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Abstract

This study uses probit and Poisson models to amahes determinants of social network
links for the exchange of information among 345eeérfarmers and the effects of social
networks on farmer exposure to improved varietre€entral Tanzania. Results show that
network links are determined by education, weadtbsociation membership, geographical
proximity, kinship ties, community leadership roémd links to extension officers. Further,
farmer networks positively affect the intensityefposure to seed technologies with mostly
missing or malfunctioning markets. Moreover, itnformation networks outside a farmer’s
village, rather those inside the village, that deiae intensity of exposure.
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1. Introduction

Food insecurity remains a major development chg#efor many agrarian economies
and the use of improved varieties is key to ingrepgood production and hence food
security (FAO, 2002). However, adoption of theseietees remains incomplete (CGIAR,
2011), with Sub-Saharan Africa (SSA) recordingltveest adoption rates (Smale, Byerlee &
Jayne, 2011). Lack of exposure (awareness) to iveprvarieties has been identified as a
major constraint to their diffusion in many partsSSA (Doss et al., 2003; Kabunga, Dubois
& Qaim, 2012). The argument in such studies is fdwahers cannot adopt improved varieties
whose existence or attributes they are unawar@eafasive lack of exposure to improved
varieties may surprise, given that the developnoéntarieties often involves considerable
degree of farmer participation along the researotd development chain (Heinrich &
Mgonja, 2002). The philosophy underlying involvermerh farmers in variety testing and
dissemination is that participating farmers wouttb@t, and, through their social networks,
disseminate both information and seeds to othemndes, leading to widespread exposure and
diffusion. Social networks are seen as powerfulonmial institutions through which
information diffuses in farming communities (Udry@onley, 2004). However, many studies
on diffusion of improved varieties in SSA (Shiferatval., 2008; Kassie et al., 2012) rarely
investigate explicitly the role and effectivene$ssocial networks, particularly in exposing
farmers to the varieties. Thus, it remains largetknown whether and which characteristics
of social networks determine the extent of farmgrosure to agricultural technologies.

In the recent past, there has been growing intémdasie use of social network theory to
assess adoption and diffusion of technologicalwations (Bandiera & Rasul, 2006; Kremer
& Miguel, 2007 Kimura, 2011). The studies show thalthough social networks affect
technology diffusion, there is no general consemsuthe magnitude of these effects and on
the factors that drive such mechanisms. Effectsoofal networks on technology diffusion
therefore seem to be technology and context speéifievious studies investigating the role
of social networks in diffusion of agricultural tewlogies have focused mainly on cash
crops such as pineapples (Udry & Conley, 2004)flewer (Bandiera & Rasul, 2006) and
cotton (Maertens & Barret, 2013), while those iriigading cereals have focused mainly on
hybrid technologies such as wheat and millet (Matke & Qaim, 2009) for which seed
markets exist in the study areas. Moreover, althosmgcial networks have been known to
cross geographical boundaries (De Weerdt, 2004 heaips & Gubert, 2007), past studies
on social networks tend to assess mainly relatipsshithin villages, ignoring inter-village
networks that might play an important role in teglogy diffusion.



The purpose of this study is to assess the rokoafl networks in exposing farmers to
improved cereal varieties in Central Tanzania. Bigally, we address two questions. The
first is what factors determine farmer network 8nkor exchange of cereal farming
information; and the second, what effects socialvogks have on farmer exposure to
improved varieties. In doing so, we build on anddalen the focus of the above mentioned
studies by first, explicitly addressing the effetintra- versus inter-village networks; second,
assessing sorghum and maize, which represent atiffeseed technology sets; and, third,
modeling the intensity of exposure. Sorghum vagetin our study area are purely OPV
(open pollinated variety) technologies, while thadenaize are largely hybrid technologies
(but also with some OPVSs). Due to low replacemate of OPVs, their seed market is less
developed than that of maize hybrids. Past stuthi@sassess the determinants of exposure
define farmers as exposed to improved varieti¢iself are aware of at least one variety. We
depart from this binary variable definition of expoe because it has a major drawback of
treating farmers who are aware of only one varatyhaving the same level of exposure as
those aware of several varieties. Yet by virtu¢gheifr dissimilar agronomic and organoleptic
characteristics, improved varieties of each crop actually different technologies, which
present farmers with options for adopting variethest suit their preferred attributes (Mafuru
et al., 2007; Lunduka, Fisher & Snapp, 2012). Wpiarfor intensity of exposure (number of
improved varieties a farmer is aware of), followiegperging evidence that farmers exposed
to more improved varieties tend to have a high@p#dn rates (Diagne & Demont, 2007,
Asfaw et al., 2011). Furthermore in our datasegpéidn of improved varieties is highly
correlated with the intensity of exposure.

