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Abstract
Lack of information on innaative agricultural technologies continue to be a major constrain and
the jinx to low technology adoption among smallholder farmers in developing countries, in
particular SSAThe lbw technology adoption among farméess beemdentified as one aheroot
causes blow productivity and consequentlynadequatefood supply to feed the growing
population, as well afigh incidence of poverty in the developing countriébe lack of
information is attributed to weakened and ineffective extension servicestoduesource
constraints to employ and equip extension agents to serve the needs of the widely dispersed
smallholder farmers, who constitute majority of the farming population of the developing countries.
The emergence of new communication channels sudiCEs offer some prospects to boost
agricultural extension delivery and lower the barriers to information diffusion among farmers.
However, not much is known about the impact of the new communication channels on food
production and welfare via its role impr ovi ng f ar mer s 6 Muckaftheo!l ogy
empirical | iterature on lte@Todotus onrinipactooteomessuch d i f f
asmarket pricessearching behavioweatherinformation, crop planning, and transaction costs,
with very little attention oryields, net returns and knowledge improvement. This study contributes
to literature byemploying the robust copula recursive bivariate probit and riegdla
endogenous switching regression models, to examine the impact of padicipatCT-based
extension channels on improved technology adoption, specifically theRh@®biainoculant
technol ogy, and its impact on farmersdé techn
Moreover, adoption of improved technologies is centrgirtmluctivity enhancement and poverty
reduction, yet low technology adoption persist among poor smallholder farmers in developing
countries, which has puzzled researchers and policymakers for decades. This has been attributed

to lack of understanding abotlte adoption decisiemaking behavior of smallholder farmers,
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leading to inability of policymakers to develop appropriate extension policies that can enhance
technol ogy adopti on. For far too | ong, empi ri
adoptiondecisiors asabinarydecisionpr obl em. Consequentl y, i mport e
adoption behavior relevant to policy formulation is lost and their adoption decision is misconstrued.

This study contributes to knowledge on technology adoptipemploying a dynamic treatment

ef fect mod el t o anal yznmaking asrandyrmami® proaeds) pne ithatn d e
comprises a series of multiple decisions made over several stages or periods. Thus, bringing out
the heterogeneities across differ@opulation of farmers and returns to technology adoption at

each adoption stage that can infoappropriatetailor-made extension policies to facilitate
technology adoption.

Furthermore, another important issue that compounds the lack of understanding oft ar mer s 6
adoption decisiomaking and the inability to design appropriate extension policies is the
disconnection between empirical studies that examine adoption of technological packages and
studies that analyze management practices of those packagessence of empirical studies that

combine the two in a single study, to empirically analyze their interaction effect has been identified

as a major shortcoming in the technology adoption literature. This knowledge gap has led to the
neglect of importanquestions raised in empirical studies about the role of the information channels

that were used to disseminate information about those technological packages to the potential
adoptersThis study attempts to bridge the knowledge gapeimployng the stobastic frontier

treatment effect with endogenous mediator model, which jointly estimate the impact of technology
adoption and extension participation, and decompose ititeractioninto direct and indirect
effects.The joint analysis of sucdmportant iner-related components of the technology adoption

process could provide further information to guide extension delivery policies aim at enhancing

technology diffusion and adoption among farmers.
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Finally, notwithstanding the voluminous literature on thepaat of egocentricinformation
networks on technologydiffusion and adoption among farmers in developing countries, its
influence on the technical efficiency of farmers appears to be over looked in the literature. This
study contributes to literature by phaying spatial stochastic frontier analysis to investigate the
impact ofegocentricc nf or mati on networks on farmersé tec
distributive mechanisms among farmers in the network.

Thefindings reveal that ICbased extemsn channels are equally effective as the conventional
extension channels, and in some instances, outperform them. Similarly, the findings also reveal
that ICT-based channels lead to higher yields, farm net returns, and knowledge gained, relative to
convertional extension channels and rparticipation in extension programshese findings
suggest that investing in ICTs can help in accelerating progress taheattainment of the SDGs,

in particular, goals two and fivevhich seek to achieve zero hungerd provide equaccesso
extension servicdsy all for enhance agricultural productivity

Additionally, the results show tharimers who are at advanced stages of technology adoption tend
to benefit more, compared to farmers at lower stages of adoptierfindings further reveal the
existence osignificant impact heterogenigisacross differenadoption stage with the longterm

benefits ofadoptionoutweighingthe shortterm benefitsThe heterogeneities reveal the existence

of unrealized potentiggains at some stages in the adoption prqdasgarticular, at knowledge
acquisition and trial stagesvhich extension policynakers can target in order to maximize
adoptionimpacst and save resources to expaxtensioroutreach to benefit more farmers
Furthermore, the results show that the direct impact of technology adoption alone contributes 72
percent to farm productivity and 73 percent i
leading to overall welfare improvement of 77 percenmilirly, the direct impact of extension

participation alone contributes 28 percent to farm productivity and 27 percent indirectly due to

XVii



i mpr ovement in farmersé efficiency, resul ting
These findings underscotbe importance of not only investing resources in extension service

provision to farmers, but also accompanying it with investnrergsearch development aimed at

devel oping new agricultural technol ogi es t ha
conditions.
Lastly, the empirical results shatvat 19percenbo f f ar mer s 6 t echni cal I nei

inefficiency of the farmers from whom thegekfarming adviceSimilarly, the results show that
inefficientfarmers tend taependon efficient famers in th& egocentrianformationnetworks to

improve theirlevel of efficiency. The results further show that thevel of influence on the

efficiency of farmers is netwosdpecific and differ according to the nature of the social ties between
farmersin thenetwork Finally, the findings reveal thatifure to account for spatial heterogeneity

can lead to underestimating technical efficiency of leificientfarmers, while overestimating that

of medium and lovefficient farmers.These findings suggethati dent i f yi ng centr a
egocentricinformationnetworks and improving their technical knowledge in a fartodarmer

extension organization, can contribute to improving the productivityasfy farmers.
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Zusammenfassig
Der Mangel an Irdrmationen tber innovative Agrartechnologien ist nach wie vor eine der meist
bedeutendsten Problematiken und Grunde dafir, dass Kleinbauern in den Entwicklungslandern,
insbesondere in SuBahara Afrika (SSA), derartige Technologien nur begrenzt nutzen und
implementieren. Das niedrige Level der Aneignung derartiger Technologien durch die Landwirte
wurde als eine der Hauptursachen fur die geringe Produktivitat und folglich fur die unzureichende
Versorgung mit Nahrungsmitteln zur Erndhrung der wachsendenk&ewify sowie flr die grol3e
Armut in den Entwicklungslandern identifiziert. Der Informationsmangel wird auf schwache und
ineffektive Beratungsdienste, sogenartitéension Serviceguriickgefiihrt, da die Ressourcen fur
die Einstellung und Ausstattung von rBtern, den sogenannteBxtension Agenisnicht
ausreichen, um die Bedirfnisse der oftmals weit verstreut angesiedelten Kleinbauern zu erfillen,

die die Mehrheit der landwirtschaftlichen Bevélkerung in den Entwicklungslandern ausmachen.

Das Angebot an nem Kommunikationskandlen wie ddnformation and Communication
Technologiesden ICTs, bietet MAglichkeiten, die landwirtschaftliche Beratung zu verbessern und
die Hurden einer effizienten Verbreitung von Informationen unter den Landwirten abzubauen.
Uberdie Auswirkungen die diese neuen Kommunikationskanale aufgrund ihrer zentralen Rolle bei
der Verbesserung von Wissensverbreitung und somit der Verbreitung neuer Technologien auf die
Lebensmittelproduktion und die Wohlfahrt der Landwirte haben, ist jedecteit nicht viel
bekannt. Ein Grol3teil der empirischen Literatur Gber das Informationsverbreitungspotenzial der
ICTs stellt Auswirkungen wie Marktpreise, Suchverhalten, Wetterinformationen, Anbauplanung
und Transaktionskosten in den Mittelpunkt der Fausgh wahrend auf Ertrage, Nettorenditen und
Wissensverbesserung bisher ein geringerer Fokus gelegt worden ist. Diese Studie tragt zur
wissenschaftlichen Forschungsliteratur bei, indem sogenaninist copula recursive bivariate

probit sowie mixedcopula exdogenous switching regression Modeadlagesetzt werden, um die
XiX



Auswirkungen der Nutzung von ICGHasierten Beratungskanalen auf die Implementierung
verbesserter Technologien, insbesondere der nBgrobia Impfstofftechnologie, sowie das
technische Wisseder Landwirte, die Ertrage und die Nettorenditen der Betriebe zu untersuchen.
DarUber hinaus ist die Nutzung verbesserter Technologien von zentraler Bedeutung fur die
Produktivitatssteigerung und die Armutsbekampfung. Dennoch findet sie unter armdoal{ézim

in Entwicklungslandern nach wie vor wenig Anwendung, was Forscher und politische
Entscheidungstrager seit Jahrzehnten vor ein Ratsel stellt. Diese Problematik wird unter anderem
auf das mangelnde Verstandnis Uber das Entscheidungsverhalten vdraéemzurickgefuhrt,

was dazu fuhrt, dass die politischen Entscheidungstrager nicht in der Lage sind, geeignete
Beratungsstrategien zu entwickeln, die die Akzeptanz von Technologien verbessern kdnnten.
Lange Zeit hat die empirische Forschung die Entscimgijen von Landwirten Uber die
Implementierung von Technologien als ein bindres Entscheidungsproblem modelliert. Die Folge
einer solchen Modellierungsstrategie sind Informationslicken, die entstehen kdnnen, sodass
wichtige Informationen, welche fir die Foatrerung politischer MaRnahmen relevant sind,
verloren gehen kdénnen und Adoptionsentscheidungen von Landwirten so falsch interpretiert
werden. Diese Studie tragt zum Wissensstand tber die Adoption von Technologien bei, indem sie
ein sogenannteslynamic teatment effect Modelhutzt, um die Entscheidungsprozesse der
Landwirte bezlglich der Nutzung von neuen Technologien als einen dynamischen Prozess zu
analysieren. Dieser dynamische Prozess ist dabei charakterisiert durch eine Reihe von

Mehrfachentscheidumg, die Uber mehrere Phasen oder Zeitrdume getroffen werden.

Ein weiterer wichtiger Punkt, der das mangelnde Verstandnis von den Entscheidungsprozessen der
Landwirte und die Unfahigkeit, geeignete Beratungsstrategien zu entwerfen, noch verstarkt, ist die
fehlende Verbindung zwischen empirischen Studien, die die Nutzung von Technologiepaketen

untersuchen, und Studien, die die Managementpraktiken flr diese Pakete analysieren. Das Fehlen
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von empirischen Studien, die die beiden genannten Aspekte kombinierémeWrechselwirkung
empirisch zu analysieren, ist in der Fachliteratur bisher in einem geringen Umfang vertreten. Diese
Wissenslicke hat dazu gefiuihrt, dass wichtige Fragen, die in empirischen Studien Uber die Rolle
der Informationskandle zur Verbreitungrvinformationen tber Technologiepakete aufgeworfen
wurden, vernachlassigt worden sind. Die vorliegende Studie versucht, diese Wissensliicke zu
schlieBen, indem sie ein sogenanrsieshastic frontier treatment effelgtodell mit endogenous
mediatornutzt, cas die Auswirkungen der Adoption neuer Technologien und der Teilnahme an
Extension Services gemeinsam schatzt und ihre Interaktion in direkte und indirekte Effekte
aufschlisselt. Die gemeinsame Analyse dieser wichtigen, miteinander verkniipften Komponenten
kénnte weitere Informationen fir die Ausrichtung von Extension Services, die darauf aloiéelen,

Technologieverbreitung urAdbernahme unter Landwirten zu fordern, liefern.

Abschlie3end ist festzustellen, dass trotz der umfangreichen Literatur Uber shigrkAungen
egozentrischeinformationsnetzwerke auf die Verbreitung und Ubernahme von Technologien
durch Landwirte in Entwicklungslandern ihr Einfluss auf die technische Effizienz der Landwirte

in der Literatur offenbar Ubersehen wird. Diese Studie |leagten Beitrag zur Literatur, indem sie

die Auswirkungenegozentrischerinformationsnetzwerke auf die technische Effizienz der
Landwirte, die Produktivitat und die Verteilungsmechanismen unter den Landwirten im Netzwerk
mit Hilfe einer sogenanntespatial stochastic frontier Analysentersucht. Die Ergebnisse zeigen,

dass ICThasierte Beratungskanale genauso effektiv sind wie die konventionellen
Beratungskanale, und in einigen Fallen sogar besser als diese. Ebenso zeigen die Ergebnisse, dass
ICT-gestltzte knale im Vergleich zu konventionellen Beratungskanélen und der Nichtteilnahme
an Beratungsprogrammen zu hoheren Ertréagen, netto Farmeinkommen und Wissenszuwachs
fuhren. Diese Ergebnisse deuten darauf hin, dass Investitionen in ICTs dazu beitragen k&nnen, d

Verwirklichung der SDGs zu beschleunigen, insbesondere der Ziele zwei und funf, die darauf
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abzielen, den Hunger zu beseitigen und allen Menschen gleichen Zugang zu Extension Services zu
gewdahren welche das Potenzial haben die landwirtschaftliche Pxo@ikiu steigern. Darlber

hinaus zeigen die Ergebnisse, dass Landwirte, die sich in einem fortgeschrittenen Stadium der
Technologieeinfihrung befinden, tendenziell mehr profitieren als Landwirte in einem niedrigeren
Stadium. Die Forschungsergebnisse erigveiter, dass die Auswirkungen in den verschiedenen
Phasen der Technologieeinfihrung sehr unterschiedlich sind, wobei die langfristigen Vorteile die
kurzfristigen Vorteile Uberwiegen. Die Heterogenitat zwischen den Landwirten zeigt, dass in
einigen Phagedes Adoptionsprozesses, insbesondere in der Phase des Wissenserwerbs und der
Erprobung, nicht realisierte potenzielle Gewinne existieren, auf die die Entscheidungstrager in der
Beratung abzielen kénnten, um die Auswirkungen der Adoption zu maximiereRasstdurcen

fur eine Ausweitung der Beratungstatigkeiten zu sparen, sodass mehr Landwirte profitieren
kénnten. Dariber hinaus zeigen die Ergebnisse, dass die direkte Auswirkung der
Technologieanwendung allein 72 Prozent zur landwirtschaftlichen Prodaktpaitragt und 73
Prozent indirekt durch die Verbesserung der Effizienz der Landwirte, was zu einer
Gesamtwohlfahrtssteigerung von 77 Prozent fuhrt. In &hnlicher Weise tragt die direkte Auswirkung
von Extension Services allein 28 Prozent zur landwirtslittaén Produktivitéat bei und 27 Prozent
indirekt durch die Verbesserung der Effizienz der Landwirte, was zu einer Verbesserung des
Wohlstands der Landwirte um 23 Prozent fuhrt. Diese Ergebnisse unterstreichen, wie wichtig es
ist, nicht nur in die Beratunder Landwirte zu investieren, sondern auch in die Forschung, um neue
landwirtschaftliche Technologien zu entwickeln, die erschwinglich und vor allem geeignet fiir, und

angepasst an die Lebensbedingungen der Landwirte sind.

Abschliel3end zeigen die empirigchErgebnisse, dass 19 Prozent der technischen Ineffizienz der
Landwirte von der Ineffizienz der Landwirte abh&ngt, von denen sie landwirtschaftliche Beratung

suchen. Des Weiteren offenbaren die Ergebnisse, dass ineffiziente Landwirte dazu neigen, sich auf
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Informationen von effizienten Landwirten in ihr@gozentrischennformationsnetzwerken zu
verlassen, um ihr eigenes Effizienzniveau zu steigern. Die Ergebnisse deuten auRerdem darauf hin,
dass der Einfluss auf die Effizienz der Landwirte netzwerkspelzifsg und sich je nach Art der
sozialen Beziehungen zwischen den Landwirten im Netzwerk unterscheidet. Schlussendlich zeigen
die Ergebnisse, dass eine Nichtberlcksichtigung von raumlicher Heterogenitat dazu fihren kann,
dass die technische Effizienz hoffimenter Landwirte unterschétzt und die der mitteid wenig
effizienten Landwirte Uberschatzt wird. Diese Ergebnisse lassen den Schluss zu, dass die
Identifizierung zentraler Landwirte inegozentrischenInformationsnetzwerken und die
Verbesserung ihrdsachwissens Uber ein Landwatr-Landwirt-Beratungssystem dazu beitragen

kann, die Produktivitat vieler Landwirte zu steigern.
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Chapter 1

General Introduction

1.1 Background

Agriculture contribution toeconomic growth and development cannot be oveshasizedThe
contribution spanned frosupplyof food, fiber, timber, to biofuglwhich both man and industry
thrive. With theglobalpopulation estimated to reach almost 10 billion by 2050 (FAO, 26iafe

is expectedrom agriculture to meet thgrowing needsf the populationTo meet this challenge,
public investmenin the agriculture sector is necessary in order to impagueultual productivity
and sustaiablegrowth (Timmer, 2014).

Sadly,public expenditure on agricultusppeared to have dwdled for the past two decadéds.
particular, subSahara Africa (SSA)wherepublic expenditure on agriculture slumped from 5.6
percentin 19607 1970 to 4.0 percenh 20001 2009 (FAO, 2017)The underinvestment héexd

to smallholder farmers lagkg aceess to productive resources such as imgieeeds, fertilizers,
pesticidescreditand farm machinerip enhance productivityAgricultural researchnd extension
service deliveryalso suffered the same fatesulting ininadequatéunding to generate iproved
technologiesas well as disseminate information about the improved technologies to farmers.
However, adequatenformation and knowledge onmproved technologies are necessary
preconditiondor technology adoptigreven if it is insufficient (FosteandRosenzweig, 203MDe
Janvryet al, 2017).Consequently, farmers ingldeveloping countries and SSA in particiiave
gained a weldocumented notoriety fdow or nonadoptionof improvedtechnologes in the
literature €.g.,Foster and RosenzweigQ10; Dufloet al, 2008; Conley and Udry, 2010uf,

201]) over the yearslhe lack of adequate extension servitase led to farmers using suboptimal



or low productive technologies resulting in low productiviioster and Rosenzweig, 2010

exacerbatig food and nutrition insecurity situation in the developing countries

Fortunately, recent advancements in information communication teches(tgTs), present an
opportunity for more pluralistic and nicliimsed communication channels that can delowser-

cost extension and advisory services to smallholder farmers to enhance technology adoption
(Norton and Alwang, 2020 he ICTs employdigital tools (such as internggPS, drones;adio,
television, video, mobile phoneirtual networks, etgto fadlitate the collection, storage, analysis

and sharing of datinformation andknowledggDeichmanret al, 2016; World Bank, 2016].his
development has led to what is known in the literature as precision agriculture. Due to the potential
of ICT based comunication channels to combine both public and private financing mechanisms
(Norton and Alwang, 2020), policy makers developing countriesre currentlyexploiing the
possibilifesof usingtheseools to facilitate agricultural extensidelivery tosmdlholder farmers.
However, the current research efforts in this area tend to fooushe role of the new
communication channels onamketprices weather and input sourcmformation(e.g., Camacho

and Conover, 2019%;adesse and Bahiigwa, 207anello,2012), to theneglect of its contribution

to farmerso6 technical knowl edge, technol ogy
household welfare. Few studies in the literature have considered these areas of interest but the
results are mixed. Whilsome studies find positive or marginal results, others fail to find any
statistical significant i mpact on the studi es:
the mixed findings, however, the one that stands out is that empirical studidstdadtearly
delineate information effect from the technology effect (Adieal, 2016; Bullocket al, 2009).

The information effect focus the analysis on the channels used to deliver the information, quality

of the information, timeliness as well as egiateness and type of information disseminated.



Whereas the technology effect tend to focus the analysis on a particular targeted agricultural

technology, whose outcome is specific and directed at particular group of individuals.

The present studgttempts to address this weakness by examirlmg new communication
channelsmpacton food production and welfare of farm households via its role in the dissemination
of a specific agricultural technology, the n&hizobiainoculantamong smallholder soybean
farmers in northern Ghana. Recently, a number of institutions employed a combination of the new
communication and conventional channtsdisseminatenformation about the newRhizobia
inoculant technology to smallholdsoybearfarmersin northern Ghanar he study considered the
inoculant dissemination program as appropriate, since it provides the opportunity to delineate the
information effect from the technology effect for proper identification. Notable institutions that
were involved in theRhizobiainoculant technologydissemination program ar€entre for
Scientific and Industrial Researdh Savannah Agricultural Research Institute (CSIRRI),
International Institute of Tropical Agriculture (IITA) and the United States Agency for

International Develpment (USAID) through the ADANCE Project.

1.2 Problem statement

The adoption of improved agricultural technologies is often associated with increased productivity
and wel fare of farm househol ds. This led to
adoption of improved agricultural technologies will increase productivity and contribute to
breaking the vicious cycle of poverty as well as food insecurity that engulf developing countries.
Despite this potential, literature suggest that adoption of ingoragricultural technologies is low

among smallholder farmers in developing countries and in particular SSA, an observation that

puzzled many researchers for decadesi( 2011; SheahaandBarrett, 2017; Macours, 2019



The technology adoption literatuattribute myriads of reasons to this puzzling observation. Some

of the reasons include procrastination and fine®nsistent preference dependence (Dwtal,

2011), poor infrastructure in rural areas leading to exorbitant transaction cost (SLixj ad3&nce

of formal agricultural insurance institutions (Karlanal.,2014), and inappropriate technologies

t hat are not wel | s ui(Eneedcketabh,20l6. Takahasket@al.(2020; al c o1
note that even if appropriate and prdfiatechnologies exist, they may not be widely diffused

among farmers, partly, due to ineffective information dissemination systems, as a result of weak

agricultural extension delivery systems.

The emergence of new communication channels such as ICTsigavfecantly revolutionized

agricultural extension delivery programs for the past four decades (Norton and Alwang, 2020). The

new communication channels plays significant role in lowering previously existing barriers to
information diffusion to farmers (\@fld Bank, 2017). However, the empirical studies on the impact

of the new communication channels tend to focus on outcomes suwdrlest pricessearching
behavior,weatherinformation, crop planning, and transaction costs, with very little work on
techndogy adoptionyields, net returns and knowledgeakasoneet al. 2014). Few studies that
considered these outcomes in the literature report mixed findings. For example, while Bzanku

a. (2020) found positive r es thhology adogtioniniGlamay d o c L
Marediaet al (2018) found no results of animated deos on farmersod6 techi
Burkina Faso. Given the significanoétechnology adoption, and yields as well as net returns to

the farm household welfare, it is imgp@nt that the impact of the new communication channels on

these farm outcomes be thoroughly investigated to inform further policy decisions on investing in

these channels.



Another grey area of concern is the inadequacy in understanding the behavioreo$ fand their

adoption decisions of new agricultural technologies (Pannell and Claassen, RO2@ears,
economi st have modell ed farmersé technology a
assumed to be instantaneous (Panell and Zilbermaf).202he processmportant information

on farmersdéd adoption behavior rel evant to po
misinterpreted, and in the worst case, misunderstood asitratignalor counter intuitive (Besley

andCase, 1998Weer si nk and Fulton (2020) argued that
understood as a process with multiple stages in which the final decision to use a new technology
occurs only after the previous stages are completed. They further argued thatemamemetric

model s that seek to analyze farmersd adopti on
and employ techniques that condition legeage adoption decisions on previous adoption
outcomes of the technology. The failure of previous stthh employ this approach have been a

major contributory factor to the lack of convergence between previous adoption studies, because
the heterogeneity among farmers at different stages of adoption and different socioeconomic as
well as biophysical realds that face potential adopters remain hidden in the binary case (Pannell
and Zil ber man, 2020) . It is therefore importa
adoption decisions be analyzed to shed light on the heterogeneity and stage degmoputem

policies to facilitate technology adoption.

Furthermore, the literature also note disconnection between studies that examine the adoption of
improved technological packages and studies that analyze management practices of those
packages. The absce of empirical studies that combine the two in a single study, to empirically
analyze their interaction effect is a major shortcoming in the technology adoption literature
(Takahashet al., 2020). They argued that, this lacuna has led to the negliegpoitant questions

raised in empirical studies about the role of the information channels that were used to disseminate
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those technological packages to the potential adopters. It is therefore argued that these two
important and interelated componentd the technology adoption process be jointly evaluated to

guide extension delivery policies for enhanced technology diffusion and adoption among farmers.

The literature identified resource constraints as the major reason for weak extension service
delively systems in developing countri&iifm and Szonyi, 20J1In order to optimize the limited
resources available for extension delivery programsnér$® egocentricinformation networks

have been identified as an important and feast communication chael that can be leverage

upon to enhancenproved technologiediffusion and adoption among smallholdarmers The
potential ofegocentrianformation networks to diffuse information about new technologies leading

t o f aadopgonhav@ been extensilyeexplored in the literaturee(g.,Beaman and Dillon

2018 Di Falcoet al 2018 Fafchamp®t al 2021).However, the weakness of the network channel

is lack of motivation and dedication, as well as individual willingness to share the right information,
resulting in low quality information leading teformationalimbalance between receiving farmers

and disseminating farmersdfchampset al 2021; Kondyliset al 2017. Recent studies attempt

to address this weakness by exploring ways to improve thectieness of network
communication channels, through incentivization and training, in order to fully incorporate its
operations into extension service delivery system, known in the literature as-faffaener
extension services (Takahashi et al., 2@8kuku and Melesse, 2020). However, the findings are
mixed, with some finding the use of incentives to have positive impact of the effectiveness and
quality of information shared (Shikuket al, 2019), while some studies did not find any
relationship baveen incentivization and effectiveness (e.g., Takatetsdli, 2019). One issue that

is clear in these studies is that, the quality of information shared by the network is a major source

of concern. Despite this shortcoming, the potential impact odgbeentricnetwork information



channels on farmersé productivity, in terms o
appears to be over looked in the literature. Therefore, it is imperative that the eglecehtric
information networksoh ar mer sd techni cal efficiency be in
that leverage on network channel to maximize productivity.

This dissertation attemptto fill these researclgags, using recent survey data of 600 farm
households conducted betwedune to August 2018 in northern Ghanle northern region was

chosen because it is considered as one of the major food baskets of GhanaeNes, of extreme

poverty incidencgit is the second poorest 30.7 peraegfion in the country (GSS, 2018)ence,

could provide the appropriate setting to examine the potential contribution of the new
communication channels to food productivity and household welfare improvement via its role in

technology dissemination and adoption.

1.3 Objectives of the stug
The main objective of this study ie investigatethe role of communication channels on food
production and welfare of farm households in the northern region of Ghasmapecific objectives

are as follows;

1. To examine the impact of ICased extensiochannels on improved technology adoption
and welfare of farm households.

2. To analyze the impact heterogeneity in returns to adoption of improved agricultural
technologies by farm households.

3. To evaluate the joint impact of extensiprogram particiption am improved technology
adoption on productivity, efficiency and welfare of farm households.

4. To investigate the impact efocentrianformation networks on the technical efficiency of

farm households.



1.4 Significance of the study

The significance of the stly is enormous and aimed to provide empirical evidence to inform
effective extension service delivery policy, towards attainment of the Sustainable Development
Goals (SDGs), in particular goal two and five, which seek to achieve zero hunger arateepsal

to extension servicdsy all for enhance agricultural productivitiirst, by examining the impact

of ICT-based channels on technology adoption and welfare of farm houseaatdsnpelling
evidence is provided for policymakers to invest in ICT infratte in rural farming areas. This

will enable state agencies and other stakeholders to miniooiby employing limited but
specialized staff to transmit agricultural extension information to farmers from centralized

locations, in order to facilitate pductivity and economic growth in the developing countries.

Moreover, to the extent that IGJased extension services remove direct petsq@erson contact

from extension service delivery, religious and cultural barriers could be overcomed to promote
equitable access to extension by all farm households, particularly female farmers living in
conservative farming communities. This could facilitate the realization of goal five of the SDGs,
which seeks tempower women through enabled environment for inftionand communication,

equal access to appropriate new technology, and timely access to extension services for enhance

agricultural productivity

Also, analysing the dynamic patterns of technology adoption could revesiBrdgeneiés among
different pgulation of farmers at various stages of technology adoption, who required special
attention to facilitate their adoption process. This could provide empirical evidence to support
extension targeting policies that address specific extension needs toeaspéific adoption
targets, instead of one fit all extension policies. The policy relevance of extension targeting could

be enormous, as more resources could be saved and used to expand extension services outreach to
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benefit more farmers. The study of tfwnt interaction of communication channels used in
dissemination of technological packages and the adoption of the technological packages could
provide further compelling evidence in suppo
development as welis extension services provision. Finally, an investigation into the role of
egocentric information network could provide valuable empirical evidence to inform the new
farmerto-farmer extension delivery organization policy, currently being considered some

developing countries.

1.5 Agriculture sector in Ghana

The agriculturesectoris a major contributor to the Ghanaian economy, employing 38.3% of the
population, second only to the services sector 43.5% and remains the largest employer of the rural
popuktion 65.2%, compared to urban 11.8% (GSS, 2019). It is also the third highest contributor
22.2% to the gross national product (GDP) of Ghana, only marginal to the second position the
industrial sector 22.3% (GSS, 2018). Majority of the farming popul@@¥ are smallholder
subsistent farmers, who cultivate less than two hectares of land and contribute 80% to the total
agricultural output of the country (MoFA 2017he agriculture sgor in Ghana is very informal

and as suclgepends heavily omaditiond farmingmethodandrain fedagriculture

The sector has the potential to expand, given that about 57% of the total land mass of Ghana consist
of arable | ands. However, the sefom61%yewttyr owt h
ratein 2017to 4.8% in 2018velow itsprojected grouh target 0f6.9% in 2019(MOFA, 2020)

The agriculture sectorin Ghanais divided intofour subsectors, whiclnclude crop subsector
(including cocoa), livestock, forestry and loggiag well asthe fishing subsectas. The key
agricultural commoditiesiclude ocoa, yam, cassava, plantain, maize, groundnuts, cocoyam, rice,

oil palm, tomatoes, pepper, oranges, onions, sorghum and pineapples. The crops salbsector



lead bycocoa contributes 75% tagriculture GDPof the country while the rest of the sectors
contribute 35%.

The major challenge facing the agricultural sector in Ghana is low over reliance on rainfall
agriculture due laclof investmentin irrigation facilities and modern innovative agricultural
producton technologies. In addition to low investmgmipr extension services, aging farmass

well as poor soils have led the low productivity of the sedtoe. extension officer to farmer ratio
stands at 1:1500,compared to Food and Agricultural OrganizatfbAO) standard of 1:500FAO,

2018) The inadequate extension services is a major contributory factor to lack of adoption of
innovative technol ogies that can enhance the

who depend on the sector tieir livelihoods continued to live in extreme poverty (GSS, 2018).

1.6 Agriculture Extension Defined

The term extension as used in modern days is believed -apes back from 1850 through to

1867, during the educational development in England & tefserving the educational needs of

the growing populates near their homes (Jones and Garforth, 1997). Though, no formally agreed
definition exists in literature for the term extension, it has been classified based on the functions it
play in the develpment process. These classifications include; university extension (or continuing
education), agricultural extension, rural development extension, health extension services as well
as industrial extension (Riverat, al, 2001).

Agricultural extensionobti ned its current usage refers to
control, watering, flood control, etc.) for mitigating potential loss in taxable revenues from
far mer so. Similar to the modern ancestimal us
literature as to the definitive meaning of agriculture extension and therefore means different things
to different people (Purcell and Anderson, 1997). Several authors discussing the concept derived

its meaning based on the goal and purpose theyiperegtension to achieve in the agricultural
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sector. Van den Ban and Hawkins (1996) arrived at five such derived definitions as: (1) transferring
knowledge from researchers to farmers; (2) advising farmers in their degiaking; (3)
educating farmers tbe able to make similar decisions in future; (4) enabling farmers to clarify
their own goals and possibilities and to realize them; and (5) stimulating desirable agricultural
developments (through what they called rural guidance). However, Eede(1999) noted that,

it is helpful to define agriculture extension as a system with a set of functions design to induce
voluntary change among rural people. They suggested a range of activities in agriculture whose
meaning can be defined as agriculturateston to include; (1) transferring technology in multiple
directions for sustainable agricultural production, transformation and marketing; (2) transferring
management to mobilize and organize farming, rural groups and communities; and (3) transferring
capacity to educate, build human resources, and enhance local capacity in areas such as integrated
pest management, market intelligent, farm management, input, market services and financial
negotiations. Among all the definitions of agriculture extendna éxist in literature, the most
amenable to empirical analysis, in the view of this study and which the study adopted, is the recent
definition offered by Anderson and Feder (2007), who defined agriculture extension as the delivery
of information inputgo farmers.

It is argued in the literature (e.g., Rivera and Gustafson, 1991; Jones and Garforth, 1999) certain
factors act as potential forces that derive changes in the mode and channels that agriculture
extension delivery can occur. These potentiatderare changes in economic and policy climate,
social context in rural areas, systems knowledge and information technology. With the recent
advancements in information and communication technology development, this present study
empirically examined thempact of these new communication channels can influence food

production and farm household welfare, through its applications in agriculture extension delivery.
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1.7 Information and Communication Technology (ICT) Defined

The term information and communicat technology (ICT) is very generic in its usage, therefore

to clarify the term one will have to examine its component terms as it evolves into one concept.

The root wordinformation colloquially referred to news (that is something new to someone) or
intelligence. However, its modern usage and application to different fields can be traced back to
Shannon (1948) and Wiener (1948) both writing in statistical probability at the time. Shannon
(1948) defines what has now been accepted as the formal defirfitionion f or mat i on as,
used to eliminate the uncertainty of a random
colloquial usage, information can be interpreted to mean any news or intelligence that can assist a
decision maker to eliminatenaertainties in an uncertain situation (i.e. a stochastic process).
However, Kull back (1968) notes that, Shannon(
formal description to what Fisher (1925b) earlier refer to as a measure of the knowledgéee data
information) discloses or conveys (i.e. communication) about an unknown parameter to a
statistician. This to information being defined as a processed data use to assist users (i.e. decision
makers) in making decisions (Chen, 2016).

The modern usagef information as applied to communication is the reflection of the role
information plays in communication theory, which formulates a communication system as a
stochastic or random proce@&ullback, 1968). To this extent, communication theorists view the

art and science of the communication system or process to be the ultimate amount of data
compressed and transmitted (Cover and Thomas, 2006). Giving rise to the present concept of
information communication.

However, for data to be compressed and tratsdn(t.e. information communication) either as an

analog or digital form, there must be a channel available to match the form of the data and its

output. As the human society develop, new scientific discoveries and advancements led to the
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evolution of diferent means (i.e. technologies) of conveying or transferring data (i.e. information
communication). This evolution made it possible for transferring data from merely as an oral
message or letters to telegraph, to the telephone and to visuals eviaudmelectronically with
minimum or without human intervention (Chen, 2016). The overall effect is what has culminated
into the concept of information and communication technology (ICT). The development of the ICT
industry has made it possible for large voks of information transfer through communication
networks and the internet, at higher speed, larger scope, more diversified content and intensified
directivity of message (Chen, 2016).

ICT tools be viewed as a set of smart tools consisting of both harcgmarsoftware. This set of

tools functions as a competent team of highly disciplined;gesiérning artificial agents that
control, manage and execute commands strictly. ICT tools transmit symbolic objects of text,
picture/photo, audio, video/audissud materials are describe as information objects. ICT tools
also differ in the quantum and combination of the information objects they can store and convey
as a signal. The quantum combination of the information objects therefore defines the signal
strengthof an ICT tool and the speed at which it is convey depends on the medium (i.e. either in
fluids or solids as sound waves or in vacuum as electromagnetic waves) of conveyance. Prominent
in this category are the ICT tools that convey electromagnetic samaigher visible light signals
(suitable for conveying picture/photo and video images), radio signalsa@-frequency) or an
integration of both signals. The most important signal in this category that has revolutionarize the
ICT industry today andontinue to do so is the radio signal. Specific tools in this domain include
frequency for AM, FM, TV, cellular and satellite transmissions. The broad classification ICT
products that operate using these ICT tools are what experts refer to as digitakiiaior
resources. ICT digital tools that serve as information resources in the daily life of man are enormous

and variant. Examples are telephone line for voice messaging and faxing, mobile phones for voice
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messaging, texting, video, etc, computers, T\HiaaGPS, Satellite, modem, among others
(Semenov et al. 2005).

Generically, therefore, any electronic tool or device that is capable of processing, packaging and
storing data for transmission and retrieval of the data can be described as ICT. Witisestfdre
investigated how agricultural production innovations born out of research and transmitted through
new ICT channels impact farmers technology adoption, knowledge about the technology and farm

productivity.

1.8 ICT Applications in Agriculture and Extension Delivery

ICT since its development has revolutionized the industrial world and improved factor productivity
in all fields. Empirical studies report successful applications of ICT digital tools in agriculture.
Most of these studies are basedsatellite and telecommunication receiving ICT digital tools and
with few other tools. This is understandable due to ubiquitous nature of telecommunication
receiving devices such as mobile phones and satellite receiving devices such as global positioning
system (GPS) and many more. For instance, - G&sd ICT tools are employ by farmers at field
level to monitor soil and climatic variables. This data enables farmers to forecast rainfall,
synchronize land preparation and planting time. Farmers are algo abdaitor and quantify soll
nutrient level such as amount of nitrogen, phosphorus and potassium required for optimum plan
growth in their fields. This practice has come to be known as precision farming in agriculture or
precision agriculture. Bullockt d. (2009) studied the use of ICT in providing specific farm level
data in variable rate technology (VRT) in the lllinois Cornfields of US. The VRT equipment is able
to reveal major soil nutrients content and amderg. nitrogen application rate) needtbg farmer

to apply on that field as well as forecast weather factors to assist farmers in making decisions.
Saravanan and Bhattacharjee (2014) studied mobile applications for agricultural extension in India

and report different applications of ICT in agyiture initiated by both public and private sector.
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For instance, they reported a mobile phone based remote control system called Nano Ganesh, use
for controlling irrigation water pumps by farmers in India to save time, water, energy and increase
crop yidds. It is estimated that between 2000 and 2013 close totforg different mobile base
extension service were operating in India using ICT tools such as SMS (short messaging system),
IVRS (integrated voice recorded system), pictures, videos, webaogsriand software/mobile

apps to provide general crop information, weather and market place (Saravanan and Bhattacharjee,
2014). Also in Ghana, several studies report the use of ICT in agriculture. However, almost all
evidence of ICT applications in agrltwre in Ghana is limited to using radio or mobile phone

services to obtain market information services (e.g., Nyetrkb 2013; Zanellet d. 2013; etc.)

1.9 Study area, data collection

Thestudy area is Northern Ghana. Prior to this study, the Biort@hana constitutes three regions
namely Northern, Upper East and Upper West regions. However, following the creation of new
regions by the Government of Ghana in 2019, the Northern Ghana currently constitutes five
regions, which includes Northern, No#ffast, Savanna, Upper East and Upper West regions.
Specifically, the study area was in the former Nortlegion The region coveran area of about
70,384 square kilometeasdis consideredhe largest region in Ghana in terms of land maks.
Northen regionshares boundaries with the Upper East and the Upperréfgshs to the north,

the BrongAhafo and the Volta regions to the south, Togo to the aadt(®t e Ivoitedto the west.

The land is mostly low lying except in the neghstern corner viitthe Gambaga escarpment and
along the western corridor. The region is drained by the Black and White Volta Rivers and their
tributaries such as the Nasia and Daka riy&SS, 2013)

The climate of the region is relatively dry, with a single rainy seésat begins in May and ends

in October. The amount of rainfall recorded annually varies between 750 millimeters and 1,050

millimeters. The dry season starts in November and ends in March/April with maximum
15



temperatures occurring towards the end of thg skason (March April) and minimum
temperatures in December and January. The harmattan winds, which occur from December to early
February, have a considerable effect on temperatures in the region, making tiidmetwaen

14°C at night and 4 during tre day. Humidity is very low, aggravating the effect of the daytime
heat. The rather harsh climatic conditions adversely affect economic activity in the region and in
the health sector, enable cerebrospinal meningitis to thrive, almost to endemic prepdti®n

region also falls in the onchocerciasis zone. Even though the disease is currently under control, a
vast area is still underpopulated and untldtivated due to past ravages of river blindness. The
main vegetation is grassland, interspersed witimegu savannah woodland, characterized by

droughtresistant treef@GSS, 2013).

