
Seed Selection Strategies for Information
Di�usion inSocialNetworks: AnAgent-Based
Model Applied to Rural Zambia
Beatrice Nöldeke1, Etti Winter1, Ulrike Grote1

1 Institute for Environmental Economics and World Trade, Leibniz University of Hannover,
Königsworther Platz 1, Hannover 30167, Germany
*Correspondence should be addressed to noeldeke@iuw.uni-hannover.de

Journal of Artificial Societies and Social Simulation 23(4) 9, (2020). Doi: 10.18564/jasss.4429
Url: http://jasss.soc.surrey.ac.uk/23/4/9.html

Received: 19-12-2019 Accepted: 04-12-2020 Published: 31-10-2020

Abstract: The successful adoptionof innovationsdependson theprovisionof adequate information to farmers.
In rural areas of developing countries, farmers usually rely on their social networks as an information source.
Hence, policy-makers and program-implementers can benefit from social di�usion processes to e�ectively dis-
seminate information. This study aims to identify the set of farmers who initially obtain information (‘seeds’)
that optimises di�usion through the network. It systematically evaluates di�erent criteria for seed selection,
number of seeds, and their interaction e�ects. An empirical Agent-Based Model adjusted to a case study in ru-
ral Zambia was applied to predict di�usion outcomes for varying seed sets ex ante. Simulations revealed that
informing farmers with the most connections leads to highest di�usion speed and reach. Also targeting vil-
lage heads and farmers with high betweenness centrality, who function as bridges connecting di�erent parts
of the network, enhances di�usion. An increased number of seeds improves reach, but the marginal e�ects of
additional seeds decline. Interdependencies between seed set size and selection criteria highlight the impor-
tance of considering both seed selection criteria and seed set size for optimising seeding strategies to enhance
information di�usion.
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Introduction

1.1 Many regions in developing countries lack adequate access to formal information sources, which is why in-
formation is spread through social networks (Saint Ville et al. 2016; Songsermsawas et al. 2016; Rink & Wong-
Grünwald2017). This channel of knowledgedissemination is especially important for resource-poor small-scale
farmers. They rely on informal information sources since sharing information throughword-of-mouth commu-
nication is convenient, reduces transaction costs, and is easily accessible (Feder et al. 1985; Matuschke 2008).
Access to information is particularly important in the context of adopting innovations, which have high poten-
tial to improve farmers’ productivity and adaptation abilities (Pratiwi & Suzuki 2017; Vasilaky & Leonard 2018).
Farmersmight decide to adopt an innovationonly if they are aware of it andhave su�icient knowledge about its
benefits and application. Consequently, access to information increases the likelihood of innovation adoption
(Rogers 1983; Khonje et al. 2015; Xiong et al. 2018).

1.2 However, when designing interventions to disseminate knowledge, policy-makers and program-implementers
o�en face limited resources that obstruct the provision of information to every farmer individually. Conse-
quently, they commonly target only a subset of farmers who receive the information initially. They then rely
on the initially informed farmers, who are referred to as ‘seeds’, to spread the knowledge within their commu-
nity. Because all other farmers depend on the seeds to obtain the information through their network, seeds
are crucial to the success of the di�usion process (Genius et al. 2014; Magnan et al. 2015; D’Angelo et al. 2017).
Choosing a subgroup of farmers as seeds therefore raises the question of how to identify the actors with the
highest di�usion potential (Erlandsson et al. 2018).
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1.3 Many studies examine the di�usion of innovations and thereby acknowledge information as an essential pre-
requisite for adoption, but research addressing the improvement of information spread remains limited. Some
studies focuson the role of seed selectionone�ective informationdissemination, but theypredominantly anal-
yse centrality measures as seed selection criteria exclusively, which account for local hierarchical structures
only indirectly, or develop approximation algorithms to maximize spread. Furthermore, due to the paucity of
empirical data many studies follow a theoretical approach. Empirical research is particularly limited in the
context of developing countries despite the high relevance of information spread throughword-of-mouth com-
munication in rural economies (Muller & Peres 2019).

1.4 To address these limitations in research, this paper focusses on the di�usion of information as a precondition
of innovation adoption. By systematically evaluating performance of di�erent seed sets, the study aims to im-
prove information dissemination through optimising seed selection. Specifically, the present research evalu-
ates information of low complexity, such as awareness of the existence of an agricultural innovation, which can
be transmitted via single encounters between farmers and thus spreads like a simple contagion (Centola 2018).
We focus onword-of-mouth communication as themean for information sharing between farming households.
By adjusting anagent-basedmodel (ABM) to a case study in rural Zambia, the studyprovides empirical evidence
while accounting for context-specific dynamics and heterogeneity of farmers. The ABM systematically assesses
the outcomes of various seeding strategies à priori to support the design of di�usion processes (Scheller et al.
2018; Barbuto et al. 2019; Dijkxhoorn et al. 2019). Thus, this study provides policy-makers and development
practitioners with insights on the importance of seeding strategies for di�usion processes prior to the interven-
tion implementation. Results are specifically relevant for applications in rural areas of developing countries
where social networks are themain source of information and projects depend on seeds to disseminate knowl-
edge. In particular, the paper takes the following steps. Firstly, it systematically assesses centralitymeasures as
seed selection criteria with respect to their impact on the speed and reach of information di�usion. Addition-
ally, it tests hierarchy (villageheads) as a seed selection criterion. Secondly, thepaper examines the influenceof
the number of seeds on the di�usion process. Thirdly, a robustness check analyses how the success of the seed
selection criteria depends on the number of seeds. The analysis confirms that optimising the seeding strategy
with respect to selection criteria and size strongly impacts the di�usion success.