The rest of the paper is structured as followsti8e@ discusses the methodology of our
study, including conceptual framework, economatradels, data and study area. We present
our results in Section 3, while Section 4 concludes

2. Methodology
2.1. Conceptual Framework

We define asocial networkas a set of actors or nodes (individuals, agemtgroups)
that have relationships with one another (Hannegn&ddle, 2005). Social networks evolve
due toties between actors, which may arise because of kinsffgction or familiarity
between them (Easley & Kleinberg, 2010). The sisipkocial network is ayad (pair of
linked actors), in which one actor (whose netwarbkeing studied), is referred to as dg»,
and the other as tradter (Smith & Christakis, 2008). A fundamental questfonthis study
is, what factors would place farmers in each othémformation exchange network. We
illustrate our conceptual framework for addresdihnig question using two farmess (not
exposed to an improved variety) aBdexposed). By invoking elements sdcial contagion
theories that focus odlyadicrelationships in the social system (Burt, 19879, hypothesize
that there are characteristics of béttandB that position them close enough to each other
(social proximity) forA to socially learn fromB, thereby getting exposed to an improved
variety. We can summarize these characteristicstimb categories, following Borgatti et al.
(2009), as shown in Figure 1. First are similasitisuch as living in same geographical
location; having common membership in associatiand; personal attributes such as gender,
education and wealth. In the second category arals@lationships, which include kinship
ties, other roles such as friendships, and cogniations such as shared knowledge. These
characteristics determine the nature and intertdityiteractions between thego andalter
(such as doing things together, discussing issndsadvising each other) and the flow of
information, beliefs, and resources necessaryXposgure to improved varieties. One popular



measure of the size of a farmer’s network is theler of links in the network that connect
directly to the farmer, technically known degree(Newman, 2010). We hypothesize that
farmers with higher network degree occymsitionsthat predispose them to more learning
opportunities about improved varieties (House et 2007; Borgatti et al., 2009), making
them more likely to have a higher intensity of esyp@ than those with a lower degree.

1. Similarities

Location

e.g., village, sub-village

BEESE gy » \ Interactions

eg., farmer associations, religious congregatiqn g

Attribute = Flows Exposure tc
e.g., gender, education, wealth status talks to, X

visits of information ) improved
: ; L beliefs varieties
E_. i_omal Relations gets advice from,
inship : :
e.g., parent/ child, brother/ sister discusses with
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e.g., friend, professional / business colleague
Cognitive

Figure 1: A framework for understanding driverdearning a link for modern varieties
Source: Adapted from Borgatti et al. (2009).

2.2.Econometric Approach

To empirically assess the factors that determif@nmation exchange networks, we use
an econometric framework similar to Conley and U@910) and Maertens and Barrett
(2013). Each farmer in our sample (denoipds paired with six others (denotgit. We
define farmej (thealter) to be in the sorghum or maize information netwafrkarmeri (the
ego if the two exchange information about the crogs,reported by thega Two main
approaches can be used to elicit this kind of ¢&tmtos & Barrett, 2008). Using the first,
referred to apotential networlapproachwe could enquire from thegowhether they could
approach thealter for information regarding a cereal crop of intérégternatively, we could
use thereal network approachand ask theego whether they have ever sought such
information from thealter. Since our aim is to assess current exposure,hwisigtself a
function of past behavior, we consider the latfgraach more plausible, and defin® be
in I's sorghum/maize information network ifeports that they discuss farming issues related
to these crops with

For each cropg, we estimated the following probit model to assbssdeterminants of
information network link in a random pair of farrséiandj (or random dyadj):

P(Yae = 1]x4) = ®(Bo + Xi=1 BxXka) d=1,2,..,D (1)

where, the outcom®@(Y,;. = 1|x,) is the probability of detecting an information netkw
link for crop c between andj, conditional on a set of observable charactesstiaefined

! When using the random matching approach, therm iexplicit rule regarding the number of matches nespondent,
which rarely exceeds seven in most studies. WeecBbsto minimize tiring respondents and also dué¢rhe and other
resource constraints.