Map of
Northern

Region

Figure 1.1 Map of study area

Source Wikipedia(2011, 2017 and Modified by the Author
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The three regions of the north (i.dgrthern, Upper Est, and Upper West Regigrere among the
poorest in the country armbnsistentlyranked, in terms of poverty incidendegher10% higher

than the national averag@ particular, the Northern region is rated as the second poorest region
in Ghana with thepoverty rate of 61.1% (GSS 2018). The main occupation of the people in the
region is agriculture (70.6%), who live in predominantly rural areas. In terms of ICT usage, 48.9%
owns a mobile phone in the region and 55.8% people use mobile phones. Hoveeraggiath has

the least ownership of all types of computer in Ghana (GSS 2019).

The northern region comprises tweisiy (26) districts, of which the study sampled eight districts,

in order to conduct a survey for this study (see Figure 1.1). The survegon@iscted from June

to August, 2018 (see Appendix 3 for the questionnaire). A random sample of 600 smallholder farm
households was drawn. The sample was drawn using astage sampling technique. Based on

the proportion of beneficiary communities (78%)the inoculant dissemination program and
intensity of soybean production in Ghana, northern region was purposively selected. Cluster
sampling technique was used to zone the region into two clusters, consisting of eastern corridor
zone (ECZ) and westercorridor zone (WCZ). Based on dissemination program participation
status of districts and intensity of soybean production at the district level within the clusters, eight
(8) districts, comprising four (4) from each cluster were purposively sampled. ReoBGZ:

Yendi, Saboba, Chereponi and Karaga districts were selected, while in the WCZ: East Mamprusi,
East Gonja, Savelugu and Kumbungu districts were selected. In consultation with the field officers
and agriculture extension agents (AEAs) in the seledstiicts, 57 communities were
proportionally sampled, based on the extension channel received, dissemination program
participation, and farmer population. One farrhased organization (FBO) was randomly selected
from a list of FBOs that were exposedite inoculant technology and another randomly selected

from a list of unexposed FBOs for each community. Using a lottery approach, we randomly drew
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five farmers from each FBO. After a preliminary interview session with each of the selected
farmers,usig a computer assisted personal intervi ev
net work members (I NMs) was compiled. The CAPI
unique identification numbers to randomly sample three network members from eachefa 6 s

INMs and interviewed in a faet®-face session.

1.10 Structure of thesis

The dissertabn contains six chapters. Chapter one presents the general introduction to the study,
while chapters two to five contain journal articles. Specifically, chapteramployed copula

recursive bivariate probit and mix@dpula endogenous switching regression analysis to examine

the impact of participation in IGbased extension channels on improved technology adoption

(e.g., the nevRhizobiainoculant) and itsimpacdtn f ar mer s6 technical knowv
and farm net return€hapter three employed dynamic treatment effect to analyze heterogeneity in
returns to far mer so adoption of agricultur
conceptualizing technoyly adoption as a multage decisioimaking problem, instead of one

time binary decision.Chapter four employed the stochastic frontigreatment effect with
endogenous mediator model gomultaneously examinghe impact of technology adoption and
extenson participation and decompose the impact into direct and indirect e@éeigter five used

spatial stochastic frontier analysis to investigate the impagyafentrianformation networks on
farmerso technical ef f i civeenechanisms pmoogdfarmetsiinthet y a
network.Chapter six presents the general summary, conclusions and policy implications of the

study.
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Abstract

This paper examines the impactof lBTased ext ensi on channel s on
agricultural technologyRradyrhizobiumnoculany, knowledge gain on the new techogy, yields

and farm net returns. Using recent survey data of 600 smallholder soybean farmers from Ghana,
we employ copula functions to account for potential selection bias and endogeneity. Standard
selectivity correction models often employed in theditere rely on multivariate normality (MVN)
assumption, which is easily violategspecially, when there is tail dependence in the distribution

of the observed data, thus making the distribution-manmal. The copula functions approach
allows the modellig of selectivity based on multivariate roaormality to account for this deficit

in the data, but retaining the MVN as a special c@se.empirical findings reveal that ICHased
extension channels are equally effective as the conventional extensiorelshama in some
instances, outperform them. We also find that-lzZised channels lead to higher yields, farm net
returns, and knowledge gained, relative to conventional extension channels grattiapation

in extension programs. The current study ptes compelling evidence that investing in ICTs can
help in accelerating progress towards attainment of the Sustainable Development Goals, in
particular goal two, which seeks to achieve zero hunger.

Keywords ICT-based Extension, Inoculant adoption, WiedfaCopulas Functions and Selection
Bias.
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2.1Introduction

Adoption of improved technologies depends on
well as learning opportunities for those technologies (Hatral, 2014; Ashrafet al, 2009).
Limitations of improved technologies couple with lack of learning opportunities and factors such
as poverty, poor prices due to high transaction cost and market failure are seen as major
determinants for neadoption of otherwisprofitable agricultural technologies (Suri, 2011). Lack

of access to information by farmers is partly attributed to inadequate supply of agricultural
extension services, stemming from insufficient funding of public extension programs. The reason
being that public extension programs have struggled in the past to justify their effectiveness and
outcomes to warrant continuous provision of public fulglsri and Szonyi, 20%JAnderson and

Feder, 2004

The development of information and communication techgyl@CT) such as internet and
proliferation of mobile phones among farmers, even in the remotest areas of developing countries,
can be an important source of information dissemination channels to farmers at a reasonable cost
(Deichmannet al, 2016). In paicular, ICTs can help in accelerating progress towards the
attainment of the Sustainable Development Goal (SDGs) of zero hunger, by helping farmers to
increase crop yields and incomes, and improving food and nutrition security while reducing their
use ofenergy (Camacho and Conover 2019). Over the last two decades, the literature (e.g.,
Camacho and Conover 2019; Tadesse and Bahiigwa 2015; Tack and Aker 2014; Zanello 2012;
Jenser2007) has been inundated with reports of positive and mixed impacts otisdaons of

ICT tools (e.g. videos, radio, SMS text via mobile phone) on farm operations of smallholder
farmers in developing countries. For instantenseti £2007)seminal work on India found that
mobile phone adoption improdewelfare of both fish pragcers and consumers througte

elimination of price dispeisns and reduction in fish wastatijat could have resulted due to lack
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of salesln a recent study, Camacho and Conover (2019) studied the use of mobile phone SMS text
to disseminate price and atber information to farmers in rural Colombia, and found that farmers
who received SMS text on price and weather information improved their planting and selling
decisions, compared to farmers who did not. Also in a study of mobile {iaseel price
information on Ethiopian farmers, Tadesse and Bahiigwa (2015) reported little or no searching
behavior among farmers who participated in the program. By contrast, Aker and Mbiti (2010) and
Tack and Aker (2014) in their studies on Niger, found mobile phone tgdgeassociated with
gains in price dispersion and increased searching behavior among the traders who used mobile
phones.Similarly, Zanello (2012) found that radio and mobile phone used to disseminate price
information to farmers resulted in reductiortr@insaction cost, market participation and food crop
guantity traded in Ghana.

Basically, the observation fronthe empirical literatureon ICT deployment inagricultural
extension services delivery are limited to mobile phones, perhaps, due to itsliporaaioi
convenience to usdzqually importantiCT tools such as video, radio, and TV that are at the
disposal of farmers in rural remote areas receive less atteMiitwaover, the empirical studies on

the impact of ICTbased technology tend to focus antanmes such awmarket pricessearching
behavior,weatherinformation, crop planning, and transaction costs, with very little work on
technology adoptioryields, net returns and knowledd¢akasonest al.2014). Recent studies that

have examined the imp@ of alternative ICIbased extension channelich as video
documentaries, mediateadeos, animatedideos, and audios (i.e. listening clubs) on the adoption

of new technologies and farm performance include Dzahkli(2020), and Marediat al.(2018.

In their study on Ghana, Dzanktial.(2020) found video documentary to be effective in inducing

technology adoption and increasing crop yield. However, they did not investigate the impact on
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farmer technical knowledge gain on the new technology, wihieit admit as a shortcoming in

their study.

The present study seeks to contribute to the literature on the impact -daed agricultural
extension services, by using crasstional data of 600 soybean farmers from northern Ghana, to
examine the impdac o f far mer s6 -hasedtektension asdniicesnon feamnicdl C T
knowledge, yields, farm net returns and adoption of a newly introduced agricultural technology
(Bradyrhizobiuminoculan). This technology is important because, the inocuksran oganic
agriculturalinput, identified as aosteffective alternativéor resourcepoor farmers in developing
countries to rehabilitat their depletedsoils by enhancing the buildp of biological nitrogen
fixation (BNF) organisms in the soil (Giller, 200The inoculant has the potential to increase crop
yields betweer207 29 percent Ulzenet al.,2016, which is substantial for resourpeor farmers

in developing countries. To the extent that we analyze the impact efd€dd extension services
onyid ds and farm net returns, which directly i
contributes to the literature on measures to enhance the food and nutritional status of farm
households.

Our study differs from the previous studies because oétmgrical strategy employed and the
outcomes considered. In particular, we analyze participation iFbH3€d extension service as a
selection process, whereby the expected benef
decision. Specifically, wemploy the copula functions to account for selection bias, and to capture
the differential impact of participation on participants and-participants. Standard selectivity
correction models used in some studies often rely on the strong multivariatalityo(iMiVVN)
assumption, which is easily violatezspecially, when there is tail dependence, and the distribution
becomes nomormal Zimmer 2012. In such cases, the copula function approach, which is robust

to nonnormality, is preferable tdraditional selectivity correction models such as Heckman
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selection, endogenous switching regression, and double selection models, which are based on the
strong MVN assumptio(Smith 2003)

The rest of the article is organized as follows. Section 2 presents the toahdegmework
underpinning the study, while sections 3 and 4 present the empirical framework as well as the
estimation strategy, respectively. In sections 5 and 6, we present the data and the empirical results,

respectively. We then discuss the policylimations of our findings and conclusions in section 7.

2.2 Conceptual Framework

To ascertain the significance of I@&fased agricul tur al extensi on
technology adoption behavior and farm performance, we need to understand the afrive
technology adoption and farm performance and how information affects these decisions and
general performance (Deichmaeanal 2016) . A farmer 6s adoption
depends on the information that the farmer receives from extesggons or peerg\bdulaiet al,

2008; Geniugt al.,2013 Camacho and Conover, 2019). The information may concern expected
net benefits obtainable from the given technology (i.e. strategic information), or the recommended
procedure for using the techogly (i.e. technical knowledge). To the extent that farmers mostly
obtain strategic information through own learning and from their peers, we assume the extension
channel delivers technical knowledge to farmers. Intuitively, an effective information cliannel
disseminating agricultural innovations to farmenerefore, isheone thatan deliver information

with highrecall probability such that farmers cafficiently applythe technology at thiarm level

with precision Let E representan informationchanned s ¢ a g e vettor pf technical
informationfor dissemination tdarmess, and-l be the vector obutcomes (such as knowledge,
adoption, yields, and net returntblat farmes can obtaingconditional onusing the inbrmation

channel. We ssune that the information channel mimics the behavior of a discrete, noiseless and
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symmetri@al memorylessnformationchannel. In line witfCover and Thomak006, we specify
the farmer6s expected nhethanrnedasédowt s from parti

E £ masQhb and " 00 (1)

wherem ¢€Q is the probability transition matrix thagbverns the conditional distribution of the
observed outcomey conditional on receiving a discrete unit of informatiéhAn effective

informationchannels, therefore, the one thataximizes ar mer s® condi ti gnal ou

e | AgEnt @
wQ

where E8 is an indicator function of dependence between the information channel and the
conditional outcomes (sbh@as knowledge, adoption, yields and net returns). Empirically, the mean

conditional outcomes of a farmer using any randomly selected extension channel can be estimated

from the outcomesd obsveaged probability distr,]
mU  ME maugQ (3)
wheremE i s the probability distribution of the f

extension service chanrmhd all others remain as defined earlier

2.3Econometric Specification and ldentification Strategy
2.3.1 Outcome Specification

The econometric specificationbfh e i ndi vi dual f ar me disourccasadi t i o
yields, farm net returns, inoculant knowledge, and inoculant adoption) based on equation (3), can

be expressed as follows;

R A NV 4)

where ®, is a vector of 0 b s B risvaa thdichtar ofrthe inrénatienh ar a ¢

channel from which the farmer received his information about a new technology (the new
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technology in our case is tiBradyrhizobiumnoculanttechnology)| is a constant, and/ are
parameters of interest ands the error term.

However, when using observational data, a number of econometric issues arise, if we are to
estimate equation (4) above using ordidaast squares$n particular, the choice of an information
channel from which the farmer obtains his information framp, As argued in the empirical
literature (see Foster and Rosenzweig 2010), the choice of information channel by farmers matters
in the adoptionohew t echnol ogi es, as it relates to rai
technology, and their readiness to invest in these technologies. Additionally, ditferences in

the mode of information del i v e rvwlsiayals diffeh o s en
resulting in farmers selelecting into channels that they perceive will offer the highest benefits,
resulting inselectivity bias and inconsistent estimation (Heckman, 19¥#jther problem is that

when the conditional outcome iolved is binary, the issue of reverse causality may arise due to
simultaneity problemHeckman, 1978 To consistently estimate equation (4), we address these

problems in the sections that follows.

2.3.2ldentification Strategy

This section presents theopgedure we employ to account for selection bias and potential
endogeneity in our outcome variables that are continuous, such as yields, farm net returns and
inoculant knowledge. We consider two available information channels, which inclueleaket

extengon channel (ICT) and Conventional extension channel (CE). Waégresent the channel
indicator, such that an individuela r mer 6 s condi ti onal benefits fo

denoted asd , sothat & hd | & where® and® are farmersoédé conditio

choosing tparticipate in either ICTasedor Conventional extension channels, respectively. We
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can respecify the conditional outcome equation (4) in terms of the information chelmosgn as

follows;
® | o Oor - (5)
where @, is a vector of 0 b s ©risvaebtharyf participationsdécisianh ar a c

indicator, which is equal to 1, if the farmer choose to participate wea ghannel and O otherwise,

is a constant, andl are parameters of interest ands a channespecific error term. But the
participation decision may be potentially endogenous as unobserved factors (8gehgender,
education, distate to the nearest extension office, availability of electricity), thi@t determine a
farmerdés participation decision in a given i
conditional benefits from participation. Intuitively, a farmer will pagate if the conditional net
benefits for participation is greater than that of-panticipation. Let’ O’ be a latent indicator of
the net benefits for participation observed by the econometrici@n, asbinary indicator which
equals 1,il0" m the farmer will participate, and 0 o
participationdecision in terms of observable characteristics as follows;
O & T hO pO m andO O 1 (6)
where®is a vector of observed characteristics that directly affebtt not (variablesexcluded
from the model ofw, i.e., the instruments for identifyin@, the participation decisiori), is a
vector of parameters andis the error term. Therefore, for any information channel that is chosen,

two regimes of conditional acomes can be observed, which can be expressed as below;
For ICT-Based Extension Channel:

Regimel: & o ‘,if0O pO m

Regimel: & w “,if0 MmO = (7)
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For Convetional Extension Channel:

Regimel: ® w ‘,ifo0 pO m

Regimed: & o ‘, if0 mO m (8)

where @ , and @ , are the conditional benefits from partigipn in ICT-based and
Conventional channels respectivelyy , and & are the counterfactual cases for fion
participation, respectively, is the error term and all others remain as defined earlier

Also, our interest in this study is tompare the impact of the two information channels. To enable
us do such comparison, we specify the Hutgannel comparison conditional outcomes model as
follows;

For ICT-Based versus Conventional Extension Channel:

RegimdCT: ® w * ,if0 pO mn

RegimeCE:®d ®F ¢ , ifO mO m 9)

where® |, is the conditional benefits for participating in KB&sed and , is the counterfactual
case, if the faner chooses to participate in the Conventional channel instead €3d464d;

and* are the error terms, respectively, and all others remain as defined before.

2.3.3 Simultaneity Bias Correction and Participation Decision on Binary Outcones

On the other hand, when the conditional outcamis binary, as in this case (where inoculant
adoption equals 1 if the farmer adopts and O otherwise) and the observed potential endogenous
participation decisiorO is also binary, then, theonditional benefits in terms of information

channel chosen can be expressed as (Han and Vytlacil 2017 and Han and Lee 2019) below;

For ICT-Based Extension Channel:

» O or - T hand® 1, Otherwise

(6 O QT 1t handO rhOtherwise (10)
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For Conventional Extension Channel:

® @ O - mhand® T Otherwise

(0 O @ T nhandO  mhOtherwise (11)

where®w and® are the binary conditional outcomes from participation (&e., = 1, if the

farmer adopts the inoculant, conditional on participating in-b@%ed extension channel and

@ M, otherwise; and samengs for® ), O andO are the indicators f
decision to participate in IGbased and Conventional extension channels respectively, all other
variables remain as defined earlier. We follow similar approach as in @gy@jito estimate the

inter-channel impact for comparison.

2.4 Estimation Strategy

Standard selectivity models estimation often rely on multivariate normality (MVN) assumption,
whereby* in the outcome equation andn the participation equation arssumed to be normally
distributed and uncorrelated (i.€grr(* i M. But the MVN assumption may break down,
especially when there is tail dependence, and the distribution becomesmuad Zimmer 2012.

When this happengyraditional selectivity moels such as Heckman selection, endogenous
switching regression, and double selection models, which are based on the strong MVN assumption
becomes less helpful and unsuital§emith 2003) The weakness of the MVN statistical
assumption on which most selefdy models are based, is well documented in the econometrics
literature, resulting in many employing generalized parametric procedures (e.g., Lee 1984), semi
parametric and neparametric approaches (e.g., Hardle and Manski 1993) to relax the assumption.
In the context of these difficulties, using alternative multivariate distribution, such as the copula
approach, that allows for narormality becomes usefubtith 2003. In line with Smith (2003;

2005), we employ the copula function approach in thidysthe copula approach allows the
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modelling of selectivity based on multivariate reormality, but retaining the MVN as a special
case. The copula approach induces a joint distribution by specifying the marginal distribution and
the function that bindshem together (i.e. the copula). Thus, parameterizing the dependence
structure to capture all the joint behavior (i.e., both observable and unobservable), which then frees
the location and the scale structures, enabling them to take different distril{@ioitis 2003).

Our estimation strategy this study isas follows;first, we estimate the impact dhe extension
channeln the continuous outcomes (i.e., yields, farm net returns and inoculant knowledge) using
the mixcopul& endogenous switching regsésn approach (Hasebe 2013). Second, we analyze
theimpactof the extension channeads the binary outcome (i.e., inoculant adoption) using the mix
copula recursive bivariate probit approach of Matral. (2020). Both approaches are estimated
using full information maximum likelihood approach (FIML). Using mixture of copulas in the
specifications of the marginal and the joint distributions result in better model fit (Zimmer 2012).
For parsimonious reasons, we assume a bivariate copula distribution fothbotimary and

continuous outcomes.

2.4.1 Mixed-Copula Endogenous Switching Regression Specification (MCESR)

In line with Hasebe2013) welet F andf represent thedf andpdfrespectively;O @& and
"O @ denotemargnal cdfs,respectivelyand™O (@ ,0 bea bivariate jointcdf of the
outcomeswhich are assundgo have continuousupport throughouiThe copula function can be
specified as follows;

OR@ .6 t0 o Fo e n—; o+ H ne

L ¢

<

N—
SR Ne (12)

2 Mixed-copula as used here refers to the combination of different copulas either from the same family or from different faopiigasyfsuch
as combining dferent Archimedean and/or Elliptical family of copulas to avoid misspecification and improve model fit.
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where—is adependenc@arametert dB is a bivariate copula functioand all other variables
remain as defined earlieith thecdfandpdfestablished, a parsimonious bielihood function
for the bivariate copula for the endogenous switching regression model can be specified as (Hasebe

2013);
00 B —t i N=xX0Qf p —t ' A R=xQf (13)

where™Qis the marginapdfof the participation equation and all other variables remain as defined.
In the mpact evaluation literature, interest lies in the average treatment effect on the treated (ATT).
That is, the effect of farmer 6s paHasehd2OlPat i on

we compute the ATT as follows;
6 YYOQDH O p Of w0 CT &)
6 "YOO"' | W O° T &) (14)

where ATE is the averageettment effect, measured &S’ YOO ® @ ®f hof

()] ®f , and all other variables remain as defined earlier.

24.2 Mixed-Copula Recursive Bivariate Probit Specification (MCRBP)

Conversely,we let F and f represent thecdf and pmf (i.e., the probability mass function)
respectively,O & and"O 'O denotemarginal cdfs, respectively,and O (©®,0O be a

bivariate jointcdf of the outcomes. Followingrivedi and Zimmer (2017) and Maed al. (2020),

the recursive bivariate probit copula can then be expressed as;
O (OO + O ®KO O t+ 0 & pHO O N

L0 GFO O pnN— t O & pHO O pn- (15)
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The loglikelihood (LL) is obtained by taking the natural logarithm of the speatifon in equation
(15) and summing over all observatiofisiyedi and Zimmer 2017 In line with this, we specify

the loglikelihood function as follows;
00 aé€fQO RO O ¢+ O & pHO O N
L0 @HO O pN— ¢t O ® phOoO O pn— (16)

Following Han and Lee (2019), the average treatment effect on the treated (ATT), which sneasure
a well identified impact of participation on the conditional binary outcome (i.e. inoculant adoption)

can be obtained as follows;

BYYOH OO p 0@ pho pohd 0@ O pod
"0 OF ] "0 Of (17)

The ATT as expressed in equation (17) is much preferred to the ATT, usually computed in classical
recursive bivariate estimations of this natim the literature (e.g. Ma and Abdulai 2017), without

the inclusion of an instrument for identification. As argued by Han and Lee (2019), without an
instrument, even if all the predicted probabilities are used to derive the ATT, the bias and lack of

idertification that the ATT suffers can still not be rectified.

2.5 Data
2.5.1 Sampling Procedure

The study employs data from a recent survey of farm households in the northern region of Ghana.
The survey was conducted from June to August, 2018. The samapldrawn using a multistage
sampling technique. Based on the proportion of beneficiary communities (78%) in the inoculant
dissemination extension program and intensity of soybean production in Ghana, northern region
was purposively selected. Cluster samgltechnique was employed to zone the region into two

clusters, consisting of eastern corridor zone (ECZ) and western corridor zone (WCZ). Based on
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participation status of districts in the extension program and intensity of soybean production at the
districts level within the clusters, eight (8) districts, comprising of four (4) from each cluster were
purposively sampled. From the ECZ, Yendi, Saboba, Chereponi and Karaga districts were selected,
while in the WCZ, East Mamprusi, East Gonja, Savelugu and Kogibdistricts were selected.

In consultation with the field officers and agriculture extension agents (AEAS) in the selected
districts, 57 communities were proportionately sampled, based on the extension channel received,
extension program participatioand farmer population. One farrgaised organization (FBO)

was randomly selected from a list of FBOs that participated in the extension dissemination program

and another randomly selected from a list of FBOs that did not participate in the programg. Usi

a lottery approach, we randomly drew five farmers from each FBO. After a preliminary interview
session with each of the selected farmers, using a computer assisted personal interview (CAPI), a

I i st of the farmersoé i nf or manpiled The 6APt namolomk me m
number generator then used farmersdé unique i
net work members from eachA tbtal ofn6@0r fé&rm houskhelds, f or
consisting of 325 farmers who participated in ith@culant disseminatioprogram and 275 who

did not participate in the program were interviewed in a-fadace session.

2.5.2 Measuring the Farmer Inoculant Knowledge

The inoculant is a knowledge intensive technology, which requires that farmers urdlarsian
follow the right procedures of application in
knowledge on inoculant application, first, we obtained samples of extension dissemination
materials (e.g. video documentaries and audio clips, g@emiide on inoculant application and
instructions on the labels of the inoculant packaging materials) from the frontline organizations
that were directly involved in the dissemination exercise. Due to space constraints, we present

detailed descriptionrothe structure of the test in Table Al in the appendix. We synthesized the
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entire procedurkinto four key thematic sections and examined farmers on it during the survey.

The four sections are; (1) conf i r ysaallyodenify t e st

at least one brafiaf full packaged inoculant and a placebo and then, raw inoculant sample and a

pl acebo. As part of the confirmatory test, W ¢
inoculants can be applied on, inordeate s ess f ar mer sé6 knowl edge on
inoculant type for the right crép(2)Technical recommendation test section, which we further

divide into two submeasures. The first sushe asur e tested farmersodo abi
guantitiesand measurements, as well as materials that are required for proper inoculation to start.

In the second sulmeasure, we employed both objective and subjective test procedures to test
farmersdé knowledge on the corrtecstt ,i Mfoaacureatsidoon
demonstrate the inoculation process through rdeath memorywas tested i . e . |, Oknow
me mor y 06 ) ,the subjéctiviey test,nan enumerator mentioned each step in the application
processand the farmer identifekit as eithe true or falsgKondylis et al 2015). (3) Precautionary

measures test: we divide this section into general precautions and specific precautions. The general

precautions tested farmersé ability toindent.i:
the extension material s, while the specific p
knowl edge. The final section (4) tested f ar me

critical stages in the inoculation process, such as thetoed@edry inoculated seeds instead of sun
drying. We allocate one point score to each correct answer provided by a farmer to a question in

each section, except section four, which we score three points, for tasking the cognitive ability of

3 We validated our inoculant knowledge test questions with the frontline organization that carry out the disseminaticioimterven

4 Specific inoculat brands we used for farmer identification &axifix, Legumfix Biofix and Nodumax the placebo was cow dunk, and a well
known dairy product packaged similarly as the inoculant for the raw and packaged inoculants respectively.

5 Different types of therioculant are made for different leguminous crops such as soya bean, groundnuts, cowpea etc.

38



the farmer. TIs gives a total score of fifty points, which we convert to a continuous variable on 1

T 100 point scale.

2.5.3 Descriptive Statistics and Mean Differences

The descriptive statistics of our data is presented in Table 1. The table shows that the average soy
yield of a farmer is 798kg/ha, and on average 780GHC/ha as farm net returns. Average knowledge
test score of a farmer is 40%, while on average 51% of farmers adopted the inoculant technology.
The ICT-based extension channels considered in this studydsowlocumentary and radio
listening clubs. Due to the smaller number of farmers who used the individual channels, we
combined both the video and the listening club users as one sample for thas&ilchannel, in

order to generate enough sample powesfatistical comparison. Table 1 shows that 30% of our
total sample of farmers participated in the #3dsed channel. The Conventional channels
considered are farmer field days and field demonstrations also combined as one channel to obtain
good sample poweor statistical analysis. TabRl shows that 24% of the sample population of
farmers participated in the Conventional channel. As shown in Table 1, the pool sample of farmers
(i.e., the AESPooled Channel) who participated in either of the extensianrefis constitute 54%,

while the remaining 46% did not participate in any of the extension channels, forming the basis for

the analysis in this study.
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Table 2.1 Descriptive Statistics and Variable Definitions

Variable Definition Mean SD Min Max

Outcomes

Yields Soylkean yield per hectar&§/ha) 798.06 78151 32.41 550942

Farm Net Returs Gross revenue less variable co&HC/ha) 77982 66585 75.11 420540

Knowledge Test Score Inoculant knowledge test score (%) 40.105 34.733 0 98

AdoptInoculant 1 If farmer adopts inoculant, Otherwise=0  0.510 0.500 0 1

Information Channels

AES-PooledChannel 1 If farmer participates in any of the 0.542 0.499 0 1
extension channels, Otherwise=0

ICT-BasedChannel 1 If farmer participates in only ICbased 0.305 0.461 0 1
extension Channel, Otherwise=0

CE-Channel 1 If farmer participates in only Conventiona 0.237 0.425 0 1
extension Channel, Otherwise=0

Control Variables

Age Age of farmer (years) 41.56 13.32 18 87

Gender 1 If farmer is male, O for female 0.708 0.455 0 1

Edu Number of years of schooling (years) 2792  4.687 0 21

HHize Number of people 5.785 3.045 1 27

Farmsize Area of land planted with soybean (ha) 5.045 4371 5.045 4.371

Labor Total labor usedn soy cultivation (Worker 7.808 2423 0.198 274.73
days/ha)

Laborcost Tot al cost of per so 102.062 155.360 23.373 1542.618
(GHC)

Agrochem Total amount of active ingredient in chemic 4 7.186 0 87.22
used (kg/ha)

Chemcost Total cost of agrochemicals used per hectar 57.671 81.830 0 1688.850
(GHC)

Credit Credit constrain = 0; Otherwise = 1 0.828 0.377 0 1

FBOmem 1 If farmer is a member of FB@therwise=0

Resemtech 1 If inoculant usage resembles existing inpt 34.933  35.22 0 100
usage, Othmvise=0

Techdiff 1 If inoculant application process is 0.278 0.267 0 1
considered difficult, Otherwise=0

Location

WCz 1 If farmer is in Western Corridor Zone, 0.567 0.496 0 1
Eastern Corridor Zone =0

Soilqual Soil quality (scat 0-1) 0.508 0.500 0 1

Rainfall Amount of rainfall in (%) 61.63 16.24 20 100

Instruments for Exclusion Restriction

Distextoff Distance to nearest extension office in (km) 18.90 25.10 0.016 160.93

Electgrid 1 If community is connected to the natéhn 0.512 0.500 0 1
grid for electricity supply, Otherwise =0

Ethnicity 1 I'f dissemination 0.695 0.461 0 1
mother tongue, Otherwise=0

Comextoff 1if community has extension agent, 0.625  0.485 0 1
Otherwise = 0

Note SD is stadard deviation; Min and Max are minimum and maximum values respectively.
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Table2.2 presents the mean difference comparison of the -eacioomic characteristics of the
AES-Pooled sample of farmers (i.e., the ABSrticipants) against the characteristit$anmers

who did not participate in any extension channel at all (i.e., theRdoticipants). Tabl2.2 shows

that the AESparticipants have higher yields and farm net returns, compared t®@&ttinipants,
although the differences are not statisticaignificant. Average inoculant knowledge score as well

as adoption for AE®Rarticipants are statistically higher, compared to that ofRemticipants. On
average, AESarticipants appear to be predominantly male older farmers living in smaller
householdswith little education, compared to Ndétarticipants AES-Participants alsaultivate
significantly smaller farms and face low labor demand as well as credit constraints, compared to
Non-Participants AES-Participants significantly experience more rainfgttlocks but cultivate

lands with higher soil quality, compared to NBarticipants. On average, AE&rticipants live

closer to the nearest extension office and in communities that are connected to the national
electricity grid.

We also compare the mearifeiences between farmers who participated in-l@$ed extension

to Conventional extension participants (Barticipants) presented in Tal@l8. There appears to

be significant differences between the two groups of farmers. Rablshows that ICIbased
participants earned significantly higher soy yields and farm net returns from soy production,

compared to CfParticipants.
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Table 2.2 Mean Difference Comparison between AESarticipants and Non-Participants

Variables AES-Participants Non-Participants Mean Diff.
(S.E) (S.E) (S.E)
Yields 805.538 789.231 16.307
(44.556) (45.612) (64.083)
Farm Net Returs 792.251 765131 27.120
(39.020) (37534 (54.591)
Knowledge Score 69.698 5.131 64.568"
(0.786) (0.696) (1.068)
Adopt-Inoculant 0.618 0.382 0.237"
(0.027) (0.029) (0.040)
Gender 0.738 0.673 0.066
(0.024) (0.028) (0.037)
Age 42.557 40.389 2.168"
(0.794) (0.722) (1.089)
HHSize 5.566 6.044 -0.477
(0.166) (0.187) (0.249)
Edu 2.754 2.836 -0.083
(0.260) (0.283) (0.384)
Farmsize 4.774 5.365 -0.592
(0.221) (0.288) (0.358)
Agrochem 3.666 4.395 -0.729
(0.327) (0.510) (0.589)
Chemcost 56.064 59.570 -3.506
(2.721) (6.547) (6.709)
Labor 6.253 9.645 -3.392
(0.925) (1.857) (1.982)
Laborcos 93.708 111.935 -18.228
(6.955) (11118) (12.718)
Credit 0.778 0.887 -0.109”
(0.023) (0.019) (0.031)
FBOmem 0.960 0.956 0.004
(0.011) (0.012) (0.016)
Resemtech 49.292 17.964 31.329"
(1.840) (1.786) (2.588)
Techdiff 0.265 0.343 -0.078
(0.025) (0.047) (0.051)
WCZ 0.545 0.593 -0.048
(0.028) (0.030) (0.041)
Rainfall 60.431 63.055 -2.624"
(0.924) (0.943) (1.327)
Soilqual 0.645 0.598 0.046™
(0.010) (0.013) (0.016)
Comextoff 0.600 0.655 -0.055
(0.027) (0.029) (0.040)
Distextoff 16.836 21.257 -4.421"
(1.274) (1.645) (2.052)
Electgrid 0.618 0.385 0.233"
(0.027) (0.029) (0.040)
Ethnicity 0.723 0.662 0.061
(0.025) (0.029) (0.038)
No. of Observ. 325 275

Note: *** | ** and * are 1%, 5% and 10% significance level respectively and values in brackets are standard errableTtentains mean
difference comparison of the characteristics between farmers who participated in agriculture extension services (ABE®ramnchtadid not
participate. The column, Participant, represents farmers who participated in AES, whilaithe,ddbrParticipant, represents farmers who did
not participate in AES at all.
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Table 2.3 Mean Difference Comparison between ICTBased and CE Participants

Variables ICT-BasedParticipants CE-Participants MeanDiff
(S.E) (S.E) (S.E)
Yields 887.126 700.393 186.734
(67.392) (52.408) (89.367)
Farm Net Returs 866.251 696.884 169.367
(55.813) (52.067) (78.224)
Knowledge Score 66.667 73.606 -6.939™
(1.090) (1.040) (1.540)
AdoptInoculant 0.607 0.634 -0.027
(0.036) (0.041) (0.054)
Gender 0.754 0.718 0.036
(0.032) (0.038) (0.049)
Age 42.891 42.127 0.764
(1.014) (1.265) (1.602)
HHSize 5.667 5.437 0.230
(0.197) (0.282) (0.334)
Edu 2.770 2.732 0.038
(0.347) (0.394) (0.525)
Farmsize 5.249 4.162 1.087""
(0.319) (0.287) (0.441)
Agrochem 4,511 2.578 1.933"
(0.514) (0.327) (0.651)
Chemcost 63.575 46.384 17.192
(4.283) (2.690) (5.410)
Labor 7.938 4.082 3.857"
(1.496) (0.848) (1.856)
Laborcos 106.392 77.361 29.031
(10.969) (7.136) (13.951)
Credit 0.770 0.789 -0.018
(0.031) (0.034) (0.047)
FBOmem 0.967 0.951 0.017
(0.013) (0.018) (0.022)
Resemtech 44,590 55.352 -10.762"
(2.284) (2.942) (3.666)
Techdiff 0.286 0.239 0.046
(0.034) (0.036) (0.050)
WCZ 0.448 0.669 -0.221™
(0.037) (0.040) (0.054)
Rainfall 59.5%53 61.549 -1.986
(1.200) (1.442) (1.863)
Soilqual 0.635 0.657 -0.021
(0.014) (0.15) (0.021)
Comextoff 0.601 0.599 0.003
(0.036) (0.041) (0.055)
Distextoff 20.697 11.859 8.838"
(2.074) (1.038) (2.526)
Electgrid 0.623 0.613 0.010
(0.036) (0.041) (0.059
Ethnicity 0.656 0.810 -0.154"
(0.035) (0.033) (0.049)
No. of Observ. 183 142

Note: *** | ** and * are 1%, 5% and 10% significance level respectively and values in brackets are standard errors. The tatsdarcarna
difference comparison of thdaracteristics of farmers who participated in #83sed extension against farmers who participated in Conventional
extension. The column, IGBased Channel, represents the mean characteristics-bl§EH extension participants, while the column, CE GHann
represents that of Conventional extension participants.
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However, in terms of inoculant knowledge test scores;b@3ed participants perform significantly

lower than CEParticipants. The difference in average inoculant adoption between the two
extengon channels is statistically insignificant. The table also shows thab&S&d participants
significantly operate larger farms with higher usage of agrochemicals and labor, resulting in higher
agrochemical and labor cost in production, compared t@@ficipants. Table 3 further reveals

that ICT-based participants live further away from the nearest extension office, compared to CE
Participants.

Though, there appears to be significant differences in yields, farm net returns as well as inoculant
knowledgescores and adoption between AB8&rticipants and NoeRarticipants, as well as ICT

based and CE extension participants, as discussed above, information on average differences alone
is inadequate to explain the decisions farmers make, because the aviegsgyecds do not account

for other confounding factors that are heterogeneous among farmers in a given population. We
therefore employ appropriate econometric techt
extension participation and technologgtoption decisions, as one based on a selection process
taking into account the expected benefits from participation. We present and discuss the empirical

results in the next section.

2.6 Empirical Results

First, we performed an exploratory analysis toagd®othe best performing copula, using the Akaike

I nformation Criteria (Al C) for the Dbinary ou
continuous out come mod e itdistribuBoais ghasenasthetbdstecopdld C, S
for the marginals dboth the ICTbased channel and the Conventional channel (CE). For the pooled
channel (AESPooled) Clayton copula is chosen, while a rotated Gumbel (Ge@7I68)| and

unrotated Gumbel distributions are chosen for the channel choice and adoption decisions,

respectivel y. Due to the binary nature of bot
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choice) and the expected outcome of interest
link function with Bernoulli distribution is employed for tlestimation. We report the copula(s)

chosen at the top row and the selection criteria statistic at the bottom row of tables with the results.