1.5 The remainder of this paper is structured as follows: Section 2 presents the state of the literature. The conse-
quent section describes the study area and data, followed by the outline of the ABM in Section 4. Section 5
presents and discusses the simulations results, and Section 6 summarizes and concludes.

Literature Review

2.1 A number of studies confirm that social networks a�ect farmers’ decisions to adopt innovations (e.g., Foster
& Rosenzweig 1995; Conley & Udry 2001; Matuschke & Qaim 2009; Mekonnen et al. 2018; Xiong et al. 2018).
Whereas most investigations focus on the process of adoption di�usion, some researchers also assess the in-
formation e�ect of social networks (e.g., Cadger et al. 2016; Songsermsawas et al. 2016; Mekonnen et al. 2018;
Xiong et al. 2018; Shikuku 2019). Studies such as Anderson& Feder (2004) confirm that endowmentwith human
capital is frequently linked to farmers’ performance because innovation adoption requires access to informa-
tion. Especially in rural areasof developing countries, farmers rely on their social networks to access knowledge
which in turn influences adoption decisions (Foster & Rosenzweig 1995; Conley & Udry 2001; Bandiera & Rasul
2006; Saint Ville et al. 2016). Social learning between farmers influences the di�usion process in all phases, but
is particularly important in the early stages (Xiong et al. 2018). Therefore, social networks are ofmajor relevance
for information and innovation di�usion processes due to their function as informal communication channels
(Isaac et al. 2007; Matuschke 2008; Banerjee et al. 2013; Muange et al. 2014; Magnan et al. 2015).

2.2 The extent to which a social network supports information flow depends on its characteristics (Qiao et al. 2019)
as network structure influences information spread (Morone & Taylor 2004a; Manson et al. 2016). Watts & Stro-
gatz (1998), Cowan & Jonard (2004), and Morone & Taylor (2004b) find that information spreads quickest if the
network topology assimilates a small world. In contrast, Jang et al. (2019) state that a random network has the
optimal structure for knowledgedi�usion. Besides, network size, density, anddegreedistribution can influence
di�usion processes (Morone & Taylor 2004a; Delre et al. 2007; Mueller et al. 2017; Bogner et al. 2018). Several
authors also emphasize the role of weak ties for connecting communities and thereby preventing local trap-
ping of information (Granovetter 1973; Zhao et al. 2010). Overall, the specific network structure is an important
factor for the di�usion of information (Barbuto et al. 2019; Qiao et al. 2019).

2.3 Besides network characteristics, traits at the individual farmer level such as gender, age, education, and land
size a�ect the exchange of information (van den Broeck & Dercon 2011; Kabunga et al. 2012; Muange et al. 2014;
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Cadger et al. 2016; Mekonnen et al. 2018). Generally, group homogeneity intensifies information transmission
due to homophily e�ects (van den Broeck & Dercon 2011; Shikuku 2019).

2.4 In addition, the likelihood of receiving relevant information depends on the farmer’s centrality in the network
(Hinz et al. 2011; Muange et al. 2014; Pratiwi & Suzuki 2017). To identify well-connected actors with high abilities
to exchange information, social network theory provides several centralitymeasures such asdegree, closeness,
betweenness, and eigenvector centrality (Lü et al. 2016; Borgatti et al. 2018). Degree centrality equals the num-
ber of connections an actor has in the network. The inverse sum of distances of an actor to all other actors in
the network describes closeness centrality, which represents how close an actor is to all others in the network.
Betweenness centrality indicates the frequency with which an actor is on the shortest path between any com-
bination of two actors in the network. Actors with high betweenness function as bridges between communities
and are more likely to influence people from di�erent groups. Eigenvector centrality is based on the idea that
each actor’s centrality depends on theweighted average of the actors withwhom it is connected (Hussain et al.
2013; Borgatti et al. 2018). A variety of studies confirms that network centrality is positively associated with en-
hanced information sharing capabilities (Hinz et al. 2011; Muange et al. 2014; Pratiwi & Suzuki 2017; Muller &
Peres 2019).

2.5 Because di�usion success depends on the initially informed farmers, network centrality is an essential aspect
for seed selection (Valente & Davis 1999; Akbarpour et al. 2018; Kowalska-Styczen et al. 2018; Barbuto et al.
2019). The literature has proposed algorithms to identify actors that maximize spread (e.g. Kempe et al. 2003;
Wang et al. 2014; D’Angelo et al. 2017). In practice, however, well-connected or popular persons are commonly
selectedas seeds (Delre et al. 2010;Mochalova&Nanopoulos2013;Banerjeeet al. 2014). Seeding strategieshave
been analysed in contexts such as di�usion of microfinance (Banerjee et al. 2013) and adoption of agricultural
technologies (Beaman et al. 2018).

2.6 Not only do seed selection criteria matter, but also the number of seeds is relevant for a successful di�usion
process sincea largernumberof seeds leads togreater reach (Bampoetal. 2008;Barbutoet al. 2019). Expanding
the number of randomly chosen seeds can even outperform centrality-based seed selections (Akbarpour et al.
2018). Additionally, the interaction between the number of seeds and centralitymeasures chosen as criteria for
seed selection a�ects the di�usion success (Mochalova & Nanopoulos 2013). Overall, the literature shows that
seeding strategies play an important role for di�usion processes, but detailed studies comparing criteria and
considering interdependencies in an empirical context remain limited.