for each dyadd, and subject toknowingj®. Key among these characteristics are similarities
in personal attributes a&dgo andalter (such as age, sex, education level, wealth statds a
religion), membership in the same community assiocis, kinship ties betweeego and
alter as well as geographical proximitgis a standard normal cumulative distribution
function that forces predicted probabilities tode#ween zero and ongj are parameters to
be estimated by the model. Since each respondegudilied with several others, stochastic
error terms for all dyads involving the respondarg not independent, but rather correlated
in two dimensions (Fafchamps & Gubert, 2007; Cameal., 2011). We therefore cluster
the probit standard errors in the two dimensiomdloWing Petersen (2009). This was
executed using the probit2 Stata code written bgrGand Petersen (2008).

To determine the effect of social networks on expeswe define exposure in terms of
intensity, i.e. the number of improved varietiesatoich a farmer is exposed. This intensity
can be modeled as a discrete variablewith a Poisson distribution (Cameron & Trivedi,
1998; Greene, 2012) given by

~Hiy;vi
PT(V=Ui|Zi’Wi)=eT‘;l vl-=0, 1,2 (2)

where for each farmer, v is the number of improved varieties the farmesxposed toz is

a set of personal and household attributes hypiaietdo influence exposure to improved
varieties, such as age, education level, sex, aadtww is a set of variables that indirectly
capture the quantity of information available te tarmer through social networks with other
farmers, village administrators, and governmentcafjural extension officers ang: is a
loglinear function that can be expressed as:

Inu, =z;+w;é 3)

where B and d@ are vectors of parameters to be estimated by thdein®ased on this
specification, a farmer’s intensity of exposurgien by

Elvi | z; wi] = Var[v; |z; w;] = ; = e”if*wid 1,=0,1,2 ... (4)

One critical assumption of the Poisson distributiorEquation 4 is that the expected
value of the dependent variable is equal to iteetad variance (equidispersion), a condition
that is violated if the latter exceeds the formewefdispersion), leading to imprecise
estimators (Cameron & Trivedi, 1998). A likelihoodhtio chi-square test rejected
overdispersion in our data. Furthermore, results négative binomial regression model (not
presented in this paper), which accounts for ogpetision, produced almost identical
estimates. We therefore maintained the resultsePbisson regression models.

2.3.Data and Study Area

This study uses primary data collected in Singid@aRand Kondoa Districts in Central
Tanzania between September and November 2012.aCé&atnzania is mainly semi-arid, and
farmers in this region cultivate mainly cerealsr¢ggam and maize), but also grow some
pulses, oil, root and tuber crops, and keep livdstdhere has been a deliberate effort by the
government to promote cultivation of sorghum ovextizae in the study region, but maize is

2 Since matching is random, not all of a farmer'sahas are necessarily known to the respondent.chthgi we do not
expect a network link between matches who do nowkeach other; hence we restrict regression asalgssubsample of
pairs whereby respondent knows the match.



still popular. Until late 1960s, sorghum and mavagieties grown in the study area were
mainly landraces. However, over the last four desadhe agricultural research system in
Tanzania (which includes national and internaticagiicultural research organizations and
private seed companies) has developed a numbenprbved sorghum and maize varieties,
which are introduced to farmers through approachesh as on-farm trials, participatory
variety selection (PVS), field days, direct seedtrddutions by government and non-
governmental organizations’ extension staff, armth& field schools (Heinrich & Mgonja,

2002; Erenstein et al., 2011). The data were deitethrough a household survey involving
345 farmers from 21 villages. The farmers were pathe 360 respondents interviewed by
the International Crops Research Institute for Sard Tropics (ICRISAT), Nairobi, during

their HOPE projectbaseline survey in Tanzania, in 2010. In eachidisB8 village clusters

(2-5 villages each) were purposively selected fr2#® Wards, for the purposes of project
implementation. The logic followed in this clustegi was to group villages that are
geographically close to each other and sharingséimee local agricultural extension officer.
Respondents were then randomly selected from edlelgyes Face-to-face interviews with

heads of selected households were conducted usimg-tested structured questionnaire
administered by enumerators, under the superviddhe first author and a representative of
the Agriculture Ministry’s Department for Reseaanid Development (DRD), Central Zone.