2.6.1 Determinants of Extension Participation and Inoculant Adoption

In Table2 .4, we present estimates from tlopuala recursive bivariate probit (CRBP) model for the

binary outcome variable, that is, inoculant adoption decision. The estimates represent the
conditional probabilities of farmerso adopti
participation in a gien extension channel. Tab§, 2.6 and2.7 present estimates from the copula
endogenous switching regression (CESR) model for the continuous outcome variables, that is,
inoculant knowledge scores, yields and farm net returns, respectively. In tlestiofdsrevity, we

focus the discussion on Tal®?el, as it covers the determinants of the two decisions, that is, the
extension channel choice and that of inoculant adoption decisions, respectively. We will, however,
make reference to the continuousouteds 6 Tabl es as the need ari ses
To begin with, we discuss identification of the recursive bivariate model, as using observational

data to estimate a binary outcome resulting from a binary decision (such as adoption) is an arduous
task, because of identification issues arising from endogeneity and selection biasetvidrra

(2020) and Hans and Lee (2019) have demonstrated that this can be overcome in the copula
framework, with the help of an instrument. In this regard, weEtig@city, which determines the
native spoken | anguage as instrument for i den
language is used as the language of instruction in a particular extension channel during a
dissemination program, it can influere t he f ar mer s choice of part
should not correlate with his inoculant adoption decision. As shown in Zdblie coefficient of

Ethnicity is positive and statistically significant in both the i8ased and the CE modelseW

observe similar results in the yields and net returns models in Tablasd2.7, suggesting that,
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Ethnicity plays an important role in extension dissemination, particularly, when the extension
channel involved is not based on persoiperson delivery(such as ICIbased channels) to
generate farmersoé interest to participate.
Table2.4 also shows that tHe iare negative and statistically significant at 1% level in the ICT
based and CE models, suggesting that there is positiveetettion into both the extension
channel choice and the inoculant adoption decisions. Similar pattern of statisticatangpaifis
observed in Table25, 26 and2.7. However, whereas the signs of the coefficients indicate
negative selection for participants, the signs for-participants are positive in both I&¥ased

and CE channels. Generally, thén the pooled moddi.e. Model 1) shows positive selection on
participation in extension delivery, suggesting that farmers with bel@rage yields and net
returns have a higher probability of participating in the extension delivery programs.
Identification of the recurse bivariate model also relies on first order stochastic dominance
(FOSD), whereby the distribution of the correlations between the marginals either show an
increasing or decreasing concordanevedi and Zimmer 201#ans and Lee 2019; Maed al.,

2020. The results in Tabl2.4 show that the coefficient of thee n d a | (i) Gssnegéatiaetand
statistically significant (at 1% level) for both the I®&sed and CE models. The signs of the
confidence intervals (i.e. the lower and upper bounds) aregsltine, suggesting concordance in

the distributions of the correlations.
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Table 2.4 Copula Recursive Bivariate Probit Estimates Inoculant Adoption (Discrete)

Model 1: Clayton [p-b-b]

Model 2: Studentt [p-b-b]

Model 3: Student-t [p-b-b]

Model 4: Gumbel -270° Gumbel [pb-b]

Variable AES-Pool Ino-Adoption ICT -BasePart Ino-Adoption CE-Part Ino-Adoption ICT -vs-CE-Part Ino-Adoption
Coeff (S.E) Coeff (S.E) Coeff (S.E) Coeff (S.E) Coeff (S.E) Coeff (S.E) Coeff (S.E) Coeff (S.E)
Const. 1.4917(0.646)  -3.658" (1.067) -0.228(0.652)  -3.388™ (0.965) 0.311(0.687) -3.904™1.001) -0.492(0.853) -3.529"(1.780)
AESChannel - 0.317(0.179) - 1.1202™ (0.502) - 1.586" (0.446) - -1.227(0.668)
Age -0.049" (0.024) 0.086"(0.037) 0.006(0023) 0.065"(0.035)  -0.054"(0.024)  0.101"(0.037) 0.036(0.029) 0.139™ (0.056)
Age? 0.001" (3.0e4) -0.001'(4.0e4) -6.03e4(2.42e4) -0.001(4.0e4) 0.00I"(2.0e4) -0.001"(4.0e4) -3.5e4(3.0e4) -1.4e3™ (5.7e4)
Edu -0.015(0.013) -0.002(0.02) -0.008(0.013) 0.002(0.019) -0.005(0.014) 0.002(0.019) 4.7e3(0.018) 0.038(0.037)
Farmsize -0.012(0.023) 0.019(0.039) -0.001(0.023) 0.013(0.036) -0.005(0.031) 0.016(0.036) -0.022(0.040) -0.013(0.065)
HHSize -0.034(0.019) -0.003(0.031) -0.009(0.020) 0.001(0.029) -0.028(0.020) 0.003(0.030) 0.026(0.027) 0.062(0.043)
Gender 0.178(0.128) -0.456"(0.213) 0.131(0.134) -0.415"(0.204) 0.091(0.142) -0.472(0.209) 0.060(0.182) -0.407(0.343)
Soilqual 0.501(0.279) 0.364(0.450) 0.025(0.292) 0.379(0.417) 0.578(0.317) 0.112(0.443) -0.264(0.421) -0.447(0.748)
Rairfall -0.006(0.003) -0.004(0.006) -0.007(0.004) -0.003(0.005)  -2.2e4(0.004) -0.004(0.005) -0.006(0.005) -0.009(0.008)
Credit -0.380™ (0.147) 0.087(0.239) -0.3097(0.142) 0.158(0.221) 0.091(0.151) 0.067(0.222) -0.113(0.180) -0.055(0.359)
WCZ -0.107(0.113) -0.132(0.188)  -0.395™(0.117) 0.018(0.192)  0.314™(0.130) -0.244(0.175) -0.599™ (0.159) -0.413(0.304)
Laborcos 1.3e4(0.001) 0.002(0.002) 0.001(0.001) 0.001(0.002) -0.001(0.001) 0.002(0.002) 2.9e4(0.002) -8.8e5(0.003)
Agrochem 0.002(0.016) -0.031(0.029) 0.004(0.014) -0.027(0.025) -0.008(0.032) -0.015(0.025) -0.013(0.041) -0.033(0.052)
Labor -0.003(0.007) -0.008(0.012) -0.005(0.007) -0.005(0.011) 0.001(0.010) -0.009(0.010) 0.010(0.014) 0.004(0021)
Chemcost -1.2e4(0.001) 0.001(0.002) 0.001(0.001) 0.001(0.001) -0.002(0.003) 0.001(0.001) 0.008"(0.004) 0.002(0.006)
Ethnicity 0.444"(0.206) - 0.455™ (0.190) - 0.342(0.188) - 0.511(0.333) -
Distkm -0.004(0.002) -0.006(0.004) 0.002(0.002) -0.006°(0.004)  -0.012™ (0.004) -0.001(0.004) 0.011™ (0.004) 9.8e4(0.006)
Comextoff -0.140 -0.026(0.187) -0.055(0.118) -0.017(0.173) -0.109(0.127) 0.003(0.179) 0.126(0.159) 0.170(0.290)
Electgrid 0.57(3;*1(105.)109) 3.2287(0.189) 0.396"(0.114)  2.664™(0.408) 0.301"(0.121) 2.776"(0.307) -0.026(0.155) 3.486™ (0.581)
” 5.12e8™ [4.14e8, 100] -0.712"[-0.932,-0.165] -0.698"[-0.925,-0.179] 1.57"[1.070, 8.100]
t 2.56e8™ [2.07e8, 0.980] -0.504™[-0.764,-0.105] -0.492™[-0.752,-0.115] 0.363"[0.061, 0.877]
LL -500.693 -472.282 -422.974 -248.283
No. of Observ. 600 600 600 325
Joint Test Prob = 0.904 0.935 0.983 0.997
AIC 1079.386 1022.564 923.948 574.566
BIC 1250.866 1194.044 1095.428 722.135

47



Note: *** , ** and * are 1%, 5% and 10% significance level respectively and vailmsckets are standard@s na@means not available because the parameter is no analytically contguted, t he Kendal | 6

concordance parameter. The alphabets in square brackets are the link functions and its distributiopsnawtetes probit anth represents Bernoulli distribution. Each model represgatticipation in
different extension channelglodel 1, represents a pool of all extension channels together for assessing general extension participation impactpiMmuatetsr@eand 3 represent participation in-l26ed
and Conventional extension channels respectively, whereas Model 4 iettohannel comparison model, which compares patrticipation iFd&SEd extension against participation in Conventional extension

as the base channel.
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Table 2.5 Copula Endogenous Switchig Regression Estimates Knowledge Test Score (%)

Model 1: Frank-Clayton [p-n-]

Model 2: Frank-Clayton [p-n-t]

Model 3: Frank-Clayton [p-n-t]

Model 4: Frank-Clayton [p-n-t]

Variables Select AES-Pool Non-Part Select ICT -Part Non-Part Select CE-Part Non-Part Select ICT -Part CE-Part
Coeff Coeff Coeff Coeff Coeff Coeff Coeff Coeff Coeff Coeff Coeff Coeff
Const. 1.316" 4202 2.262™ -0.690 4522 3.059™ 0.294 459 2.980™ -1.267™" 4.590™ 4.164™
(0.633) (0.018 (0.569 (0.679 (0.070) (0604 (0.219 (0.322) (0.41) (0.099 (0.194) (0.195
Gender 0.141 -0.22™ 0.165 0.096" -0.008 0.112 0.041 -0.009 0.175 0.068 -0.04 -0.025
(0.179 (0.009 (0.230 (0.059 (0.049 (0.250 (0.107) (0.010 (0.1579 (0.036 (0.029 (0.0249
Age -0.048™" -0.002 -0.0838™ 0.026" -0.002 -0.066™ -0.066™ 0.002 -0.009 0.069™ -0.011" -0.001
(0.019 (0.001) (0.006 (0.019 (0.009 (0.002 (0.007) (0.002 (0.029) (0.019) (0.009 (0.009)
Ag€? 0.001" 1.0x10° 0.006™ -0.0002 2.2x10° 0.001™" 0.001™ -2.0x10%™ 0.00@ -0.001™ 0.o0a™ 3.x10%™
(0.00Q) (1.4x10%) (0.0001) (0.0002 (4.0x10°) (4.3x10%) (0.00Q) (4.3x10°%) (0.0009 (0.0002 (4.4x10°% (3.4x10°%)
Edu -0.117" -0.00 -0.529™ 0.013 -0.019 -0.263™ -0.132™ -0.008 -0.168" 0.093" -0.026 -0.005
(0.06) (0.029 (0.14) (0.080 (0.017) (0.009 (0.052 (0.018 (0.0m) (0.048 (0.029 (0.019
Techdiff -0.195" -0.023 0.164 0.005 -0.026 0.249™ -0.190™ 0.001 -0.090° 0.091 -0.037 0.042
(0.05) (0.019 (0.108) (0.080 (0.039 (0.045) (0.037 (0.005 (0.05) (0.129 (0.042 (0.04)
Resemtech 0.001 -0.002 0.001 -0.004™ 0.0002 0.0™ 0.0™ -0.0a.™ -0.0B -0.06™ 0.0a™ 0.001
(0.003) (0.0003 (0.009) (0.001) (0.001) (0.002 (0.000) (0.0001) (0.009 (0.0005 (0.001) (0.000)
Ethnicity 0.365™ 0.035™ 0.392™ -0.252™ 0.091" 0.729™ 0672" -0.091™ 0.013 -0515™ 0.12™ 0.023
(0.13) (0.0m) (0.090 (0.069 (0.045) (0.090 (0.052 (0.00%) (0.049 (0.103 (0.0@) (0.019
FBOmem -1.133" 0.012 0.139 -0.063 -0.106" 0.188 -1.145™ -0.013 0.484 0.239 -0.120 0.087
(0.584 (0.018) (0.385 (0.069 (0.058 (0.319) (0.345 (0.210 (0.519 (0.192 (0.093 (0.193
WCZ 0011 0.049™ 0.121 -0.386" 0.105 0.309™ 0.391™ -0.061 -0.184™ -0.508™ 0.113™ 0.009
(0.072 (0.003) (0.07) (0.050 (0.069 (0.03) (0.010) (0.045 (0.02) (0.059 (0.039 (0.009
Comextoff -0418™ -0.111" -0.364™ -0.016
(0.048 (0.012 (0.127) (0.030
Electgrid 1.550™" 0546~ 11797 0.38™
(0.244) (0.26)) (0542 (0.086
Distextoff -0.005 -0.001 -0012" 0.003
(0.009 (0.005 (0.003 (0.005
aejoé, -1.45™ 0.025 -1.308™ 0.226™ -1.705™ 0.1%4™ -1.361™ -1.774™
(0.146) (0.029 (0.147) (0.082) (0.040) (0.026) (0.089 (0.080)
Ty -11.835" 1.363™ 2.566™ -1.853™ 12317 -2.331™ 2.689™ -0.748™
(0.013 (0.185) (0.188 (0.044) (0482 (0.451) (0.189 (0.245
tjit -4.0x10%" -0.149 -0.867" 0.199 -0.631" 0.246 -0.880" 0.083
(5.0x10%) (na) (0.022 (na) (0.112 (na) (0.019 (na)
Wald test 531564™ 2822™ 4.30 29.39™
LL -327.65 -647.68 -638.41 -125.67
Sample(N) 600 600 600 600
Wald chi2(12 28.13"" 28.34™ 59.19™ 43.65™
Vvuongos 0.016™ -0.037" 0.006™ -0.004
(0.003) (0.005) (0.001) (0.005)

Note:***  ** and * are 1%, 5% and 10% significance level respectively and values in brackets are standarthedmesans not available because the patameno analytically computed;i s t h e

concordance parameter. The alphabets in square brackets are the link functions and its distributionéditeses probit and, I, tr e pr esent s
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Each model represent piaipation in different extension channels. Model 1, represents a pool of all extension channels together for assessaxgegesian participation impact on outcomes, Models 2 and



3 represent participation in IGGased and Conventional extension clesnrespectively, whereas Model 4 is the itleannel comparison model, which compares participation ifbi@SEd extension against
participation in Conventional extension as the base channel.
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Table 2.6 Copula Endogenous Switching Regression Estimatésyield (InKg/ha)

Model 1: Frank-Gumbel [p-n-I]

Model 2: Frank-Frank [ p-n-t]

Model 3: Frank-Frank [ p-n-t]

Model 4: Frank-Gumbel [p-I-1]

Variables Select AES-Pool Non-Part Select ICT -Part Non-Part Sdect CE-Part Non-Part Select ICT -Part CE-Part
Coeff. Coff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff.
Const. 1.779 4.956™ 4.964™ -1.143 6.117" 4.939™ 0.199 5.117" 4.932" -1.619™" 5.240™ 4633
(0.91) (0.359) (0.4949 (0.830 (0.178) (0.225 (0.36)) (0.922 (0.58) (0.289 (0.079 (0.839
Gender 0.295 0.009™ -0.137" 0.152 0.0™ -0.085™ 0.267" -0.162 0.022 -0.019 0.228™ 0.022
(0.419 (0.039 (0.026) (0.419 (0.309) (0.033 (0.089 (0.085) (0.0279 (0.062 (0.053 (0.074
Age -.071" 0.009" 0.004 0.029 -0.014" 0.003 -0.069™ 0.029" 0.011 0.080™ -0.0002 0.006
(0.022 (0.009 (0.034) (0.033 (0.007) (0.008 (0.010 (0.015) (0.029 (0.010 (0.005) (0.01)
Ag€? 0.oaL™ -0.0001 1.2x10* -0.00®8 0.0001 -4.1x10° 0.001™ -0.0003 -0.00@ -0.001™ -2.12x105™ -4.31x10°
(0.00(B) (0.0001) (0.0004) (0.0003 (0.0001) (0.0009) (0.0009) (0.0001) (0.0003  (0.0009) (2.1x10°) (0.0009
HHSize -0.016 0.007 -0.009" 0.017 0.007 -0.013" -0.040 0.007 0.013 0.044 0.018 -0.005™
(0.039 (0.008 (0.003) (0.043 (0.030 (0.0003 (0.03) (0.017) (0.010 (0.078 (0.020 (0.002
Edu -0.232 -0.092" 0.137 -0.033 -0.098 -0.040 -0.073 -0.086 0.010 0.140 -0.069™ -0.216™
(0.137 (0.047) (0.339 (0.078 (0.142 (0.192 (0.070 (0.077) (0.227) (0.200 (0.022 (0.083
Farmsize 0.018 0.223" 0.218™ -0.006 0261 0.225™ 0.061 0.299” 0.192" -0.055 0.212" 0.304™
(0.019 (0.014) (0.037) (0.061) (0.072 (0.023 (0.142 (0.074) (0.038 (0.159 (0.022) (0.015
Agrochem -0.029 -0.030° -0.069™ -0.021 -0.028 -0.061™ -0.068 -0.058™ -0.41™ 0.002 -0.023" -0.077
(0.019 (0.019 (0.03) (0.029 (0.045 (0.019 (0.155 (0.006) (0.019 (0.077 (0.008 (0.09)
Chemcost 0.003 0.003 0.006" 0.007" 0.001 0.006" -0.001 0.005™ 0.0™ 0.008™ 0.002 0.004
(0.0®) (0.003 (0.002) (0.00) (0.003 (0.000) (0.008 (0.002 (0.00) (0.002 (0.002 (0.007
Labor -0.006™ -0.021™ -0.017™ 0.001 -0.022™ -0.017" -0.014 -0.043™ -0.016™ 0.027" -0.019” -0.044"
(0.00)) (0.002 (4.3x10°% (0.012 (0.008 (0.002 (0.013 (0.019 (0.0003 (0.013 (0.001) (0.009
Laborcos 0.006+ 0.0@™ 0.0@™ 0.001 0.001 0.0@™ 0.02 0.00Z 0.002™ -0.0aL 0.002™ 0.003™
(0.001) (0.00) (0.00®) (0.002 (0.0a1) (0.001) (0.00) (0.001) (0.0009 (0.00) (0.0Qn) (0.000)
Credit -0.563™ 0.035 -0.105™ -0.315 0.204 -0.049 -0.309 0.151 -0.0002 -0.161 0.026 -0.007
(0.064) (0.109 (0.007) (0.17) (0.142 (0.030 (0.26)) (0.139 (0.129 (0.433 (0.099 (0.029
Rairfall -0.004 0.001 0.001 0.08 -0.002™ 0.00L 0.001 0.00L -0.002" 0.004 -0.0@™ 0.003
(0.009 (0.001) (0.00) (0.009 (0.0009 (0.002 (0.0MB) (0.008 (0.0a1) (0.006) (0.0005 (0.0®)
Soilqual 0.403™ 0.174™ 0.287 0.062 0.037 0.336 0543 -0.121 0.153 -0.251 0.153 0.210”
(0.041) (0.007) (0.315 (0.089 (0.103 (0.2RB) (0.523 (0.529 (0.112 (0.17) (0.229 (0.060
wCz -0.293 0.005 0.114™ -0678" 0.268 0.069™ 0.506™ -0.169 -0.013 -0.783" 0.086" -0.057
(0.187) (0.013) (0.026) (0.193 (0.165 (0.029 (0.059 (0.079 (0.039 (0.138 (0.04) (0.062
Comextoff -0.241" 0.058 -0.217" 0.337"
(0.009) (0.125 (0.115 (0.149
Distkm -0.004 -0.004 -0.006™" 0.009
(0.009 (0.010 (0.00) (0.012
Electgrid 0.584™ 0.234 0415™ 0.048
(0.179 (0.513 (0.059 (0.025
Ethnicity 0.091™ -0407" 0.225 -0636™
(0.033 (0.159 (0.292 (0.14)
aejac, -1.441™ -0.737" -0.877" -0.758™ -1.015™ -0.662™ -1.433" -1.531™
(0.082 (0.096) (0.09) (0.015 (0.248 (0.022 (0.025 (0.188
gy -16.125™ -3.115™ 19.308™ -3.424" 20.343" -5.077" -16.117" -3.092"
(1.017) (0.399 (2.479 (1.579 (0.80) (0.170 (1.009 (0.14)
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tit

-9.94x10%" 0.317

-0.810 0.343 -0.819 0.462 -1.0x10™ 0.315
(1.01x107) (na) (na) (na) (na) (na) (-6.3x108) (na)
Wald test(” 61.059™ 3.5x10™ 2.9x16™ 478.779"
I
LL -360.506 -345.433 -333.281 219.269
Sampl¢N) 600 600 600 600
Wald chi2(8) 30.47 44,05 38.41" 37.54™
Vuongos 0.038™ -0.006 0.008™ 0.006
(0.006) (0.003) (0.001) (0.004)

Note:*** | ** and * are 1%, 5% and 10% significanceuel respectively and values in brackets are standard €radsjeans not available because the parameter amalytically computed,;i s t he Kendal | 8.
concordance parameter. The alphabets in square brackets are the link functions and its distributiopéditetess probit and, I, tr e pr es ent s nor ma | tdistibatigns, sespectivela n d St ude
Each model represent piaipation in different extension channels. Model 1, represents a pool of all extension channels together for asseslsaxgenesian participation impact on outcomes, Models 2 and

3 represent participation in IGased and Conventional extension clesnespectively, whereas Model 4 is the ktfeannel comparison model, which compares participation iFbi@SEd extension against

participation in Conventional extension as the base channel.
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Table 2.7 Copula Endogenous Switching Regression EstimatésFarm Net Returns (InGHC/ha)

Model 1: Frank-Gumbel [p-n-1]

Model 2 : Clayton-Plackett [p-n-I]

Model 3: Frank-Clayton [p-n-t]

Model 4: Clayton-Plackett [p-n-I]

Variables Select AES-Pool Non-Part Select ICT -Part Non-Part Select CE-Part Non-Part Select ICT -Part CE-Part
Coeff. Coff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff.
Const. 153%™ 4.796" 4.460" -1.056 5.390™ 4906™ 0478 4.827" 4.527" -1.434 5.055™ 475"
(0.775) (0.007) (0.467) (0.895 (0.473) (0.249) (0.459 (0.222 (0.243) (1.208 (0.341) (0.356)
Gender 0.283 0.004 -0.046 0.113 0.074 -0.081 0.241" -0.080 -0.030 -0.002 0.014 -0.031
(0.392) (0.071) (0.060) (0.221) (0.089 (0.037) (0.102) (0.067) (0.074) (0.261) (0.131) (0.095
Age -0.0678" 0.007" 0.024 0.044 0.004 0.004 -0.051" 0.018™ 0.020™ 0.09™ 0.003 0.004
(0.019) (0.001) (0.014) (0.032) (0.019 (0.009 (0.025 (0.005 (0.006) (0.039) (0.019) (0.008)
Ag€? 0.001" -0.0001" -0.0003 -0.004 -0.00aL -0.0001 0.001™ -0.0002" -0.0002" -0.001™ -0.0004 -0.001
(0.0002) (9x10%) (0.0001) (0.0003 (0.0001) (0.0001) (0.0002) (0.004) (0.0001) (0.004) (0.0001) (0.0001)
HHSize -0.013 0.019” 0.001 0.017 0.005 0.004 -0.039 0.010™" 0.017™ 0.0 0.017 0.014"
(0.041) (0.007) (0.003) (0.032 (0.009 (0.009 (0.037) (0.003 (0.001) (0.036) (0.009 (0.007
Edu -0.204 -0.027" 0.184 0.066 0.029 0.0% -0.178" 0.0 0.115° 0.213 -0.001 -0.110
(0.121) (0.014) (0.147) (0.075 (0.039 (0.042 (0.085 (0.069) (0.065) (0.141) (0.064) (0.077
Farmsize 0.025 0.318" 0.272" 0.004 0.295™ 0.287" 0.059 0.416™ 0.263™ 0.008 0.299™ 0.3%™
(0.024) (0.02) (0.00) (0.063 (0.030 (0.036) (0.103 (0.063) (0.030) (0.089 (0.043) (0.029)
Agrochem -0.042 -0.062” -0.090” -0.017 -0.046™ -0.02™ -0.030 -0.115™ -0.069™ -0.020 -0.090™ -0.146™
(0.029 (0.005) (0.01) (0.029 (0.01) (0.023 (0.079 (0.022 (0.019) (0.032 (0.010) (0.066)
Chemcost 0.004 0.003™ 0.007" 0.004 0.00L 0.007™ -0.003 0.06™ 0.006™ 0.0 0.0@ 0.006
(0.003) (0.001) (0.002) (0.003 (0.001) (0.001) (0.009 (0.00) (0.001) (0.003 (0.001) (0.004)
Labor -0.006" -0.016" -0.002 0.08 -0.016™ -0.004 -0.014 -0.047" -0.005™ 0.011 -0.017™ -0.0%™
(0.00) (0.001) (0.003) (0.009 (0.0®) (0.0@) (0.08B) (0.012 (0.0002) (0.008 (0.003) (0.00%)
Laborcos 0.00L -0.0003" -0.001 -0.0002 -0.00@ -0.001 -0.00@ 0.00%4 -0.001" -0.001 -0.00@ -0.00@
(0.001) (0.0001) (0.001) (0.00) (0.0003 (0.00%) (0.00) (0.0a1) (0.0002) (0.001) (0.0004) (0.001)
Credit -0.554" 0.016 -0.095" -0.265 0.060 -0.026 -0.288 0.069 -0.004 -0.091 -0.002 -0.017
(0.062) (0.072) (0.041) (0.158) (0.059 (0.053 (0.489 (0.139) (0.128 (0.170 (0.05) (0.039
Rairfall -0.004 -0.0002 -0.0001 -0.003 0.0001 -0.0004 -0.0aL 0.001 -0.00B 0.002 0.03 0.001
(0.005 (0.0001) (0.0001) (0.003 (0.001) (0.001) (0.009 (0.00) (0.001) (0.005) (0.00) (0.001)
Soilqual 0.478" 0.031 0.104 -0.138 -0.0003 0.175" 0.726" -0.253" 0.059 -0.626" 0.119 -0.005
0.12) (0.080) (0.075) (0.325 (0.147 (0.078) (0.222 (0.128 (0.124) (0.309 (0.112) (0.167
wWCZz -0.268 -0.063” 0.010 -0585™ 0.166™ -0.016 0.408" -0.123™ -0.100™ -0.688™ 0.008" -0.069
(0.179 (0.016) (0.034) (0.145) (0.053 (0.03) (0.175) (0.065) (0.03) (0.188 (0.058 (0.0%)
Comextoff -0.164™ -0.00004 -0.112 0.107
(0.083) (0.109) (0.269 (0.103
Electgrid 0.556" -0.043 -0.172 -0.041
(0.249 (0.08) (0.155 (0.209
Ethnicity 0.045™ -0.143" 0.107 -0.446™"
(0.023 (0.070 (0.057) (0.167
Distextof -0.0001 -0.003™ -0.0aL -0.005”
(0.007 (0.001) (0.004) (0.002
aejae, -1.776" -1.191" -1.459™ -1.161™ -1455™ -1.089™ -1565™ -1310™
(0.123) (0.010) (0.206) (0.070 (0.212 (0.044) (0.221) (0.090)
T -15.669™ -3.280™ -10.718™ -3.156™ 4.607 -2.344™ -9.718™ -8.895™
(1.005) (1.077) (2.697) (0528 (4.279) (0.789 (2.829 (1.317)
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it -1.57x107" 0.331 na -0.021" -0.980" 0.247 na -0.0001"

(1.58x107) (na) (na@ (0.011 (0.082 (na) (na (0.000)
Wald test’ 9.274™ 3.2x10°" 4270.271" 4.6x10™
s
LL -245.815 -228.010 -209.999 -131.134
Sample(N) 600 600 600 600
Wald chi2(B) 29.17 34.01" 37.78 23.62"
Vuongos 0.059™ -0.038” 0.015™ -0.064™
statistic (0.005) (0.004) (0.004) (0.005)
Note:*** | ** and * are 1%, 5% and 10% significance level respectively and valuesizkbts are standard erroisagdmeans not available because the parameter amalytically computed,;i s t he Kendal | 8.

concordance parameter. The alphabets in square brackets are the link functions and its distributiopéditetess probit and, I, tr e pr es ent s nor ma | tdistibatigns, sespectivela n d St ude
Each model represent piaipation in different extension channels. Model 1, represents a pool of all extension channels together for asseslsaxgenesian participation impact on outcomes, Models 2 and

3 represent participation in IGased and Conventional extension clesnespectively, whereas Model 4 is the ktfeannel comparison model, which compares participation iFbi@SEd extension against

participation in Conventional extension as the base channel.
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The estimates in TabR4 also reveal that, the coefficisrof the variables representing extension
channel choice (i.eAESChannglare positive and statistically significant in both the {ased

and CE adoption models (at 1% levels respectively), suggesting that extension channel choice
positively impactond r mer sé i nocul ant technology adoptior
of inoculant adoption increases by 112% and 159% for-d@3ed and CE participants,
respectively. The magnitude of the changes is consistent with Oreopoulos and Petronij&yic (201
observation that persdn-person contact information channels have larger effects on outcomes,
compared to technology mediated channels. The-ait@annel comparison model (i.e. Model 4)

also shows that farmers who participated in the CE channel aeelikaly (123%) to adopt the
inoculant, compared to that of Icased. The implication of this finding is that, faodace
communication channels tend to have greater influence on getting farmers to adopt a new
technology, compared to technolegediatel channels, such as I&¥ased extension channels.

This is intuitive, given the fact thatfatef ace channel s afford far mer s
the correct usage of the new technology at first hand and also improve acceptance of the technology
(Foger and Rosenzweig 2010). In spite of this, the positive effect of theb#S&d channel on
adoption is consistent with the literature on ICT deployment in agricultural extension delivery (e.qg.
Aker 2011; Dzankuwet al., 2020). However, considering that te#ect size of the ICIbased

channel (112%) and that of the intdgrannel comparison model (123%) are close, suggests that in
the presence of resource constraints to undertaketddaee extension delivery, IGhased
channels could be an optimal choice.

Furthermore, Table4 s hows t hat, farmer 6s distance to
important role in determining the type of extension channel to choose. For instance, in-the ICT
based and the Intehannel comparison model (i.e. Model 4), teefficients are positive and

significant (at 1% | evel ), suggesting that a !
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extension office increases kg kilometer, the likelihood of the farmer choosing I&ased
extension channel increases by 1.1%. t@e other hand, a decrease in distance, increases the
likelihood of CE choice by same margin (1.2%). A similar observation is made in Pab|8$
and2.7.

Quite interesting is the coefficient of the variable representing connection to nationatigtectr
grid which is positive and statistically significant (at 1% level) across all models, suggesting that
availability of electricity increases the likelihood of both participation in-l@$ed extension as

well as inoculant adoption. The positive angn#ficant coefficient on CE participation suggests
that availability of electricity in rural communities could be a pull factor for extension staff to reside
in the communities, which could increase far m
Tables2.5, 2.6, and2.7. The results show positive coefficient for farm size in all the outcome
eguations across all models, but only statistically significant for yields and net returns in Tables
25 and2.6, respectively, indicating that larger farnistain higher yields and net returns relative

to smaller farms.

2.6.2ICT Impact on Inoculant Adoption, Knowledge Score, Yield and Net Returns

In this section, we present the treatment effects, which measure the impact of participation in the
extensionbannel s on farmersdé inoculant adoption, |
net returns. The average treatment effect on the treated (ATT) estimates are presente@ i, Table
consisting of four panels A, B, C and D, each containing estimatésdariedge scores, yields,

net returns and inoculant adoption, respectively. For the binary outcome (i.e. inoculant adoption),

the ATT represents the likelihood of inoculant adoption, conditional on participation.

In terms of knowledge score, the resuitsRanel A of Table2.8 shows that, farmers who
participated in the ICbased channel have almost twice recall probability (205%) compared to CE

participants (174%), suggesting that farmers who participated wb&S&d channel perform better
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in recalling he procedures of inoculant application than CE channel participants. Thehaterel
comparison model confirms that I&based had 42% recall probability than CE farmers. This
finding is consistent with Maredet al (2018) who found that, animated videgaduced learning

on a new technology as compared to conventional information channels, but did not lead to

significant adoption among farmers in Burkina Faso.

Table 2.8 Impact of Extension Channel on Farm OQutcomes

Extension @annel Type If Farmer If Farmer did ATT
Participate not Participate
(S.E) (S.E)
Panel A: Inoculant Knowledge Test Score
AES-Pooled 4.237(0.002) 2.628(0.023) 1.609”
ICT -Based 4.822(0.007) 2.777(0.025) 2.046™
CE 4.690(0.005) 2.955(0.015) 1.735"
ICT-Based vs CE 4.656(0.009) 4.239(0.002) 0.417"
Panel B: Yield (InKg/Ha)
AES-Pooled 6.604(0.032) 6.0550.035) 0.59™
ICT -Based 7.7770.036) 6.2690.033) 1.508™
CE 7.6960.041) 6.2190.035) 1.477
ICT-Based vs & 6.614(0.032) 6.231(0.035) 0.383"
Panel C: Farm Net Returns (InGHC/Ha)
AES-Pooled 6.4040.039) 6.07Q0.036) 0.333"
ICT -Based 7.261(0.038) 6.3840.037) 0.877"
CE 7.088(0.@7) 6.231(0.@36) 0.857"
ICT-Based vs & 6.925(0.036) 6.262(0.042) 0.663™
Panel D: Inoculant Adoption
AES-Pooled 3.660™
[0.600, 9.160
ICT -Based 20340™
[1.620, 44.300]
CE 26.400™
[8.500, 46.400]
ICT -Based vs & -13.140™

[-33.970, -0.850]

Note:*** | ** and * are 1%, 5% and 10% significance level respectively, values in brackets aa diyackets are standard errors and 95%

confidence intervals respectively.
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Table2.8, panels B and C show that, yields as well as net returns of farmers who participated in
ICT-based channel increased by 151% and 88%, respectively, compared to 148% dod@6
channel participants. Again, the ingrannel comparison model shows that, d@Bed
participants attain 38% and 66% yields dardn net returns, respectively, higher than their CE
counterparts. Intuitively, these findings imply that, when-leZ§ed extension channels are able to
generate acceptance by farmers and get farmers to adopt the technology, then, the impact of
extension on yields and farm net returns may be equivalent (perhaps even higher) to that-of person
to-person extension contactscachieve.

Panel D in Tabl®.8 shows that, generally, participation in the extension dissemination program
lead to an increase in the likelihood of inoculant adoption by 3.7%. However, when we consider
channel specific impact on adoption, the likelihaocteases to 20% and 26% for Kkbased and

CE channels respectively. Further comparison between thédSdd and the CE in the inter
channel model shows that CE extension channel outperforms that-taked channel by 13%,
suggesting that persdn-person information channels are still better in getting farmers to adopt a

new technology, compared to technoleggdiated channels (Oreopoulos and Petronijevic 2018).

2.7 Conclusions and Policy Implications

This study analyzethe effectiveness of IGbasedextension channels e dissemination of a
new agricultural technologyBradyrhizobiuminoculant) and its impact on household welfare
measures such as yields and farm net retusnsg recent survey data of 600 farmers from northern
Ghana. We employedhé robust copula functions estimator to account for potential endogeneity
and selection bias problems. Our empirical results revealed that farmers whtheheswices of
ICT-based extension channel, perform befiteterms of inoculant knowledge gaiyields and

farm net returnghanfarmers who chose to participate in conventional extension, and much higher

than those who did not participate in extension servidesiever, in terms of the likelihood of
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adoption of the inoculant technology, conventiandkension participants achieved higher impacts
than ICTFbased participants. The channel comparison results, in relation-frantocipation, show
thatbothICT-based and conventional extensabrannels are equally effiaee on their own accord

and carbe usedindependently to disseminatew technology information to farmerslowever,
evidence from intechannel comparison suggests that farmers who reside far away from extension
agents tend to substitute I&Bsed extension for conventional extensionisesy which in their
situation may be more beneficial in terms of knowledge gains, yields and farm net réurns.
findings furthershowedthat every kilometer increase in distance away ffarmer$locaion to

the nearest extension office or thestrict capital increases theipreference for ICT-based
extension channelsomparé to conventional extension.

Our findings offer several policymplicationsaimed at improvinggriculturalextension service
deliveryin developing countriegrirst, the facthat ICT-based extension channel comparatively
outperformed conventional extension suggests thatd&Sed extension services could be a viable
alternative to conventional extension service provision. Hence, puokders could consider
investing in expasion of ICT infrastructure such as installation of mobile communication masses
across farming communities tmprove thesignal reception strength in these areas in order to
scaleup the effectiveness of mobile phone, television and radio signals. Thisnable state
agencies and other stakeholders to minintiast by employing limited but specialized staff to
transmit agricultural extension information to farmers from centralized locations. Moreover, to the
extent that ICTbased extension services @ direct persoto-person contact from extension
service delivery, religious and cultural barriers could be overcomed so as to promote equitable
access to extension by all farm households, particularly female farmers living in conservative
farming commuities. Furthermore, theifiding that access to electricigxerts goositive effecs

on farmerslikelihood of participationn ICT-based extensicend inoculant adoptiocsuggestthat
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government investment in rural electrificatioauld complement theligitization of agricultural
information or extension service delivety enhancetechnology adoption, raisagricultural

productivity, and i mprove farmersod6 incomes, a:
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Appendix
Table A 1. Construction of Farmer Inoculant Knowledge Measurement

No Areas of Inoculant Measurement Indicators Allocated
Knowledge Test (B) ©) Score
(A) (D)
1 Confirmatory
Subjective measure  Know by crop name
Objective measure Know by physical identification 2
2 Technical
Recommendations
2.1 Standard Recommended Subjective measure  Materials and Quantities 5
Measurement
2.2 Recommended Mode of
Application
Subjective measure  Farmer recall application 7

procedure from memory

Objective measure Farmer reorders application 7
procedures list provided by
enumerator
Precautionary Measuse
3.1 Generic precautions Objective measure Farmer identifi 5

enumerator as True/False

Objective measure Farmer identifi 7
enumerator as True/False

3.2 Specific precautions Subjective measure  Recommendedtorage procedure 8

4 Understanding Objective measure Reasons for critical actions e.g. 3
inoculation and drying.

Total 50

Note: The table contains detailed information on the construction of our inoculant knowledge outcome variable AQmiesents information on
critical components of the inoculation procedure that we examined farmers on; @lsimom the type of measurement criteria used in the test;
Column C presents detailed description of the measurement indicators that were used iof@mation on the critical components of the
inoculation procedure; while Colunihpresents marks allocated to each of the test components that farmers were examined on.
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Chapter 3
Heterogeneity in Returns to Agricultural Technologies withincomplete Diffusion: Evidence
from Ghana

Sadick Mohammed and Awudu Abdulai
Department of Food Economics and Consumption Studies, University of Kiel, Germany

Publishedn theReview of Development Economics

Abstract

In this study, weemploy a dynamic tegment effect approach to analyze heterogeneity in returns
to farmers at different stages of adoptda newly introduced inoculant technologsing a recent
survey dataf 600soybean farmers from northern Ghaddthough farmers differ in their retns

to adoption of new technologies, many empirical studies often fail to account for this heterogeneity.
The empirical results reveal tharimers who are at advanced stages of adoption appear to, on
average, more than double their yields and farm nerngtuisuggesting that the inoculant
technology may be a game changer in the fight against extreme poverty in the region, where poverty
is endemic and crop yields are persistently below the average potential yield@angihdings

further reveathatextension serviceas well as efficient input and output markatskey to the
adoption process, by influencing knowledge acquisition, adoption and continued adOption
findings alsoshow significant impact heterogeneity at each adoption stage with tgetéom

benefits of the inoculant technology outweighing its skenr benefits.

Keywords Dynamic Treatment Effect, Mul8tage Decisiommaking, Impact Assessment,
Heterogenett, Inoculant Technology Adoption.

JEL: C32, D83, 033, Q10, Q16.
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3.1 Introd uction

Low agricultural productivity and perennial food insecurity are major global cantacimg low

income countriesparticularly, countries in sutsahara Africa $SA). Central to tackling the
problem is increasing crop yields and sustaining gaimeubh adoption oimprovedagricultural
technologies (Takahaslet al, 2020). Yet, technology adoption rate among farmers in these
countries appear to be very lq®Buri, 2011; SheahaandBarrett, 2017; Macours, 2019)\hile

some analysts partly attributthe phenomenon to lack of information, low education, credit
constraints, among other factors, othguestion the empirical and theoretical adoption models
usedto analyzef a r melopsoddecisiongFederet al, 1985; Lindner, 1982; Basley adhse,
1993).In particular, Besley and Case (19%9®)e that, technology adoption islgnamic process

in which farmers make series of decisi@ver multiplestagesor seasonsLindneret al. (1982)
succinctly summarized the adoption process into three broagoras asdiscovery stage
evaluation stagandtrial stage Each stage in the adoption process collects different sets of vital
information for the farmer to update subsequent decisions. Howelsssical studies on
technology adoptiomostly considefa r mer s 6 a d osm$ staticnignariegcthe slyinamic
processes embedde-ghakingnAs & resulthnenpod tdendi sindmr mati o
adoption behavior relevant to policy formulation is lost and their decisions are misinterpreted.
Thus,it isnot uncommon foanalyss t o f i n dptidndecisimat edols wathdationalty,
andsometimegounter intuitive (BeslegndCase, 19983

This study departs from the <c¢lassicadinapproa
dynamic frane wor k . Previous studies that exami ned
making in a dynamic framework mainly looked at adoption determinaatterns of diffusion and
intensity of adoptiond.g.Simtoweet al.,2016; Lambrechet al.,2014; Abdulaiand Huffman,

2005; Federand Slade, 1984)wh i | e some studies employed it
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behavior, risk preferensand uncertaimes (GhadimandPannell, 1999). The missing link the

dynamic adoption literaturie theimpactof adoptionon output levels and other welfare indicators

such asyields andfarm net returnswhich underief ar mer s6 adopti on and c
decisions. These indicators also drive adoption patterns and clarffamdkincertainties that may

surround agiven technology (Besleyand Case, 1993; Fedet al., 1985). We contribute tthe

|l iterature by anal yzi-mgkingfpaocesseas @ dnutiage aecisionon de
problemin an impact evaluation framework. Omewhich each stagef adoptionis charaterized

by different margins of payoffs or gains that accrutmers at that stage. We apply this approach

to analyze f ar me ranéwRhizdmamdculaattechdatogyiamarGPOrssybeanf

farmers in northern Ghana, taking into accoura th f ar mer sé returns fro
heterogeneous and stage dependent.

Few studies in the technology adoption literatheare analyzedheterogeneity in returns to

adoption ofagriculturaltechnologies $hahzadand Abdulai, 2020Abdul Mumin and Abdula

202]). However, adoption at different stages were not considé&®argued by Heckmaet al.