Study Area and Data

3.1 The model is adjusted to a study area called Mantapala, which is located within the Congo Basin in northern
Luapula Province of Zambia as illustrated in Figure 1. The study area was selected within the framework of the
project Food Security in Rural Zambia (FoSeZa), fundedby theGerman FederalMinistry of Food andAgriculture
(BMEL). According to stakeholder discussions and results of a pilot survey, the region shows typical features of a
rural village in a developing country such as a remote location, lack of infrastructure development (roads, elec-
tricity, market integration, etc.), pronounced malnutrition, and food insecurity (Hampwaye et al. 2014; Central
Statistical O�ice Zambia 2016; Gronau et al. 2018). Given the distinct impoverishment combinedwith high food
insecurity anddependenceon farming, research regarding the spreadof agricultural innovations cancontribute
to improving local livelihoods (Hampwaye et al. 2014; Central Statistical O�ice Zambia 2016, 2018; Gronau et al.
2018).

3.2 The household characteristics derived from the survey data displayed in Tables 1-2 illustrate the poverty, food
insecurity, low levels of education, and agriculturally oriented livelihoods that prevail in the study area.

3.3 The study area consists of eight villages, which are overseen by seven village heads. Although the study area is
rather isolated, exchange in terms of communication and economic activities amongst the eight villages takes
place, o�ering interesting potential for social network analysis. Each village consists of about ten to 80 house-
holds summingup to264households. A structuredhousehold surveywas conducted in 2018aspart of a census.
Thus, the data set covers all households in the study area. In addition to sections on socio-economic charac-
teristics, agricultural activities, and food security amongst other, the interviews contained a comprehensive
segment on social capital, which provides information about the social network in the study area, which house-
holds exchange agricultural information, and how frequently they do so. Furthermore, GPS-data of the house-
holds were collected.
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Figure 1: Study area.

Characteristics Number of households Share of households (in %)

Female headed households 54 20
Farmingas themain incomesourceof household
head

234 90

Member of an agricultural, livestock, producer
group

42 16

Householdswith poor food security according to
food consumption index

55 21

Households with borderline food security ac-
cording to food consumption index

61 23

Households with acceptable food security ac-
cording to food consumption index

148 56

Table 1: Descriptives: household characteristics (1). Note: n =264.

Characteristics Mean

Age of household head (in years) 44 (14.65)
Level of education of household head (in years) 6.9 (2.98)
Yearly household income (in Zambian Kwacha) 3871.26 (4530.31)
Land size owned (in hectare) 6.80 (5.72)
Household size 6.03 (2.36)

Table 2: Descriptives: household characteristics (2). Note: n =264. Standard deviations in parentheses.

Methodology: The information di�usionmodel

4.1 The present agent-based model simulates information di�usion through word-of-mouth communication be-
tween farming households in rural Zambia to identify seed sets with high potential for information spread. The
following section provides an overview over the ABM, and the Appendix B contains the full description in detail.

4.2 The households: The acting entities in the model are farming households, who exchange agricultural infor-
mation. Variables indicating both location and hierarchical status describe the households. Households can
be connected via links, which include data specifying whether and how frequently the respective households
discuss agricultural matters. Data to initialize the households and the network origin from a household survey
conducted in 2018 in Zambia.

4.3 Information transmission: Themodel employs an empirical approach to simulate transmission of agricultural
information between households. Thereby, the di�usion is modelled as a simple contagion process, where
information can be successfully transmitted through a single contact between farming households (Centola
2018). Each time step, information exchange between households takes place as follows: the households al-
ready informed randomly choose another household with which they share an information link. If the selected
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household has not yet obtained the information, the acting household transmits the information based on a
probability that increaseswith higher frequency of agricultural discussions between these households, as indi-
cated in the survey. The newly informed households then update their status accordingly.

4.4 Eachmodel run startswith the initialization of the 264 households and the social network, which remains static
over the courseof the simulation. Initially, only thosehouseholds selectedas seeds set their state to “informed”,
whereas all other households are “uninformed”. The model proceeds in weekly time steps. As information is
assumed to lose relevance a�er a certain point in time, the time frame is set to one year, limiting the simulation
to 52 steps.

4.5 Model output: The model output includes data regarding reach (total number of households informed) and
speed (rate of di�usion, number of households informedmonthly). Reachprovides informationon final spread;
speed provides information on progress over time.

4.6 Scenarios: Theanalysisdistinguishesbetween threescenarios to find themosteligible setof seeds forwidespread
and rapid information di�usion within a social network.

1. The first scenario examines the impact of the following selection criteria for seeds on the di�usion pro-
cess: i) random ii) hierarchy (village heads) iii) degree centrality iv) closeness centrality v) betweenness
centrality and vi) eigenvector centrality. In this first scenario, the number of seeds is eight, which cor-
responds to approximately 3% of the population (Leeuwis 2004; Natcher et al. 2016). If the seeds are
selected according to hierarchy, the total number of seeds is seven, which equals the number of village
heads in the study region.

2. The second scenario assesses the e�ect of the number of seeds on the di�usion process by varying it
from two to 26 by increments of two, corresponding to 1 to 10% of the total population (Bampo et al.
2008; Erlandsson et al. 2018). Seeds selection is random.