3. Results
3.1. Determinants of Information Network Links

As stated earlier, each farmer was matched tcasidamly selected farmers. For the 345
farmers interviewed, this would make a total of7®,Glyads. However, because matching
was random, 109 dyads were discovered to be digptighecause thater was also asked
about theego, while for 82 other dyads, some information abthé alters was missing,
primarily because thalters could not be traced for interviefysor ego could not tell some
key details about thalter. We therefore excluded these dyads from regressiatysis and
used 1,879 dyads. Our data shows that respondeets knly 50% of their 6 random
matches. This familiarity is, however, much higli¢darmers are geographically proximate to
each other. The respondents know 77 % of theirsaite¢hey live in the same village (85% if
they live in same sub-village) compared to jus26.if they are from neighboring villages.
We used the probit model specified in Equation Jassess the influence of each dyadic
characteristic on the probability of detecting awwek link for exchanging information on
sorghum and maize farming. We included village telusummies to control for unobserved
cluster fixed effects, but these are not repor&hject to knowing each other, we find that
just about one third of the random dyads discussatdarming issues, with about 17% of
these discussions occurring across villages. Samd®Barrett (2010) use a similar approach,
and report exchange of farming information in 30#4gads, which is comparable to our
result. Other characteristics of these dyads aegmted in Table 2.

Table 3 reports the results of the econometric yaisl Among the personal
characteristics, only difference in education leetween actors shows significant results.
Farmers are less likely to exchange informationtlosm two crops if they belong to the
different education levels. Difference in the sifeland owned by a household (which is
commonly used as a wealth indicator) has a posingesignificant influence for both crops.
We hypothesize that farmers with comparable lardihgs have similar farming knowledge,

? Detailed information about the project is availastattp://hope.icrisat.org
4 Matching was done before the interviews usingigi@f respondents interviewed in 2010. If any 'sgater was not
interviewed, the data for that dyad was renderedriplete hence the dyad discarded from analysis.




making information exchange redundant and lesaciive (Borgatti et al., 2009; Dufhues et
al., 2010).

Table 2: Dyadic variable definitions and descriptstatistics

Variable Definition Mean Standard
(D=948) Deviation
Sorghum Presence csorghum network ties between ego and alter (1=Yes; 0.34 047
network 0=Otherwise
Maize network Presence cmaize network ties between ego and alter (1=Yes; 0.32 0.47
0=Otherwise
Age Ego and alterge difference (years) 11.9 8.98
Education Ego and alterelong to different education levels (1=Yes; 0=0itise) 0.74 0.44
Gender Ego and alterelong to different gender 1=Yes; 0=0Otherwise) 0.750.43
Religion Ego and alter elong to different religions (1=Yes; 0=Otherwise) 68  0.47
Land Difference in ego’s and alter's own la(hectares) 3.82 6.19
Livestock Difference in ego’s and alter’ivestock value (millions of Shillings) 2.73 3.86
Association  Ego and alterelong to a common association or group (1=Yes; 0.09 0.28
0=0Otherwise
Village Ego and alterelong to same village (1=Yes; 0=0Otherwise) 0.730.44
Sub-village Ego and alterelong to same sub-village (1=Yes; 0=0Otherwise) 0.240.43
Kinship Ego and alterave kinship ties (1=Yes; 0=0Otherwise) 0.14 0.35
Duration Duration sinceego and alter knew each other (years) 26.212.8
Leader Ego or alter is a leader (1=Yes; 0=0Otherw 0.67 0.47
Extensionl Only ego/alter has links with e:nsion officer (1=Yes; 0=Otherwise) 0.36 0.48
Extension?2 Ego and alter have links with extension officer (lsy 0=0Otherwise) 0.55 0.50