(2018), individuals differ in their returns to treatment, and failure to account for this heterogeneity

can lead to confusion in interpreting testimated effets of treatment, particularly when the
individuals may be at different stages of treatmbmnthis study, we employ a dynamic treatment

effect model to account for heterogeneity in returns to adoption for farmers at different stages of
adoption Thus, weanalyze the relationship betweerh e f ar mer s 6 amdtthe final of a
outcome (which in our casgyields and farm net returhsbtained from adoptionTheadoption

stages consided in this studyncludeawareness and knowledgequisition abouthe inoculant
technology, trying the technology, adopting and continuous adoption of the technolay.
inoculant technology is a recentligveloped agricultural input by research scientists to improve

productivity of gain legumes in SSAThe technologyexploitsthe symbiotic relationship ofra
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elite strain of bacteria known a&radyrhizobiumjaponica asaninoculant to enhance nitrogen
fixation in legumes. One crop that has receivedhrattention in this process isybean (see van
Heerwaardeet al.,2018; Chibebat al.,2018). Field experiments of the inoculant show promising
results with a potential to increase average soy grain yield byZ®percent in African soils
(Chibebeet al.,2018). The technology was recently introduced to smallholdereiis in northern
Ghana by a number of organizatibrasd their partners working together itoprove soybean
productionin the region As anewly introducedtechnologywith incomplete diffusion, it is
imperative to investigate what factaigve the adoptin of the inoculant technologandto what
extentcaninformationfrom one stage of adoption decision influence further adoption decisions in
the processas well as the impact of adoption on ysdahd farm net returns.

Our findings reveal that farmershe are at advanced stages of adoption appear to, on average,
more than double their yields and farm net retusaggesting that theew inoculant technology
have the potential toontribute to poverty reduction in the region, where poverty is endemic and
crop yields are below the potential yields targetr findings furtherreveal that the longerm
effects are much stronger than the stenn effects, conditional on the markets being able to
absorb the excess supply that may result from higher yiglusly, we also found thagxtension
servicesas well as efficient input and output markatskey to theinoculantadoption process, by
influencing knowledge acquisition, adoption and continued adaption

The rest of thgaperis organized as follows. S&ons 2 and 3present theheoretical framework
andempiricalspecificationwhile sections 4nd 5presenthe identificatiorand estimation strategy
and the study context, respectivelgection 6 presents the data used in the study, while section 7
containsour empirical results. The final section preserdaclusionsand policy implications of

the study.

6 Notable organizations farmers identified includ8iR> SARI, [ITA and USAIDADVANCE Project.
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3.2 Theoretical Framework

We assume thdarmers are riskeutral andheir technology adoption decisions agaidedby

expected net benefits from @uation (Kleemann and Abdulai 2013) Far mer sé6 adopti o
of a new technology is conceptualizas a decision tresonsisting offive decisionmakingnodes
alongadoptionpath”Y (see Figure 1A)Let U represent a finite adoption decisioraking nales

along the entire adoption path with a finite decision horizéi)(wherei is the lowest adoption

state and is the highest attainable adoption state;i be the choice indicator for adoption state

i for a farmer at adoption dston-making nodee andw i be the expected net benefits for a

farmer in adoption stafe

In line with Heckmanet al. (2016) the farmer 6s € net berefits casabd@ o pt i o
expressed as follows;

W i B 0 iw'i Q)

wherew i is the current net benefits for a farmer in adoption stand all other notations

remain as defined earlier.

Under autonomy, when the discrete choices made by a denisiber at the decisiemaking node

is known to the @nometrician, the dynamic discrete choice model can be employed to understand

the decisiorma k er 6 s i ntertempor al bHedkrmanet al.201@ kvd i t s
assume that the farmer 6s a-nakpng nodensautenoreisé® deci s
farmermay decide to sto@t any adoption state or continue to the next state, if the expected net
benefits for continuing to the next adoption
benefits. Let= i be the individual f a rofimileer n@tsbengfiss foc e i v e d
continuing to the next adoption state. The i
continuing to any adoption stdtalong the adoption patbcan be represented @$eckmaret al.

2016)
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w= i f i AGOB 1 B & 06 os | )
NV

wherev i is the set of feasible current and future adoption state choices available to the farmer

at the decisioomakngnode] i s f ar mer 6s assumed discount f ac"
benefits across the decisibno r  andal other notations remain as defined earlierfTaer me r 0 s
valuation of state net benefits from adoption at any adoption decrsa&img node consists of the

current staté benefits and that of the future adoption statep benefits, if they continue to the

next adoptionstate To refl ect this relationship-in the
making node , we follow Heckmanet al. (2016)andexpress the statpecific value function in

terms of equations 1 and 2faiows;

w=I(H w=101H 71 a=1{ pA ps iM i p (3)

wherew d8i s t he far mer 6 si valuerfunctiamaind aab@ pitsi otnh es tfaatreme
expected value function, if the farmer continue to the next adoption stape

However, expected net benefits from adoption at any state is latent and cannot be observed, but the
actual adoption choices @ by the farmer can be observéde let the adoption choice indicator

0 i equalto 1, if afarmer at decision nadehoses to be in adoption statand 0, otherwise

Based on the statpecific perceived net benefits value function, the fabneer adopt i on s
choicé€ at any decisioimaking node:, can be represented @éeckmanet al.2016)

6 i pQ@ AOCicA®in fori T;
v RS

0 | 1, Otherwise (4)

7 In our calculation of the continuation value we usedtfeei s b prazetidres which uses the transitional probability as the discount factor. This
takes away the discretion of assuming any arbitrary discount factor which is hard to observe in reality compoundefiduftthia dissessing its
heterogeneitamong any mup of decision makefSagerenget al. (2020).

8 This implies that théarmer at each stage of adoption is able to forecast the net benefits of the next stage.

9 This specification doe not assume any chaiegision ruls, as such, it neither imposesioatl expectation assumption nimrward-looking
behavioron agentss in traditional discrete choice literatukéence, agents may be myopic, time inconsistent and may be subjected to surprises
(Heckmaret al,, 2016; 2018)
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As noted byHeckman et al2016; D18), the specification of the decision rule in equation 4 differs
from conventional decisiemaking rules in the dynamic discrete choice literature. In the sense
that, no specifichoice rulas assumedas such it neither imposes rational expectationnragson

nor forwardlooking behavior on agengt any decision nodélence, agents may be myopic, time
inconsistent and may be subjected to surpris@sinstanceit is possible under myopicdecision
ruleas inherentintheBe | | man & s doeafarrser who obtainsInegative retuatisearly
stages of adoption tabandon the technology. Likewjsendera forwardlooking behavioras
inherent in theEuler decision rulefor a farmerto continue to adopt the technologyith the
expectation ofettinghigher returns in the long termespiteobtainingnegative returns at the early

stages of adoptidh

3.3 Empirical Specifications
Letddenote he i ndi vi dual frénmesoybeans preductioa aad be ¢he irdfcatar s
f or t h einotumntadaptiodcBoicedecision Empirically, equation 4 can be expressed as

the farmer 6s expected otortchoxedegsiordas llowst he i nocu!

~

@ | "0 T Y (5)

where @ is a vector obbserved characteristi¢grm and householi@ével characteristics ” and

[ are vectors of parameterioterest] is a constant and is an error term

Conventional static adoption decision analysis often tikatso be a singl e binar
Kl eemann and Abdulfamers 20d1t8 kvaluatel they parfemance of the
technology over many seasons before making final adoption decision. Astlsecidoption

decisioni ndi ¢ atayr not be a onetime binary decision

many s e as on sintobigsetting, weassuneithatterf mer 6 s adopti on dec

10\ve thank an anonymous reviawier making this suggestion on the theoretical explanation of the decmsiking mechanisms.

71



adynamic. pOme eiss whi ¢ h t hneakefinderadoption decsiosansars u me d
irreversiblesequential order over multipktages

Let' pMBH[ p!Obe a set of all possidll eBhkifdremional a
an ordered set (of. eal lalslt osptpaibnegs r sttbadisscksel pd a n gher

t he p)r onwtl@tshshighest attainable staté farmerat each node makes a
either to | e@ariontraasit to therkaode™ pQ Q p an@®'. We
assumehe farmeroperats in a time stationary decision environmemd past choices reveal the
farmer 6s t r an sDrepresent dindteesetiofalli possilde.trankitin tecisios that a

farmer can rake over the decision horizédd ¥ $,0i s t h é&é fsaronpepri ng fost at e
alivnYanWdis history of all states the Of aginier vi
the far mer vriwilsemn aVefsié ¥t a1, 0 op)h efiafr aedroes no't
stop butQmawn@s ptGo p)i,f t he faatr m@Ha tskteoapRDI1.6 ;
2018)

The farmer must make a transition decision, either to rema@ amovef r dm & p. We
assume btemaxdfi ifrifedsrt & or eosatnadt ¢ ,he f ar mer compares th
to the net benefits of moving to the next sta
far@metr ancsiissDpmag¢def ol | ows ;

N0 Y X ! H H A
T[hQQ Th'Q PRBRT p f oor

g Ro s i
oh & BRI 0 Qi Q P e p (6

where <= is the indicator of thd ar mer 6 s p-spedfie ialueefuhctiantfoa & armer
considering a move frojQ 1 t0’Q p.

assumed to cross a thre

At each adoption statthe perceived value functi

far mer t o move from one stat@® tbomaeimdedi eTaoc
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adoption state, vemRtespegifecwalut functiom eén aeseparable madel las
(Heckmaret al, 2016; 2018)

w N E o @ pBHAD (7)

whereZ is a vector of observed characteristioat includes an instrument for identification not

included in®, and— isthe unobserved factors theatf f e c t t tfamsiiohababilitye r 6 s

Due to observed and unobserved factors that
transon decision that the farmer makes has a
specific pot €®twihadl Egauntbgiosmeas saest of all possi bl
at adop@iodrendtisatle out d¢do mel pftricom icadiciblea ddnwot dd
farmessmeeci fic potenti alnyoatdo@md sh beac eatpieers afedr

a s e p arehas Heekmanetdl.2016; 2018)

O T £ Y, v kg Oy (B
where® is the statespecific potentialoutcome £ is a vector of observednharacteristics that
determinethe outcome at a particular state;is a parameter of interest and is statespecific

unobservedactors. Conditonabn t he number of adoption states

transitional process, the observed podgnti al
visited, can be expressed in & 29wiatsc Hfiodd orwesgr
@ B, O p © w O 9

whereOi s the stoppi n@(ideed sli)fogirsi nnchiec atram,si ti on
Wwis as defimed ehel ceunaedfactual outcome, if

current adoption state.
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3.4 Impact Identification and Estimation Strategy

The identification of dynamic technology adoption decisions must take into consideration
heterogeneity in aterved and unobserved farmer characteristics (Fagetethg2020; Benhabib

et al.,2019; Gabaixt al.,2 0 1 6 ) . I n particul ar, farmersoé dif
potentially endogenous to their transitional ability. [Bedenote finite dimensional vector of
farmer6s unobserved wealth endowments (e.g. f
proxied by observables (e.g. household assets, livestock holding, afermancome sources) in

a measurement equatidntuitively, the financial ability of a farmer determines the scale of farm
operations and investment in production inptitsus, generating a potential correlation between

the farmero6s transiti on YWec iggrieabathftey statespedifie pot e
value function and the potential outcome equations (7 and 8, respecivelyy t r ol | i ng
unobserved wealth endowment as bel ow

o= n A4 p o, @' pMBH[ p (10)

& T £ Pro1, L0y (D1

wherand are vectors of par ametaerdsaroef tihnet eerrersotr,
r e s p e ctanditark 3s defined previously.

We assume there could be probfiesnsnomi tdhi rmeatsluy
but proxied withLebb@ar sygbblt e me mdn one@tguat i binsg k
vector meaAsurieméntaPorrsguati ons a0 siamanilolu)s.l y,

measur eme retc aeng ypaetcii dn e(HHeak embh p2BOOIWG ; ; 201 8)

11 First, P correlates with thenobservable factors in the outcome equatiom @Esult oheterogengesinr et urns t o far mer sd wealt
due to differences in levels of investment in their scale of production and intensity of inpleuapproximatehtis correlated effect in a linear

in-parameter factor model 8  — 1 ). SecondP also correlates with thenobservable factors in the transitional choice decisioa to

inadequate financial ability to undertake furtlievestment in the production cycl&his correlated effect is also approximated in a linear

parameter factor model &s —_ U ) (seeHeckmaret al, 2016; 2018¥or more details.
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E N LiPhg

D>
<« (DX

(12

whe#keés a vector ofPisbsaeaeastnartnwbtaghes a vector
error terms thafg ®fhshN evidmht h (o readructr(yiltOa rs nasn di n
(1Heck man2a0bl, 2018) .

By conditg,;dohkmg ,om (arsimonious maf)?mom hnkel

individual farmer can be specified as foll ows

il B rolhrhl stht

B 0l mibh—0 ri @bh—a PP a3
wh e fQe3, "Q 8, dah@ artehe probabilisyfadensheypbtuanti e
adopti onmndlectihsei omeasur ement equations, respect
earlier defined

Equation 13 consists of three c¢ompactorgractusal, whi C
discrete choice model. The factor model 8 is estimated in the firsstage and in the second
stage, the adoption decision modRI8 is estimated with the inclusion of ann s t r Wmetna  (

account for sel ect 0 nprbeidaisc taendd far of na ctt hoer -nsecaosruer

stagecobonta for unobserved ability @&r adepltilon
decision. I n the final stage, the potential ol
case) Odddkselesti mated condiddg.onal on the first

12 \We do not intend to reproduce the full likediod equation as captured in Hecknedral. (2016; 2018)so interestedreaders can please see
Heckmanret al. (2016;2018) for the full specification of the likelihood function as well as the measurement equation.
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3.4.1 Estimation of Treatment Effects

I n this section, we provide the econometric r
The treat ment refers to the wvari ous -stpreacnisfiitci @
bené¥ i tedenbdbwempeci fic treat ment j. € &eocft afnor |
individual farmer selected aptwiren deohnarfarcarmr i Is e
ot P —-F making a decisi onQ ihpdrhemanatQoanr desit

represented as;

Y o OgE ot aP R phom m o wsE ot o R phroam p (14)
The popguwlveedr eage treat ment eff &otod(i ATiE)n afloro nf a

p) and integrating over the vectorsf offt o —fisobt ai ned as bel ow;

Y _E_O"Y st eht H»P P QO;; el p (15)

The same prodadedwr ebitaifnoltlhewd r eat ment effect
(ATUT) farmers at each transition state.

Unlike the classicaltreatment effect models, the total effect at the individiesatl can be
decomposed into two components. First, is thectigéfect of making a transition frof@0 Q p

and second, is the continuation effect for going beyong to &(wheredis thesubsequent states

after 'Q p), which evaluates the loAg e r m I mpact informing f ar me

(Heckmaret al.,2016; 2018)The continuation effet (0 ) component ofthe treatment effeds

13 Note thafiixing is different from condioning. Its use here is to make it possidlelerive the counterfactualitcomeof not making a transitign
which is necessarpecausdhe farmer has made a transition and is therefore not avadlitile counterfactual state toske the decisiorf{see
Heckmanret al, 2016; 2018).
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derived by conditioning orb(  p), of the population of farmers @ p, using the law of iterated

expectations as follows

Oz 6 O BT Qd &< ot @ B  phodn  p

@id p= it aP R phOodw p D p (16)

whebié¢ s the transitional '@rpo liavherelis thesubsefuenmo vi n g

states aftefQ p). alvheer age mar gi nal t, r enahti ncehn to faféghrtedt t mo(r

into thmwmakengsbehavtinoark eorf ias daelcsiosioobnt ai ned as

00 "YBa OVY® <L ot aP -FQ0or; aondd phss - (D)

The economic intuition of the AMTEekxspbé&nat, [
mar gi nal benefits of moving from one adoption
at a dmadigsinomde, iwhdi fmfagn drehei r tdsa R)g iHEeic&made c i
et 22016 ; TZhWils8) .t he AMTE represents an empirica
from adoption that an indiffer enntt rfasnrsmelti ocno ndsei
3.5 Context of Study

Soil fertility constitutes a critical production input in agriculture and plays an important role in the
welfare of poor subsistent agricultural societies (Kim and Bevis 2019; Kleemann and Abdulai
2013). With &out 90 percent of the farming population in Ghana being subsistent and cultivating

less than two hectares of land (MoFA 2017), degradable soil conditions present a major challenge

to food productivity and farm livelihoods. In particular, when 80 percént oGhanads t o

14 Thedirect effecis the expected net benefits that accrues to a farmer for transiting to the next adjacent adoption decision nodemjdbo as (fro
j+1). Whereas theontinuation effedts the expected net benefits that aesrto a farmer for transiting beyond the next adjacent adoption decision
node such as (transiting frgnto j+1, to j+2, toj+3,  éj+l )aand so on.
15The AMTE is different from local average treatment effect (LATE), in the sense that, LATE is notfdefimg specific margin of choice and
also depends ate population oinstrument compliers to measure treatment effect
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agricultural output depends on this category of farmers (MoFA 2017). To maintain the productive
capacity of soils in Ghana, scientific research organizations such as the International Institute of
Tropical Agriculture (IITA) and theCouncil for Scientific and Industrial Resear8avannah
Agricultural Research Institut¢éCSIR-SARI) and their partner organizations introduced the
Rhizobiainoculant technology to smallholder grain legume farmers. One key crop that is targeted
among other cropsisoybeanThe cropis targeted due to its potential to undergo sustainable
intensification andbility to providehigh amountof protein and other essential amino acids useful

for consumption by humans, animals and for biofuel (Heerwaaetlah, 2018; Chibebaet al.,

2018; Foyeret al. 2018). The inoculant technology is an organic input containing isolates of an
elite strain of bacteriaBradyrhizobium japonicuinand an organic carrier material (Lupwast

al., 2000). The inoculant technology is seamaaosteffective alternative to rehabilitating poor

soils by enhancing the bu#ap of biological nitrogen fixation (BNF) organisms in the soil (Giller,
2001).

The inoculant technology is expectedtoewdt f ect i vel y i mprove bymal |l ho
sustainably increasing productivity, while minimizing cost of production, compared to inorganic
inputs such as mineral fertilizers, which is sometimes priced out of reach for most smallholder
farmers. The inoculant dissemination program was centettbeé ithree regions (Northerdpper
EastandUpper West of northern Ghana, due to their soybean production potential in the country
as well as the high incidence of extreme poverty situation in these parts of the country. The northern
region where this atly is focus on is second poorest (30.7%) region in the country in terms of
extreme poverty incidence followed by the Upper East region (27.7%) with the Upper West region
(45.2%) ranking first in the country (GSS, 2018). With soybean being a cash d¢sopxpected

that increase in productivity will lead to increase in the household income, which can contribute to

78



poverty reduction for the poor households who depend on agriculture for income as well as food
and nutrition security.

3 6 Survey Procedure aml Data Source

We use primary data from a recent survey of farm households in the northern region of Ghana,
which was conducted from June to August 2018. The sample was drawn using-stagalti
sampling technique. The northern region was purposivelytedid@cause it is a major soybean
growing hub in the country and also happens to be the largest beneficiary of the agricultural
extension program that disseminated the novel inoculant technology. Cluster sampling technique
was employed to zone the regionia two clusters, consisting of eastern corridor zone (ECZ) and
western corridor zone (WCZ). Based on the districts participation in the dissemination program
and intensity of soybean production in the districts within the clusters, eight (8) districts,
comprising four (4) from each cluster were purposively sampled. From the ECZ, Yendi, Saboba,
Chereponi and Karaga districts were selected, while in the WCZ, East Mamprusi, East Gonja,
Savelugu and Kumbungu districts were selected. In consultation with eloe dificers and
agriculture extension agents (AEAS) in the selected districts, five to seven communities were
proportionally sampled, based on the dissemination channel received, program participation and
farmer population. Because the dissemination progwas implemented through farmesed
organization (FBO), one FBO was randomly selected from a list of treated FBOs for each treated
community and another randomly selected FBO from a list of untreated FBOs for each untreated
community. Using a lotterypporoach, we randomly drew five farmers from each FBO. After a
preliminary interview session with each of the selected farmers, using a computer assisted personal
interview (CAPI), a |list of the farmerso info
was compil ed. The CAPI random number gener at

numbers to randomly sample three network memb
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total of 600 farm households, consisting of 325 participants and 27pambapants, were
interviewed in a facéo-face session.

We also collected detailed data on the farm household inoculant usage, capital assets, participation
in nonfarm income generation activities and livestock value, in addition toderiographic and
farm characteristics. Tablg.1 presents definition and descriptive statistics of the variables used

in the analysis.

Table 3.1 Descriptive Statistics

Variables Definition and Measurement Mean(SD)
Outcome variables
Yield Soybean yield per hectare (kg/ha) 829.64
(888.24)
FarmNet Reurns Gross revenue less variable cost (GHC/ha) 840.26
(762.11)
Decision variables
Aware Farmer is aware of inoculant = 1; Otherwise = 0 0.84
(0.37)
Acknow Farmer acquire knowledge on inoant = 1; Otherwise = 0 0.66
(0.47)
Tryout Farmer first use of inoculant = 1; Otherwise = 0 0.32
(0.47)
Adopt Farmer second ugd inoculant = 1; Otherwise = 0 0.265
(0.44)
ContAdopt Farmer use inoculant at least for the third time = 1; Otherwise 0.26
(0.49)
Control variables
Gender Male = 1; Female =0 0.71
(0.46)
Age Number of years 41.56
(13.32)
HHize Number of people 5.78
(3.05)
Edu Y eass of schooling 2.79
(4.69
Farmsize Number of hectares 5.05
(4.37)
Agrochem Amount of active ingrei@nt in gram used per hectare 4.00
(7.19)
Agrochemcost Total cost of agrochemicals used per hectare (GHC) 57.67
(81.83)
Labor Persondés day worked per hect 7.81
(24.23)
Laborcost Total cost of personds day w 102.06
(155.36)
Extcont At least one prior extension visit before inoculant = 1; Otherwis 0.54
0 (0.50
Credit Credit constrairr 0; Otherwise= 1 0.83
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Variables Definition and Measurement Mean(SD)

(0.38)
District fixed effects
wcCz District is in the Western Corridor Zorel; Eastern Corridor 0.57
Zone =0 (050
Measurement variables
Inendwt Log monetary value dfiouseholdapital assetndowmentn 7.27
(GHC) (1.79)
Asset_index Househtd physical assets index 82.93
(122.59)
Nonfarminco Farmer engaged in nefarm work= 1; Otherwise= 0 0.63
(0.48)
Livestock Household livestock value (TLU) 1.18
(2.44)
Plot level fixed effects
Rainfall Amount of rainfallin (%) 61.63
(16.24)
Soil Soil quality (scale 01) 0.623
(0.20)
Instruments
Elradsig Electricity and radio signalarei n f ar mer 6 & 1, 0.95
Otherwise=0 (0.23)
Comextoff Presence of extension agemf a r noemndusity= 1; Otherwise 0.63
=0 (0.49)
Distexttof Distance tanearest extension offiadistrict capitalin (km) 18.86
(23.53)
Minac Mode of inoculant acquisitioPurctase= -1; Gift = 1 and Not 0.26
Available=0 (0.67)
Uncdand Household have at least 1ha of uncultivated Rdd Otherwise= 0.67
0 (0.47)
Commarkt Presence of local marketina r nmoemndusity= 1; Otherwise= 0.19
0 (0.39)
Observations (N) 600

(Continued from above)
Notes: The table shows the definition, measurement and descriptive statistics of the farm hougétiotts.inoculant technology
being new to farmers, we empl oyed a hybr ieattiorcforgdliay elevarica. uct ur e
Therefore, farmers who acquire the technology without paying anything is coded as positive (+1), while those who puaohased it
coded negative-1), and none availability as zero (0).

A mean difference comparison in Tald&1 in the Appendix, reveals significant differences in
sociceconomic characteristics between the dissemination program participants ahd non
participants. In particular, program participants significantly differ in gender, age, previous
extension contast soil quality conditions, and mode of inoculant acquisition, compared to non

participants. Program participants also appear to have shorter distances to the nearest extension
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office and have amenities such as electricity and radio signals in their camesiudowever, it

appears program participants operate smaller farms, use less labor, experience lower level of
rainfall and live in smaller households, compared topamicipants.

Using recall information from our crosectional survey, we construdta dynamic multstage
adoption data, which is used for this anal ysi :
information may be used to approximate the dynamic pattern of the adoption process (Besley and
Case, 1993). We asked farmers year they first heard of the inoculant technology and the year

they first used the technology on their own farms. We also conducted an inoculant knowledge test
and obtained farmersdé inoculant knowledge tes
passive information acquisition (i.e. knowledge acquisition) in the adoption process. We took
information on farmersdé6 active participation
inoculant technology. Farmers who participated in field trial/destration are deemed to have

tried the technology and, therefore said to have acquired active information. Past studies that
looked at adoption as a dynamic process failed to distinguish between the role play by active
information acquisition and passiugormation acquisition. Intuitively, each of these modes of
information acquisition may generate different learning outcomes and impacts on the adoption
process (Feder and Sl ade, 1984) . Exploiting f
different i al s among farmers in our dat a, we cons
sequential adoption decisidfAsbased on the synthetic cohort assumption ($TA)

Table3.2 shows the subamples and characteristics of farmers at each cohort acrossitus va
stages of inoculant adoption. About 84% farmers are at awareness stage, 66% at knowledge
acquisition stage, 32% at the trial stage, 27% and 26% at adoption and continued adoption stages,

respectively.

16 Farmers who usteinoculantonly once is also considered as trial even without participation in field demonstration exercise.
17See the farmers6 adoptilon decision tree in Appendix A
18 The SCA is a standard practice in the dynamic disaietéce literature (Heckmaet al, 2016; 2018).
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Table 3.2 Comparison of Farmer Characteristics by Adoption Stages

Variables Aware Acknow Tryout Adopt ContAdopt
Mean(¥E) Mean(E) Mean(E) Mean(E) Mean(E)
Yield 0.33™ 0.04 017" 0.30™ 0.40™
(0.11) (0.08 (0.09 (0.09 (0.09)
Farm Net Return 0.12 -0.05 -0.14" -0.15 0.04
(0.01 (0.08 (0.08) (0.08 (0.08
Gender(Male=1) -0.03 0.10 0.06 0.06 -0.10”
(0.05 (0.04) (0.04) (0.04) (0.04)
Age 2.33 3.05™ 1.19 1.28 3.51™
(.48 (1.14 (217 7(1.23) (1.29
HHSize -0.38 -0.16 -0.46 -0.19 0.58
(0.34) (0.26) (0.27) (0.28 "(0.29)
Edu -0.01 0.03 0.05 0.08" -0.03
(0.05) (0.04) (0.04) (0.04) (0.05)
Farmsize 0.004 -0.42 -0.66 -0.61 0.04
(0.49 (0.38) (0.39 (0.40 (0.41)
Agrochem 0.07 -0.57 -0.75 -0.87 -0.16
(0.80) (0.62) (0.63) (0.66) (0.67)
Agrochemcost -8.14 -533 -3.75 -7.49 -1.03
(9.11) (7.06) (7.20) (7.57) (7.65
Labor -1.81 -3.12 1.00 1.92 -0.88
(2.70 (2.09 (213 (2.29 (2.27)
Laborcost -6.03 2272 8.79 12.34 -3.57
(17.31) (13.38) (13.66) (14.36) (14.53)
Extcont 0.62™ 0.80™ 0.18™ 0.08" 0.19™
(0.05) (0.08) (0.04) (0.05 (0.05)
Credit -0.07 -0.08™ -0.02 -0.02 -0.04
(0.09) (0.03) (0.03 (0.09) (0.09)
Rainfall -3.26° -2.45 0.40 0.52 -1.50
(1.81) (1.40 (143 (1.50 (152
Soil 0.02 0.02 0.03 0.03 001
(0.02 (0.02 (0.02 (0.02) (0.02)
wcCz -0.09 -0.02 0.06 0.04 0.03
(0.06) (0.09) (0.04) (0.05 (0.05)
Comextoff -0.12" -0.02 0.06 0.06 -0.002
(0.05) (0.04) (0.04) (0.05 (0.05)
Distextoff -6.46" -4.38" -6.82™ -8.16™ -5.24"
(2.79 (2.16) (2.19 (2.30 (2.39
Elradsig -0.02 0.01 -0.01 -0.01 0.004
(0.03 (0.00 (0.02) (0.02) (0.02
Commarkt -0.01 -0.02 -0.08™ -0.08" 0.05
(0.09 (0.03) (0.03) (0.09) (0.04)
Minac 0.31™ 0.14™ 0.46™ 058™ -0.32"
(0.07) (0.06) (0.06) (0.06) (0.06)
Unculand -0.07 -0.04 -0.08 -0.08" -0.06
(0.05) (0.04) (0.04) (0.09 (0.09)
Asset_index 15.46 -2.87 6.14 4.89 7.46
(13.65) (1059 (10.78) (11.35) (11.46)
Nonfarminco -0.03 0.01 0.03 0.07 0.04
(0.05) (0.04) (0.04) (0.05) (0.05)
Livestock 0.18 0.19 0.11 0.06 0.14
(0.27) (0.23) (0.21) (0.23) (0.23
Endwt 31874 369.43 89.70 196.64 214504
(142530 (1104.36) (112492 (118399 (119310

Sub-Samples 504 397 189 159 154




Notes: ***  ** and * are 1% , 5% and 10% significance levels respectively; values in brackets are standard errors. Téteotakilee differences
in mean comparison of farmers at various binary decision nodes (e.g. Aware vs Unaware, Acquire knowledgeovdedge Tryout vs Ne

Tryout, Adopt vs Neadopt, Continuedhdoption vs Discontinueddoption).

Farmers at each cohort alsppear to differ significantly in their observed characteristics.

Figure3.1 shows the diffusion and adoption curves of the inoculant from 2014 to 2018, the self
reporting period covered in the survey. As seen in Figudreno farmer in our sample eitheeard

or used the inoculant technology in 2014. It appears the dissemination program intensified in 2015
and peaked in 2016, when many farmers became aware of the technology. Within this period,
adoption was slow until 2017, when most farmers begun ubmgioculant, an indication that
diffusion of the inoculant technology may still be incomplete and farmers may be at different stages

in the adoption process, justifying our argument to depart from the classical approach.
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Figure 3.1 Inoculant Technology Diffusion and Adoption in Northern region, 2014 2018.
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3.7 Empirical Results
3.7.1 Determinants of Adoption Transition Decisions

Table 3 presents the results on factors t het det
adoption state to the other. The table contains estimates from two generalized continuation ratio
models with a probit link (Model 1 and 2). Note that the continuation ratio model, unlike
proportional odd models, estimates the conditional probabilibgioig above a particular adoption

state given that a farmer has attained that particular adoption state (Liu and BaBadigy et

al., 2018; Fullerton and Xu, 2016). Model 1 assumes that farmers and adoption states are
homogenous in characteristicsdain benefits across states, respectively (implying the parallel
line/proportionalodd assumption). As such, model 1 constraint coefficients across all transitions
to be equal. In model 2, we relax the parallel line assumption and allow farmer chdresgamis
adoption states to differ due to heterogeneity that exist in farmer characteristics and benefits
accruing to farmers at different adoption states. The specification in model 2 is important because
when farmers make sequential adoption decisiohjsbmisspecified as a dichotomous decision,

this can lead to serious statistical bias and inconsistent esti(Baies2017 Williams, 2016).A
log-likelihood ratio test (reported below in the last row of table 3) between the two models shows
thatmodeR i s a better speci fi cat-makingpmdéesstcongarédar mer
to model 1. We therefore restrict the discussion of our results to model 2 estimates, since that is
more consistently estimated.

Before delving into a discussion of thlividual predictors, we first comment on the threshold
crossing index describing the adoption transition behavior of farmers, as captured in equation (6)
of the empirical specification and the average transitional probability. We report estimates of the
threshold indices and the average transitional probabilities in the lower part o8ate shown

in the Table, the threshold estimates in model 1 are positive and significantly different from zero
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(at 5% and 1% level, respectively) across all the tologtates, suggesting that adoption states are
heterogeneous and farmers move from lower benefits adoption states to higher benefits states.

Table 3.3 Determinants of Adoption States Transition Decision

Variables All States Acknow Tryout Adopt ContAdopt
Model 1 Model 2 Model 2 Model 2 Model 2
Coeffs. (S.E) Coeffs. (S.E) Coeffs. (S.E) Coeffs. (S.E) Coeffs. (S.E)
Gender(Male=1) -0.14 -0.37 -0.16 0.08 -0.60"
(0.10) (0.23) (0.17) (0.18) (0.22)
Age 0.04" 0.09" 0.06" 0.03 -0.06
(0.2 (0.04) (0.03) (0.03) (0.04)
Ag€? -3-e4 -0.0aL -0.001" -3-e4 0.001
(2-e9 (0.001) (3-e9 (3-e9 (0.001)
HHSize 0.01 -0.00 0.03 0.002 -0.06
(0.01) (0.03) (0.02) (0.03) (0.05)
Edu o1 0.39 0.30° -0.04 -0.53"
(0.09) 0.2 0.17) 0.17) (0.28)
Farmsize -0.01 -0.02 -0.03 -0.02 0.03
(0.2 0.0) 0.03 0.04) (0.05)
Agrochem 0.002 0.01 001 0.003 -0.09
(0.00) (0.02) (0.8) (0.03) (0.06)
Agrochemcost -0.001 -0.001 -0.003 7-e6 0.004
(0.001) (0.001) (0.003) (0.003) (0.01)
Labor 0.01 0.02" 0.01 0.01 -0.002
(0.01) (0.01) (0.01) (0.01) (0.01)
Laborcost -0.001 -0.003 -0.001 -0.001 0.002
(0.001) (0.001) (0.001) (0.001) (0.002)
Extcont 0.98" 253" 0.54" 0.94" 1.357
(0.09) (0.29) (0.15) 0.17) (0.38)
Credit -0.078 -0.191 -0.001 -0.106 -0.107
(0.097) (0.324) (0.177) (0.183 (0.253
Rainfall 0.001 -0.004 0.01 0.002 -0.0T
(0.002) (0.01) (0.004) (0.01) (0.01)
Soll 0.44" 0.78 0.19 0.24 0.17
(0.20) (0.45) 0.37) (0.30 (0.64)
wWCz 0.19" 0.42" 0.9 0.04 067
(0.08) (0.22) (0.15) (0.16) (0.23)
Distextof -0.00™ -0.01 -0.01™ 0.01 -0.00
(0.002) (0.003) (0.003) (0.004) (0.01)
Comextoff 0.08 0.08 0.11 0.03 -0.2
(0.08) (020 0.19 (0.16) (0.25)
Elradsig 0.07 -0.35 0.3 0.01 5.93"
(0.19) (0.35) (0.28) (0.33) (0.62)
Minac 0.11 0.66™ 0.42" -0.07 -0.50™
(0.06) (0.13) (0.08) (0.08) (0.12)
Unculand -0.23" -0.25 -0.17 -0.2 0.10
(0.09) 0.21) 0.19 (0.15 (022
Commarkt 0.05 0.23 0.25 -0.23 0.4
(0.10) (0.25) (0.18) (0.19) (0.30)
Thre-index(® 0.33 1.340 1.68 1.38 5.3%™
(0.48) 1.22) (0.83) 0.97) 1.3%)
LL -733.399 -651.463
Wald Cht 182.31" 676.60"
LR T¥st o 163.87"
Trans. Prob. 0.895 0.672 0.916 0.774
[0.191] [0.156] [0.140 [0.314]
Observ (N) 536 536

Note: *** | ** and * are 1% , 5% and 10% significance levels respectively; values in brackets are robust standard errorgalubsein square brackets are standard
deviations. The table shows estimates from the generalized continteattprobit nodel as represented by equatid@) i the empirical specification, which measures

the conditional probabilit)(lv) ik b L il g B o ) of a farmer moving from adoption state j to j+1.
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Compared to model 2, the threshold estimates of model 1 are generally downward bias, indicating
that agents make sequential adoption decisionshékhreshold indices across the two models are
positive. Specifically, the threshold for farmers at the knowledge acquisition state to move to trial

state is 1.3, and 1.7 for farmers at trial state to move to adoption state, 1.4 for farmers at adoption
state to move to continued adoption. Interestingly, the threshold for farmers at the continued
adoption state increases sharply to 5. 3, sSugog
benefits in order to continue their adoption of the inoculaet &kld and own trials. Lambrecét

al. (2014) in their study of mineral fertilizer adoption in Eastern Congo made similar observation

t hat farmersé expectations of potenti al retur
may have negative nf | uence on continued adopti on. I nt ul
perception of gaining an additional unit benefit is very high in arriving at an adoption decision. A
finding which is consistent with optimizing behavior of farmers in adopbdbnew agricultural
technologies in the literature (see Abdulai and Huffman, 2005). Again the fact that, the threshold
index is monotonic across adoption states indicates heterogeneity ispseifec marginal

benefits, a phenomenon that is also cdaesiswith sorting behavior among agents (Bui, 2017;
Lindeboom and van Doorslaer, 2004). To the ext
adoption decision is sequential, as captured in our dynamic specification, rather than dichotomous,

as ofen assumed in classical adoption models (see Buis, 2017; Mare, 2006; 2011).

Table 3.3 also reports the average transition probability at each adoption state. The transition
probability measures the chances of agents passing through a particular tramsitibvely, it

implies that, the more agents pass through a particular transition indicates that the differences in
benefits are higher between those that pass and those who fail to pass (Buis, 2017). The results
show that, on average 90% of farmersaatreness state pass through to knowledge acquisition

state and 67% of farmers at knowledge acquisition state pass through to the trial state, meaning that
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more farmers are exposed to the inoculant technology. The table fiatieais that 92% of trial

farmers pass to adoption state, and 77% of the farmers at adoption state pass to continued adoption
state. Also, because benefits differ between farmers who attain a particular adoption state and those
who did not, means, at each stage farmers can learn abord average benefits of the new
technology from other farmers. In this way, the probability of more farmers adopting the new
technology increases due to learning, as information acquisition and adoption decisions of new
agricultural technologies are eft jointly determined (Abdulagt al., 2008). The high average
transition probabilities at the knowledge acquisition and trial states underscore the importance of
extension information provision and promotion campaigns in the diffusion and adoption process
of new agricultural technologies, as echoed in the literature (Takadtadh2020; Anderson and

Feder, 2007).

We now turn our attention to the individual predictors. In T&iBe a positive coefficient of a
predictor is interpreted as the conditiopabbability of being at a particular adoption state and
moving beyond to a higher state where margins of benefits are perceived to be greater, while the
reverse is true for a negative coefficient (Liu and Bai, 2019; Baeldai;,2018; Buis, 2017). The

results in Tableg.3 show that the coefficient of prior extension cont&ott¢on) is positive in all

adoption states (significant at 1% level), suggesting that farmers who have access to adequate
extension services are more likely to be aware and kngeddde in the inoculant technology,
compared to farmers with less previous extension contacts. A finding that is consistent with the
argument that knowledgatensive agricultural technologies require skilled extension staff to
facilitate the adoption press (Takahaskt al.,2020; Issahaku and Abdulai, 2019).

Table 3.3 shows that mode of inoculant acquisitidvir{fac) pl ays a role in fa
decisions. The results reveal that farmers who acquire the inoculant as a free gift are more likely to

move from awareness state through to trial state but are less likely to get to adoption and continued
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adoption states. Indicating that, free distribution of new divisible technologies to farmers during
dissemination programs have high probability in crgaawareness, getting farmers to acquire
knowledge and trying the technology, but may not lead to adoption and continued adoption.
Conversely, farmers whose mode of acquisition is by purchase have high probability of getting to
continued adoption, comparéal farmers who had free inoculant or have no access to inoculant
supply, indicating that input markets to ensure constant supply of the inoculant to farmers may be
indispensable in getting farmers into adoption and continued adoption states. This fgrdeg) a

with Shiferawet al.(2015), who found input supply constraints to be responsible feadoption

of improved groundnut variety among adoptisitling farmers in Uganda.

Table 3.3 shows that farmer location has positive effects across adoptiaitivarstates. The
results reveal that farmers located in the western corridor 20/@)( which is closer to the
regional capital, have high probability of moving beyond knowledge acquisition state to continued
adoption state, compared to farmers in thstern corridor zone (the base category). The results
further show that decrease in distanbést{extoj to the nearest extension office, increases the
likelihood of farmers moving beyond trial and adoption states to continued adoption state. This
suggeststhat farmers who are close to the district or the regional capital may have better
infrastructure and access to information, compared to their counterparts who may be remotely
|l ocat ed. A finding that i's in | insuwppwandh Sur
infrastructure constraints may be ceffiective way to facilitate adoption of improved agricultural
technologies among farmers.