3. Inorder to test robustnessof the results, scenario3examines the interactione�ectsbetween theselection
criteria and number of seeds by simultaneously changing the seed set size and selection criteria.

4.7 Model calibrationandverification: Theappliedmodel provides generic insights intohow information spreads
in a sparse social network. To ensure consistency with reality, themodel parameters such as network structure
and interactionbehaviour are basedon surveydata fromacase study in rural Zambia. A careful scanof the code
was carried out whilst discussing it amongst researchers. Additionally, extreme values of the input variables
were implemented to test corner cases. The simulation was run with at least 30 repetitions for each specific
scenario.

4.8 Robustness tests: In order to test the dependence of the results on the specific network, the static network, as
derived from the survey, was varied by changing the total number of links in the network during initialization
(random addition and deletion of 5% and 10% of the existing links). Furthermore, 5% and 10% of existing links
were rewired while keeping the total number of links constant to test for the results’ dependence on network
properties and transferability.

4.9 Data analysis: The results of the simulations were analysed by applying t-tests and one- and two-way Analysis
of Variance (ANOVA) statistics using Stata 14.

Results

5.1 The following chapter presents descriptive findings and simulation results. The presentation of the simulation
results is structured according to the three scenarios.

Descriptive results

5.2 The subsequent section presents selected descriptive findings with respect to the social network in the study
area. Further seed-specific network descriptives are included in the Appendix A.

5.3 The household heads have on average 1.7 connections to other households in the study area as visualized in
Figure 2. Connections are links between farmers that the respondent perceived as important for business or
personal reasons. The low number of connections results in an overall network density of 0.01 implying low
trust in the study area. This result is in line with Leavy (2015), who also does not find large networks in rural
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Figure 2: Social network representation. Village heads in red.

Zambia. On average, closeness centrality is 0.21, betweenness centrality 447.05, eigenvector centrality 0.34,
and the cluster coe�icient 0.05. The average shortest path in the largest component is 8.33, and transitivity
is 0.08. In the network, 180 households (69%) are connected in a big component, but disconnected from the
84 (32%) remaining households, who are partially connected with each other in smaller components. Most
connections represent close friendships or are based on family relations as displayed in Table 3.

Type of connection Absolute Relative (in %)

Number of connections that are blood relatives 94 28
Number of connections that are related by marriage 46 14
Number of connections that are best friends 127 37
Number of connections that are friends 40 12
Number of connections that are neighbours 17 5

Table 3: Social network descriptives.

5.4 Despite the fact that the network is sparse and trust seems to be generally low in the study area, social networks
nevertheless play a vital role for information exchange, and the existing connections are used to disseminate
information as presented in Table 4.

Number of households / connections Absolute Relative (in %)

Households relyingmostly on family and friends for agricultural information 115 44
Households relyingmostly on experts and extension services for agricultural
information

77 29

Households relying mostly on village meetings for agricultural information 23 29
Households relying mostly onmedia for agricultural information 20 8
Connections exchanging agricultural advice 296 87
Connections that discuss business several times per week 142 42
Connections that discuss business several times per month 92 27
Connections that discuss business several times per year or only when a de-
cision is made

46 13

Table 4: Descriptives: Information sources.
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Scenario 1: The impact of seed selection criteria

5.5 The following section presents the results of scenario 1, which tests the e�ects of di�erent seed selection cri-
teria on the di�usion process. As summarized in Table 5, seed selection based on degree centrality leads to
highest final reach amongst all selection criteria with mean di�usion rates of 62.46% of the whole population.
Hierarchy-based (62.20%), betweenness-based (62.08%), and random selection (60.61%) achieve very similar
results. In contrast, seed selection based on closeness and eigenvector centrality leads to significantly lower
reachwithonly a shareof 17.55%and 18.93%of thepopulation informed (p =0.00, degreesof freedom(DF )=5,
F =821.92). Degree-, betweenness-, and hierarchy-based seeds lead to similar results in each simulation run,
whereas random, closeness-, and eigenvector-based seeds fluctuate more between simulations.

Seed selection criterion Number of informed house-
holds a�er one year

Share of households informed
a�er one year (in %)

Random 160.2 (11.72) 60.61
Village heads 164.2 (5.40) 62.20
Degree 164.9 (3.38) 62.46
Betweenness 163.9 (4.15) 62.08
Closeness 46.3 (36.02) 17.55
Eigenvector 50.0 (54.27) 18.93

Table 5: Scenario 1: E�ect of seed selection criteria. Note: Standard deviations in parentheses.

5.6 As visualized in Figure 3, all seed selection criteria lead to distinct numbers of informed households during the
first stages of the di�usion process (p =0.00, DF =5, F =1587.81 for timestep 8). However, results caused
by selection based on hierarchy, betweenness, degree, and random choice converge at the end of the year.
When about 60% of the population received the information, a saturation level seems to be reached. However,
the distinct seed selection criteria attain this saturation level at di�erent points in time. The graph shows that
degree-based selection leads to the quickest spread.

Figure 3: Scenario 1: E�ect of seed selection criteria over time.

5.7 As most village heads are well connected in the network, hierarchy-based seed selection yields relatively good
results. Despite the slightly lower number of seeds in the hierarchy-based scenario (seven compared to eight),
reach does not significantly di�er compared with betweenness-based (p =1.00), degree-based (p =1.00), and
random seed selection (p =1.00) as the Bonferroni multiple comparison test shows (DF =5, F =821.97). In
addition, random seed-selection performs quite well and yields similar results as degree-based, betweenness-
based, or hierarchical-based seed selection.