Source: Computed from survey data 2012

Membership in a common association has a strongctefbn the formation of an
information network link. This is plausible, becadarmers who belong to same association
meet more frequently, and hence have a higher piilyaof exchanging information.
Geographical proximity between ego and alter, gmeeted, returned positive results, which
were highly significant for both crops. The prob#pithat farmers in a dyad have an
information network link increases by 12 and 9 patage points for sorghum and maize
respectively, if both reside in the same villagempared to dyads comprising farmers from
different villages. The effect of kinship ties dmetprobability of a network link is positive
and significant for both crops. The likelihood @rmhers exchanging sorghum and maize
information increases by 11-13 percentage pointthéf farmers have kinship ties. The
duration over which ego and alter have known edhbraalso has a positive and significant
effect for both crops, indicating that time playsiamportant role in building farmer-to-farmer
relationships that can be relied on to convey fagnnformation. Having a leadership role in
the community is associated with a higher and 8aamt probability of a network link. The
likelihood of a network link increases by aboutr8l& percentage points for sorghum and
maize respectively, if at least one farmer is aléeaThis is plausible since community
leaders are likely to know (or be known by), andhdee exchange information with more
farmers. Closely related results also show thahéas with links to government extension
officers discuss farming matters more than thogbawi such links, most likely because the
officers are a key source of new farming informattbat farmers can discuss. Overall, we
find that information exchange networks for bothgbom and maize are determined by the
same variables. This is plausible, as egos ansattay not limit their farming discussions to
only certain crops, unless they cultivate entirdifferent crops. Udry and Conley (2004)



make similar conclusions by finding that networkkbk for information, credit, land and
labor, among the same set of farmers, were detethbiy same factors.

Table 3: Estimates of the determinants of infororatietwork links

Variables Sorghum Maize
Coefficient Robust Marginal Coefficient Robust Marginal

standard effects standard effects

errors errors
Constant -2.029***  0.299 -1.967***  0.306
Age 0.002 0.001 0.001 -0.001 0.00¢ -0.000
Education -0.202* 0.117 -0.063 -0.232**  0.112 -0.073
Gender -0.229 0.14¢« -0.072 -0.215 0.147 -0.067
Religion -0.039 0.09¢ -0.012 -0.107 0.10¢ -0.034
Land 0.022* 0.01- 0.007 0.030***  0.011 0.009
Livestock 0.018 0.01¢ 0.006 0.004 0.01: 0.001
Association 0.808*** 0.21¢ 0.254 0.678** (0.19¢ 0.213
Village 0.395%** 0.12¢ 0.124 0.284**  0.11¢ 0.089
Sub-village 0.378*** 0.12¢ 0.119 0.309***  0.120 0.097
Kinship 0.413*** 0.14: 0.130 0.356**  0.15] 0.112
Duration 0.012** 0.00¢ 0.004 0.015**  0.00¢ 0.005
Leader 0.250** 0.11¢ 0.079 0.206* 0.121 0.065
Extensionl 0.379* 0.19¢ 0.119 0.450** 0.20¢ 0.141
Extension2 0.403* 0.208 0.127 0.489**  0.225 0.153

Note: *** p<0.01, ** p<0.05, * p<0.1D (dyads used) =948

3.2. Status of Exposure to Improved Varieties

Farmer exposure to improved varieties is summariredable 4. For sorghum, six
improved varieties are known in the study area,ayalit 79% of respondents are aware of at
least one. On the other hand, maize has 11 impreagdties, of which six are hybrids and
five OPVs.

Table 4: Farmer exposure to improved varieties @633

Exposure Sorghum Maize Maize Maize
OPVs Hybrids
No of varieties known in the study area 6 11 5 6
Exposed to at least one (% sample) 78.8 73.6 42.36.1 6
Intensity of exposure (% sample)
0 21.2 26.4 58.0 33.9
1 30.4 25.2 249 32.2
2 21.5 18.0 139 20.6
3 16.8 125 3.2 9.9
4 7.8 11.0 0.0 3.2
5 and above 2.3 7.0 0.0 0.3
Mean intensity of exposure 1.7 1.8 0.6 1.2

About 74% of respondents know at least one maigetyameaning that when exposure
is defined as a binary variable, the average letaexposure to maize varieties is slightly
lower than that of sorghum varieties, although meseeties of maize than sorghum are
known in the area. The mean intensity of expossire 7 for sorghum and 1.8 for maize. In



the case of maize, exposure to hybrids is highean tbh OPVs; and this is probably due to the
role of seed markets (see Section 3.1). It is siny that farmers are aware of just two
improved varieties on average. This may be attedbub constraints in information flows
about the varieties, or it may be the case thaesameties do not perform to the satisfaction
of many farmers, such that the farmers are notupded to seek information about the
varieties from social network members who try thaumh

3.3. Determinants of Exposure

To assess the individual determinants of exposurenproved varieties, we estimate
Poisson regression models following Equations (&) @). The definition of the explanatory
variables used and some descriptive statisticpragented in Table 5. Among the key social
network variables are total degree, which we expetiave a positive effect on intensity of
exposure. We further split the network degree imtra- and inter-village degrees,
hypothesizing that since more interactions happ#hiwthe village, intra-village network
links may lead to higher intensity of exposure tivaer-village links. Other social network
variables are strength of links with village admtrators and links with extension officers.
Village administrators are the key sources of imfation regarding extension events such as
meetings, trainings and field days, whereas extensifficers are the main source of
information on new varieties. We expect farmershwihks to these individuals to have
higher exposure than those without such (or onlgkivéinks. We finally control for personal
and household characteristics which may also haweffact on exposure intensity, including
age, sex, education level, religion, land size, @andership of radio and mobile phone.