Table33 al so shows that soi l guality plays an
Because the inoculatechnology is an organic product with huge potential of maintaining good
soil structure and fertility (van Heerwaardsral.,2018), farmers who perceived the quality of soil

in their farm plots to be fertile or good are more likely (significant at é%l) to move beyond
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inoculant knowledge acquisition state to adoption and continued adoptiod®stEhescoefficient

of rainfall at the continued adoption state is negative (significant at 10% level), indicating that
inadequate rainfall may negativelyfin uence f armersé <continued ad
similar to that of Shahzad and Abdulai (2020), who found average daily rainfall to have negative
influence on f ar mer s ésmartdaonppractioes in Bakistans i on of c | |
Theresultsin@ble33 al so highlight the i mportance of f &
their adoption decisiong he results show thdhe coefficientrepresenting age igositive and

significant in all adoption stateexcept at the continued adoption stathile the squared term

have negative and statistically significant coefficient across all adoption, state®sitive at the

continued adoption stat&his finding siggess that at younger agean increase in age increases

the probability ofadoption,with the maximum effect occurring at approximately 46 yeatsle
atolderages, the probability of adoption decreases with increasingtém&ever,once adoption

takes placeplder farmers who are more experienced are likely to benefit from the nevokegi

more than younger farmers and therefore more likely to sustain their adoptisnfinding
corroborates Lambreckt al. (2014), who found older and more experienced farmers to be more
efficient and better judges of expected returns than lessierped younger farmers, resulting in

higher continued adoption rates of mineral fertilizer among older farmers in Eastern Tainigo.

3.3 also shows that education is positive in the transiiecisionof farmers from awareness to
knowledge acquisitionral trial states (significant at 10% levedspectively, but negative at

adoption and continued adoption statggr(ificant at 1% level), suggesting that increasing levels

of education increases the probability of learning about the new technologyeatrithstages in

the technology adoption or diffusion process, and declines at later stages after farmers have learnt

19 Majority of the farmers in our sample were the indigenous land owners and not rentersthinbegrvation is consistent with economic
theory of owneoperated lands as farmers have the obligation to maintain productivityirdftids into the future.
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more about the new technology. The results in Table 3 also reveal that access to at least one hectare
of uncultivated Unculand land is inportant in the adoption of newly introduced technologies.
Farmers without extra land are less likely to try a new technology or adopt immediately, but are
more likely to be in continued adoption state once the technology is well diffused and farmers learn
from the trials of others. Intuitively, this makes sense as risk averse farmers may be reluctant to
commit their only productive lands to the new technology, compared to farmers who have access

to extra land available.

3.7.2 Impact on Returns to Inoculant Adoption

In this section, we present results of the estimates of the transition stages on the outcome variables.
The impact of inoculant adoption on yields and farm net returns are presented in3ibles

3.5, respectively. These results are amdi from the thiréstage estimates of equation (13) (i.e.,

"Q 8) of our factor structural mod@l The estimated impacts represent the observed cases that the
farmer makes a transition to a particular stage and the counterfactual case that theidanater

make the transition. Hence, the results are the average effects on yields and farm net returns at each
adoption state that the farmer attained. For brevity, we focus the discussion on the impact on yields
(Table3.4) and extend it to the farm neturns (Tabl&.5). Both Table8.4 and3.5 show positive

and statistically significant impact of inoculant adoption on yields and farm net returns,
respectively, across all adoption states. The results in Bableveal that, on average, the yields

for farmers who used the inoculant for the first season (i.e. at the trial state) was 108kg/ha of
soybeans, with the yields increasing to 151kg/ha and 191kg/ha for farmers who used it for at least
two seasons (i.e. at the adoption state) and farmers whot Gisedtileast three seasons (i.e. at the

continued adoption state), respectively. We observe a pattern of marginal incremental benefits as

20\We report the firsstage, the secorstage and the thirstageestimatesn the appendiXseeTables 3A.1&3A.2 inAppendix A2&A. 3), theydo
not contribute much to #currentdiscussionNote that the outcome variables are log values.
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farmers move from one adoption state to the other, suggesting that farmers may still be learning
about the inoculariechnology and the benefits are heterogeneous, depending on the adoption state

of the farmer.

Table 3.4 Impact on Yield (kg/ha)

Treatment Effects Acknow (1) Tryout (2) Adopt (3) ContAdopt (4)
ATE? 0.66™ 0.94™ 1.357 1.73"
(0.29) (0.03) (0.04) (0.07)
ATE 0.73" 1.08™ 1.51™ 1.91™
(0.03) (0.03) (0.05) (0.08)
ATT 0.75™ 1.06™ 1.45™ 2.08™
(0.03) (0.04) (0.06) (0.11)
ATUT 0.34" 1.11™ 2.06™ 1.70™
(0.13) (0.06) (0.13) (0.13)
AMTE* 1.58™ 1.60™ 1.57" 1.69™
(0.07) (0.08) (0.08) (0.09)
AMTE 1.96” 1.87" 1.777 2.09™
(0.07) (0.09) (0.10) (0.13)

Note: *** ** and * are 1% , 5% and 10% significance levels respectively; values in brackets are standard errors. Thehdattlee estimates

of the treatmenteffects (withoutontinuation values) of the adoption process on soybeahseturns ATE is the average treatment effects for
farmers at each adoption statg; "Y'ds the average treatment effects for the full population of farmers; ATT is the average treatment effects for
farmers who chose to transit to a higher adoption state; ATUT is the average treatment effects for farmers who choaesiibta@higher
adoption state. The average marginal treatment effect (AMTE) is the average effects for farmers at an adoption traesittom ate indifferent
between transiting to a higher level adoption state or Bob Yds the averagenarginal effectsfor the full population ofarmerswho are

indifferent between transiting to a higher level adoption state ar not
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Table 3.5 Impact on Farm Net Returns (GHC/ha)

Treatment Effects Acknow (1) Tryout (2) Adopt (3) ContAdopt (4)
ATE? 0.43™ 0.46™ 0.48™ 0.51"
(0.03) (0.03) (0.04) (0.05)
ATE 0.50™ 0.56™ 0.51™ 0.49™
(0.02) (0.03) (0.04) (0.04)
ATT 0.54™ 0.51™ 0.47" 0.62™
(0.02) (0.03) (0.04) (0.06)
ATUT 0.02 0.67" 0.85™ 0.34"
(0.05) (0.04) (0.13) (0.06)
AMTE* 0.48™ 0.49™ 0.49™ 0.58™
(0.05) (0.06) (0.06) (0.07)
AMTE 0.60™ 0.50™ 0.45™ 0.67"
(0.04) (0.05) (0.05) (0.07)

Note: *** ** and * are 1% , 5% and 10% significance levels respectively; values in brackets adastieerrors. The Table show the estimates

of the treatmenteffects (withoutontinuation values) of the adoption process on soyberahseturns ATE is the average treatment effects for
farmers at each adoption statg; "Y'ds the average treatment effects for the full population of farmers; ATT is the average treatment effects for
farmers who chose to transit to a higher adoption state; ATUT is the average treatment effects for farmers who chaaesibtat@higher
adoption state. The average marginal treatment effect (AMTE) is the average effects for farmers at an adoption traesittom &te indifferent
between transiting to a higher level adoption state or BOB Yds the averagemarginal effectsfor the full population ofarmerswho are

indifferent between transiting to a higher level adoption state ar not

This finding is consistent with van Heerwaardsral. (2018) who found average yields to be in

the range of 102 180kg/ha in anmfarm experimental trials of the inoculant across ten countries

in subSahara Africa (with Ghana included). On the other hand, average farm net returns for
farmers at the trials state is 56 GHC/ha, 51GHC/ha at the adoption state and 49GHC/ha at the
continted adoption state (see Tald®), suggesting that early adopters of the inoculant benefit
more in terms of revenue due to marginal increase in their yields in those seasons. This observation
is consistent with the literature on diffusion and adoptioreaf technologies, where early adopters

tend to get the greatest returns, thereby triggering the race to high order adoption (e.g. Karshenas
andStoneman, 1993).

Table3.4 further shows that the average marginal treatment effect (AMTE) for farmers asvariou
margins of indifference deciding whether to make the next transition or remain where they are, in

terms of yields, is 187kg/ha for farmers at the trial state, 177kg/ha at the adoption and 209kg/ha at
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the continued adoption state. It can be observedhieBab that, with farm net returns, the AMTE

is 50GHC/ha for farmers at the trial state, 45GHC at the adoption state and 67GHC/ha at the
continued adoption state. The AMTE estimates for both outcome measures are positive across all
adoption states and sificant at the 1% level, suggesting that farmers with unobserved factors
(such as wealth endowment) that increase their ability to make further adoption transitions stand to
gain more from such transitions. In other words, farmers who tried the inotetanblogy and

have the financial ability to continue to use the inoculant stand to benefit more from their continued
adoption. We also observe from the results in Tabesand3.5 that the impact gap is wider for
yields compared to that of farm netusts, which can be attributed to differences in prices faced

by farmers (both input and output prices), timing and place of sales.

Figures3.2 and3.3 present the distributions of impacts at the-gapulation level of farmers at

each adoption state. Wimd that farmers who are observed to make a transition at each adoption
state (that is, the treated cas&T) obtain higher yields and farm net returns, compared to if the
same farmers did not make the transition (that is, the untreatetll¢di§g The results reveal that

the impact distributions at the spbpulation means for both outcomes are positive and above the
subpopulation means at zero. Examining the pattern of the impact distributions at the sub
population means reveal an interesting finding.phrticular, we observe positive pattern of
selection on gains (i.e. TT>ATE>TUT) at the knowledge and continued adoption states, and
negative or reverse pattern of selection (i.e. TUT>ATE>TT) at the trial and adoptiof'sTdiese
findings suggest twodterogeneous group of farmers. One group that would have benefited more
from further investment in the inoculant adoption, but, due to low levels of unobserved factors

(such as wealth endowment) are unable to make transitions beyond trial and adogisofi. stat

21 selection on gainis this literature refers to a case where farmers who have higher or lower valuebsdgnved ability (i.e., unobserved factors
such as wealth endowment that poses a resistance to a farmer to make a transition) to transit obtain higher than itiveragke¢tios on gain)
or lower than average (negative or reserve selection on gaibgnefits from making an adoption transition.
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the negative selection on gains group). The second group (i.e. the positive selection on gains group)
with high level of unobserved factors, and low benefits from the inoculant adoption which suggests
that the inoculant technology may be more fiersd to poor farmers. These findings imply that,

there are still unrealized potential gains to be made from the inoculant dissemination program,

suggesting that policies aimed at promoting trial and adoption of the technology among farmers

may still be mcessary to achieve the desired impact.
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3.7.3 Longterm Impact of Returns to Inoculant Adoption

In this sectio, we present results derived from the estimates of equation (16) in the empirical
specification in Table3.6 and3.7 for yields and farm net returns respectively. The results represent

the longterm impact of technology adoption, which approxine¢pog valuation of opportunities

that farmersdé current adoption decisions open
current adoption choices have future consequences and have to be taken into consideration when
anal yzing f ar me inaitivelyg ldrongrs whotry a te¢chrmology are more likely to

adopt, and those who adopt conditional on the benefits, are more likely to sustain their adoption.
This valuation of the dynamic impact of opportunities constitutes thet@ngforecast of beffiés
informing farmersé adoption decisions, but i s
impact studies.

The results in Table3.6 and3.7 show similar patterns in the distribution of benefits, similar to

those computed without the inclusiofithe continuation values presented in TalBldsand3.5.

All the estimated coefficients are positive and statistically significant at 1% level, indicating that
farmer sé val ua ttarnobenefits at each adeptian state id inopartgnt iadbption

decisions they make. The estimates of ATE presented in row 2 of I&hlsuggest that the

average total effect on yields for farmers at the trial state is 204kg/ha. Similarly, the effects for
farmers at the adoption and continued adoptionstate 298kg/ha and 329kg/ha, respectively. In

terms of farm net returns, presented in Table we find average total effect to be 91GHC/ha for

farmers at the trial state, 85GH/ha at adoption state and 78 GHC/ha at continued adoption state.
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Table 3.6 Impact on Yield Estimates with Continuation Values (kg/ha)

Treatment Effects Acknow (1) Tryout (2) Adopt (3) ContAdopt (4)
ATE" 1.09™ 1.76" 2.55" 2.93"
(0.04) (0.07) (0.10) (0.13)
ATE 1.14™ 2.04™ 2.98™ 3.29"
(0.04) (0.06) (0.11) (0.14)
ATT 117" 2.02" 2.83" 3.57"
(0.04) (0.07) (0.11) (0.19)
ATUT 0.78™ 2.09™ 4.33" 2.95"
(0.19) (0.10) (0.20) (0.13)
AMTE? 6.64™ 7.65™ 7.68™ 7.55"
(0.40) (0.36) (0.39) (0.40)
AMTE 8.19™ 9.01™ 8.61" 8.80™
(0.35) (0.36) (0.39) (0.64)

Note: *** ** gand * are 1% , 5% and 10% significance levels respectively; values in brackets are standard errors. Theh®attlee estimates

of the totadynamic treatment effect®¢luding continuation values) ofdtadoption process on soybean yields. ATE is the average treatment effects
for farmers at each adoption statg;"Y-d's the average treatment effects for the full population of farmers; ATT is the average treatment effects
for farmers who chose to transit to a higher adoption state; ATUT is the average treatment effects for farmers whotohoaesitaib ahigher
adoption state. The average marginal treatment effect (AMTE) is the average effects for farmers at an adoption traesitiom ata indifferent
between transiting to a higher level adoption state or Bob Yds the averagemarginal effectsfor the full population ofarmerswho are

indifferent between transiting to a higher level adoption state ar not
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Table 3.7 Impact on Farm Net Returns Estimates with Continuation Values (GHC/ha)

Treatmet Effects Acknow (1) Tryout (2) Adopt (3) ContAdopt (4)
ATE" 0.66™ 0.71™ 0.76™ 0.79™
(0.05) (0.06) (0.08) (0.10)
ATE 0.77" 0.91™ 0.85™ 0.78™
(0.04) (0.04) (0.07) (0.08)
ATT 0.86™ 0.82™ 0.76™ 0.99™
(0.04) (0.05) (0.07) (0.01)
ATUT -0.14 1.09™ 1.67" 0.52™
(0.19) (0.07) (0.21) (0.11)
AMTE" 2.707 271" 2.66" 3.16™
(0.32) (0.35) (0.35) (0.40)
AMTE 3.56™ 2.98™ 2.59™ 3.95™
(0.22) (0.27) (0.27) (0.39)

Note: *** ** and * are 1% ,

5% and 10% significance leve¢spectively; values in brackets are standard errors. The Table show the estimates

of the totaldynamic treatment effect:iflluding continuation values) of the@ption process on soybeamet returns ATE is the average treatment

effects for farmers atach adoption stated .,de's the average treatment effects for the full population of farmers; ATT is the average treatment

effects for farmers who chose to transit to a higher adoption state; ATUT is the average treatment effects for farmese whbtohiransit to a

higher adoption state. The average marginal treatment effect (AMTE) is the average effects for farmers at an adoptam dtatesivho are

indifferent between transiting to a higher level adoption state or-du?j. Yds the averagemarginal effectsfor the full population ofarmers

who are indifferent between transiting to a higher level adoption state or not

Tables3.6 and3.7 also show that the total AMTE estimates at all adoption states are positive and

statisticdly significant at 1% level. In particular, the results reveal that total AMTE for farmers at

the margin of trial is 901kg/ha, 861kg/ha for farmers at the margins of adoption and 880kg/ha for

farmers at the margins of continued adoption. These estimateksae to the experimental results

of van Heerwaardert al. (2018), who found average total yield of 1343kg/ha obtained by

inoculant users in an eiarm experiment in ten countries of sBhhara Africa (with Ghana

included). A plot of the full distributins of the total treatment effects at both population and sub

population levels reveal similar distributions of imp&c#sd selection on gains pattern among the

farmers. The implication of this finding is that, there exists potential-temg benefits om

adoption

of

i nocul

ant

technol

0gy,

22 SeeAppendix A.5, A.6 and A.7 for population level and qudipulation level distributions, respectively.

as

f ar mer s 6
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double, compared to the shoerm benefits. This observation resonates with the benefits stream of
organic agricultural inputs that have letggm impacts oimproving soil fertility?>.

3.7.4 Robustness Check

The validity of our treatment effects hang on proper identification of the unobserved wealth
endowment effect on farmersdé transitional abil
of the empiical specification. In the interest of brevity, we discuss the distributions of the
unobserved factors as well as the heterogeneity of the factors across each adoption state, but present
the results in the appendix, by way of robustness check. F3guéepresents the mixture of two

normal distributions of the unobserved wealth endowment for farmers at each of the adoption state
(see Appendix A.8). The results show evidence of sorting into adoption states by unobserved
wealth endowment, with this endowmédraving significant impact on the distributions of farm
outcomes. The distributions around the zero mean confirm our findings of the existence of two
heterogeneous group of farmers based on selection on gains. That is, the negative and positive
selection a gains groups of farmers.

Figure3A.7 in Appendix A.9 presents the distributions of the unobserved wealth endowments for
farmers at each adoption state. We observe that the distributions of the endowment is
heterogeneous across each adoption state, eadi i ng t hat f ar mersdé weal th
important role in moving them from one adoption state to the next adoption state.

Finally, Table 3A.3 presents results of exogeneity test for the instrumental variables (IVs)
employed as the exclusionrestc t i on variables for i denti fical
decisions at each adoption state as expressed in equation (7) of the empirical specifications. In line

with Heckmaret al.(2018), we employed state dependent instrumental variables to yoeasti

23 See Appendix Al for mean plot of AMTE and ATE compared for both outcomes.
100



autonomous adoption decision, while controlll i
state. We assume that different adoption states are identified by different instruments that are
important to that state. As seen in Tabde3, the AndesonRubin (AR) test statistic of the IVs in

both the yields and the farm net returns models are not statistically significant at any conventional
level, indicating that the 1Vs use for the exclusion restriction satisfy the exogeneity requirement

and thathe instruments do not have direct influence on yields and farm net returns, except through

the different states of adoption that they identify.

3.8 Conclusions and Implications

In this study, we address the question of what drivesttd y nami ¢ pattern of f a
adoption and its diffusion over time or space. Using farm level data of soybean farmers in Ghana,

we analyzed technology adoption as a mstige dynamic decision problem in an impact
evaluation framework. We empled dynamic treatment effects model, a novel procedure, to
examine heterogeneity in returns to adoption of newly introduced technologies, focusing on the
newly introduced inoculant technology. Our findings reveal new insights into the role of
informatonn f ar mer s6 adoption decisions, the distr
adoption process, and factors that influence continued adoption, or otherwise, of new agricultural
technologies. Consistent with Besley and Case (1993), we find sublistaupéct heterogeneity at

each adoption state, which we contend drive the adoption process. Our results showed that contact

to extension agents is key to the adoption process, by influencing knowledge acquisition, adoption

and continued adoption. We afewind that although free distribution of newly developed divisible
agricultural technologies to farmers during dissemination programs increases farmer awareness,
knowledge acquisition, trial and take up, it does not guarantee continued adoption as yrgued b
Lambrechtet al (2014). In contrast, we found that the existence of efficient input markets tend to

drive the probability of continued adoption. We also observed that farmers who live closer to the
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distribution centers, had higher probability of contins adoption of the new technology, a finding

that confirms the significance of improving agricultural markets to ensure that farmers gain access
to improved varieties. Our impact analysis revealed that theteyng effects are much stronger

than the sharterm effects, conditional on the markets being able to absorb the excess supply that
may result from higher yields. We therefore conclude that the diffusion and continued adoption of
the new inoculant technology is contingent on gains from adoptionelaasvefficient input and
output markets. Finally, the fact that our findings reveal the existence of untapped potential gains
from some stages of adoption, implies that our approach can enable-makeys identify
different subpopulation of farmers, o require special attention during extension program
implementation, to be targeted in order to maximize the impact. The extension policy targeting
approach will save resources and expand the outreach to benefit more farmers, thus increasing

productivityat least cost.
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Appendix

Table 3A.1 Comparison of Program Participants and NonParticipants

Variables Participants Non- Participants Mean Diff
Mean(SE) Mean(SE) (SE)
Yield 6.28 6.24 0.03
(0.05 (0.09 (0.08
Farm Net Return 6.313 6.42 -0.10
(0.05) (0.09 (0.07)
Gender 0.74 067 0.066"
(0.02) (0.03) (0.04)
Age 42.56 40.39 217"
(0.79) (0.72 (1.09)
HHSize 557 6.04 -047"
(0.17) (0.19) (0.25
Edu 0.35 0.36 -0.01
(0.03) (0.03) (0.0)
Farmsize 477 5.37 -0.59
(0.22) (0.29) (0.36)
Agrochem 3.67 440 -0.72
(0.33) (0.51) (0.59)
Agrochemcost 56.06 5957 -3.51
(2.72 (6.55) (6.71)
Labor 6.25 9.65 -3.39°
(0.93) (1.86) (1.98)
Laborcos 93.71 11194 -18.23
(6.96) (11.12 (12.72)
Extcont 1.94 0.70 1.25™
(0.06) (0.07) (0.09)
Credit 0.78 0.89 -011™
(0.02) (0.02) (0.03)
Rain 60.43 63.06 -2.62"
(0.92) (0.9 (1.33)
Newsoil 0.65 0.60 0.065™"
(0.01) (0.01) (0.02)
WCZ 0.55 0.59 -0.06
(0.3) (0.3) (0.04)
Comextoff 0.60 0.66 -0.06
(0.03) (0.03) (0.04)
Distextoff 16.84 21.26 -4.42"
1.27) (1.65) (2.06)
Elradsig 0.% 0.2 0.04"
(0.01) (0.02) (0.02)
Commarkt 0.17 0.21 -0.04
(0.02) (0.03) (0.03)
Minac 0.31 0.21 0.10
(0.09) (0.00) (0.05)
Unculand 0.66 0.68 -0.03
(0.03) (0.03) (0.0)
Asset_index 8591 79.42 6.49
(6.09 (8.22 (10.(®)
Nonfarminco 0.63 0.64 -0.01
(0.03) (0.03) (0.0)
Livestock 13 1.04 0.27
1(0.15) (0.13) (0.20
Endwt 5963.89 5325.29 63860
(76867) (6838.29) (1048.41)
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No. of Observations 325 275

Notes: *** /** and * are 1% , 5% and 10% significance levels respectively; values in brackets are standard errors. Téteotablthe

differences in mean comparisof farmers who participated in the inoculant dissemination program against farmers who did not participate.
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Appendix A.1

Knowledge (»{ Trial —»| Adoption P Cont/Dis-adopt

[ >

0 1 2 3 4

Aware

A

Figure 3A.1Far mer s 6 Adoption Deci sion cépuaizzd The fig
farmersd sequenti al adoption decision problem

In the first stage, farmers normally become aware of the technology and begin searching for information on

it. The second stage is where farmers collect further informatiexppected gains and technical information

on how to use the technology, thus, becoming knowledgeable in the technology. In the third stage, farmers
tryout the technology and/or observe trials of ot
fourth stage is where farmers make the decision to adopt or not to adopt, while the final stage describe
farmer sd cont i n-adeptdion detisign tofi thentechmalogy ds8antowe et al., 2016;

Lambrechtet al, 2014).
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Appendix A.2

Table 3A. 2 Estimates of Choice Decisions and YieldnKg/ha).

Acknow Tryout Adopt ContAdopt
Variables Choice Acknow No-Acknow Choice Trial No-Trial Choice Adopt No-Adopt Choice Cont-Adopt Dis-Adopt
Const. -1.302 451 4.050” -1.153 3.994™ 4.371" -1.995™ 4.328" 4.417" -2.729" 4.250” 4.321"
(1.105) (0.389) (0.558) (0.742) (0.478) (0.383) (0.805) (0.450) (0.366) (0.769) (0.559) (0.346)
Gender -0.184 0.010 -0.037 0.166 0.072 -0.040 0.220 0.049 -0.059 -0.345™ 0.070 0.032
(0.192) (0.073) (0.010) (0.142) (0.089) (0.074) (0.150) (0.080) (0.072) (0.140) (0.097) (0.069)
Age 0.063 0.027 0.035 0.013 0.027 0.031™ 0.049 0.013 0.031" 0.084™ 0.024 0.025
(0.040) (0.012) (0.020) (0.024) (0.015) (0.013) (0.026) (0.015) (0.012) (0.026) (0.018) (0.012)
Ag€? -0.001 -3.0x10%" -4.0x10% -1.0x10* -2.0x10* -3.0x10%™ -4.0x10* -1.0x10* -3.0x10%™ -0.001™ -2.0x10* -3.0x10*"
(4x10% (1.0x10% (3.0x10% (2x10% (2.0x10% (1.0x10% (3.0x10% (2.0x10% (1.0x10% (3x10% (2.0x10% (1.0x10%
HHSize 0.020 -0.003 -0.004 -0.024 0.018 -0.006 -0.005 0.017 -0.005 0.021 0.001 -0.008
(0.028) (0.010) (0.014) (0.020) (0.014) (0.010) (0.021) (0.011) (0.010) (0.019) (0.012) (0.010)
Edu 0.109 -0.045 0.112 0.220 0.026 -0.043 0.330™ -0.019 -0.042 0.175 -0.127 -0.011
(0.190) (0.072) (0.093) (0.134) (0.085) (0.074) (0.141) (0.076) (0.070) (0.140) (0.097) (0.066)
Farmsize 0.012 0.207" 0.204™ -0.054 0.221™ 0.1%™ -0.063" 0.214" 0.199™ 0.020 0.193" 0.208"
(0.030) (0.014) (0.016) (0.027) (0.019) (0.012) (0.030) (0.017) (0.012) (0.025) (0.020) (0.012)
Agrochem -0.002 -0.041™ -0.013 0.007 -0.020 -0.009 0.010 -0.029 -0.011 -0.008 -0.077" -0.013
(0.019) (0.014) (0.009) (0.018) (0.019) (0.008) (0.021) (0.015) (0.008) (0.019) (0.023) (0.007)
Agrochcost -3.0x10* 0.004™ 0.001 2.0x10* 0.001 0.001 -2.0x10* 0.003 0.001 4x10* 0.007" 0.001
(0.002) (0.001) (4.0x10% (0.001) (0.002) (4.0x0% (0.001) (0.002) (4.0x10% (0.001) (0.002) (4.0x0%)
Labor 0.017 -0.023" -0.018" 0.009 -0.017" -0.027" 0.014 -0.015™ -0.028™ -0.005 -0.017 -0.024™
(0.010) (0.004) (0.005) (0.007) (0.004) (0.004) (0.007) (0.003) (0.004) (0.007) (0.005) (0.004)
Laborcost -0.003" 0.003" 0.002" -3.0x10* 0.00Z2" 0.004™ -0.001 0.00Z2" 0.004™ 0.001 0.003" 0.003"
(0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Extcont 3.087" -0.550 -0.081 0.152 0.265 -0.056 -0.087 0.448 -0.112 0.386 0.825™ -0.238
(0.496) (0.304) (0.489) (0.431) (0.292) (0.210) (0.443) (0.238) (0.211) (0.424) (0.306) (0.189)
Credit 0.025 -0.110 0.088 0.117 -0.108 -0.110 0.096 -0.080 -0.124 -0.104 0.106 -0.161"
(0.257) (0.075) (0.133) (0.151) (0.095) (0.084) (0.160) (0.084) (0.082) (0.1%) (0.099) (0.078)
Rainfall 0.002 0.004 -0.005 2.0x10* 0.006™ 2.0x10* -0.001 0.005" 4.0x10* -0.003 -0.003 0.004
(0.005) (0.002) (0.003) (0.004) (0.002) (0.002) (0.004) (0.002) (0.002) (0.004) (0.002) (0.002)
Soil -0.358 0.121 0.642" 0.230 0.213 0.286 0.231 0.285 0.217 0.188 0.339 0.303"
(0.419) (0.163) (0.204) (0.296) (0.179) (0.168) (0.315) (0.162) (0.159) (0.311) (0.211) (0.148)
WwcCz -0.020 -0.041 0.074 0.190 -0.088 0.046 0.078 0.017 -0.012 0.029 -0.036 0.005
(0.179) (0.063) (0.088) (0.124) (0.078) (0.065) (0.135) (0.070) (0.063) (0.129) (0.088) (0.059)
Endwt (P) -0.042 -0.087 0.015 -0.033 0.053 -0.026 -0.019 0.057 -0.026 -0.021 0.094™ -0.036
(0.048) (0.039) (0.025) (0.053) (0.037) (0.025) (0.054) (0.030) (0.025) (0.052) (0.038) (0.023)
Distextof -0.001 -0.008™ -0.013" -0.005
(0.003) (0.003) (0.004) (0.003)
Comextoff 0.097
(0.174)
Elradsig -0.607"
(0.006)
Minac 0.636™ 0.816™ -0.417"
(0.086) (0.092) (0.084)
Unculand -0.216
(0.121)
Commarkt 0.308"

110



(0.170)

LL -4698.88 -4847.53 -4786.02 -4809.42
Obs (N) 600 600 600 600
Wald chi2(17 47.05" 78.28" 10197 55.53

18)
Note: ***  ** and * are 1% , 5% andL0% significance levels respectively; values in brackets are standard errors. In this table, the first column at eaohtsiagecoefficients and standard errors of the

individual binary choice decision of the sequential adoption model, the secorthirahcblumns at each stage contain coefficients and standard errors of the effect of making choice on farmer yield and its
counterfactual, respectively. We included instrumental variables at each stage to control for selection bias. The instanablea are distance to nearest extension office (Distextof), presence of an

extension agent in the community (Comexttoff), availability of electricity or radio signal in the community (Elradsafilayaf inoculant Minac), availability of uncultivatd land to the farmer. (Unculand)

and presence of local market in the community (Commarkt).
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Appendix A.3
Table 3A. 3 Estimates of Choice Decisions and Farm Net RevendaGHC/ha).

Acknow Tryout Adopt ContAdopt
Variables Select Acknow No-Acknow Select Trial No-Trial Select Adopt No-Adopt Select ContAdopt Dis-Adopt
Const. -1.306 5.022" 4,783" -1.169 4.980" 4.968" -2.009" 4.791" 5.002" -2.768" 5.063™ 4.970"
(1.105) (0.226) (0.336) (0.740) (0.287) (0.231) (0.803) (0.332) (0.216) (0.778) (0.390) (0.208)
Gender -0.184 0.005 -0.010 0.166 0.071 0.042 0.220 -0.034 0.022 -0.344" 0.118 -0.035
(0.192) (0.042) (0.060) (0.141) (0.054) (0.045) (0.150) (0.059) (0.043) (0.140) (0.067) (0.041)
Age 0.063 0.004 0.019 0.013 0.004 0.012 0.049 0.007 0.012 0.084" -0.005 0.013
(0.040) (0.007) (0.012) (0.024) (0.009) (0.008) (0.026) (0.011) (0.007) (0.026) (0.012) (0.007)
Ag€? -0.001 -4.0x10° -2.0x10% -1.0x10 -1.0x10* -1.0x10* -4.0x10 -1.0x10* -1.0x10% -0.001™ 1.0x10° -1.0x10%
(4.0x10%) (1.0x10% (1.0x10% 42x10% (1.0x10% (1.0x10% 4(3.0x10%) (1.0x10% (1.0x10% (3.0x10%) (1.0x10% (1.0x10%
HHSize 0.020 0.004 0.005 -0.024 0.009 0.001 -0.005 0.013 -2.0x10* 0.021 0.013 -0.002
(0.028) (0.006) (0.008) (0.020) (0.008) (0.006) (0.021) (0.008) (0.006) (0.019) (0.009) (0.006)
Edu 0.109 -0.023 0.068 0.221 0.056 -0.038 0.331" 0.093 -0.042 0.174 -0.045 -0.009
(0.109) (0.042) (0.056) (0.134) (0.051) (0.045) (0.141) (0.056) (0.042) (0.140) (0.067) (0.039)
Farmsize 0.012 0.266™ 0.229™ -0.054" 0.282" 0.234™ -0.063" 0.283" 0.235™ 0.020 0.265™ 0.247"
(0.030) (0.008) (0.010) (0.027) (0.027) (0.007) (0.030) (0.012) (0.007) (0.025) (0.014) (0.007)
Agrochem -0.002 -0.068™ -0.028™ 0.007 -0.055™ -0.031™ 0.010 -0.056™ -0.031™ -0.008 -0.094™ -0.033"
(0.019) (0.008) (0.005) (0.018) (0.011) (0.005) (0.021) (0.011) (0.005) (0.019) (0.016) (0.004)
Agrochcost -3.0x10* 0.005" 0.001™ 2.0x10 0.004" 0.001™ -2.0x10 0.004™ 0.002" 4.0x10 0.007" 0.002"
(0.002) (0.001) (3.0x10% 4(0.001) (0.001) (3.0x10% 4(0.001) (0.001) (3.0x10% 4(0.001) (0.001) (3.0x10%
Labor 0.017 -0.012™ -0.009™ 0.009 -0.008™ -0.013" 0.014" -0.006™ -0.013” -0.005 -0.002 -0.012™
(0.010) (0.003) (0.003) (0.007) (0.002) (0.003) (0.007) (0.003) (0.003) (0.007) (0.004) (0.002)
Laborcost -0.003" 3.0x10* 2.0x10* -3.0x10 0.004 0.001 -0.001 -0.001 0.001" 0.001 -4.0x10* 4,0x10*
(0.002) (3.0x10% (4.0x10% 4(0.001) (0.001) (4.0x10% (0.001) (4.0x10% (3.0x10% (0.001) (0.001) (3.0x10%
Extcont 3.090™ -0.021 -0.406 0.176 -0.066 -0.027 -0.059 0.047 -0.021 0.458 0.118 -0.043
(0.496) (0.177) (0.295) (0.424) (0.170) (0.125) (0.435) (0.169) (0.123) (0.431) (0.211) (0.115)
Credit 0.025 -0.009 0.070 0.117 -0.037 0.025 0.096 -0.055 0.017 -0.103 0.091 -0.046
(0.257) (0.044) (0.080) (0.151) (0.057) (0.051) (0.160) (0.062) (0.048) (0.155) (0.068) (0.047)
Rainfall 0.002 -3.0x10* -0.001 2.0x10 0.001 1.0x10* -0.001 2.0x10* 3.0x10* -0.003 -0.001 4.0x10*
(0.005) (0.001) (0.003) 4(0.004) (0.001) (0.001) (0.004) (0.002) (0.001) (0.004) (0.002) (0.001)
Soil -0.358 0.031 0.188 0.230 0.126 0.029 0.230 0.203 0.012 0.187 0.070 0.075
(0.419) (0.094) (0.123) (0.296) (0.108) (0.101) (0.315) (0.120) (0.094) (0.311) (0.146) (0.088)
wWCZz -0.020 -0.064 -0.025 0.191 -0.063 -0.025 0.079 -0.019 -0.042 0.031 -0.134" -0.024
(0.179) (0.037) (0.053) (0.124) (0.047) (0.039) (0.135) (0.052) (0.037) (0.129) (0.061) (0.035)
Endwt (P) -0.041 0.005 -0.008 -0.030 -0.0002 -0.005 -0.015 0.006 -0.003 -0.012 0.013 -0.002
(0.048) (0.03) (0.015) (0.052) (0.022) (0.015) (0.052) (0.021) (0.015) (0.053) (0.026) (0.014)
Distextof -0.001 -0.008" -0.013" -0.005
(0.003) (0.003) (0.004) (0.0(8B)
Comextoff 0.097
(0.174)
Elradsig -0.607"
(0.303)
Minac 0.636™ 0.817" -0.416™
(0.086) (0.092) (0.084)
Unculand -0.216
(0.121)
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Commarkt 0.308"

(0.152)
LL -4380.24 -4539.54 -4504.98 -4524.94
Obs.(N) 600 600 600 600
Wald 47.12" 78.31" 101.95™ 55.65"

chi2(17-18)
Note:*** ** and * are 1% , 5% and 10% significance levels respectively; values in brackets are standard errors. In thie tiskeplumn at each stage contains coefficients and standard errors of the

individual binary choice decision of the sequential adoption model, the second and third columns at each stage cari@its@edfistandard errors of the effect of making choicaramef yield and its
counterfactual, respectively. We included instrumental variables at each stage to control for selection bias. The insnahégare distance to nearest extension officst€xtoj, presence of an extension
agent in the commutyi (Comexttoff, availability of electricity or radio signal in the communiBiradsig), availability of inoculant inac), availability of uncultivated land to the farmedr(culand and

presence of local market in the commun@pmark}.
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Appendix A.4: Average Marginal Treatment Effect (AMTE) and Average Treatment Effect (ATE) Compared.

10

Treatment Effect

Treatment Effect

ACK_CV TRY_CV ADO_CV CON_CV ACK_CV TRY_CV ADO_CV CON_CV

Adoption Transitional States Adoption Transitional States

M ATE (p<0.01) [ AMTE (p<0.01)

(a) (b)

W ATE (p<0.01) [ AMTE (p<0.01)

Figure 3A. 2 Mean Plot of Average Marginal Treatment Effect across Adoption Transitional States (panel (a) and (b) repregen
distributions of yield (Kg/ha) and farm net returns (GHC/ha), respectively.

Note We see in figur@A.2 that the AMTE, which is treatment effect conditional on individual unobserved essential heterogeneities (such as oaigtngnd
outweighs the avage treatment effect (ATE), suggesting that farmers sort on gains and benefitted from their individual heterogeneities.
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Appendix A.5: Population LeveTreatment Effect Distributiowith Continuation Values.
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Figure 3A. 3 Treatment Distribution across Adoption Transitional States (panel (a) and (b)
represent distributions of yield (Kg/ha) and farm net returns (GHC/ha), respectively.

Note: ACK =Knowledge Acquisition StafeTRY =Trial State;ADO=Adoption State CON=Continued Adofion State TTCV
represents Treated State Continuation Values.

Note Figure 3A.3 shows the lonterm impact distribution around its own mean at each adoption state at the
population level without conditioning on making a transition. It can be seen, thabrly term impact of farmer at
adoption and continued adoption states are marginally distributed around the same mean but visibly ahead of that of

knowledge and trial states.
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Appendix A.6: SubPopulation Levellreatment Effect Distributiowith Continuation Values.
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Figure 3A. 4 Treatment Effect Distributions with Continuation Values at each Adoption
Transition (Sub-population Level) i Yield (Kg/ha)

Note: ACK =Knowledge Acquisition StafeTRY =Trial State;ADO=Adoption State CON=Continued Adoption Statel' TCV
represents Treated State Continuation Valies; CV represents Untreated State Continuation Vald@& =Average Treatment
Effect Curve;ATT =Average Treatment Effect on the Treated CUABUT =Average Treatmeriffect on the Untreated Curve.

Note Figure 3A.4, presents longerm impact distribution of inoculant adoption on yield at the-gapulation level.
The distribution at each adoption state is marginally above thepsphilation mean of zero. However, theatment
effect on the untreated visibly dominates that of the treated but both distributions are towards the right of the mean,
indicate positive long term impact of the inoculant adoption.
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Appendix A.7: SubPopulation Levellreatment Effect Distributiowith Continuation Values.
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Figure 3A. 5 Treatment Effect Distributions with Continuation Values at each Adoption
Transition (Sub-population Level)7 Farm Net Returns (GHC/ha).

Note: ACK =Knowledge Acquisition StajeTRY =Trial State;ADO=Adoption State CON=Continued Adoption Stata'TCV
represents Treated State Continuation Vallie; CV represents Untreated State Continuation Vald@g =Average Treatment
Effect Curve ATT =Average Treatment Effect on the Treated CuA/BY) T=Average Treatment Effect on the Untreated Curve.
Note Figure 3A.5 presents longerm impact distributions of inoculant adoption on farm net returns at the sub
population level. We see a similar pattern of distribution as that of the yield in the digove.
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Appendix A.8: Robustness Checks for Sorting on Gains
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Figure 3A. 6 Mixture of Two Normals Distributions of the Unobserved Wealth Endowment
(panel (a) and (b) represent distributions of yield (Kg/ha) and farm net retuns (GHC/ha),

respectively.