Scenario 2: The impact of number of seeds

5.8 Scenario 2 investigates how the number of seeds influences spread over time. Hereby, the number of randomly
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chosen seeds is varied from 2 to 26 seeds, incrementally increased by two covering the span of circa 1% up to
10% of the population (Bampo et al. 2008; Erlandsson et al. 2018).

5.9 The ANOVA statistic examining the di�erences in seed set size shows that a higher number of seeds is positively
associatedwith reach (p =0.00,DF =12,F =34.39). Furthermore, seed set size impacts the di�usion speed as
the distinct slopes for di�erent seed set sizes indicate (Figure 4). Relatively large seed set sizes increase speed
in early stages of the di�usion process; relatively small seed set sizes enhance speed to a larger extent in later
stages instead.

Figure 4: Scenario 2: E�ect of seed set size over time.

5.10 For smaller seed set sizes di�usion speed is lower at the beginning. Consequently, increasing small seed sets
still significantly impacts reach by the end of the year (p =0.00 for increasing from 2 to 4 seeds in step 52),
contrary to increasing rather large seed sets (p =1.00 for increasing from 20 to 22 seeds in step 52, DF =12,
F =34.39). However, due to the less frequent information transmission in the beginning and resulting long
take-o� phase, small seed set sizes result in lower overall reach despite the higher speed at the end.

Scenario 3: Simulating interaction e�ects

5.11 Scenario 3 explores how the success of seed selection criteria depends on the number of seeds. By analysing
the interaction e�ect between seed selection criteria and set size, robustness of the previous results is tested.
TheANOVAanalysis investigating seed set size, choosingmechanismaswell as their interactione�ects confirms
that at all points in time the number of seeds, the selection criteria, and their interaction e�ect influence reach
(p =0.00, DF =77, F =626.64 in time step 52). The interaction e�ects, depicted in Figures 5-7, prove that
random choice, betweenness-, and degree-based seed selection support the previous results from Scenario 2:
for these selection criteria, an increase in seed set size leads to higher reach, but the e�ect of each additional
seed on the di�usion success declines. In contrast, the performances of closeness- and eigenvector-based seed
selection are not robust to the number of seeds since seed set size impacts the performances of seed selection
based on these criteria. Thus, closeness- and eigenvector-based seed selection should be considered critically.

5.12 The simulations show that choosing village heads as seeds leads to quite high reach although the number of
seeds is always restricted to seven (this restriction is the reason for excluding hierarchy from Figures 5-7). If, for
example, themaximum seed set size of 26 households is chosen for the other selection criteria, this results in a
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Figure 5: Scenario 3: Interaction e�ects of seed set size and selection criteria (1).

di�erence of only 20 additional households informed at the end of the year compared to hierarchy-based seed
selection. Thus, informing village heads seems quite e�icient.

Robustness of the results

5.13 To test the robustness of the previous results, the network was systematically varied through rewiring 5% and
10%of the links, while the total number of links remained constant, and adding aswell as deleting links (5%and
10%). The results show thatwhile the number of links is positively associatedwith reach and speed, the general
findings remain valid. Thus, the results prove to be robust towards small changes in the network and therefore
demonstrate transferability of the derived policy recommendations for seeding strategies to other applications
with similar network characteristics.

Discussion and Conclusions

6.1 Our analysis explored how the selection of farmerswho receive information first (‘seeds’) influences knowledge
di�usion in a sparse social network. An empirical ABM was implemented and adjusted to a case study area in
rural Zambia. Our results provide policy makers and development practitioners with insights into how seed-
ing strategies can support the promotion of innovations, whilemaking use of social di�usion processes in rural
communities in developing countries. Our study emphasizes the role of adequate seed selection strategies,
which take into account both the seed selection criterion and the set size for enhancing information dissemi-
nation.

6.2 Scenario 1 showed that selection of farmers with most connections (highest degree centrality) improves the
speed and reach of di�usion the most. Selecting farmers with high betweenness centrality, who link network
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Figure 6: Scenario 3: Interaction e�ects of seed set size and selection criteria (2).

components, or village heads, who also are well connected, significantly contributes to the spread of informa-
tion as well. However, due to very low levels of trust and resulting sparseness in the network, seeds selected
based on eigenvector and closeness centrality obstruct di�usion. Several studies (Hui et al. 2010; Hinz et al.
2011; Hussain et al. 2013; Cadger et al. 2016) have confirmed that degree centrality performs well as a seed se-
lection criterion for rapid and widespread information dissemination. Households with great degree centrality
have the largest number of direct connections and therefore a relatively high level of immediate influence on
others (Delre et al. 2010; Barbuto et al. 2019). In addition, degree centrality poses a simple and cost-e�ective
method for seed selection, which does not require census data (Erlandsson et al. 2018; Borgatti et al. 2018).
Thus, choosing themost popular farmers, farmers with themost connections, o�ers high potential for improv-
ing the dissemination of information.

6.3 The finding that betweenness-based seeds achievequick andwide reach is in linewithGoldenberg et al. (2009),
Hinz et al. (2011), and Cadger et al. (2016). In sparse networks, information can get trapped because it needs to
bepassedon throughmore actors to reachother communities in the networkDelre et al. (2010). Thus, targeting
farmerswho functionasbridges andconnect villagesor friendship groups is important for thedi�usion success,
particularly in sparse networks.

