density 0.132 0.16 0.171 0.32 0.21 0.06 0.173 0.214 0.01

Reciprocity 0 0 0 0 0 0 0 0 0

Assortativity (based on 
degree) 0.626 0.492 -0764 0.658 -0.0896 0.0038 0.066 -0.0804 -0.04317455

CC 0 0 0 0 0 0 0 0 0

Modularity 0.75 0.76 0.7045 0.651 0.713 0.668 0.703 0.7469 0.9367

Giant components (GC) 8 5 9 4 4 46 12 4 4

Centralization (by 
degree) 0.4704861 0.2352941 0.2372449 0.4876033 0.4319527 0.5283951 0.2525952 0.2248521 0.1524662
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Supplementary Table S4. Page rank score by ward

Ward Page Rank Score

Bahi 0.022558335

Balang’da lalu 0.014317109

Bukundi 0.013767694

Butuli 0.007174714

Chiungutwa 0.040139616

Dawari 0.014866524

Dodoma city 0.007174714

Dutwa 0.007174714

Endonyongijape 0.013767694

Gendabi 0.013767694

Gilya 0.017064185

Ibihwa 0.010471204

Ihusi 0.013767694

Katesh 0.007174714

Kimokowa 0.013767694

Kizota 0.007174714

Langai 0.013767694

Longido 0.007174714

Loolera 0.013767694

Makame 0.013767694

Matongo 0.017064185

Mbuyuni 0.036843126

Mchauru 0.061017387

Mpamantwa 0.020360675

Mundemu 0.013767694

Mwamalole 0.014097343

Mwangudo 0.0117898

Mwanhuzi 0.007174714

Naberela 0.013767694

Orkesmet 0.007174714

Partimbo 0.013767694

Sinya 0.017064185

Sululu 0.013767694

TingaTinga 0.010471204
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Supplementary Figure S1. A network graph that displays the network (Communities (A) , wards (B)) and their connections
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Supplementary Figure S2. Changes of centrality measures from random and targeted node removal 

A) Showing the GWCC decreasing with other centrality measures, B) Showing metric changes between random and targeted 
node removal
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Supplementary Material S1: Study area description 

Tanzania, an East African country south of the equator, covers 945,087 km2, with 883,749 km2 land and 59,050 km2 
inland water bodies, including the Indian Ocean. [73]. 

Tanzania’s rainfall regimes are categorized as unimodal or bimodal, with bimodal rainfall occurring in northern re-
gions and unimodal in Central, South, and Western districts. These distributions impact pasture, water availability, and 
animal migration [73].

Our study area covers five regions found in the southern (Mtwara), central (Dodoma), and northern (Manyara, Aru-
sha) Lake Victoria basin (Simiyu) where sheep and goat populations are considerable high, except Mtwara [74]. Eight 
districts were chosen from the regions based on PPR risk factors, including climate change vulnerability. Sheep and 
goat populations, wildlife and livestock interactions, social economics, and international border proximity Longido, 
Meatu, and Bahi districts with unimodal rainfall patterns and low annual rainfall represent the areas with PPR risk due 
to continuous shortages of pasture and water. Meatu, Simanjiro, Kiteto, Hanang, and Longido have large populations 
of sheep and goats, increasing the risk of PPR through social and economic activities. Masasi, Bahi, and Bariadi re-
ported the incidence of PPR during the study period. Meatu and Bariadi share the Serengeti ecosystem, with previous 
incidences of PPR within the regions and the country bordering the ecosystem. Simanjiro, Kiteto, and Longido dis-
tricts have wildlife and forest protected areas where there is sharing of grazing land with wildlife. Longido and Masasi 
districts were in close proximity to the international borders of Kenya and Mozambique, respectively. Hanang, Kiteto, 
and Simanjiro districts are inhabited by agropastoral and pastoral groups that own agricultural areas, with some areas 
demarcated for grazing, as seen in Simanjiro and Kiteto districts. Hanang district, on the other hand, has limited grazing 
areas where seasonal cropping allows the use of agricultural areas for grazing during the dry season. The Simiyu region 
within the Lake Victoria ecosystem was represented by Meatu and Bariadi. The latter two districts are within the Seren-
geti National Park North ecosystem in the eastern part of lake victoria. Wildlife-livestock interaction in the districts of 
Longido, Simanjiro, Kiteto, Bariadi, and Meatu is very common due to their proximity to wildlife and forest conserva-
tion areas. In those districts, various types of animals, including small ruminants, can be found grazing together with 
sheep and goats. During the dry season, poor water and pasture availability leads to increased animal interaction. In the 
Simiyu region, illegal activities in Serengeti National Park and Butuli Forest Conservation Area are very common, thus 
increasing PPR risks to the domestic small ruminant population. Livestock trade increases, involving up to 9 million 
sheep and goats annually [74]. Most of the animals are transported by vehicles to the secondary markets located in the 
major cities of Mwanza, Dar es Salaam, and Arusha. Non-vehicular transportation has been reported for short-distance 
travel toward or from primary markets. Long-distance travel has been reported during the pasture shortage, when ani-
mals have been moving from one district to another in search of water and greener pasture. 
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