Note Figure 3A.6 presents the distribution of the observed resistance to treatment across each adoption state.
Cornelissen et al. (2018) note that the selection on gains pattern (i.e. evidence of sorting) have a known igelationsh
between the distributions of the unobserved resistance to treatment and the treatment effects, when plotted. As seen in
figure A6, we observe that as the unobserved resistance to treatment decreases, gains (or treatment effect) from
adoption increasesral as the unobserved resistance to treatment increases, gains from adoption decreases, indicating

a negative selection on gains (i.e. TUT>ATE>TT).
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Appendix A.9: Identification
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Figure 3A. 7 Distribution of Unobserved Factors across States (panel (a) and (b)) represent
distributions of yield (Kg/ha) and farm net returns (GHC/ha), respectively.

Note TheFigure shows the distribution of wealth endowments across each adoption transition state. As can
be seen all facts differ across each state, indicating that the factor models that we estimate for each of the

adoption state is well identified.
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Appendix A.10: Instrumental Variables (IVs) Exogeneity Test for Exclusion Restriction

Table3A.3 presents theesults of exogeneity test for the instrumental variables (IVs) employed as
the exclusion restriction variables for 1 dent
adoption state as expressed in equation 7 of the empirical specificatians. with Heckmaret
al. (2018), we employed state dependent instrumental variables to identify each autonomous
adoption decision, while controlling for farmnm
assume that different adoption states are idedtliye different instruments that are important to
that state.
In the awareness state, we employed both district and community level instruments to identify this
critical state of adoption. The district level instrument, distance to the nearest extefis®n of
Distextofand the community level instrument, presence of extension agent in the community
Comexttoffare the instruments used for the exclusion restriction. It is expected that supply and
diffusion of information as reflected by intensity of informatcampaigns and extension activities
both district wide and at the individual comm
awareness (Lambrecét al 2014), but should have no direct effect on yields and farm net returns
except through awaness. As seen in Tal®A.3, the AndersoiRubin (AR) test statistic of the
IVs in both the yields and farm net returns models are statistically insignificant at any conventional
level, indicating that the 1Vs use for the exclusion restriction satisfgxbgeneity requirement
and that the instruments do not have direct influence on yields and farm net returns, except through
awareness.
At the knowledge acquisition statscknow cost of searching for information is expected to
increase the probabilityf knowledge acquisition (Lambrecét al 2014 and Abdulaet al. 2008;
Feder and Slade 1984), but should have no direct influence on yields or farm net returns except
through knowledge acquired. Since ICT channels were included in the inoculant d&samin
program, the presence of electricity as well as good signals for wire communication increase the
|l i keli hood of the farmerds community being tar
the farmero6s probabil ity erefae, ic &dditop o ylistamce qndi r e |
presence of extension agent, we included the presence of electricity and good signals for wire
communicatiorElradsig as the exclusion restriction instrument for knowledge acquisition state.
The results in Tabl8A.3 show that the AR test statistic is statistically insignificant in both the
yields and farm net returns models, suggesting that IVs satisfy the minimum exogeneity
requirement for exclusion restriction.
Il n the Trial stat e, we e pngd unoultiveatedd ldndmcumandarmdu s e h o |
mode of inoculant acquisitiddinacin addition to distance to the nearest extension offiseextof
as instruments for exclusion restriction. It is expected that smallholder farmers who have no access
to additional lad will not cultivate their only productive land to a newly introduced technology,
due to the risk of failure. However, access t
new technologies (Fedet al, 1985). Also farmers whose mode of obtaghthe new technology
is through gift as part of promotion campaigns increases their probability of trial. Furthermore,
farmers who live in close proximity to extension are more likely to be targeted for eitfeamon
or off-farm extension activities, hea increasing their propensity to try the new technology. We
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assume that these instruments have no direct influence on yields and farm net returns except
through increase in farmerds propensi BA3 to tr
is not statistically significant at any conventional level for both yields and farm net returns models,

suggesting that the instruments satisfy the exogeneity requirement for exclusion restriction.

At the adoption and continuous adoption statissadceto nearest extension offiéstextof mode

of inoculant acquisitioMinac and thepresence ofocal market in the communit@ommarktare

employed as the exclusion instruments. It is expected that in addition to proximity to extension and
mode of acquisitiorof the inoculant technology, the presence of a community market in the
farmer6s |l ocality increase farmerds continuou:¢
inputs supply as well as market for farm outputs due to increase yield from adogties). T

i ncreasing t he fadopters coantsue poradoptarba ARitest gtatistio in Table

3A.3 show that the test statistic is statistically insignificant at any conventional level of confidence,
suggesting that except through increasingtter mer 6 s propensity to adop
technol ogy the instruments have no direct inf

Table 3A.4 Andersoni Rubin (AR) IV Exogeneity Test for Exclusion Restriction

Outcome Adoption State AR Test Statistic P-Value

Panel A

Yield Awareness 8.34 0.33L
Adknow 8.450 0.3®
Trial 11.823 0.3%4
Adopt 10.8%5 0.293
ContAdopt 22.7% 0.204

Panel B

Farm Net Returns Awareness 0.007 0.997
Adknow 0.1%6 0.990
Trial 2.313 0.707
Adopt 0.72 0.7®
ContAdopt 5.3@ 0.497

No. of observation(N) 600

Note: 100,000 bootstrap replicatisrwere used in estimation of the-Ad3t statistic.
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Chapter 4
The Impact of Extension Dissemination ad Technology Adoption on Farmers Efficiency
and Welfare in Ghana
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Abstract

Examining the welfare impact of agricultural development interventions that incorporate diffusion

of improved production technologies to farmers within esien delivery programs can be
challenging, because of the difficulty in ascertaining the individual impacts of the production
technology and the extension delivery program. Using recent farm level data from extension
dissemination program of legume incaod technology in Ghana, we employ a novel approach to
investigate simultaneouslythe impact of the inoculant technology adoption and the extension
progamp ar t i ci pati on o n efficiancymare welfare. Ve dedomposei each bfy
these impactneasures into subcomponents whose causal paths can be traced to both the adoption
of the production technology and the extension delivery program. We find that improved
technology adoption alone contributes 72% directly to farm productivity and 73% thdolae

to i mproved farmer efficiency, |l eading to 77%
extension delivery program participation alone contributes 28% directly to farm productivity and
27% indirectly due to improved farmer efficiency,udst i ng i n 23% i mprovem
welfare.

Keywords Stochastic Frontier Analysis, Mediation Analysis, Treatment Effect, Impact
Assessment, Inoculant Technology Adoption.

JEL: C26, D24, 013, Q16, Q18
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4.1 Introduction

The increasing global food denwhcalls for adoption of new agricultural technologies to increase
food production. Similar concerns in the past led to the introduction of the green revolution, a
policy that advocated for intensifying the use of high yielding varieties, mineral fedilael
tractors among smallholder farmers in developing countries (Pingali, 2012). Although the policy
led to an increase in agricultural productivity and food supply, it also contributed to environmental
impacts such as degraded lands, impoverish sailsadwerse climatic conditions due to reactive
nitrogen released from agriculture production activities (Pingali 2012; Ztarig2015). Increase

in food production cannot be achieved without sufficient nitrogen supply, as nitrogen allows
farmers to inogase crop production per unit area of land (Zheingl., 2015). To mitigate the
effect of pollution from reactive nitrogen while ensuring sufficient food production, a new
paradigm shift is required (Mutuned al.,2014; Zhanget al.,2015).

The Integréed Soil Fertility Management (ISFM) is one of such new approaches employed to
promote soil fertility enhancing technologies for resoypoer farmers in developing countries
(Crowley and Carter, 2000). A technology promoted under the program amongadteallh
soybean farmers in northern Ghana is the legume inoculant technology. The soybean is targeted
due to its potential to undergo sustainable intensification, its industrial value and nutritional quality
(Heerwaarderet al., 2018; Foyeret al. 2018). Theinoculant technology is an organic input
containing isolates of an elite strain of bacterigagdyrhizobium japonicujrand organic carrier
material (Lupwayj et al.,2000). The inoculant technology is seen as-effstctive alternative to
rehabilitatingpoor soils by enhancing the bullgh of biological nitrogen fixation (BNF) organisms

in the soil (Giller, 2001). Empirical evidence of potential productivity gains from inoculant is
reported in the literature (see Rurangetaal., 2018; Heerwaardeat al., 2018; Chibebaet al.,

2018). Notably, grain yield of soybean increased by 29 percent in Mozambique (Chibebt
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al., 2018) and 12 19 percent in the northern region of Ghana (Uleewl.,2016), relative to
uninoculated fields. Yield response to ¢utant significantly varies across aggoological zones

in Africa and depend on agronomic practices and varietal promiscuity to the strairRbizbbia

in the inoculant (Heerwaardet al.,2018). To improve efficiency, organizations involved in the
dissemination of the inoculant technology employ several innovative extension niétbsdsool
farmers on good agronomic and crop management practices on the inoculant technology.

Our goal in this study is to simultaneously assess the impact of thdanbtechnology adoption

and the extension participation on farmer so
development programs such as the inoculant dissemination program often have a dual goal of
inducing an upward shift in the productiorofitier and promoting better management, which
incorporates two potentially endogenous treatments in a single program-(Bweta) 2014). The
treatment of a new superior technology and that of building human capital, each having the
potential to influenceboth the technology frontier function and the inefficiency function
independently (Huang and Liu, 1994; Kumbhaégal.,2009). However, empirical studies often
overlook the double treatment endogeneity, most often addressing one of them, and subsuming t
other into distributional assumptions of the model. For instance, in Bim&i(2007) study on the
impact of extension service in Greece, extension participation is analyzed as performing a dual
role, an input in the production function and a factrowing the technology gap, exerting direct

and indirect effects in the production process. Their approach implicitly assumed homogeneous
technology and fail to account for selection bias in the extension participation. In the event that
farmers selsekct into an extension program or adopt superior production technology, the direct

and indirect effects due to heterogeneity in technology or enhanced farmer capacity will be

2The extension channedsploy are ideodocumentariegadio listening clubs, efarm and offfarmtrials, field days, brochuresjse ofcommunity
volunteers
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unaccounted for and the impact will be incomplete. Other studies following thieasework of

Dinar et al. (2007) employ a mixed mulitage approach to address the issue of selectivity and
technology heterogeneity (e.g. BralMoeta,et al,, 2012; Villancet al, 2015; Abdulai and Abdulai,

2016; De los Santeslontero and BravaJreta, D17; AbdutRahaman and Abdulai, 2018; Bravo
Ureta,et al, 2020). Even though the mixed midtage approach accounts for selection bias, it fails

to account for the direct and indirect impacts that heterogeneous production technologies may have
on both tke production frontier and the efficiency function. The mixed rrsilige approach also
attempts to address technology heterogeneity among production units by estimatirgpgieiip
frontiers for different groups of production units and further use thepgfrontiers to obtain the
metafrontier for comparison. However, because the maximum likelihood estimates of the
predicted growspecific frontier is neither knowa prior nor estimated relative to the same
frontier, some degree of biasness in this apph is unavoidable and difficult to ascertain (Huang

et al.,2014). Moreover, as indicated by Triebs and Kumbhakar (2018), the approach subsumes
observed variables | ike extension service wit
ability in theinefficiency parameter of the model. On the contrary, the managerial ability does not
only influence the inefficiency function but also the technology frontier, resulting imeotmality

of the production function (Huang and Liu, 1994; Triebs and Kukd#h2018). Also, the
endogeneity issues address in the mixed rstdfje approach center mainly on the feedback
between the technology choice and the production model residuals, but not on accounting for
endogeneity, which could separately and simultafgaaféect the technology frontier and the
production inefficiency function (Chest al.,2020).

The present study attempts to fill the gap and contribute to the above literature on impact
assessment and technical efficiency, using survey data of 600htarseholds from northern

Ghana. Specifically, we employ the stochastic frontier model with endogenous treatment and
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mediator effect (Cheret al., 2020), to estimate the impact of dual purpose development
interventions, and to decompose the impact intoctimed indirect effects. This novel approach
brings together mediation analySistreatment effect and that of the stochastic frontier models in

a single framework. Using this approach, we are able to disentangle the dual purpose development
i nt er vienpattint fogr domponents. That is, the direct effects on the technology frontier,
the indirect effects on the technology frontier that go through the mediator, the direct effects on the
technical inefficiency, and the indirect effects on the technietficiency that go through the
mediator. Our approach departs from the conventional approaches in the literature (e-g. Bravo
Ureta,et al, 2012; Villanoet al, 2015; Abdulai and Abdulai, 2016; De los Sarntsntero and
Bravo-Ureta, 2017; BrawtJretaetal., 2020), in which a conventional SPF model that corrects for
sample selection bias is estimated. In particular, we estimate a treatment effect model using the
stochastic frontier regression framework, while addressing endogeneity from selection bias,
endogenous treatment and mediator variables. We also account for treatment heterogeneities
among production units.

The rest of the paper is organized as follows: In sections 2 and 3, we presamicietcal and
empirical framework andmpirical identifi@tion of causal impact respectively, secdotiscusses

the empirical specification and the estimation procedure, while sestitascribes the data and
descriptive Statistics. The empirical results are presented in section 6, while section 7 contains the

conclusion and policy implications.

4.2 Conceptual and Empirical Framework
In agriculture, new production technologies such as high yielding varieties, complementary inputs

like fertilizer, or as in our case, the inoculant technology have the poterglafttthe production

2The mediation analysis also known asheBaronKenny models in the statistics literature.
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frontier upwards. Also farmers who receive extension services or technical training on the new
technology may experience further shift in the production frontier upwards by reducing production
inefficiencies. The two shifts envisageva potentially endogenous treatments in a single
agricultural development intervention that incorporates dissemination of new production
technologies and training of farmers. First, adoption of a new superior technology that affects both
the production fratier function and the inefficiency function (Kumbhaketr al., 2009), and
extension training that builds human capital with the potential to influence both the production
frontier function and the inefficiency function (Huang and Liu, 1994; Triebs andbKakar,

2018).

To represent both frontiers, léd denote individual farmer observed output under a given
technology ando be a vector of observed covariates We expr ess t he far mer 6

a conventional stochastic frontier form (Kumbhadad Lovell, 2000) as;

W & o6ho m (1)

where &, is the unobserved stochastic frontier that may be influenced directly by the new
technology and indirectly by extension training add T, is the unobserved production
inefficiency assumetb be randomly distributed, which may be influenced directly by extension
training and indirectly by the new technology. The expression in equation 1 indicates imak

0 are two distinct unobserved random components, which can be separatéfigédentine with

Chenet al. (2020), we stochastically express each unobserved function in terms of observed

covariates in a system of equations as follows;

0 Qi o]

and (2)
OO QM ,and0o6x QM ,Ouxd T, 00 T
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whereQ is a vector of covariate¥28 is the frontier function with parameter vector and"Q8

is a noAnegative inefficiency function with parameter vedtor, while 0 ando6 are error terms
assumed to be independently and identically distribu@ed. is the expectation operator which
identifies the conditional mean expectations of the equations in the system. To relate the effect of
the production frontier and the inigfency to observed farmespecific potential outcome, given

his observed characteristics and inputs, we express equation 1 in terms of its conditional mean

representation as follows;

Odgd QN QN ®3)

By letting @ to bethe potential outcome of a farmer who adopts the technology (i.e. the inoculant
technology) ando be the potential outcome, if the same farmer did not adopt, then, the average

treatment effect on the treated (ATT) for adopters can be specified as;
OYYOw®w OO p OOV p OO p 4
whereQis a binary adoption indicator, with  p if the farmer adopts and O otherwise.

4.3 Impact ldentification Strategy

In observational data situation like ours, evaluating the impadthe inoculant dissemination
program on farmersoé6 welfare and the shifts in
may suffer serious identification problems, resulting in biased estimates. However, with good and
valid instruments, it is m@sible to categorize the whole population into a well identified mutually
disjoint subpopulation of adopters who are compliers of the instrument (Imbens and Angrist, 1994;
Angrist et al., 1996).

In our setting, we use rural electrification as the m&styiexogenous instrument that can identify
various sukpopulation of inoculant adopters. Given that the rhizobia in the inoculant survive

within a temperature limit of about 45, it requires a controlled temperature storage facility.
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Hence, it is expectethat farmers who live in communities connected to the national grid of
electricity supply may have access to the technology, compared to their counterparts who live in
communities without electricity supply. If we lgt represent an instrumental variable (V) that
takes a value of 1, if the farmeros village i
the propensity of a farmer adopting the technology can be specified in the following latent variable
(i.e.,O) discrete choice model;

ph Q@ =

O I & [ ® Y, withO e BDL b0l O and

O pr o « Y ™ (5)

whereOis a discrete adoption decision indicateith'O  p if the farmer adopts inoculant and O

otherwise (s a vector of covariates,is the parameter of interest aitis the error term.

Naturally, it is expected th#tte effect of extension service participation (i.e. the managerial skills)

is mainly observed after the farmer adopts the technology on which the extension training is based

on. That is, when the farmer uses or adopts the inoculant technology. As such, the extension
functions as a postdoption mediator and can be modelled asretfon of adoption. With a

potentially endogenous binary mediator, such as the extension service participation in this case, the
mediation effect can be identified with a continuous exogenous variable with known distribution

and whose level differs with agdtion status (Fdich and Huber, 2017Chenet al, 2020). In this
circumstance, we rely on farmeros distance to
continuous instrument. We expect t h adervicear mer
programs increases as the distance decrease and decreases as the distance increade bié we let

a continuous instrumental variable (IV) whose distribiffilamd level decrease as mediation takes

26 See Figure Al in theppendix for the plot of the distribution of the continuousidV showing both properties of increasing and decreasing
propensities, as a necessary conditandentification.
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the value of 1, and increase as mediation gw@sthen, the propensity of a farmer who adopts the
technology to also participate in the extension program can be expressed in a latent variable (i.e.,

0 *) model as follows;

phQ® m

0 | O | O o Y , witho e ®DI 0 O .ﬁmd

0 pl O] ® @& Y ™ (6)

where 0 is a binary mediation indicator, with  p if the farmer participates in extension
program and O otherwis® is the adoption status iiwtor, @ is a vector of covariates, is the
parameter of interest an¥is the error term. Considering altogetleguations 5 and 6, (which
identify both the potentially endogenous adoption and extension decisions), suggestgbst the
mediation peential outcomevis a function ofO and0 , presupposing thatthe posimediation
potential outcome can be representec @ ‘O . Whered O is the mediator function whose

effect depends on the adoption status of the farmer

Given abinary aption indicator (i.e., D(1), D(0)) and a binary I¥6 ( T1ip ), four potential
outcomes representing four mutually disjoint apulation of farmers can be identified as
follows (Angristet al, 1996; Imbens and Angrist, 1994);
" plp hdda 0 DI QR i

phth o é an aRai i 7)
re Tip h QQQAQI i
¥ mimhe QO0®GQDI i

Ophonm

where fis an indicator of instrument compliers, who are induced to adopt the technology based on
the instrumentThis subpopulation of farmers, no matter the circumstance, does not change
adoption status with the assigned status by the instruiegtistet al. 1996. Due to this known
behavior, their potential impact better approximates that of causal estinoates fiull compliance

experimentation. Therefore, by conditioning on the observed covariates of faoaed their
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complier statusf, theaverage treatment effect on the treated as expressedatoeqd can be

identified (Cheret al, 2020) as follows;

600" YDOPD p & chg Owmd m £ dahf (8)

whered 0 0 "¥Qhe conditioal local average treatment effeéiiso, because the levels of the
continuous instrumental variable for identifying the mediation effect varies with adoptions status,
it is possible to decompose the unconditional local average treatment effect intardireadirect
effects as in Cheet al. (2020);

60006 "YOwOp p & cheg OGmd p g dhf 9)

600 60" YOOT) p & chep OGMD m g dhr (13)

whered ‘O 0 0 i¥'@he conditional direct local average treatment effect and ti@0 0 iSYibe
conditional ndirect local average treatment effect. Conversely, the unconditional average treatment

effect can also be derived from tbenditional local average treatment effebtg conditioning on

only the subpopulation of farmers who are compliers as follows;

06 'YOOO6 06 WxF Ompld p f OLmd m sp (11)
008 'YW&OpP p F OGmD p sF (12)
‘00 6 "YOQTD p F OQmD T sF (13)

where LATE is thdocal average treatment effect which capturestoked effect, whileDLATE
and ILATE aredirect and indirect local average treatment effects respectively, that capture the

impact due to technology adoption and mediation.
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4.4 Empirical Specification and Estimation

A farmer 6s pr o piraxtensidnygervices (i.p. the potertial peaiation model) may
correlate with his inoculant adoption decision (i.e. the potential treatment model) either due to
observed or unobserved factors. We assume that the error terms are independently andyidenticall
distributed and follow a bivariate normal distribution. In line with Caeal (2020), we specify

the joint extension participation and inoculant adoption decisions as a bivariate probit, with a

bivariate normal distribution and CDB . &8 as follows;

e e e o N e . Y o p 7

0 U hOgw hw hivh- hand wy s ho hox 0 y h, 0 (14)

where—k | AR h K K A is a maximum likelihood eishator of a vector of parameters.

In a firststage estimation, a bivariate probit model is estimated to control for selection bias from
both observables and unobservables. To unify the impact assessment and mediation analysis within
the stochastic frontiemnalysis framework, we represent the frontier function of Aighat (1977)

and Meeusen and van den Broeck (1977) in the form of €hah(2020), fordiQ  1ip %, as

follows;
OO Q o Q R QO Qo YOO Q 6O Q (15)

where QD Q hd and QO Q hd are potential frontier and neamegative potential
inefficiency functions, respectivelg is a vector of covariatek; is a parameter of interest; while
DO Q ando QD Q are potential random error terms. The binary adoption indicator is

O O~ mip ad™Q O Q isthe mediator function whose distribution varies with adoption

27 The observed binary adoption decision indic@earies a2, taking the value of 1, if a farmer adopts the inoculant technalod\o,
otherwise.
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status. The conditional mean expectation of equation (15) combines the potential output model and

the potential mediator model as;

~ ~

oMaDh Q g Q dh Ah Q o R and (16)
0O Q @hr TWO6GD Q Ghr Tandod Q EhF & h
whered 8 is a nonanegative function of the potential mediatooae! in {0,1} with a parameter
vectori . To reflect variations in the distribution of the Aoegative potential mediator model as

the adoption indicator takes the value within {0,1} in the estimated parameters of interest, we

rewrite equation 16 as;

oMOD Q hr Q oh A Hh Q oh K (a7

We estimated the parameters in equation (17) using atge weighted nonlinear least squares
(WNLS) method. Let the individbla f ar mer 0 s observed out come
participation (M), inoculant adoption (D) and covariates (X) be a weighted random wedtor

o) RO with sample size N, arfld k T R H H be an arbitrary veor space of a
weighted nonlinear least squares estimator (WNLSE) observeédlas® o fo id . The
parameter space can be expressed as the minimizer of the weighted mean square error (MSE) of

the observed outcomesiaterest(Frélich and Huber, 2014Chenet al, 2020)as follows;

I KAOCIBET;O00 OFORh &® Q o b o Q o o Ao (18)

where0 ‘OFQR  k 0 (1,1, ),0(1,0, ),0(0,1,) ), and0 (0,0, )isaweighted function

of (Oh) hid YY), with a parameter vectar obtained from the firsstage estimation. The
weighting functiond) QR  accounts for heterogeneities within the production units that may
be due to observed and unobserved -Bpecific factors influencing production (or outcomes,

which in our case is yield and farm net returns). The WNLS is estimated using thaligeder
134



method of moment (GMM) approach. The generalized moiased approach overcomes the
restrictiveness in forcing the traditional parametric family of production functions (such the Cobb
Douglas, Translog, and others) in assuming specific distrigjtiovhich is sometimes
inappropriate leading to modelling bias and misleading conclusions (Giannakas et al., 2003; Vidoli

and Ferrara 2015; Ferrara and Vidoli 2017; Ferrara 2020).

45 Data and Descriptive Statistics

The present study uses farm level daltéained from a recent survey conducted in the northern
region of Ghana from June to August 2018. The sample was drawn using-atagdtsampling
technique. Based on the proportion of beneficiary communities (78%) in the inoculant
dissemination programnd intensity of soybean production in Ghana, northern region was
purposively selected. Cluster sampling technique was used to zone the region into two clusters,
consisting of eastern corridor zone (ECZ) and western corridor zone (WCZ). Based on
disseminatin program participation status of districts and intensity of soybean production at the
district level within the clusters, eight (8) districts, comprising four (4) from each cluster were
purposively sampled. From the ECZ: Yendi, Saboba, Chereponi anglkdisdricts were selected,

while in the WCZ: East Mamprusi, East Gonja, Savelugu and Kumbungu districts were selected.
In consultation with the field officers and agriculture extension agents (AEAS) in the selected
districts, 57 communities were propootially sampled, based on the extension channel received,
dissemination program participation, and farmer population. One fdrasexd organization (FBO)

was randomly selected from a list of FBOs that were exposed to the inoculant technology and
another radomly selected from a list of unexposed FBOs for each community. Using a lottery
approach, we randomly drew five farmers from each FBO. After a preliminary interview session
with each of the selected farmers, using a computer assisted personal in(€AfN a list of

the farmersd information network members (1 NI
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generator then used farmersd unique i1identific
members from each far mer 6s fdrniNiMgsehbldsyconsistingefr vi e w
325 inoculant exposed farmers and 275 unexposed farmers, were interviewed itcefdaee

session. The data collected include inoculant adoption status, dissemination program participation
status, household demographic retderistics, location characteristics, input used, crop yield and

farm net returns, plot level precipitation and soil quality.

Definitions and summary statistics of the variables used in the empirical analysis are presented in
Table 4.1. It shows that 3% of our sampled farmers participated in the inoculant extension
program. Tabl&.1l also shows that 51% of farmers adopted the inoculant with an average yield of
830kg/ha soybeans and net returns of 840GHC/ha. The population of farmers in our sample are
guite young with an average age of 42 years and predominantly male farmers 71%, with very low
level of education, averaging 3 years of schooling.

As shown in Tablet.1, average land cultivated to soybeans is 5ha, usirayarage total labor

supply of &ersons hours per day/ha and 4kg/ha of agrochemicals in the process. It further shows

that 57% of the farmers are located in the western corridor zone. A aldgain, shows that 51%

of the farmers live in communities that are connected to the natiodalfgglectricity supply, and

located at an average distance of 19km to the nearest extension office and 2km to the nearest
market. In terms of inoculant knowledge test score, Tahleeveals that farmers obtain an average

of 56% inoculant knowledge scdiem participating in the dissemination program.
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Table 4.1 Definition and Summary Statistics

Variable Definition Mean SD Min Max
Outcomes

Yield Soybean yield per hectaraKg/ha) 829.64 888.24 32.41 5703.87
FarmNet Return Gross revenue less variable cdsGHC/ha) 840.26 762.11 75.11 4229.89
Treatment Variable

AdoptInoculant 1 If farmer adopts inoculant, Otherwise=0 0.510 0.500 0 1
Mediator Variable

AES-Part 1 If farmer participated in dissemimnat 0.542 0.499 0 1

program, Otherwise=0
Production Inputs

Land Area of land planted with soybean (ha) 5.045 4.371 5.045 4371

Labor Total labor used in soy cultivation (Worker 7.808 24.23 0.198 274.73
days/ha)

Agrochem Total amount of active ingdient in chemical 4 7.186 0 87.22
used (kg/ha)

Chemdumy 1 If farmer uses agrochemical, Otherwise=0  0.025 0.156 0 1

Improvar 1 If farmer uses improve seed variety, 0.700 0.459 0 1
Otherwise=0

Creditconst 1 If farmeris not credit constrained 0.828 0.377 0 1
Otherwise®

FarmerSpecific

Characteristics

Age Age of farmer (years) 4156 13.32 18 87

Gender 1 If farmer is male, 0 for female 0.708 0.455 0 1

Edu Years of schooling 2.792 4.687 0 21

Location

WCz 1 If farmer is in Western Corridatone, Eastern 0.567  0.496 0 1
Corridor Zone =0

Distmarket Distance to nearest market (km) 2.362 4.137 0.100 50.10

Soilqual 1 If soil quality is good, Poor soil quality=0 0.508 0.500 0 1

Rairfall Amount of rainfall in (%) 61.63 16.24 20 100

Instrumenal Variables

Distextoff (&) Distance to nearest extension office in (km) 18.90 25.10 0.016 160.93

Electgrid () 1 If community is connected to the national gr 0.512  0.500 0 1

for electricity supply, Otherwise = 0
Other Control Variables

Testscore Inoculant knowedge test score (%) 56.091 23.75 2 98

Resemtech 1 If inoculant usage resembles existing inputs 34.933 35.22 0 100
usage, Otherwise=0

Techdiff 1 If inoculant application processconsidered  0.278  0.267 0 1
difficult, Otherwise=0

Dislang lifdissemimt i on | anguage 0.695 0.461 0 1
mother tongue, Otherwise=0

Comextoff 1if community has extension agent, Otherwi 0.625 0.485 0 1
=0

Note SD is standard deviation; Min and Max are minimum and maximum values respectively.
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4.6 Empirical Results

First, we present the results of the fisthge bivariate probit estimates, as the identification of the
model hinges on it and present the estimates in the appendix due to space Iffhitddion we
present and discuss estimates of the wetghtalinear leassquares, estimated via the generalized

method moments procedure.

4.6.1 First-Stage Bivariate Probit Estimates

Table4A.2 presents estimates from the bivariate probit model. The model is used to account for
selection bias and for identftion of the instrumental variable (IV) regression. T4l shows

that, both the extension participation model (i.e. the mediation model) and the adoption model are
highly correlated due to unobserved heterogeneitiesp-iaéue for the null hypothesshows that

” is significantly different from zero (at
participation and inoculant adoption decisions may be correlated due to unobserved
heterogeneities. However, the sign for is negative, suggesting th&armers are likely to
substitute adoption of new technologies (such as the inoculant) with knowledge acquisition from
extension participation (Huth and Allee 2002). This observation is intuitive, because extension
services and adoption of improved teclngli es t end to enhance far met
(Huang and Liu, 1994umbhakaret al, 2009 Triebs and Kumbhakar, 20L8 he significance

of ”  also suggests that farmers may have-sgicted into the extension program or adoption

of the inoculant technology.

Table4A.2 also shows that, the two instrumental variables are both significantly different from
zero (at 1 % level). In partitar, distance to the nearest extension offioe,(which is used to

identify extension program participation, is negative and significant at 1% level. More importantly,

28 Although the covariates in the bivariate probit model can be considered as determinants of inoculant adoption and astieipsitonp we
focus on its identification properties, because the primary interest in this study isger prodel identification, and not to model determinants of
participation and adoption decisions.
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farmer6s community c¢onnec t(®b)omichtweused to @entifyatiei o n a |
inoculant adoption model, is positive and highly significant at 1% level. This implies that one
percent increase in rural electrification of communities, increases the likelihood of inoculant
adoption by 320%. Intuitively, this makesense, because the rhizobia used in formulating the
inoculant survive in a particular temperature range®Gp5which stands to reason that,
communities with access to constant electricity supply could well operate cold storage facilities.

As a result, farrars in such communities may have access to the inoculant, hence, are more likely

to adopt, compared to farmers living in communities without constant electricity supply (Dzanku

et al., 2020). Our finding of positive effect of community electricity connattion farm
househol dsdé production activities is consi st
i mpact on househol dsod e ectoah 8020; tEGVdocld Bankj 2008 s (S €
Cabraalet al., 2005; Martins, 2005). It is, howevernique by linking rural electrification to
agricultural technology adoption.

The validity of the instrument for identification of local average treatment effect in our IV
regression estimation strategy requires that the instrument be monotonic inciwadtiog of the

level of the instrumental variab(é ), and the level of the treatmem)((see Chert al, 2020).

As shown in TabldA.2, both the instrument in the treatment model and the treatment indicator

in the mediation model have positive signs and highly significant (at 1% conventiondJ level
suggesting that our instrument is valid and strong. Intuitively, what it means is that, inoculant

adoption increases with increasing extension participation and community electricity connectivity.
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4.6.2 Determinants of Technology and Inefficiency Fontiers

Tables4.2 and4.3 present factors that affect the production technology and inefficiency frontiers
with respect to yield (I nKg/ha), for the case
with mediation and the counterfactual scenafioaradoption nor mediation, respectively (see
Tables4.4 and4.5, for that of farm net returns). The factors explain the observed yield and net
returns variabilities in each scenario among farmers with different adoption and mediation
conditions in our ample. For the sake of brevity, we focus the discussion on the yield, which can
be extended to that of the net returns.

The model estimated is a weighted nonlinear {sgatires regression using generalized method of
moment. As such, it does not represamy specific conventional production function model, and

as such does not depend on any functional form distribution assumptions. Though we estimate a
nonlinear regression model with most of the covariates being log arsdjlzges, the parameter
estimats can be interpreted as in a linear regression estimates ¢Cher2020). Our approach

of estimating the stochastic production frontier is akin to that of the generalized additive models
(GAMs) approach that fits a response variable on a sum of snfimettions of explanatory
variables in a regression context with normal distribution (Ferrara, 2020; Ferrara and Vidoli 2017).
This specification is preferred to the conventional functional form specifications, due to its
flexibility in relaxing the need timpose perfect linearity condition on the underlying stochastic
frontier function between the explanatory variables and the outcomes of interest (Ferrara, 2020).
Each Table contains two columns corresponding to two different adoption scenarios. hZ,able
column one contains estimafes the casef adoption with mediation (i.e. Adopté&s henceforth,

mediatedadopters (MA)
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Table 4.2 Adoption with Mediation i (Weighted Nonlinear LeastSquares)i Yield

(InKg/Ha)
Variables Adopterd! Non-Adopter$'
(d, M(d))=(1.1) (d, M(d))=(0,0)
Coef.(S.E) Coeff.(S.E)

Age 0.009°(0.0B) 0.021(0.0%)
Gender 0.096(0.128) 0.350(0.3M)
Edu 0.017(0.@6) 0.204” (0.0%)
Edusq -0.003(0.0aB) -0.016" (0.006)
Inland 0.717" (0.101) 0.098(0.332)
Inlaborsq 0.0377 (0.012) -0.042(0.04%5)
Inagrochem -0.031(0.038) 0.3287(0.113
Chemdumy -0.440(1.487) 1.244(1497)
Improvar -0.168(0.158) -0.516(0.408)
WCZz -0.073(0.138) -1.384™ (0.3%)
Distmarket -0.006(0.017) -0.008(0.041)
Soilqual 0.34177(0.115) 0.506(0.378
Rainfall -0.008 (0.0M) -0.007(0.012)
Creditconts -0.194(0.123 -0.006(0.542
Tsresid -0.652™ (0.179 -4.2717 (0.936)
Const. 5.604™ (0.458) 264.037" (54.392)
Inefficiency

I -10.281™ (4.284) -0.015"7(0.006)

f 04577(0.171) 5.78" (0.207)
Observ. (N) 306 294

Note: *** ** and * are 1%, 5%, and 10% level of significance; Values in brackets are standard e@olwsnns one and two
represens farme's who participate in the extension program and adopt the inoculant Adopter¥ = MediatedAdopters
abbreviated agMA)) and farmers who neither participate nor adopt the inoculdrg. (NorAdopterd = Non-MediatedNon
Adopters abbreviated asNM-NA)), respectively.
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Table 4.3 Adoption without Mediation i (Weighted Nonlinear LeastSquares)i Yield

(InKg/Ha)
Variables Adopters Non-Adopterg’
(d, M(d))=(1,0) (d, M(d))=(0.1)
Coeff.(S.E) Coeff.(S.E)

Age -0.00030.020) 0.0190.015)
Gender 0.490(0.280) 1.0507 (0.524)
Edu -0.061(0.10% -0.593™ (0.208
Edusq 0.004(0.006) 0.046(0.017)
Inland 0.958"™ (0.291) 0.862™ (0.363)
Inlaborsq -0.021(0.032) -0.067(0.066)
Inagrochem 0.100(0.060) -0.2467(0.126)
Chemdumy -0.156(13.989 -12237(7.661)
Improvar 0.411(0449 -0.211(0.536)
WCZ 0.441(0.477) -1510™ (0.474)
Distmarket -0.008(0.025) -0.065(0.0%)
Soilqual 0.635"(0.267) 1.201™ (0.496)
Rainfall 0.0@2(0.011) -3.3e50.014)
Creditconts -0518(0.374) 0.810(0.697)
Tsresid -0.223™ (0.077) -3.4037 (0933
Const. 5.595™ (1.227) 102.035™ (2.270)
Inefficiency

X -7.980™ (2.112 -0.016 (0.008)

i 0.080(0.247) 4.862™ (0.05)
Observ. (N) 306 294

Note: *** ** and * are 1%, 5%, andl0% level of significance; Values in brackets are standard er@otumns one and two
represens farmers whodid not participate in the extension program badlopt the inoculantie. Adopter¥ = Non-Mediated
Adopters abbreviated agNM-A)) and farmersvho participatein the extension prograitwut did not adopt the inoculanté. Non
Adopterd!, abbreviated a#1-NA)), respectively.
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Table 4.4 Adoption with Mediation 7 (Weighted Nonlinear LeastSquares)i Farm Net

Returns (INGHC/Ha)
Variables Adopterd! Non-Adopter$'
(d, M(d))=(1.1) (d, M(d))=(0,0)
Coef.(S.E) Coeff.(S.E)
Age 0.0@2(0.002) -0.065 (0.037)
Gender -0.157" (0.062) -0.635(0.754)
Edu -0.005(0.019) 0.231(0.205
Edusq 0.002(0.001) -0.009(0.014)
Inland 1.108™ (0.02) 1.185(0.674)
Inlaborsq -0.009(0.00) 0.154°(0.091)
Inagrochem -0.016(0.010) -0.094(0.141)
Chemdumy -0.366(0.464) -3.434(3.090)
Improvar -0.094(0.066) 1.0780.921)
WCZ -0.103°(0.057) 0.001(0.67)
Distmarket -0.006(0.00B) 0.028(0.074)
Soilquall 0.007(0.051) 0.373(0.761)
Rainfall -0.006™ (0.002) -0.013(0.022)
Creditconts -0.013(0053 6.478™ (1.315
Tsresid 0.014(0.071) -15578™ (3.401)
Const. 5.699™ (0.236) 254.477" (53.500)
Inefficiency
X -8.430" (3.616) -0.007"°(0.001)
i -0.538" (0.091) 5.730™ (0.209
Observ. (N) 306 294

Note: *** ** and * are 1%, 5%, and 10% level of significance; Values in brackets are standard e@olenns one and two
represens farmers who participate in the extensionogram and adopt the inoculanig. Adopter¥ = MediatedAdopters
abbreviated agMA)) and farmers who neither participate nor adopt the inoculdrg. (NorAdopterd = Non-MediatedNon
Adopters abbreviated asNM-NA)), respectively.
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Table 4.5 Adoption without Mediation i (Weighted Nonlinear LeastSquares)i Farm Net

Returns (INnGHC/Ha)

Variables Adopters Non-Adopterg’
(d, M(d))=(1,0) (d, M(d))=(0.1)
Coeff.(S.E) Coeff.(S.E)

Age -0.009(0.007) -0.085™ (0.080)
Gerder 0.202"(0.088) -5.664" (1.270)
Edu -0.003(0.03) 0.161(0.325)
Edusq 0.00010.00%) 0.005(0.027)
Inland 1.136™ (0.104) 1.962™ (0.649
Inlaborsq -0.024™ (0.010) -0.02(0.137)
Inagrochem 0.012(0.019) -0.362(0.195)
Chemdumy -0.193(4.158) -11.631(16.412)
Improvar 0.0950.148) -5.725™ (1.211)
WCZz 0.238°(0.139) -0.531(0935
Distmarket 0.001(0.008) 0.011(0.095)
Soilqual 0.146(0.089 -2.1297(0.920
Rainfall -0.001(0.003) 0.011(0.029)
Creditconts -0.336 " (0.129 -6.223™ (1.693
Tsresid -0.4937(0.232) -2.509(2.121)
Const. 5.57(0.480 96.343™ (30.533
Inefficiency

f -15.551'(8.707) -0.040"(0.008)

f -1.720™ (0.647) 44417 (0.426)
Observ. (N) 306 294

Note: *** ** and * are 1%, 5%, and 10% level of sigitiénce; Values in brackets are standard errdZ®lumns one and two
represens farmers whodid not participate in the extension program badlopt the inoculantie. Adopter¥ = Non-Mediated
Adopters abbreviated agNM-A)) and farmers who participate the extension progratout did not adopt the inoculanté. Non

Adopterd!, abbreviated as1-NA)), respectively.