6.4 The fact that seeds selected on the basis of eigenvector centrality lead to poor di�usion is rather surprising as
it is in contrast to studies such as Banerjee et al. (2013). However, eigenvector centrality relates to the centrality
of the household’s links rather than to the household itself (Chen et al. 2017; Borgatti et al. 2018). According
to Barbuto et al. (2019), directly exercised influence has a stronger impact on di�usion than indirect influence.
Besides, Borgatti et al. (2018) argued that eigenvector centrality is not well defined in disconnected networks.
Overall,while itmaybeadvantageous for someapplications toaddress farmerswithhigheigenvector centrality,
in the context of our study area this leads to poor di�usion success.

6.5 In linewithMochalova &Nanopoulos (2013), closeness-based selection causes low average reach. As closeness
centrality represents thedistance fromanactor to all other actors in thenetworkbut doesnot focalize thedirect
influence, e�ects of closeness-based seeds are more likely to be visible in the long run Muller & Peres (2019).
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Figure 7: Scenario 3: Interaction e�ects of seed set size and selection criteria (3).

Closeness-based seed selection indeed induces a relatively long take-o� phase of the di�usion process, and in
some simulation runs the di�usion is not even fully executed at the end of the year. Consequently, closeness-
based seed selection calls for critical consideration and is not advisable in this case study for dissemination of
information related to agricultural innovations.

6.6 Hierarchy-based seed selection causes reach that does not significantly di�er compared with betweenness-
based, degree-based, or random seed selection despite the slightly lower number of seeds in this scenario.
Thus, informing village heads is cost-e�ective due to the smaller number of required seeds and gains particular
appeal if budget restrictions exist. Furthermore, village heads are easy to identify, and informing them is not
only convenient to implement, but also meets social norms. Receiving information from village heads directly
mightbeperceivedandaccepteddi�erently thanknowledge transmittedbyother communitymembers (Muller
& Peres 2019). However, higher ranks can increase social distance, which reduces the probability of information
exchange (Beaman & Dillon 2018; Shikuku 2019). Additionally, informing the village heads first might reinforce
existing hierarchical structures and favour elites thatmay capture early rents from the innovation. Which e�ect
predominates is subject to further research. Overall, the choice of village heads as seeds is an attractive option
due to the resulting high reach, but might cause unforeseen complications in the practical implementation.

6.7 All these results are comparedwith the scenariowhere seeds are randomly selected. Randomselectionof seeds
achieves comparatively good results because information can be seeded in themain as well as smaller compo-
nents and consequently be disseminated simultaneously to several parts of the network. Since random distri-
bution in the community reduces the risk of knowledge being trapped, it can cause a large network reach. In
contrast, centrality-based seeding strategies might lead to seed redundancy due to the choice of farmers who
are part of the connected core in the network’s big component (Akbarpour et al. 2018; Beaman & Dillon 2018).
Furthermore, Isaac et al. (2007) found intensified information exchange between farmers in the core of the net-
work compared with peripheral farmers. However, the high reach of random seeds relates to the mean value
of the simulations, but can vary considerably in individual simulation runs as the high standard deviation indi-
cates. Therefore, randomseed selection achieves comparatively good results on average, but should be treated
carefully in practice due to high uncertainty.
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6.8 Scenario 2 reveals that an increase in seed set sizes generally improves information spread, but the marginal
e�ects of additional seeds decline. Whereas larger seed set sizes accelerate the di�usion process and therefore
reach saturation levels earlier, smaller seed set sizes lead to an initially slower information exchange. These
results are in line with expectations and the literature (Bampo et al. 2008; Akbarpour et al. 2018). Bampo et al.
(2008) explained that the probability of information transmission between households and thus speed in early
time steps increase with larger seed set sizes. If the number of seeds is high, the maximum spread is reached
more promptly. Because a saturation level of the di�usion is attained eventually, increasing large quantities
of seeds a�er a certain point does not further enhance reach, and the marginal value of additional seeds de-
creases (Bampoet al. 2008; Aral et al. 2013; Akbarpour et al. 2018). Overall, policy-makers can improve the reach
by increasing the seed set size. Especially if information is time-critical, expanding the seed set is e�icient to
enhance reach in the short run. Enlarging seed sets also increases reach in the long run if the seed set size is
small. However, for larger seed set sizes other interventions than increasing the number of seeds can be more
e�icient to improve di�usion as a saturation level will be eventually reached.

6.9 Scenario 3 shows that interaction e�ects between seed set size and selection criteria exist. In the case of ran-
dom, degree-, and betweenness-based seed selection, larger seed set sizes result in wider reach with decreas-
ing marginal e�ects of additional seeds, whereas the performance of closeness-and eigenvector-based seed
selection depends on the size of the seed set. Targeting a large number of farmers with high degree centrality
achieves best results in terms of speed and reach. Overall, the simulation of the interaction e�ects highlights
thatboth seedselectioncriterionandseedsize shouldbeconsidered simultaneously in thedesignof innovation
interventions.