Table 5: \ariable definitions and descriptive statisticstfue exposure model

Variable Definition Mean Standard
Deviation

Social network attributes of respondent
Crop network degree

Sorgnetw Total sorghum network degree 1.11 1.40
Sorgnetwl Intra-village sorghum network degree 0.931.08
SorgnetwO Inter-village sorghum network degree 0.19 0.57
Maiznetw  Total maize network degree 1.03 1.38
Maiznetwl Intra-village maize network degree 0.83 061.
MaiznetwO Inter-village maize network degree 0.20 0.55

Networks with institutional information channels

Adminlink  Strength of links with village administran (contacts per month with a13.8 9.57
member of the village administration)

Extlink Talks with extension officer (not necesato consult, but more social 0.64 0.48
interaction) at least once per month (1=yes, Orotise).

Personal and household attributes of respondent

Agerespo Age (years 46.0 11.4
Femrespo Gender of respondent is female (1=Yes; 0=0Othenr 0.27 0.44
Educrespo Formal education level is >4 years (1=Yes; 0=Ctis’ 0.83 0.37
Musirespo Respondent is Muslim (1=Yes; 0=0Otherw— mostly Christian) 0.57 0.50
Ownland Land owned by household (k 4.41 5.71
Ownmobil Household owns a mobile phone (1=Yes; 0=0Othen 0.70 0.46

Ownradio Household owns a radio (1=Yes; 0=0Otherw 0.75 0.43




Regression results are presented in Table 6, blageicluster dummies that are also
included in the regressions to control for hetenaifiy across the clusters are not shown. In
models 1-4, the total size of the crop informati@iwork is used, while in models 5-8, the
network is broken into a network within and a netiwoutside the village. Results show that
the size and strength of farmers’ social networksten for intensity of exposure to improved
cereal varieties. As shown in models (1) and (Btwork degree positively influences
intensity of exposure to sorghum varieties. In aasmaize, however, an extra member in the
network has no significant effect on intensity apesure. Surprisingly, by disaggregating
maize varieties into OPVs and hybrids (Models 3 4jijdwe find that the degree of maize
networks is positively and significantly associatéith the intensity of exposure to OPVs but
not hybrids. This finding implies that farmer netk® facilitate more exposure to seed
technologies with mostly missing or malfunctionimgrkets, than those with better markets.

Table 6: Estimates of the determinants of expoguneproved varieties

Explanatory (1) @) 3) (4) () (6) (1) (8)
Variable Sorghum Maize OPVs Hybrids sorghum maize OPVs  Hybrids
Sorgnetw 0.087**
(0.042)
Sorgnetw0 0.223**
(0.106)
Sorgnetwl 0.022
(0.065)
Maiznetw 0.047 0.048* -0.006
(0.056) (0.028) (0.040)
MaiznetwO 0.194  0.148* 0.029
(0.140) (0.072) (0.101)
Maiznetwl -0.018 -0.003 -0.020
(0.082) (0.044) (0.058)
Adminlink 0.014** 0.013 0.005 0.008 0.014* 0.014 0.0051 @O0
(0.007) (0.008) (0.005) (0.006) (0.007) (0.008) 0Cm) (0.006)
Extlink 0.365** 0.410** 0.156  0.254** 0.379*** 0.423** 0.168* 0.256**
(0.147) (0.179) (0.096) (0.129) (0.146) (0.182) 0¢g®) (0.130)
Agerespo 0.018** 0.017* 0.013***0.004 0.019*** 0.018* 0.014**0.004
(0.007) (0.007) (0.005) (0.007) (0.007) (0.010) 0C®) (0.007)
Femrespo -0.298  -0.576**-0.147 -0.437**-0.320  -0.584**-0.149 -0.439**
(0.201) (0.248) (0.128) (0.172) (0.201) (0.246) 1A®) (0.172)
Educrespo 0.348 0.495* 0.280** 0.208 0.359* 0.496* 0.291** 207
(0.213) (0.268) (0.141) (0.192) (0.213) (0.268) 14w) (0.192)
Ownland -0.005 -0.009 -0.002 -0.008 -0.008 -0.01D.065 -0.008
(0.011) (0.017) (0.010) (0.010) (0.012) (0.017) Otm) (0.010)
Ownmobil 0.221 0.306  0.276** 0.032 0.219 0.298 722 0.030
(0.154) (0.206) (0.120) (0.145) (0.153) (0.205) 1®) (0.145)
Ownradio 0.123 0.421* 0.153 0.267* 0.128 0.432* 701 0.269*