This category represent the scenario faamners participad in the extension program and also
adopted the inoculant technologyhile columntwo represents the counterfactual case scenario
for farmers whoneither participat in the extension program nor adegtthe inoculant
technologyhencefortirefer to asionmediatednon-adopters (NMNA). In Table4.3, columnone
represents the case sceoaf farmers who did not participate in the extension program but
adoped the inoculant technologyi.e. Adopterd), hereafter, nomediatedadopters (NMA),

whereasolumntwo represents theounterfactual case @drmers who participated in the exters
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program but did not adopt the inoculaathnology (i.e. Nom\dopterd"), hereafter refer to as
mediatednon-adopters (MNA).

The estimates for the constant term in Tahfecaptures the effect of unobserved fans@ecific
characteristics on the proction function, are all positive and statistically significant across all
farmers. These results suggest that farmers may have certain unobserved characteristics that
enhance or limit their ability to push the production frontier upward, irrespectitie stiperiority

of the production technology being employed. Similar trend is observed in 4:@blEhe results

also show that observed farrsgrecific characteristics such as education, gender and age have
significant impact in shifting the production frieer of farmers. In particular, for NNIA farmers,
education is positive and significant at 5% level, while education square is negative and significant
1% level, suggesting that an increase in education pushes the production frontier of this category
of farmers upwards, with the maximum effect occurring at 2 years of schooling. On the other hand,
education is negative and significant at 1% level feNK farmers, while that of the squared term

is positive, suggesting that this category of farmers requine years of schooling, in order for
education to have positive impact on their production frontier.

Also in Table4.2, gender (i.e. being a male farmer) has positive coefficient across all farmers, but
statistically significant (at 10% and 5% levels) tmly NM-A and MNA farmers respectively,
suggesting that being a male farmer within ou
This observation may be due to the fact that male farmers in most parts of developing countries
have better access family labor, quality land and other resources than female farmers, a finding
that is in line with Gebreet al. (2019) in their study of gender differences in agricultural
productivity among maize farmers in Ethiopia. However, the reverse is obserteel f@t returns
inTablesA4and4d5, suggesting that in terms of net ret

net returns frontier upwards, compared to their male counterparts. This observation is intuitive as
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female farmers are more likely to leagood marketing skills, compared to their male counterparts,

as such are more likely to bargain for good prices.

Table4.2 also shows that among the conventional inputs (land, labor, agrochemicals and improved
seed variety), land has the highest effedh@production frontier. Land is positive and statistically
significant at 1% level across all category of adopters (excepfNAMvhich is not statistically
significant), suggesting that a unit increase in land cultivated to soybean under the inoculant
technology leads to increase in yields ranging between 72kg/ha to 96kg/ha across various category
of farmers. Similar but greater effect is observed in terms of net returns per hectare of land (see
Tables4.4 and4.5). The results further reveal that theeetfof labor on the production frontier is
positive and statistically significant at 1% level for MA farmers, suggesting that this group of
farmers benefited from labor availability.

Also in Tablest.2 and4.3, the quantity of agrochemicals used is pwsitind significant at 1% and

10% for NM-NA and NM-A farmers respectively, indicating that the quantity of agrochemicals
applied to control weeds shifts the production frontier of this category of farmers upwards. It is
possible that some farmers may notdnased agrochemicals, which if not accounted for could bias
the results. Following Battese (1997), we included a dummy variable for chemical usage and did
not find any statistical significant effect at any conventional level.

In addition to the conventiah and farmesspecific characteristics, we also controlled for
environmental and geographical factors using zonal dummies, plot level soil quality and
precipitation. The results reveal that the zonal dummy which indicates whether the farmer is located
in the western corridor zone (WCZ) or eastern corridor zone (base category) is negative across all
category of adopters but statistically significant for MM and M-NA farmers only, suggesting

that the eastern corridor zone has high potential for soybeangtimtd compared to the WCZ,

since being in that zone shifts the production frontier upwards relative to being in WCZ. Tables
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4.2 and4.3 also reveal that soil quality at the farm level plays significant (at 1% level of statistical
significance) role intsfting the production frontiers upwards across all category of adopters. The
results further show that insufficient precipitation at the plot level significantly shifts the production
frontier downwards. In particular, that of MA (at 1% level of significa), a finding which is
consistent with adverse effects of rainfall on productivity in the literature.

In the lasttwo rows of Tablegl.2 and4.3, we present estimates of posédiation factor(s) that
influence far mer soé | e eeftheimotulartiechpoldythat couleéhavey i n
great impact on yields obtained from adoption. We conducted an inoculant technical knowledge
quiz and use the test scores to proxy the-pustiation factors in the inefficiency frontier function.

As shown in e Tables, the coefficient of a constant only inefficiency frontier model (represented

asf ) is positive and statistically significant at 1% level across all adopters, suggesting that

adopting the inoculant technology without sufficient technical knowledge on its usage makes
farmers highly inefficient and less beneficial. On the oktzerd, the coefficient of the inefficiency

model, with inoculant knowledge test score (representdd ag is negative and statistically

significant at 1% level across all adopters, indicating that adopting the technology with sufficient
technich knowl edge increases farmerso6 producti on
Similar results pattern is obtained for net returns in Tab#eand4 5. This finding learns credence

to Dzankuet al.(2020), who argued thaffective applicatia of the inoculant technology requires
knowledgeon proper storageand inoculation procedures in order to replicate the effective
experimental results of theoculanttechnology by farmers.

4.6.3 Impact of Mediation and Inoculant Adoption on Productivity, Efficiency and Welfare

In this section, we report estimates of the treatment effects derived in equatiot. The results

for yields andarmnet returns are presented in Talllé€sand4.7, respectively. Focusing on Table
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46, the first column canai ns t ot al i mpact of program part
welfare, decomposed into welfare contribution coming directly from adoption of new technology

and indirectly from participation in the extension program. The second column contains total
impact of i nocul ant adoption on the productio
adopters, decomposed into the portion due directly to technological change which shifts the
observed production frontier closer to the ideal production fromtetlie potential yield frontier),

and indirectly due to i mprovement in adopter s
frontier. The estimates in the third column represent the total impact on the production efficiency

of inoculant adopters rdlge to nonradopters, decomposed into efficiency gained due to
technol ogi cal change and indirectly due to
knowledge.

The results in column one of Tablé show that, the total treatment effect (measured dsdhé

average treatment effect (LATE)) on yields is positive and statistically significant at the 1% level.
Specifically, the impact on yield is 52kg/ha (and 46GHC/ha for net returns), suggesting that farmers
who participate in the extension program add the inoculant technology increased their yields

(and net returns), compared to if they had neither participate in the extension program nor adopt

the inoculant technology.
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Table 4.6 Productivity, Efficiency and Welfare Estimates on Soybean Yield (InKg/ha)

Impact on: Welfare Technology Frontier Inefficiency Frontier
LATE LATE, LATE
52.29% " (0.496) -203.283™ (1.987) -256.086" (2.333
DLATE DLATE DLATEy
40.218™ (0.427) -145.942" (1633 -186.199™ (2.010)
ILATE ILATE, ILATEy
12.071™ (0.281) -57.884™ (1.337) -69915™ (1.579)

Note: *** indicates 1%evel of significance; Values in brackets are bootstrapped standard errors from 1,880\pdeSLATE is

local average treatment effect, represegtthe total effect of participation in the extension dissemination program and inoculant
adoption; DLATE is direct local average treatment effect, representing the component of the total effect that comesifaoin inoc
adoption; ILATE is indirect local\gerage treatment effect, representing the component of the total effect that comes from extension
participation

Table 4.7 Productivity, Efficiency and Welfare Estimates on Net Returng (InGHC/ha)

Impact on: Welfare Techology Frontier Inefficiency Frontier
LATE LATE, LATE
46.026™ (0573 -185568™ (2.333 -231.511™ (2.245)
DLATE DLATE DLATEy
26.478™ (0.492) -124.835™ (1.999 -151.354™ (2.402)
ILATE ILATEn ILATEy
19.543™ (0.466) -60.683™ (1418 -80.189™ (1.809

Note: *** indicates 1%evel of significance; Values in brackets are bootstrapped standard errors from 1;8@0péesLATE is

local average treatment effect, representing the total effect of participation in the extension disseimiogtéom and inoculant
adoption; DLATE is direct local average treatment effect, representing the component of the total effect that comesifaom inoc
adoption; ILATE is indirect local average treatment effect, representing the component of thédctt#thaf comes from extension
participation
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This finding implies that farmers who have access to constant electricity supply and extension
information achieve higher welfare benefits, compared to farmers who do not have access to both
electricity and gtension information.

A decomposition of the welfare benefits due to mediation indicate that 77% (i.e. DLATE =
40kg/ha) of the welfare benefits, in terms of marginal gains in yield, can be attributed to the farm
househol déds adopt i ofne.tbefinodulamp),rwhile 2366 (ILAEEE=lBkg/had g vy

is due to the farm househol dbés participation |
The total treatment effect on the production frontier in column two of Tablehows that, the
technological chage led to a reduction in the yield gap between the production frontier of adopters

and that of the best production frontier by 203kg/ha. In order words, farmers who participate in the
extension program and adopt the inoculant technology increased tHdg gy 203kg/ha, which
agrees with Ulzeetal.( 2018) who reported that far mersd s
with inoculant application in northern Ghana. Further decomposition of the impact on the shift of

the production frontier shows that 7Z0&. DLATE, =146kg/ha) is due to adoption of the improved
technology, while 28%(ATERr= 58 k g/ ha) of the shift is due tc
knowledge on the improved technology usage. Intuitively, the total effect is an interaction of
adopion of the improved technology and technical knowledge in the management of the new
technology that leads to realization of the full potential of the technology. This finding is in line

with Takahashet al. (2020), who in a recent review of the literaum technology adoption and
extension, highlight the need to collaborate the two in a single study.

In column three of Tabld.6, the total effect on the technical efficiency shows that improvement

in technical efficiency of farmers led to an increasgi@td of about 256kg/ha. This indicates that

farmers who patrticipate in the extension program and adopt the inoculant technology are able to

cut down their inefficiency up to 256kg/ha (i.e. yield that would have been lost due to inefficiency)
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by adoptingimproved technology with technical knowledge. The marginal gain due to technical
efficiency appears to outweighs that of yield at the production frontier (i.e. 203kg/ha). This finding
is consistent with the argument by Huang and Liu (1994) that farmersaedwre technical
knowledge on a new technology prior to adoption of the technology tend to benefit more. A
decomposition of the total effect of technical efficiency shows that 73%D(ATE; =186kg/ha)

of the improvement c¢ om&imprévedeeshndlogyewhile2#dinhdlE; 6 s ad o
= 70kg/ha) comes from technical knowledge on the technology, implying that the synergic effect
of better technology and technical knowledge is required for farmers to be fully technically
efficient. However, grdar proportion of technical efficiency is achieved by adopting improved
technology, which is consistent with Kumbhaledral. (2009) argument that some technologies
inherently make the farmer efficient or inefficient. We find similar patterns of impact¢hen
production technology frontier and the technical efficiency frontier in the net returns model

presented in Tabl.7.

4.6.4 Production and Technology Gap Profiles

In Figures4.1 and4.2, we present the conditional (i.e. condition on being a complieannyield
estimates in deciles across various-population of adopters at the production technology and
technical inefficiency frontiers, respectively (see Figui&2 and4A.3 in the appendix folarm

net returns). This is important in characterizing production and technology gap between the
subpopulation of adopters and nadopters, since adoption of an improved technology may
induce inequalities in the production structures of farmers, due to heterogeneity in production
technology and technicalfficiency of farmers at the respective frontiers. Recent literature in the
stochastic frontier analysis employ quantile regression to profile the production and technology
gap among firms for structural analysis (e.g. éfaal.,2020;Huanget al.,2017. However, the

guantile regression approach is somehow restrictive as it allows for characterization of firms only
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at the quantile means and not at the individual firm level means, as in the case of standard regression

(Fortinet al.2011), the approachmployed in this paper.
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Figure 4.1Yield Gap Profile at the Production Technology Frontier (Kg/Ha).

Where H11, H00 and HO1 01 indicates mediatedadopers nonmediatednon-adopers and mediateenonadopers
respectivelyt the productioriechnology frontier function of yield. The figure illustrates the yieldgafile in decilesof farmers
operating at different production technology frontiers, compared to farmers at the best production frontier operating at zero
technobgical inefficiency.

4.00E+02
3.50E+02

3.00E+02
2.50E+02
2.00E+02
1.50E+02
1.00E+02
5.00E+01
0.00E+00
1 2 3 4 5 6 7 8 9

-5.00E+01

Yield Gap Kg/ha

Deciles

mG_11 mG_01 mG_00

Figure 4.2 Yield Gap Profile at the Inefficiency Frontier (Kg/Ha).
WhereG-11, G-00 andG-01 indicates mediatedadopers nonmediatednon-adopers and mediateénon-adopers
respectively at théechnical inefficiencyunction of yield.The figure illustrates the yield gap profile in deciles of
farmers operating at different levels of technical inefficiency, compared to farmers operating at zero technical
inefficiency.
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Figure 1shows that, the yield distance of farmers who participate in the extension program and
adopt the inoculant technologjy(i.e. the MA farmers (HL1)) at every decile is more closer to
zero, compared to farmers who neither participate in the extepsagram nor adopt the
technology (i.e. the NMNA farmers (H00)). Similarly, the MA farmers yield gap is also narrower,
compared to farmers who participate in the extension program but did not adopt inoculant (i.e. the
M-NA farmers (HO1)), suggesting thahe yield gap of farmers who participate and adopt the
inoculant technology is more closer to farmers producing soybeans at the best production
technology frontier.

Also in Figure4.2, the conditional mean plot of the yield at the technical efficiermtir shows

that, the average yield distance of MA farmersl[3 at every decile is almost on the zero line, as
compared to that of NNNA (G-00) and MNA (G-01) farmers respectively, indicating that farmers
who participate in the extension disseminagmwagram and adopt the inoculant are technically
more efficient than farmers who neither adopt nor participate in the dissemination program.
However, a comparison of the yield distance at both the production frontier and the technical
efficiency frontier bewveen farmers who participated in the extension dissemination program but
did not adopt the inoculant (i.e. the-NA farmersi (H-O1 and GO01)) is also lower, when
compared to that of NNNA farmers (i.e. HOO and G00), suggesting that, extension partitigpa
even without adoption of a new technology may
We find similar production and technical efficiency profile patterns in the net returns estimates
presented in Figure$A.2 and4A.3.

Figures4.3 and4 .4 show the full conditional mean yield distributions for MA farmersl® in

panel (a), compared to NHMA farmers (HO0) in panel (b) and also that ofNA (H-01) farmers

in panel (a), compared to NIMA (H-00) farmers in panel (b), respectively.
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The mean yield distribution at the production technology frontier of MA farmers is much lower,
and appears to be densely skewed to the left (i.e. towards zero), compared to that of the distributions
of NM-NA and M-NA farmers. This finding in an indication that a greater percentage of the yield
variability among the farmers may be attributed to tetdgy heterogeneity, which greatly
minimizes the yield distance between farmers who participate in the extension program and adopt
the technology and those who did not. Similar pattern of distribution is observed in respect of the
farm net returns in Figws4A.4 and4A.5 in the appendix.

Conversely, the mean yield distribution at the technical efficiency frontier in Figlresd4.6

show that the distribution for MA farmers (i.e-13) is also densely skewed to the left (i.e. towards
zero), compared tthat of NMNA (i.e. G00) and MNA (G-01) farmers, respectively. These
results indicate that conditional on participating in the extension dissemination program and
adopting the inoculant technology, all else being equal, greater percentage of yidddityaaia

the frontiers may be due to random noise rather than technical inefficiency. We observed similar

distribution patterns in the net returns in FigutAst and4A.7 in the appendix.
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4.6.5 Robustness Check

By way of checking the robustness of our finding, we conduct further analysis and report the results
in the appendix due to spaconstrains. First, we-+gstimate a probit model for the binary adoption
decision variable with our instrumental variable (IW)community connection to national
electricity grid (0 ). This is to check the validity for the propensity of instrument compliers to adopt
the inoculant away from the bivariate probit. Since it is possible that the statistical significance of
(&) in the bivariate probit model may have been drivemhiegypresence of the mediator variable

or its instrument. As shown in TadA.3, the IV ) is positive and statistically significant at 1%

level with the magnitude of the coefficient slightly larger than the bivariate counterpart, suggesting
that tre significance of the instrument is not driven by any other factor. The significant and positive
sign of the instrument propensity indicates that the instrument is valid and strong enough to be able
to identify local average treatment effect.

In Table4A.4, we also present a mixture of two normal distribution estimates for our continuous
IV 1 distance to the nearest extension offie (1sed to identify the mediation effect on adoption.

The intuition behind the identification property of the continuous IV to observe its mediation effect
on adoption is that, along the | Voés f uahl di s
increasing or decreasing distribution as the probability to participate and adopt increases or
otherwise Frélich and Huber, 2017Chenet al.,2020). FiguredA.1 in the appendix shows that

the instrument met the prequisite condition, for identidation of the mediation effect to be
observed.

Table 4A4 reports the estimates obtained from the estimation of the distributions at the instrument
means. As shown in Table, both the first mear @nd the second meah | of the mixture
distribution are statistically significant (at 1% level) and have the expected signs. The first mean is

negative, suggesting that as distance to nearest extension office decreases, the probability of a
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farmer participating in the extension program and adopt@gntbculant increases, resulting in the
impacts observed in this study. The mixing probability function ( of the distribution is also
positive and statistically significant at 1% level, suggesting that the instrument is a monotonic
increasing function in participation and adoption, which is also a necessary condition for local
average treatment effadentification in the IV regression (Chenal, 2020; Thomast al., 2020).

The significant and positive sign of the instrument propensity function indicates that the instrument
is valid and strong enough to be able to identify local average treatrfett ahd that our LATE
estimates reported in this study are not driven by any incidental variable or matrix. The GMM
model estimated is also just or exactly identified, assuming an identity weighting matrix as the
initial weighting matrix.

Finally, we pesent the unconditional (i.e. conditional on observed and unobserved factors but not
only on being a complier) mean estimates of the individualpsyulation level distributions of

the two outcomes in Figu#A.8 panel (a) and (b) of the technical (injgincy gap profile of
farmers in deciles. The results confirm the robustness in the mean distributions of the farm
production structure reported in this study. In fact, the unconditional estimates in4Aggishow

that, given observed and unobservadi-specific characteristics, some farmers within thiesl
deciles perform efficiently above the best technical efficiency frontier in the population in the yield
model in panel (a), and across all deciles in the net returns model in panel (b).

4.7 Policy Implications and Conclusions

Analyzing the welfare impacts of improved agricultural technologies and extension delivery
programs can be challenging, because either of them can lead to welfare gains. The approach often
employed in empirical analysis is focus on one component and subsume the other in statistical
distributional assumptions. In this study, we employ a new approach that evaluates simultaneously

the two components and decomposes the welfare impacts attributable to each of the two
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componentsWe use recent farm level data of soybean farmers who participated in the extension
dissemination program of legume inoculant technology in Ghana. We investigaiianeously

the impact of the inoculant technology adoption and the extemsmgram paticipation on

far mer s 6 ,pflicertyacdtwelfare. We also decompose each of these impact measures
into subcomponents whose impact paths can be traced to inoculant technology adoption, extension
delivery that enhanc ee andtherprogramsarticipatian decision.a | Kno!
Our findings revealed that investing in either development of improved agricultural technologies
such as the inoculant or intensifying extension delivery programs lead to increased productivity, as
well as efficency and welfare gains. We also found that the contribution of adoption of improved
agricultural technologies alone (i.e. inoculant adoption) can improve farm productivity by 72%,
productivity gain due to improved farmer efficiency by 73%, and improvemevelfare by 77%.

On the other hand, extension delivery program participation alone improved productivity by almost
28%, productivity gain due to improved farmer efficiency by 27%, and improvement in welfare by
23%. Although the results suggest that inwea agricultural technologies impact is greater than
extension delivery, we found that the synergic effect of the two is far greater than the individual
effects.

Our findings show that investment in research development aimed at developing new adricultura
technologies for farmers in developing countries such as Ghana can contribute to poverty
all eviation. I n the same vain, our results <co
extension services, given that extension agents provide farntardetailed knowledge on new
technologies. Our findings also reveal the significance of rural electrification in enhancing the
diffusion of new agricultural technologies, suggesting that state sponsored rural electrification
programs will go a long way tmontribute to the adoption of new agricultural technologies, thereby

increasing farm incomes and reducing rural poverty. This will also facilitate the deployment of new
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channels of extension delivery via information and communication technologies (I&nels

which mostly use electricity for effective functioning. As argued in this study, investment in rural
electrification will also drive the development and expansion in rural enterprises such as sales of
agreinputs and perishable agbased productsyhich must be stored under specific storage

conditions.
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Appendix

Table 4A.1 Comparison of Adopters and NorAdopters

Tables

Variables Adopters Non-Adopters Mean Diff

Mean(SE) Mean(SE) (SEB)
Yield 962.35(53.453) 691.53(47.57) 270.82" (71.75)
Farm Net Return 802.20(40.586) 879.87(47.37) -77.67(62.21)
Age 43133(0.727) 39.99(0.803) 3.205™ (1.081)
Gender 0.696(0.026) 0.721(0.026) -0.025(0.037)
Edu 2.853(0.271) 2.7280.27)) 0.125(0.383)
Land 4.88(0.235) 5.214(0.270) -0.332(0.357)
Labor 7.649(1.980) 7.973(1.327) -0.323(1.980)
Agrochem 3.726(0.343) 4.286(0481) -0.560(6.685)
Chemdumy 0.0290.010 0.020(0.008 0.0090.013
Improvar 0.706(0.026) 0.694(0.027) 0.012(0.037)
Creditconst 0.797(0.023 0.861(0.020) -0.063"(0.031)
WCZ 0.565(0.028) 0.568(0.029) -0.003(0.041)
Distmarket 2.372(0.261) 2.3520.212 0.020(0.338
Soilqual 0.5420.029) 0.4730.029) 0.070°(0.041)
Rairfall 61.5((0.924) 61.769(0.953) -0.265(1.327)
Comextoff 0.621(0.028) 0.629(0.028) 0.008(0.040)
Distextoff 15.78(1.155) 22.07(1.694) -6.295" (2.037)
Electgrid 0.941(0.013) 0.949(0.013) -0.008(0.019)
Testscore 61.692(1.647 48.979(2.157) 12.713™ (2.666)
Resemtech 38.824(2.017) 30.884(2.027) 7.939™ (2.860
Techdiff 0.307(0.01% 0.247(0.016) 0.060™ (0.022)
Dislang 0.7250.026) 0.6630.028) 0.062'(0.038)
Comextoff 0.621(0.028) 0.629(0.028) -0.008(0.@0)
Observ. (N) 306 29

Note:*** ** and * are 1%, 5%, and 10% level of significance; Values in brackets are standard errors.
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Table 4A. 2 Participation and Adoption Decisions (FirstStage Bivariate Pobit Estimates)

Variables AES-Patrticipation(M) InoculantAdoption (D)
Coeffs.(S.E) Coeffs.(S.B
Cong. -3.061" (0.487) -1.407°(0.611)
Age 0.02™ (0.005) 0.007(0.007)
Gender 0.365™ (0.132) -0.3977 (0.20%)
Edu 0.014(0.048) -0.017(0.059)
Edusq -0.003(0.003) 0.0003(0.004)
Inland -0.167(0.110) 0.0B(0.1%)
Inlaborsq -0.015(0.019) 0.011(0.024)
Creditconst -0.502™ (0.179) -0.009(0.231)
Inagrochem 0.013(0.032) -0.028(0.040)
Chemdumy 0.09(0.454) 0.664(0.552)
Improvar 0.016(0.141) -0.008(0.180)
wWCz -0.2090.137) -0.127(0.1)
Distmarket -0.008(0.015) 0.004(0.020)
Soilqual 0.6197 (0.140) 0.290.172)
Rainfall -0.006(0.004) -0.003(0.005)
Intestsq 2.275™ (0.200) -0.038(0.202)
Tsresid -2.8617 (0.221) 0.023(0.2M)
Adoptinoculant(D) 1.657" (0.160) -
Electgrid (&) - 3.200™ (0.186)
Distextoff(c) ) -0.041™ (0.013) -

Wald test of =0
LL

Wald Chisq
Observ(N)

-0.715™ (0.1%0)
18.27"
-359.078
543.22"
600

Note:*** ** and * are 1%,

5%, and 10% level aignificance; Values in brackets are standard errors.
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Table 4A. 3 Estimates of Treatment Instrument Propensity 4& ) i Electricity (Dummy)

Variables InoculantAdoption
Coeffs.(S.E)
Age 0.0070.007)
Gender -0.406™ (0.207)
Edu -0.026(0.059)
Edusq 0.001(0.M04)
Inland 0.015(0.13%)
Inlaborsq 0.010(0.025)
Inagrochem -0.044(0.04)
Chemdumy 0.79(0.572)
Improvar 0.030(0.182)
Creditconst -0.044(0.231)
WCZ -0.1590.180)
Distmarket 0.0030.021)
Soilqual 0.190(0.172)
Rairfall -0.002(0.005)
Intestsq -0.019(0.047)
Tsresid -0.018(0.211)
Const -1.3907(0.646)
Z1 inst 3.207" (0.18)
LL -131894
Wald Chisq 56775™
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Table 4A. 4 A Mixture -of-Normal Distribution for Mediation Instr ument (@ )
Parameter Distextoff(km)
Coeffs.(S.E)
‘ -1.8030" (0.1865)
1.0123" (0.0539)
: 6.6236" (1.4828)
1.7470" (0.1083)

"Qn 1.3012" (0.2895)
Figures
0 2 4 6 8 1

kdensity m_d1  —'— — - kdensity m_do |

Figure 4A. 1 Probability Density Distribution for Identification of Treatment Sub -
populations.
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Figure 4A. 2 Net Returns Gap Profile at the Production Technology Frontier (GHC/Ha).

Where H11, H00 and HO1 indicate inoculant adoption with mediationorradoption noamediation and nomdoption with
mediation, respectively at the production Technology frontier function of yield. The figure illustrates the yield gain plediles

of farmers operating at different production technology frontiessppared to farmers at the best production frontier operating at
zero technological inefficiency.

200
150
100
0

1 2 3 4 5 6 7 8 9

Deciles

w
o
o

N
o]
o

Net Returns Gap GHC/ha

[
o

EG_11 mG_01 mG_00

Figure 4A. 3 Net Returns Gap Profile at the Technical Inefficiency Frontier (GHC/Ha).

Where H11, H00 and HO1 indicate inoclant adoption with mediation, neadoption noAmediation and non
adoption with mediation, respectively at thechnical inefficiencyunction of yield.The figure illustrates the yield
gap profile in deciles of farmers operating at different levels ofrtieahinefficiency, compared to farmers operating
at zero technical inefficiency.
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Chapter 5
Do Egocentricinformation Networks Influence Technical Efficiency of Farmers? Empirical
Evidence from Ghana
Sadick Mohammed and Awudu Abdulai

Department of Food Economics and Consumption Studies, University of Kiel, Germany

This article isunder review in theJournal of Productivity Analysis

Abstract

We i nvestigat e tepoeentriampraatian network dndechmieal effiéency and

its distribution in the network, using observational data of 600 farmers from northern Ghana. We
exploit community detection algorithms to endogenously identify homogeneous network
communities with known structures to account for spatial heterogeneity, in a spatial stochastic
frontier model that controls for social selection bias. The empirical results reveal that at the global
network I evel, farmer sé t ec hniatcohfarmessfiri thari ency
egocentricnetworks. Our findings also show that farmers who are technically less efficient tend to
depend on the more efficient farmers in their networks to improve efficiency. We furthéndtnd

failure to account for spatial lebgeneitycanlead to underestimaiy technicalefficiency of high

(efficiency score >0.§)erforming farmers, while overestimatin@tiofmedium (efficiency scores
between0.36 7 0.5) andlow (efficiency scoredbetween 0.0 0.35 performing farmersThe
findings suggest t hat egatentmidnetworks and) improgimgttheia | f al
technical knowledge in a farm&s-farmer extension organization, can contribute to improving the

productivity of many farmers.

Keywords: Egocentric informatiometwork, Stochag frontier analysis, Spatialeterogeneity,

Technical efficiency, Technology adoption

JEL: C45, D83, D85, 013 Q16
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5.1 Introduction

Inadequatenformation on innovative agricultural technologies continue to be a major constrain
andthejinx to low technology adoption among smallholder farmers in developing coyF&sr

and Rosenzweig01Q Suri 2011) The lbw technology adoption among farmbes beeidentified

as one ofheroot causes of low productivity and high poverty incidearo@ng smallholder farmers
(Takahashkeet al. 2020) Weak and ineffective extension services due to resource constraints to
employ and equip extension agents to serve the needs of the widely dispersed smallholder farmers,
who constitute majority of the fainmg population of the developing countries accounts for the
inadequate informatiorB{um and Szonyi 2001

The use of farmersod personal i nformation net w
leverage the limited number of extension agengdan the diffusion of information on improved
technologies to farmers (Beaman and Dillon 2018; Valente 1996). The process of using personal
information networksto diffuse information about new technologies or products in ortier
accelerateadoptionor improve organizational performance is descrilbredhe literatureas the
network interventioa approach (Valente 20120ne strategy of the network interventson
approach that has become popular among developmentiprees and organizational manage

is the segmentation strategy. Thigategyis cost effective and efficierds it relies on passing the

new information to an identified group of persons who act as change agents rather than trying to
reach individual farmerd-@fchampst al 2021;Valene 2012. A major area of application of the
segmentation strategy of the network intervention approach in agricultural development is the use
of the lead farmer concept in pderpeer agricultural extension delivery.

The potentialb f f ar me r s diffuse mformaiion kalsut neve technologiesdue to social
learning have been extensively exploiadthe literaturewithin the last decadéBandieraand

Rasu| 2006 Conleyand Udry,201Q Banerjeect al, 2013 BeamarandDillon, 2018 Di Falcoet
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al., 2018). For instance, Kondyligt al (2017) found that <contact f
networks played a significant role in the diffusion and adoption of sustainable land management
practices among farmers in central Mozambique. In a similar sRebmanand Dillon (2018)

found that personal information networks played an important role in the diffusion, adoption as
well as technical knowledge on new compost making technology among farmers. iddadver,
evidencesuggest thathere is strong corfation of knowledgegain ona given technology by
farmerswho learnfrom their personal information networkgth those from whom they learn
(Fafchampset al, 2021).To t he extent t hat f ar me mpersonalk n o wl ¢
information networksi mpl i es t hat the | ikelihood of far me
with that of the peers from whom they learn could be equally high. This may be due to factors such

as informational inadequaciesvillingness to share informatiomommon shocksnd differing

absorptive capacitgmongindividual farmergKondylis et al, 2017;Boschma2005)

Recent spate of studies have considered the potential correlation of technical efficiencies between
contagious production unit® the literature. For exang among neighboring electricity and
chemical firms (e.g., Orea and Alvarez 2019; Kugiu al 2020), provincial and regioral
administrative units (e.gTsionasand Michaelides2016; Gudeet al 2018; de Graaff 2020),

airports and transportation termisgle.g., Pavlyuk 2019), sport teams (e.g., Horrace and Jung
2018) andwine industries (e.g., Fusco and Vidoli 20Mdoli et al 201§. In agricultural
production, the influence of geographical and
beenconsidered. Examples include Druska and Torrace (2004) study on rice farmers in Indonesia,
Schmidtet al (2009) on regional farms in Brazil, Areatl al, (2012) on dairy farms in England

and Wales, as well as Billét al (2018) study on olive farms inaly. However, lhe form of

contiguity considered by almost all these studsebased on geographical location, position, or

distance(i.e. physical contiguity between theroductionunitsor farms The physical contiguity
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approachs based otheassumpbn thatfarmers embedded in social communities learn from their
peers, given the similar environmental and social factors they face and thessmuimnic

relationships they shartuscreating docal terroir effect(Vidoli et al. 2016;Billé et al. 2013).

However, whilethe physical contiguity approach may account for environmental, climatic and
edaphic factors in the production system, it is insufficient to address the issue of informational
inadequacies among interacting farmers that lead to leaéspite, the voluminous literature on

the impact of thenformationnetworks on adoption of new technologies and yields, there is paucity
of knowledge on how the network contributes to technical (in)efficiency in the production
functions of the individuafarmers who constitute thi@formation network. This is important
because the position of farmers in a network who are first to receive information about a new
technology have distributional consequences among members in the netwoBafeegeeet al

2013; BeamamandDillon 2018.

The present studgttemps to fill the knowledge gap on how information networks influence
farmersodo technical (in)efficiency. Specifical/l
to investigate the influence dhrmers personal information networks (i.e., thgocentric
networks) on their technical (in)efficiency and its distributive mechanisms in the network, while
controlling for social selection bias. We estimate a spatial stochastic frontier analysis (SSFA)
model that accounts for unobservepiatial heterogeneitywhich presents @otentialsource of
endogeneityin efficiency analysis andould bias the estimatéKutlu et al 2020 Qu and Lee

2015) The present study contributes to the literature by incatipgraocial network structure into
efficiency analysis, using stochastic frontier analysis. To the best of our knowledge, this is the first

attempt to consider the impact of social interactions in efficiency analysis.
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The rest of the paper is organizedf@ltows; sections 2 and 3 discuss the conceptual framework
and the estimation strategy of the study, respectively. We then discuss the data and the empirical

results in sections 4 and 5 respectively, while section 6 presents the conclusions of the study.

5.2 Conceptual Framework
5.2.1 Spatial Stochastic Frontier Analysis with Social Network Dependence

We assume that farmers are homogeneous in regards to their production technolagienate
individual far mer @sbe @ vegply e aonf opurtopduutc tama f act o
production function can be specified as follows;

® a&Qun O 6h and6 TW[E1,nr, Q)

where® is a vector oflog outputs (yield) ofan individual farmerg is a vectorof production

factors? is a vector of parameteof interest,0 represent thaefficiencyterm,andu the random

error termassumed tbeiid with; % "Q'@0Onh, E and® 'Q@Q mh, L, wherekis an identity

matrix.

The productivity performance of farmers producing under any given technology, without external
influence on the farmersdé technical abilities
farmer obtains technical knowledge of a given technofagy other farmers through information
exchange, the possibility of the farmerds te
inadequacies from the farmers they exchange information with becomes higher (Fafehamps

2021; Kondylisetal 2017)Hence, anal ysis of the farmerdés pr
ignores the influence of the informational i N
function, could suffer a potential bias, due to the unobserved informational iaatkesyu

To account for the i1influence of ot her far mer

function of the farmer; 1€iQ represent village level farmer information network wigh "Q

o8 H N where' is a set of all farmer information networks acrassvillages.
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Furthermore, le6 represent the link that exists between fari@em ‘@'Q Q defined ag)

p, if farmer ‘Gshares agricultural information with farm&otherwised T, and0 N 3¢

wheresr

is the social contiguity matrix (or adjacency matrix). The social contiguity matrix is

assuned to be undirected (i.a), 0 andannot share information witk{i.e., 0 p). In

line with Fuscoand Vidoli (2013) andvidoli et al (2016), we respecify (suppressing the
subscript) equation 1, as a spatial stochastic #ontiodel that accounts for the interdependency

of the farmerds inefficiency on the informati
atgdaEQon o kg oo )

wheresr is theadjacency matrix of the netwark is the spatial lag parametér Tip ), U and

0 are the random erroand latent unknown terms respectively, assumed to be distributed as
Q@M E and & "Q@Qh,, k, respectively. The inefficiency terd in equation 1 is

expressed a® k£ "5 | and assumed to be distributed @sd mh E "3 (k
u? ,,Q)-

Similar specification has been employed in the stochastic frontier analysis literatur&réabet

al. 2012, however, the specification employed herehiss tne byFuscoand Vidoli (2013) and

Vidoli et al (2016). This specification is preferred, because, it adopts -&tage estimation
procedure which makes it more efficient and easy to compare with the standard stochastic frontier
analysis with the spati stochastic frontier analysis for consistency, since the spatial stochastic
frontier model converges to the standard stochastic frontier model Wher. Furthermore,
because the specification limits the analysis to only the inefficiency term in the stochastic frontier

model , there is substanti aVidolreteal 2086).i on i n t he |
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5.2.2 Identification and Endogeneity IssuesfdSpatial Heterogeneity

One of the challenges in distinguishing spatial dependence from spatial heterogeneity is that, the
latter arises due to structural changes, which is unobserved. That is, clusters (or spatial regimes)
that are observed in reality v&s in structure (i.e., they are rbomogeneous) over geographical

or social space, resulting in the inverse problem (Anslin 2010). Spatial heterogeneity presents a
potential source ofendogeneityin efficiency analysis (Kutlet al. 2020 Qu and Lee2015.
Accounting for this problem is always a challenge. In particular, when employing geographical
based proximity measures as the weighting matrix (i.e., the contiguity matrix) because such
measures do not easily change in reality. Another reason forallerade is thathe identification
problemis centered on the contiguity matriRecently,Billé et al (2018 suggest employing a
computerbased algorithm that can endogenously identify, in a-diaan approach, spatial
homogeneous regimes or clustérsn observed realorld spatial data, as a way to account for
spatial heterogeneityf-ollowing this approach, le4r represent the contiguity matrix of a
homogeneous specific network community that can be identified from observedor&hl
informationnetwork dataBy substitution, equation 2 can beggecified, in terms of the specific
network community adjusted contiguity matrix, as follpws

a & Wa £€Qan 0 L o» T 0 3)

wheresr is astructurally adjusted weighting nia¢ for a homogeneous network community, and

all other notations remain as defined earlier.
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5.2.3 Impact of Spatial Effects on Productivity Performance
To assess the benefits farmers derive from the information network, we employ the structural
imbalance distance measure expressedidoli et al (2016) as well ag~uscoand Vidoli (2013)

as follows;

~

Qy zp it pfB M) 4

whereO  andO are the predicted efficiencies at the standard stochastic frontier model and
the spatial stochastic froer model for individual farmeiQand Qg is a distancemeasureof
efficiency difference between the two models. Agativedifferenceindicates improvement in

efficiency the reverse is truéor efficiency loss) performance from the netkomnhile the

magnitude measures the extent of gains or otherwise from the neBusdoand Vidoli 2013).

5.2.4 Distributive Mechanisms of Gains in Egocentric Networks

In this section, we estimate the determinants of efficiency gains and its distrioomoy farmers
within an information network and across different networks. This is important for an informed
policy on agriculture extension service delivery that employ network structures for technology
information dissemination. In the spatial stochadtiontier analysis literature, contextual
environmental factors are normally regressed on the efficiency distance measuig, (lend

the coefficients interpreted as determinants. Given that the information network is composed of
individual farmers sampled from a cressction of smaller units of personal information networks
and pooled together to form the village network (see Figure Al in Appendix for a sample village
network), makes it highly hierarchical. As such, we employ the spdtet €Cox proportional
hazard model with individual level covariate adjustment, which is more appropriatet(Bhi

2020; Banerjee and Dey 2005). In addition, the distribution of benefits within a social network is
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assumed to be nonlinear within the famork of social proximity and social embeddedness theory
(Boschma 2005).

To this end, we follow the approach Béi et al (2020) which estimates a generalized additive
spatial effect Cox model by employingjgatial smoothinfunctionto adjust for indvidual farmer

and network characteristics. Specifically, we estimate a spatial survivaktiemt Cox model,
which is more appropriate for smaller number of units (Banerjee and Dey 2005). In addition, the
interpretation of the sign of the distance measdreenefitQy , makes it amenable to survival
analysis.We convertQg to a binary event occurrence variable in which the negative sign
indicating positive gains on efficiency performance is equal to 1 (implies the farmer biosafits
efficiency gain due to the network) and 0, otherwise. Next, the individual farmer predicted mean
efficiency score from the SSFA model (i/©., ) representing the efficiency level then becomes
the survival time variable in the estinmat. That is, the level of technical efficiency at which the
individual farmer is said to have benefited, as a result of being member of the information network.
In line withBai et al (2020) the generalized additive spatial effect Cox model for indadiéarmer

“Qin information networkQ is specified as follows;

Q0 Qo

()

where_ 8 is the benefit hazard function of farm&n network "Q, @ is avector of observe

factors that det er mi neganshnd itsfdistribaotierr adress indpviduali a |
networks,i is a networkspecific structural propertyHowever, because the netwesgecific
structural property has been accountediiahe adjusted weighting matrix (i.gg,), in order to

ensure identification, we assuiingn equation (5) to be equal to zero in the estimation.
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5.3 Estimation Strategy

We estimate both equations 2 and 3 using maximum likelihood estimabioedpire implemented

in the R software (R Core Team 2017), by combining the packages offered by Fusco and Vidoli
(2013) and Pavlyuk (2019). Equation 5 is estimated using partial likelihood estimation approach
also in the R package offered by Raial (2020). To ensure identification within the framework

of the social network analysis, we account for social selection bias in all the models estimated by
controlling for correlated peer effects and contextual effects (Manski 2P9@3parsimonious

empirical malel we estimate can lepecifiedas follows;

wherewis the outcome variable (in this case, log yields and spatial efficiency performance gains)
of farmerGn network'Q, wis a vector of observed farm characteristigsyandQd e not e f ar me
peers, village and district level indicators, respectivielys a parameter of interest, —tis a
vector ofpeer community, as well as district level fixadfects, respdively that may correlate
with the observed characteristics of the farmer-aisca composite error term, defined as (0
L " 0). The efficiency calculation foetaleach f

(1982) as expressed fusco and Vidoli (2013Y.