6.10 Our simulations as well as the growing use of ABMs in policy in general demonstrate that ABMs can be a ben-
eficial tool to support policy and the design of interventions. By conducting experiments in a virtual setting,
several policy options and possible future development paths can be explored ex-ante at relatively low costs
(Ahrweiler 2017; Gilbert et al. 2018). Accordingly, the ABM implemented in this study can allow the user to inves-
tigate the performance of a range of di�erent seed sets before deciding which strategy to employ for the actual
project implementation. ABMs o�er some advantages over other modelling techniques as they do not impose
assumptions on stationary, linearity, andhomogeneity. Furthermore, they account for individual decisionmak-
ing and interaction between heterogenous agents and can cover a range of potential system states, including
outcomes that might be of low probability, path-dependent, or emergent (Dechesne et al. 2015; Polhill et al.
2019). In this way, ABMs enable the user to relate the system’s dynamics and structure to the properties and be-
haviours of individual agents (Ahrweiler 2017). Consequently, ABMs contribute to the understanding of system
dynamics anddevelopmentpaths that canbeexpectedunder di�erent policy scenarios (Ahrweiler 2017; Gilbert
et al. 2018). Our ABM shows how the transfer of information to a set of individuals and the resulting information
exchange on the farmer level shape the process of knowledge dissemination at the community level.

6.11 However, ABMs do not provide any prediction into the future. Rather, they help to identify possible and prob-
able paths and undesirable or unintended consequences (Ahrweiler 2017; Polhill et al. 2019). For instance, our
analysis showed that degree-based seeds perform well in all scenarios, but choosing seeds based on eigen-
vector centrality leads to undesirable di�usion results and should therefore be avoided. While our ABM could
contribute to understanding the role of di�erent actors for knowledge di�usion processes, our insights can in-
form development practitioners in designing innovation interventions.

6.12 This said, our study also has several limitations. Whereas our study focuses on information as a prerequisite
for adoption, other factors also play a role in adoption decisions of farmers. According to the literature, these
include financial constraints (Krejci & Beamon 2015; Nguyen et al. 2019; Perello-Moragues et al. 2019), attrac-
tiveness of alternative choices (Xu et al. 2020), compatibility of the innovation with existing livelihood strate-
gies (Gassner et al. 2019) and characteristics of the innovation itself (Okello et al. 2019; Ca�aro et al. 2020).
In addition, adoption decisions are influenced by socio-economic characteristics of farmers such as education
and land size (Nguyen et al. 2017; Beyene et al. 2019), biophysical factors such as irrigation (Olumet al. 2020), as
well as psychological andbehavioural factors such as risk attitude (Kahneman&Tversky 1979; Chavas&Nauges
2020) and time preference (Lawrance 1991; Liebenehm&Waibel 2014; Llewellyn & Brown 2020). Our study only
lookedat information that is transferredbyword-of-mouth communication and thusdoes not consider dissem-
ination via other information channels, such as observation or media (Perello-Moragues et al. 2019; Xu et al.
2020). Furthermore, networks may evolve over time as a result of knowledge transfer and interaction between
farmers (Isaac et al. 2007; Wood et al. 2014). However, in our study, the network was assumed to be static. Our
analysis focussed on information of low complexity that is transferable between farmers via single encounters
as simple contagion. This implies that the validity of our results is restricted to this type of information.

6.13 At the same time, these limitations can stimulate further research. The role of alternative information sources
may be considered for further investigation. Furthermore, a systematic testing of additional criteria such as
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di�usion centrality and combination of criteria, strategies that consider individual characteristics like persua-
siveness, and, in this context, the role of village heads and gender are worth of note (Hinz et al. 2011; Banerjee
et al. 2013). Future research should also assess ine�iciencies that may occur in the transfer process, such as
declining values of information, lack of incentives to pass information on or individual resistance to knowl-
edge transfer due to competitiveness between farmers. Therefore, it would be interesting to evaluate ways to
enhance not only seed selection, but also the transfer process itself by testing di�erent interventions and com-
paring their cost-e�ectiveness. The simultaneous consideration of several factors as prerequisites for adoption
could increase our understanding of adoption decisions. In general,more empirical research is neededon com-
prehensive and system-level approaches to improve information dissemination (Aral et al. 2013; Barbuto et al.
2019).

Model Documentation

Themodel hasbeen implemented inNetLogo (Wilensky 1999). The code is available at: https://www.comses.
net/codebase-release/42f7c896-7f0a-4ccd-afe8-a9dda594eff8/.
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Appendix A: Supplementary tables and figures

Closeness-centrality 0.2435
Degree 32.857
Betweenness-centrality 1472.4024
Eigenvector-centrality 0.3054
Cluster 0.000

Table 6: Network characteristics of hierarchy-based chosen seeds (village heads).

Closeness-centrality 0.2176
Degree 1.800
Betweenness-centrality 470.7631
Eigenvector-centrality 0.3500
Cluster 0.0592

Table 7: Network characteristics of hierarchy-based chosen seeds (village heads).
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Figure 8: Scenario 3: Interaction e�ects of seed set size and selection criteria (1).

Figure 9: Scenario 3: Interaction e�ects of seed set size and selection criteria (2).
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Figure 10: Scenario 3: Interaction e�ects of seed set size and selection criteria (3).

Figure 11: Scenario 3: Interaction e�ects of seed set size and selection criteria (3).
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Figure 12: Scenario 3: Interaction e�ects of seed set size and selection criteria (5).

Figure 13: Scenario 3: Interaction e�ects of seed set size and selection criteria (6).
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Figure 14: Scenario 3: Interaction e�ects of seed set size and selection criteria (7).