(0.185) (0.241) (0.136) (0.160) (0.185) (0.241) 18%) (0.161)

Notes: Figures are marginal values, with robust stethdrrors in parentheses. *** p<0.01, ** p<0.05<0.1. N=345.

The results in the models (5) and (7) indicate thatsize of the farmer network outside
the village positively and significantly affecteensity of exposure to sorghum varieties and
OPVs of maize, while the network within the villageas no significant effect. We
hypothesize that information about sorghum vamset®d maize OPVs is not uniformly
distributed across villages, such that varietieswkm in one village are not necessarily the
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same as those known in the neighboring villagesmEes within a village are likely to be

exposed to the same varieties, rendering varidtynmation from extra network members
within the village redundant. Networking outside thillage therefore increases a farmer’s
chances of gaining higher intensity of exposurestvigtudies that investigate the role of
social networks in technology diffusion focus otraavillage networks, which are considered
stronger and more relevant, but this result dematest that for some technologies, the
apparently weak inter-village networks (when préseray matter even more, consistent with
Granovetter’s (1973)strength of weak tiésotion.

Having network connections with institutions thatifitate information dissemination
influences intensity of exposure to some technelegAn extra contact per month with a
member of the village administration increases imensity of exposure to improved
sorghum varieties, but the result is insignificéat the maize models. Our explanation for
this effect is that the government has been prargaorghum farming in the study area, and
these administrators, being part of the governmast,involved in that campaign. Further
results indicate that farmers with network linksetdension officers have a higher intensity
of exposure to improved varieties of sorghum, arazenin general. However, the effect is
insignificant for OPVs of maize and larger in tleeghum than maize models. This effect is
not surprising, given that it is the responsibilby extension officers to promote new
technologies among farmers, and the on-going govenh campaign in favor of sorghum in
the study region. The insignificant effect on expesto OPVs may be expected since there
are more hybrids than OPVs in the market, and rhgbtids in the study area are the
relatively newer technologies compared to OPVs. ddenextension officers may be
promoting hybrids more than OPVs due to their nigvahd higher yield potential.

4. Conclusions

This study assesses factors that determine ceraimation exchange among farmers
and the role of social networks in farmer expogorémproved varieties of two cereals in
central Tanzania. We apply probit models to asesslieterminants of social network links
for the exchange of information on cereal farmimgoag farmers, and Poisson models to
identify the role of social networks on exposurdfte improved varieties, using household
survey data from 345 farmers. Our results show éasnare less likely to exchange cereal
farming information if they have different level§ formal education, but are more likely to
exchange information if they are of different whadtatus, members in the same association,
live in the same village or sub-village, have kipsties, have known each other for a longer
time, at least one is a leader in the community, it least one has links with government
agricultural extension officers. We conclude thatial network links for information
exchange for both sorghum and maize are deternfipede same variables and the level of
information exchange among farmers does not differcrop. Results for determinants of
farmer exposure to improved varieties show thatdize of a farmer’'s sorghum network
influences their intensity of exposure to sorghuarieties. The size of maize network
influences exposure to OPVs positively, but we dbfimd a significant effect on exposure to
hybrids. This finding demonstrates thegteris paribus farmer networks facilitate higher
exposure to seed technologies with mostly missingnalfunctioning markets (sorghum
varieties and OPVs of maize). Moreover, we find: flaamers have substantial information
networks outside their villages of residence, arnslthese often understudied networks rather
those inside the village, that determine the intgres exposure to improved varieties. Other
results show that the strength of network connastieith village administrators is associated
with a higher intensity of exposure to sorghum etas. Similarly, network connections with
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public extension officers influence intensity ofpesure positively for sorghum varieties and
maize hybrids.
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