Appendix B: ODD-protocol

The description of the ABM follows the ODD (Overview, Design concepts, Details) protocol as presented in the
subsequent section (Grimm et al. 2006, 2010). The model was implemented using NetLogo 6.0.2.

Overview

Purpose: The purpose of themodel is to simulate the information di�usion byword-of-mouth communication
between households in rural Zambia. Thereby, the model aims at identifying the set of seeds that enhances
information spread the most. It addresses policy-makers, extension o�icers, and project managers to support
them spreading information within a social network e�ectively when resources limit the direct contact with all
farmers.
Entities, state variables, and scales: The acting entities in the model are households represented by their
household head. They correspond to the 264 interviewed households in the study area. Households are de-
fined by a variable describing their state of information. For the village heads, a variable indicating their hi-
erarchical status is introduced. GPS data of the households provide input for the model environment, which
reproduces the original village structure. Households can be connected via links. The links include variables
indicating whether the respective households discuss agricultural matters and how o�en they exchange agri-
cultural information. One simulation run includes 52 steps and represents a year.
Process overview and scheduling: Each model run starts with the initialization procedure (see initialization).
The model proceeds in weekly time steps. During each time step, the households can exchange information
as illustrated in Figure 15: The already informed households randomly pick another household to whom they
are connected through an information link. If the other household has not received the information yet, the
actinghouseholdmay informtheotherhousehold: Themore frequently the twohouseholdsdiscussagriculture
among each other according to the survey, the higher the likelihood of information transmission. In case of
successful knowledge transmission, the newly informed households update their status. At the end of each
time step, plots and global variables are updated.

Design concepts

Basicprinciples: Themodel employsanempirical approach to simulate informationexchangebetweenhouse-
holds. The application of empirically grounded behavioural information based on the household census re-
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Figure 15: Schedule per tick.

quires no further assumptions regarding a specific behavioural theory, and the model resembles reality. The
information is assumed to be non-rival in consumption and to have low complexity so that one-time contacts
between farming households su�ice for successful transmission (simple contagion) (Centola 2018).
Emergence: Systemdynamics emerge fromactions on thehousehold level. The individual behaviour of house-
holds represented by the household heads in themodel replicates the patterns observed in the survey coupled
with some randomness. The network itself is static.
Adaptation: Decision rules are implicitly modelled based on the empirical data on information exchange from
the census.
Objectives: The households do not follow an explicit objective; they act according to the behavioural data
collected.
Sensing: Households know whether they have received the information, to whom they are linked, and with
whom they discuss business. They are also aware whether their contacts have obtained the information.
Interaction: Interaction occurs every time step through direct word-of-mouth communication during which
households can exchange information.
Stochasticity: Households choosing other households to interact within each time step takes place in a ran-
dom order. If a household is connected to several households, the choice of a household to exchange informa-
tion with is randomwith equal likelihoods. Additionally, the probability of information exchange between two
households depends on the frequency of discussion as indicated in the survey, but is also subject to stochas-
ticity. Randomness can also occur during seed selection.
Observation: Themodel output includes data regarding the reach (total number of households informed) and
speed (rate of di�usion, number of households informedmonthly). Thereby, reach provides information about
final spread; speed provides information about progress over time. The interface presents several graphic out-
puts that visualize the dynamics of the model.

Details

Initialization: To initialize themodel, 264 households (agents), their characteristics (location, hierarchical sta-
tus) as well as the links and their features describing the exchange of agricultural information are set upmatch-
ing the survey data. Initially, all households set their status to “uninformed”; only the households selected as
seeds set their state to “informed”. Global variables are set to zero.
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Inputdata: Ahousehold survey conducted in 2018 inZambiaprovides thedatausedas input. Thedata includes
household and network characteristics. GPS-data of the households spatially locate the households.

Interventions: Three scenarios are conducted to find the most eligible set of seeds for improved information
di�usion within a social network.

1. The first scenario examines the impact of selection criteria for seeds on the di�usion process. Selecting
seeds is based on the following selection criteria i) random ii) hierarchy (village heads) iii) degree central-
ity iv) closeness centrality v) betweenness centrality and vi) eigenvector centrality. If seeds are chosen
according to a centrality measure, isolated households are rejected as seeds. For closeness-centrality,
the intra-component closeness of a household is calculated, and thus considers only the distances to the
households that are part of the same component, since distance to households in other components is
undefined. The closeness centrality of an isolatedhousehold is defined tobe zero. While comparing these
seed selection criteria, thenumberof seeds is kept constant at eight in the first scenario. This corresponds
to approximately 3% of the whole population (Leeuwis 2004; Natcher et al. 2016). Because seven village
heads administer the study area, in the case of hierarchy-based seed selection the number of seeds is
held constant at seven.

2. To assess the e�ect of the number of seeds on the di�usion process, the number of seeds in the setup
varies in the second scenario from two to 26 by increments of two, which corresponds to 1 up to 10% of
the whole population (Bampo et al. 2008; Erlandsson et al. 2018). Thereby, the seed selection is random.

3. Scenario 3 investigates the interaction e�ects between the selection criteria of the seeds and number of
seeds by simultaneously changing the seed set size and selection criteria as summarized in Table 8.

Parameter Function Options

Number-entry-points Indicates the seed set size From 2 to 26; increment by 2

Choosing-mechanism Indicates seed selection criterion

Random
Degree centrality
Eigenvector centrality
Closeness centrality
Betweenness centrality
Hierarchy (village heads)

Table 8: Model parameters.
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