54 Context and Data
5.4.1 Study Context

The study context is northern Ghana, where over the last decade scientific research organizations
such as the International Institute of Tropical Agriculture (IITA) andXbencil for Scietific and

Industrial ResearcBavannah Agricultural Research Instit{teSIR-SARI) and their partner

2 The endogenous effect due to reflection problem of Manski (1993) does not apply in our context, since we are not espatéilygagged
output model.
30We refer readers interested in the likelihoods specifications to the refefenences cited in thisork for details.
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organizations employedfarmer Based Organizations (FBOs)ncept to disseminate a new
agricultural technology (known as tl&izobiainoculant) to smallhaler grainlegume farmers.
Theorganizations used conventional extension approaches (e.g., field vidasyoand offfarm
demonstrations, etc) as well as innovative communication channels such aki&adiag Clubs

(RLCs) and Video Documentaries (VIP$o disseminate and offer technical training to farmers
through theFBOsin three regions (Northertpper Eastand Upper West of northern Ghana

Members of the FBOs, then, become the initial farmers to disseminate or share their knowledge
with other famers in their communities to facilitate adoption of the new inoculant technology.
Thus, the dissemination program sought t o us
Egacentric) networks to diffuse and promote adoption of Riezobiainoculant techology. This

approach could generate unobserved spatial heterogeneity, in the performance of the technology
across the population due to differences in i

(Boschma 2005) and willingness to share knowladgthe new technology (Di Faleb al 2018).

5.4.2 Survey of Farm Households

Our data is from a recent survey of farm households in the northern region of Ghana. The survey
was conducted from June to August, 2018. The sample was drawn using a mugast@djag
technique. Based on the proportion of beneficiary communities (78%) in the inoculant
dissemination program and intensity of soybean production in Ghana, northern region was
purposively selected. Cluster sampling technigue was employed to zomegtbe into two
clusters, consisting of eastern corridor zone (ECZ) and western corridor zone (WCZ). Based on
participation status of districts in the dissemination program and intensity of soybean production
at the districts level within the clustersglei (8) districts, comprising of four (4) from each cluster
were purposively sampled. From the ECZ, Yendi, Saboba, Chereponi and Karaga districts were

selected, while in the WCZ, East Mamprusi, East Gonja, Savelugu and Kumbungu districts were
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selected. Irconsultation with the field officers and agriculture extension agents (AEAS) in the
selected districts, 5 7 communities were proportionately sampled, based on dissemination
program participation and the extension channel employed, as well as farmetipopuDne
farmerbased organization (FBO) was randomly selected from a list of FBOs that participated in
the dissemination program and another randomly selected from a list of FBOs that did not
participate in the program, to compose the observed intisweretwork pool. We then employed

a two-stage random sampling technigdetailed in the next section beldw sample600 farm

households, used for this analysis.

5.4.3 Data on Egocentric Networks

An egocentrimetwork sampling technique is employedamplemembers oEgo-Alter networks
(seeKrivitsky and Morris 2017; Schweinberget al 2020). Similar approaches have been
employed in the literatur@.g.Badhamet al 2021; Yeret al. 2016; Cai et al. 201%p sample real

world networks in empiricaltadies. A twestage random sampling technique is employed to
samplemembers othe egocentricnetworks.In stage one,sing a lottery approach, we randomly

drew five farmergas theEgos- seedor focal farmersjrom each FBO in the observed intervention
network pool.Following an initial interview with the Egos using computer assisted personal
interview (CAPIlI), a list of each farmerds inf
the Alters In the second stage, the CAPI random number generatorfused mer s uni
identification numbers to randomly sample thAdeers from eachEgads Alter list for interview.

The total number oEgosandAltersfor each village i20, resulting in 20 x 20 undirected social

contiguity matrix (.e. 5f -for each sampled village or communityn order to avoid

missing links due to missing information, a major problem confronting studies that employ sampled
social networks, thdata used for this analysis is restrictedive villagesperdistrict, totaing 30

villages across sidistricts(East Mamprusi, East Gonja, Savelugu, Kumbungu, YandiKaraga),
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where wehave full déa on both th&gosand theAlters. A total undirected social contiguity matrix
size for this analysis 800 x 600 block matrix gpresenting the aggregate village networks for the

sampled farm households

5.4.4 Network Community Detection

Based on networkcology theory and in line with Billét al (2018, we employ threeomputer
software algorithm§.e., Clauseet al, 2004;Newman and Girvan, 2004; Pons and Latapy, 2006)

to identify three homogeneous virtual network communities with known structural properties, from
observed realvorld egocentricnetwork data. The virtual network community approach is often
employed as a psda experimental design in the network intervention literature to overcome data
challenges that threatens identification and valid statistical inferences. Recent applications of this
approach in the social network literature include; Simpson (2020), whobsseved realvorld
egocentricnetwork data of Caet al (2015;) in Stochastic ActeDriented Models (SAOM a
simulation based algorithm), to study the relationship between farm size and social ties formation
among rice farmers in China. In technologgpgtion, Valente and Yon (2020) use similar approach

as in the current paper, to study diffusion of health practices in social networks, while others
employed purely simulation studies based on observedwardd network data to study network
structure oradoption behavior, knowledge transfer and productivity (see e.g., Baztled2021,
Beamaret al 2021). Though not in the context of social network but in productivity analysis, Billé

et al (2018, employed geographically weighting and adaptive wegghbothing algorithms
(Cleveland and Delvin 1988; Polzehl and Spokoiny, 2000) to study spatial regimes in olive farm
technologies in Italy. It is noteworthy to point out that, these applications are not in the context of

technical efficiency analysis, as the form employed in the current study.
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In this study, we denote thiereevirtual network communitiesonstructedsTO, T1 andT2, each

using a specific algorithmThe algorithms employed are based on moduf&rityaximization
procedure, which optimizea global criterion over all possible clustering in the network for
community detection (Let al 2021; Genget al 2019) .etdl2a04)salyorithre is
employed to detedil communities. The algorithm identifies virtual network communities around
farmers (or edges) with higkigenvectorcentrality measure (i.e., a measure of social importance

in the network community) from the observed seakld network data. Intuitively, th@1l is
assumed to correspond to choosing a lead farmer in a commurgtydbason t he f ar mer
importance. Newman and Girvan (2004) algorithm is employed to dE2.esdmmunities. This
algorithm identifies virtual network communitiasound farmers with highetweenesesentrality

(i.e., a measure of power based on beingdgb for other farmers to pass through for information

in the network) measure in the observed-reatld network data. Intuitively, th€2 is assumed to
correspond to choosing a | ead farmer in a com
being abridge to access information. Theelgeeigenvectorand edgebetweenessommunity
structures have received wide empirical application in the literature (e.g., Beaman and Dillon,
2018; Beamast al. 2021; Fafchampst al 2021), due to their importance ifenmation diffusion
required for technology adoption. In order to identify the effects of network community structure
on the economic outcomes of interest, we employed the algorithm of Pons and Latapy (2006) to
construct a third network community, whichassumes a randomly distributed centrality measure

in the network, as the virtual control community for comparison. This algorithm providas an
situation for comparison, since it identifies virtual network communities based on the assumption

that, the wtual communities observed in the network are randomly formed, and do not necessarily

31 Modularity, is defined as a natural division of network nodes into densely connected subgroups (Newman and Girvan 2004)
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form around any influential farmer (or node) within the network. Intuitively,Tihes assumed to
correspond to randomly choosing any farmer in the community to badaféemer for the
community. After identifying homogeneous network communities with known network structural
properties around influential farmers in the network, we then construct a netpexific
contiguity matrices+ ) for each network community he influence of three social ties or network
properties namely; transitivity, degreentrality and eccentricity, are analyzed for each detected
network community. These social ties are chosen based on their importance and wider application
in technology doption studies using social networks in the literature (e.g., Beatnan2021;
Fafchampst al, 2021; Simpson, 2020; Beaman and Dillon, 2018). Talilgpresents the layout

of the adjusted matrices and the social ties.

Table 5.1 Adjusted weighting matrices

Network Community Structure

Centrality Measure TO T1 T2
(Random) (Edgeeigenvector (Edgebetweenegs
Transitivity w ® @
DegreeCentrality ® ® @
Eccentricity @ ® @

Note: w denotes the adjusted weighting matrix for the respective community.

By iterative substitution, each adjusted mats (s then employed in the estimation of equation
3 of the empirical specifications to account for spatitlefogeneity effect, while the global
contiguity matrix ) from the observed reaforld network data is used to account for spatial

dependence at the global network level, as expressed in equation 2.
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5.4.5 Descriptive Statistics

Table 5.2 presents desiptive statistics of the data Average soybean yield of a farmer is
830kg/ha, cultivating on average 5ha of land to soybean and using an average labor of 8worker
days/ha. About 51% of the farmers used inoculant, averaging 14g/ha, of which 70% ahtrs far

also used improved soybean seed variety. Average age of farmers in the sample is 42 years, who
are predominantly male farmers (71%) with average years of schooling of 3years, living in an
average of 6 member households.

Table5.2 also presents the enage network structural propertidiote that because the algorithms
employedo construct the virtuahetworkcommunities are based on the modularity maximization
procedure, they are interpreted as modularity measfitks respective network commungidhe

three virtual communities are therefore described in terms of their modularity measures. The table
shows that, average modularityTd communitiess 0.324, indicating that at least 32% of links in

the information network is formed around an adtimally important (i.e., successful farmer or

past award winning farmer) farmer in the network. Average modularilf2aiommunities, is

0.332, indicating that at least 33% of links in the information networks is formed around powerful
farmers (i.e., farmars serving as bridges for others to pass through for information). Average
modularity ofTO communities is 0.318, suggesting that about 32% of links in the network may be
formed around any randomly chosen farmer within the networks. Bablirther show that,
average transitivity (which measures the structural strength of ties or links in the network or
cohesion) of the global network is 0.471, suggesting that at least 47% of farmers (or adjacent
vertices) are connected together. Average eccentricitighnmeasures the shortest path distance

(or geodesifrom the farthest node to any other node within a network is 2.7, meaning on average

32 See Tak# Al in the Appendix for the full descriptive statistics of the data
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a farmer in the network need to take 3 steps to reach the farthest farmer within the network, which
is very short ad easier for information flow within the network. Average degrestrality of a
network is 0.242, implying that at least a randomly chosen farmer in the network is connected to

24% of the farmers within the network.

Table 5.2 Definition and Summarstatistics

Variable Definition Mean SD Min Max
Panel A: Farmer and Farm Level Factors
Yield Soybean yield per hectargd/ha) 829.64 888.24 32.41 5703.87
Age Age of farmer (years) 4156 13.32 18 87
Gender 1 If farmer is maleO for female 0.71 0.46 0 1
Edu Years of schooling 2.79 4.69 0 21
Hhsize Number people in a household 5.79 3.05 1 27
Land Total aea of land planted with soybean (ha)  5.05 4.37 1 22
Labor Total labor used in soy cultivation (Worker 7.81 24.23 020 274.73
days/ha)
Agrochem Total amount of active ingredient in chemical 4.00 7.19 0 87.22
used (kg/ha)
Chemdumy 1 If farmer uses agrochemical, Otherwise=0  0.03 0.16 0 1
Amtinouse Total amount ofrioculantused (kg/ha) 13.91 18.35 0 118.93
Inodumy 1 If farmer uses agrochemical, Otherwise=0  0.51 0.50 0 1
Improvar 1 If farmer uses improve seed variety, 0.70 0.46 0 1
Otherwise=0
Creditconst 1 If farmeris not credit constrained 0.83 0.38 0 1
Otherwise=0
Extcont Number of extensionontacts 1.37 1.2 0 5
Distmkt Distance to nearest market (km) 2.36 4.14 0.10 50.10
Sall 1 If soil quality is good, Poor soil quality=0 0.51 0.50 0 1
Rain Amount of rainfall in (%) 61.63 16.24 20 100
Elgrid 1 If community is connected to the nat&bn 0.51 0.50 0 1

grid for electricity supply, Otherwise = 0
Panel B: Network Structural Characteristics

Random Structurér0) Average modularity of intervention 0.324 0059 0197 0.404
communities

Edgeeigenvector Centrality Average modularityf intervention 0.318 0.053 0.160 0.397

(T1) communities

Edgebetweeness Centrality Average modularity of intervention 0.332 0067 0.151 0.424

(T2) communities

Transitivity Average transitivity of a network 0471 0034 0391 0.530

Eccentricity Average short path distance from the farthe 2.718  0.063 25 2.75
nodes in the network

DegreeCentrality Average centrality of the network based on  0.242  0.059  0.137 0.421

degree connections
Note: SD is standard deviation; Min and Max are minimum and maximumsadspectively (See Appendix Table
A5).
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5.5 Empirical Results

This section presents estimates based on equations 2, 3, 4, and 5 in the empirical specifications,
representing spatial dependence, spatial heterogeneity, efficiency gains from spatial hetgrogen

as well as determinants of efficiency gains and the distribution oéffltéency gains among
farmers within the social space. For brevity, we focus the discussion on the parameter estimates
that are germane to the objective set out in this studyeier, the bulk of the estimates in respect

of each equation is attached as appendix (see Appendix3Aaliein order to save space but will

be referred to, when the need arises.

5.5.1 Spatial Dependence of Efficiency

In Figure5.1, Panels §) and(b)pr esent t h e | gotobtheadsidusl®in thenSéA and
SSFA models, respectively. This is a correlation test for spatial depersinezn the individual
farmei6 s i n e and the inefficieacy ofhefarmers intheinformation network, asxpressed
in equation 2 of the empirical specifications. This test is performed basedresith&ls obtained

from estimating equation 2 with ttaljacency matrixsf - )-that defines the social contiguity or

proximity of a farmer to other farmers in thbserved realorld network Panel &) of Figure5.1

shows a Moranés pl ot o f t hssumingacsspatial depemderfce o m  t
between the farmérmefficiencyand the inefficiency of farmeis ther information networki.e.,

" 1. As reported below iRanel §),t h e Metatistic( Vo r B=0&OL, p-value=0.000)

is positive and statistically significant at the 1% lewadlicating thathe assunption of no spatial
dependencas implied bythe SFA modeis rejected in favor of SSFAFigure5.1 also shows a

dense distribution of the resi duanel,suggestiighe f i |
that highly inefficient farmex are more likely to be connected to highly inefficient farméne

intuition is thatinefficientfarmers seek farming advice from peers who themselves are inefficient,

thus, low quality advice leading to low performance. This finding is line with Fafocbaimal.
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(2021), who found that knowledge of farmers tend to correlate with their peers from whom they

seek farming advice.

Moran scatterplot

Spatially lagged residuals { sfaZwl_rstd )

-25 20 -15 -1.0 05 0.0 05

Residuals ( sfa2w1_rstd )

(a) SFA Model
(Mo r a =992 p-value=0.00Q LR =51.96

p-value= 0)

Moran scatterplot

Spatially lagged residuals ( ssfa2wi_rstd )

-25 -2.0 -1.5 -1.0 05 0.0 0.5

Residuals { ssfa2w1_rstd )

(b) SSFAModel

(Mo r alrr®.818p-value=0.20," 1@ Y,

LR =57.74 p-value= 0)

Figure 5.1 Comparing the effect of spatial dependence on correlations of residuals

distribution.

Notes SFA and SSFA represent stochastic frontier analysis and spatial stochastic frontigsismaodels,
respectively; LR represents the statistic of the likelihood ratio test.

The rejection of no spatial dependence means that we have to esti@&fé& model to account

for the dependencd?anel p) of Figure51 pr esent s t he MoSSRAN@Gel

accounting for spatial dependenés.shown inPanel b), the presence of spatial dependence (i.e.,

statistically significant, suggesting

1) could not beejected(” = 0.188 LR = 57.74, p-value= 0.000. Therho is positve and

t hat

on the efficiency of the farmers from whom they seek farnaihgjce. In terms of model fit, the

LR (likelihood ratio) shows that the SSFA model outperformed the standard SFA, indicating that
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accounting for spatialependence significantly improveke fit of the f a r mproadécson
function. The corresponding Morars s t(aMoi rsdt m @818, p-value = 0.220 is not
statistically significant at any conventional level, indicating that the SSFA model has sufficiently
accounted for the spatial dependence. The distribution of the residBalsehb) also shows tt,

the gap between the mean plot (i.e., the solid line) is now very close to the line of origin (i.e., the
dash line), compared tBanel &), suggesting that spatial dependence has been sufficiently

addressed.

5.5.2 Spatial Heterogeneity in Efficiency

In Table5.3, we present estimates based on equationtBeoempirical specifications three
panels B, C,and D, representing transitivity, degreentrality and eccentricity interventions,
respectively, assigned to the three virtual network commurfiteesTO, T1 andT2). Each panel
contains three models, with each model represerisgecification with a differemetwork
specific structureused to construct thadjustedweighting matrix (i.e.5r) employed in the
estimation of the modelThe crieria for identification is that, after accounting for spatial
heterogeneity, the spatial dependence structure as capturedhmuld vary according to the
changing network structuréxselin 2010. In addition, after accounting for spatial heterogeneity
the local level spatial dependence as captured by the®idda r a h éstitistic becomes
statistically zero, such thttie SSFA andthe SFA modekbparameters converges and the model is
consistently estimated (Fusco and Vidoli 2013, Vieolal 2016).

Panel A in Tablé&.3 presents the global model for comparison. The global model only accounts
for spatial dependence (as discussed in the previous section above) spatial heterogeneity.

Hence, serves as a benchmark for detection of observed clvatigespatial dependence structure

BThe local statisticcoaver@es to the Local Indicators for Spatial Association (Lkafjstic after accounting for local or network
level spatial dependence structud@gdin 1995).
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due to changes in the netwesgecific structureWe also preserthel o c a | Morands an
density plots of the model residuais well aghe efficiency scorepredicted at the production

frontierin Figuress.2and53,r especti vel y. The | ocalofspdialr an d s
heterogeneity on the distribution of the model residuals, while the kernel density plot illustrates the
effect of accounting for s pattechnical éffieitneymthgenei t
interest of brevity, we report onthe model parameters that are common to tlggussion and

place the full estimates of all the models in Td#Ae2 in the Appendix.
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Table 5.3 Summary estimatedrom the stochastic frontier models
Model Matrix SFA SSFA

©  G.g Gop. fvmt S+ O A+ Dogy & Goygy Fuvm- Svm+ z O 24w
Panel A: Adjacency Matrix

Global w 0.470" 0.039" 3.488 0.092" 0.630 51.96" 0.463" 0.1% 0.039" 1197 0.018 0.188 0.63 57.74"
Model

NetworkSpecific Structure Models

Panel B: Transitivity

Model 1 @ 0.470" 0.039" 3.488 -0.002 0.630 51.96" 0.470" 0.3% 0.037° 1254 -0.001 -0.000 0.63 53.94™
Model 2 (W) 0.470" 0.039" 3.488 -0.004 0.630 51.96" 0.418" 0.1% 0.047" 8.88 -0.002 -0.000 0.64 65.08™
Model 3 W 0.470" 0.039" 3.488 -0.004 0.630 51.96" 0.453" 0.1% 0.041" 11.00 -0.006 -0.000 0.63 56.56™
Panel C: DegreeCentrality

Model 4 (W) 0.470" 0.039" 3.488 -0.007 0.630 51.96" 0.376" 0.2% 0.058" 6.50 -0.002 -0.000 0.66 63.43"
Model 5 (W) 0.470" 0.039" 3.48 0.002 0.630 51.96" 0.46I" 0.1% 0.037" 12.41 0.001 -0.000 0.63 62.62"
Model 6 W 0.470" 0.039" 3.488 -0.009 0.630 51.96" 0.419" 0.2% 0.046”" 9.09 -0.002 -0.000 0.64 67.07"
Panel D: Eccentricity

Model 7 W 0.47M0™ 0.039" 3.488 -0.014 0.630 51.96" 047" 0.1% 0.038" 12.41 -0.014 -0.000 0.63 52.71"
Model 8 W 0.470" 0.039" 3.488 0.009 0.630 51.96" 0.473" 0.2% 0.036" 13.00 0.001 -0.000 0.63 57.17"
Model 9 W 0.470" 0.039" 3488 0.009 0.630 51.96™ 0.399" 0.3% 0.054" 7.38 0.004 -0.000 0.65 52.10™

Notes *, ** and *** are 10%, 5% and 1% level of significanc€he Table presents estimates from equations 2 and 3 in Panel (A) and Panels (B, C and D), respectively.
PanelA, presents estimates of the global model engalttyaccount for spatial dependence, while estimates iRanelsB, CandD, present estimates on the network
properties (transitivity, degreeentrality and eccentricity, respectively) that characteatitee social ties among farmers within the egocentric information network
community. Each of the three models represents a specific network commonity &nd T2, respectively) employed to account for spatial heterogeri&iith. and

SSFA are the stochastioftier analysis and the spatial stochastic frontier analysis, respectively.
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Panel B of Tabl&.3 contains three models 1, 2, and 3, each representing estimates obtained from
equation 3, based on thdjustednatrices{F ,3+ , andss , respectively) for virtual communities

TO, T1 and T2, respectively, characterized by high transitivity. The resulanel B show that

the coefficient of the spatial dependence parametacross all the three modelse anegative,
compared to the positive coefficient in the global model. The negative coefficient suggests that the
changes in the netwoipecific structure has lead to changes in the spatial dependence structure.
In particulart h e Mo statistiols slso negative and not statistically significant, implying that

all forms of observed and unobserved spatial heterogeneity have been addressed. The models (i.e.,
Models 1i 3) that account for spatial heterogeneity in terms oL Balso perform better thahe

global model. The negative signs in all the models of both the SFA and SSFA indicate that the
parameters are also consistently estimated. The implication of the negative spatial dependence
structure suggests that less technically efficient (or higtdfficient) farmers are more likely to
depend on more technically efficient (or less inefficient) farmers in their information network for
farming advice. Intuitively, inefficient farmers tend to seek farming advice from highly efficient
peers, since qu&y advice contributes to better performance. This finding is consistent with the
lead farmer concept employed in farpteffarmer extension delivery systems (see Kondtlial

2017; Shikukuet al. 2019). We also observe that all the network commurhtes similar effects

on the spatial dependence structure, meaning that no matter the nature of influence (i.e., social
importance or power) of the most central farmer in the network community, the effect will be the
same, as long as there is social cohegie., high transitivity) among farmers in the network
community.

However,intermsaof he proportion of the i ndiie.,, tnal farr
is attributable tdhe inefficiency of the farmers itmeir informationnetwak, the randomly chose

network communities (i.e., Model 1), accounts for higher variad8édj, compared to Models 2
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and 3, respectively. The finding is an indication that randomly chosen lead farmers increases the
level of inefficiency within the networkcompared to those chosen based on social importance or
power within the network community. This observation may be due to the fact that randomly
chosen lead farmers, unlike others who have social importance or recognition to maintain, may
require some ntarial motivation in order to spend time to share quality information with peers,
hence, the higher inefficiency observed among farmers in that network community. This
observation islsoinlinewi t h S hetak(20kOyfinding that information shagrof randomly

chosen lead farmers with their peers is weak, because abskeace o privatemotivating factor,
compared to | ead farmers choseinthevitageed on t he
In terms of average efficiency score, Model 2 odtpars both Mbdek 1 and 2, indicating that

lead farmerghosen based @ocial importance of the farmer increases efficiency among farmers

in thevillage. Intuitively, chapsing best performing or award winning farmers within a community
aslead farmerdor extension delivery enhances learning and performance by other faaners
finding that is in line with Shikuket al (2019) and Fafchampt al (2021)

Panel C in Tabl®.3 also presents the results of Mod#ls$, and 6each representing estimates
basel on the matrices{ , 3¢ , andgp , respectively) for virtual communitieg0, T1, andT2,
respectively, characterized by farmer with high degerality. The resultshow similamegative

rho coefficients andstatistically insignifi@ n t Md mstatistido across all the three models,
compared to the global model, indicating that changes in the nespedific structures lead to
changes in the spatial dependence structure. The negative spatial dependence emphasize the earlier
findings that less efficient farmers learn from more efficient farmers in order to improve their
performance.

In terms of its impact on extension delivery organization, the choice of the lead farmer is important.

For example, we observe that Model 4 which assuoheosing the lead farmer randomly, gives
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higher average efficiency (i.60 ) 66%, compared to any other model, suggesting that choosing

a lead farmer randomly in a network community characterized by high proportion of popular
farmers (i.e.gdegreecentrality) leads to higher performance. This observation highlights synergies

in information sharing among farmers, needed for tacit social learning at the local level. The finding
that the proportion of popular farmers within the network comngustructure has positive effect

on efficiency is consistent with the social theory in diffusion studies, whereby the proportion of
adopters of a new technology or behavior in a network influences the adoption decisions of other
network members (see, Gramier 1973).

Al so i nformative is t he |ptatistcih Mode 5, which choosesa t h e
lead farmer based on social importance within the network community. The positive sign suggests
that highly efficient farmers also share agitisral information or farming advice with peers who

are equally technically efficient, to maintain their performance lé&@hdylis et al, 2017. This
observation is an indication of mutual relationship in information sharing among farmers in an
informaion network.

Panel D of Tabl®.3 presents the results of Models 7, 8, and 9, representing estimates based on the
matrices{F , 3¢ , andgp , respectively) for virtual communitieB0, T1, andT2, respectively,
characterized by high eauicity (i.e., shorter social distances or close proximity). The results in
Panel D are consistent with that of panels B and C, in terms of the negative coefficients in the
spatial dependence structure, compared to the global model. The results of Mbdel that,

average efficiency score of farmers in higrtweenessentralitycommunities is 67%, suggesting

that in network communities characterized by powerful farmers, shorter social distances among all
network members increases efficiency. This indieas t hat close soci al p
i nformati on net wor ks may have hi gh i nfl uence

communication. However, in terms of inefficiency variance, it also accounts for higher (0.3%)
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variation of the inefficiency aong farmers in the network community, suggesting that increasing
proximity could equally have greater consequences on inefficiency, in case the network is
dominated by highly inefficient farmers.

We al so observed a posi ti vlestatstw enf Modetsi8eaamdt9 o f
respectively, suggesting that network communities formed around socially important and powerful
farmers that maintain shorter social distance to all farmers withiretlherkcommunity, generate

more mutual information shag among farmers, compared to randomly structured network
communities.

Furthermore, Figur®.2 shows that the residual distributionstie SSFA models that account for
spatial heterogeneitgre now more even (i.e., PaneB, C and D), compared to theeddual
distributionin the global mode(i.e., Panel;A). We explore the effects of accounting for spatial
heterogeneity on average efficiency score of the farfigure5.3 presents a kernel density plot

of average efficiency scorgsedicedfrom all thenine models (i.eModels 1i 9), compared to

the efficiency scores from tlggobalmodel The results in FigurB.4 reveal that failure to account

for spatial heterogeneity lead to underestimating the efficiency of high (i.e., efficiency score >0.6)
perfaming farmers, while overestimatingathof medium (i.e., efficiency scores ranging 0136

0.5) andow (i.e., efficiency scores ranging 0.10.35) performing farmers.
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Figure 5.2 Comparing the effect of spatial heterogeneity on the distribution of residuals.

Notes The Base Model accounts for spatial dependence, while Modetetount for spatial heterogeneity using the
adjusted social atiguity matriceso o andw , representing matrices constructed using the pairing of the random
walk modularity (i.e., Modwalk) and transitivity, the eigenvector modularity (i.e., Modledeigen) and transitivity, as
well as the betweeness modularity (iMadbetwn) and transitivitin the adjusted social contiguity matrix
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Figure 5. 3 Effect of spatial heterogeneity on farmers technical efficiency scores.

Notes: SSFA represestspatial stochastic frontier analysis modethile the @ s represent the social contiguity

matrices used in the estimation of the models to account for spatial effects. So, SSFA_W presents the base model

estimated using ; SSFA_ W1 represemsodel 1 estimated using the adjusted mairix SSFA_W?2 for nutel 2 using
@ , SSFA_ W3 for model 3 usidg, SSFA_W4 for model 4 usidg, SSFA_WS5 for model 5 usidg , SSFA_ W6 for
model 6 usingo , SSFA W7 for model 7 usiag, SSFA_ W8 for model 8 usidg, SSFA_ W9 for mod8lusingw .

5.5.3 Impact on Efficiency Gains and Distributive Mechanisms
We now examine the i mpact o f i nformati on
technical efficiency improvement (or otherwise), in the production proEggge5.4 presents the

productivity gains in classes (both intdass and intrglass) percentiles across all the models (i.e.,

net

Models1 i 9), in comparison to the global model that accounts for spatial dependence and not

spatial heterogeneity. Generally, Figlrd reveals strong heterogeneity in both irdkass and

intra-class distribution of productivity gains among farmers within and across each information

200



network, suggesting that farmersodé benefits di
as vell as the structural characteristics of the network community.

In particular, the figure shows that when the information network is characterized by high
transitivity (i.e., social cohesion) productivity gains are higher(10 60" percentiles) in
eigenvectorcentrality communities (i.edW2, compared to thieetweenessentrality communities
(10" to 50" (i.e.,dW3. However, the productivity gains are much lower{1®30") in random
communities (i.e.,dW1), compared to theedgeeigenvector and betweenesscentrality
communities, respectively, suggesting that benefits differ according to the network structure
(Beaman and Dillon 2018).

Also, the intraclass distribution of productivity gains follows similar pattern within the network
community, s ggesting that farmersd benefits differ
within the network. This observation is also consistent with the literature on the distribution of
economic benefits in embedded social relationships (Tan and ReddyB#han and Dillon,

2018). The highest population of farmers are within th& (centile) productivity class across
all network communities, with the population of farmers decreasing as the productivity class size
increases, suggesting that producyi\gins may be higher among smaller groups (or cliques) of
farmers, compared to larger groups. This finding is in line with Vieloél (2016) as well as Di
Falcoet al (2018), who found an inverse relationship between productivity gains and size of the

farmer s net wor k.
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Figure 5.4 Inter -class and Intraclass distributions of average efficiency gains in egocentric
network communities.

Notes The estimates are based on equation 4. The dWO0 denotes gains calculated bgledxtimeodel, while dW1

I dW9 denote gains calculated based on Modéls9] respectively. The bars at each model indicates percentiles,
while comparison within a model is intdass and between models is inttass.

On the other hand, in higlegreecentrality (i.e., high popularityhetworks, productivity gains are
higher (18" to 60" percentile) in randomly communities (i.elW4, compared tdetweeness
centrality(i.e.,dW6 andeigenvectoicentrality(i.e.,dW5 communities, respectively. Thisfling
suggests that in random communities the distribution of benefits may depend more on the
individual farmer characteristics than the structure of the information network. By intuition, in
communities with high number of influential farmers, produgtingains from the information
network could be evenly distributed among farmers with at least a weakest link to the influential

farmer, compared to other network communities. This finding is consistent with Beaman and

Dillon (2018), who found high composig knowledge in randomly structured network
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communities of male farmers with high centrality influence in the network, compared to other
farmer network structures in Mali.

Furthermore, Figure.4 reveals that in higheccentrigty (i.e., shortest distance)etworks,
productivity gains are higher (0i 70" percentiles) irbetweenessentrality communities (i.e.,
dWR), compared toeigenvectorcentrality (i.e.,dW8) and random (i.e.dW7 communities,
respectively. This finding indicates that in higbcertricity network communities, an individual
farmerdés benefits from the network depends
information bridges to other farmers in the network commuiiitys observation is intuitive as
farmers with more kneledge on a technology are more likely to devote more attention to very
close relations during information sharing, compared to any other faridence, effective
communication occurs leading to high efficiency gagBeaman and Dillon 2018; Akerlof 1997

In addition, Figurde4 r eveal s that failure to account
productivity gains, as the global model (i#/0 suggests equal productivity gains (10%) for all
farmers in the information network, contrary to eterogeneous classes of gains observed across
all models. This finding supports recent literature (e.g., Shilatlal 2020; Shikukiet al. 2019;
Kondylis et al 2017) criticizing the lead farmer concept of extension delivery, where all farmers

in the canmunity are assumed to benefit equally from the lead farmer. Thus, implicitly overlooking

f

the fact that benefits may differ according

as well as the mode by which the lead farmer was chosen for timauroty™.

34 See Appendix 7 for more discussion on the distributive mechanisms.
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5.5.4 Determinants of productivity gains in farmer information networks

In this section, we discuss the control variables from the Spatial Cox survival model in equation 5
of the empirical specifications, as factors influencing the likelihobd of ar mer 6 s i nf o
network to contribute to productivity improvement of members of the network. Note that the
coefficients discussed here are log hazard ratios from the spatial survival model. We interpret
coefficients close to 1 as n@ontribution tgproductivity gains, less than 1 as positive contribution

to productivity gains and greater than 1, means negative contribution to productivity gains (i.e.
productivity losses) (Sullivan, 2021). It is significant to note that the estimates discussethere a
not determinants of (in)efficiency as in the spatial stochastic frontier analysis (SSFA) model. Due
to space constraints, we attach the estimates of the SSFA models in the appendix (d&#eable

in the Appendix), since their contribution to explainitg aggregate network behavior in this
context is less important. The purpose of this discussion is to identify factors influencing
producti vity g egoaerdricnetwooks) infoaer noeinfosmd extension delivery
policies that leverage on sunbtworks to reach farmers for technology adoption and productivity
performance.

Table5.4 reports estimates from the spatial Cox proportional hazard model. The table presents
estimates from all the nine models (Models 9), compared to the global modEbr brevity, we

focus the discussion on the network level (i.e., the village level) factors that determine productivity
gains from the network, since that is the target unit for policy action. We report the individual
farmer level factors and district xl effects in Tabl&A.3 in the Appendix.

Panel B in Tabl®&.4 shows that the coefficient of average adagg of farmers in the network is
statistically significant and positive, suggesting that age density at the network does not contribute
to explainirg productivity gains from the network, though age may be important at the individual

level.
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Table 5.4 Spatial Cox proportional hazard estimates

GlobalModd Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

(W) (@) (W) (W) (@) (@) (W) (@) (W) (W)

Variable Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff.
(S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E)

Vage 0.074 0.108" 0.056 0.074" 0.079™ 0.133" 0.059 0.040 -0.033 -0.043
(0.039) (0.047) (0.032) (0.036) (0.033) (0.036) (0.036) (0.041) (0.038) (0.032)

Vgender -0.036 1.762" 0.461 0.629 0.315 -1.265" 0.711 -0.184 -1.093" 1.393"
(0.502) (0.580) (0.406) (0.439) (0.393) (0.484) (0.416) (0.507) (0.520) (0.420)

Vedu -0.036 -0.471" -0.190™ -0.229™ -0.137" -0.105 -0.165™ -0.024 -0.228™ -0.111"
(0.064) (0.086) (0.059) (0.066) (0.056) (0.062) (0.059) (0.058) (0.067) (0.050)

Vhhsize 0556™ -0.385 0.439" 0.665™ 0.241 -0.182 0.367" -0.519" 0.540™ 0.615"
(0.178) (0.222) (0.144) (0.1712) (0.134) (0.152) (0.154) (0.172) (0.174) (0.153)

Vextcont 0.259 2.735™ 0.080 1.497" 0.115 0.441 0.415 0.782 0.380 0.475
(0.435) (0.700) (0.364) (0.371) (0.330) (0.336) (0.328) (0.474) (0.422) (0.326)

Vimpvar -0.901 -2.623" -0.192 -0.445 -0.334 -0.967" 0.225 -1.880™ 0.345 0.162
(0.533) (0.579) (0.436) (0.495) (0.416) (0.486) (0.443) (0.523) (0.506) (0.424)

Vinouse -2.555" 2.061 -2.500™ -6.297" -3.320™ -6.611" -4.786™ -0.824 -2.500" -1.985"
(1.202) (1.771) (1.014) (1.145) (2.017) (1.143) (1.092) (1.476) (1.273) (0.937)

Velgrid 0.921 -2.795 2.074 7.487" 3.343" 5.705™ 5.147™ 2.304 4.338" 1.514
(1.843) (2.565) (1.539) (1.784) (1.599) (1.895) (1.728) (2.335) (1.879) (1.406)

Vdistmkt 0.170™ 0.207™ 0.086 0.058 0.035 0.250™ 0.098 0.071 0.166™ 0.017
(0.072) (0.074) (0.059) (0.069) (0.060) (0.066) (0.063) (0.072) (0.070) (0.057)

Vfarmsize -0.062 -0.004 -0.040 -0.057 -0.069 -0.056 -0.096" -0.102" -0.146™ -0.041
(0.053) (0.047) (0.039) (0.046) (0.040) (0.053) (0.048) (0.051) (0.056) (0.041)

Vsoil 5.623" 11.290™ 4,921 7.142" 6.903" 41217 6.782" 6.704™ 1.744 3.058"
(1.928) (2.234) (1.697) (2.006) (1.785) (1.770) (1.893) (1.904) (1.899) (1.550)

Vrain -0.047 0.019 -0.034 -0.013 -0.013 -0.005 -0.015 0.003 -0.001 0.014
(0.027) (0.029) (0.022) (0.023) (0.022) (0.026) (0.024) (0.028) (0.027) (0.021)

LRT (df=570) 56.45" 164.7 64.25" 1319 7061 144.7 95.47" 76.62 66.2" 50.11"
Mean Beneficiaries 45.50% 44.67% 64.83% 53.67% 68.33% 54.17% 59.83% 50.00% 49.50% 71.50%

Observ.(N) 600 600 600 600 600 600 600 600 600 600

Notes *, ** and *** are 10%, 5% and 1% level of significanc@he Tdle presents estimates from equatiorCblumn1l, presents estimates of the global model
employ to account for spatial dependence, while eaobfmrs 11 9 respectively, presents estimates on the network properties (transitivity, aegteality and
eccentricity, respectively) that characterizes the social ties among farmers within the egocentric information networktgoEechrof the three models represents
a specific network intervention communio( T1 and T2, respectively) employed to accofimt spatial heterogeneity.
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This implies that benefits distribution in egocentric networks is mutual for all ages of farmers, who
constitute the network. This observation is intuitive as people who share information benefits from
each ot heretssexgeences. of di v

The results in Panel B also show that the coefficient of average eduséaup ¢f farmers in the
network is negative and statistically significant (at 1% level), suggesting that density of educated
persons in egocentric networks aamiites positively to productivity gains of members of the
net wor k. The implication 1 s t haegocentritnetworkor e e d
the more productive the network becomes and vice versa. This is intuitive, as a network with high
dersity of educated farmers means high cognitive proximity among members, a major requirement
needed for accurate communication and effective information sharing in embedded social networks
(Boschma 2005).

In Panel B of Tabl&.4, gender (i.e., male = 1) ditution in the network shows a mixed effect.

For instance, in network communities with high transitivity (i.e., Mod&I8)1 the density of male
farmers in the egocentric networks does not contribute to explaining productivity gains of members
in the néwork, compared to individual farmer level. Similar observation is made in high degree
centrality networks, particularly, in random and ettggveeness network communities. However,

in high eccentric network communities, the coefficient of gender is wegatid statistically
significant, suggesting that male farmers are more likely to obtain productivity improvement in the
network, compared to female farmers in the network. This implies that the distribution of gender
in information networks may have disintional inequalities, due to difference in social distances
between male and female farmers, which is likely to affect the close proximity required for
effective communication and information sharing.

Furthermore, Panel B of Tallet shows that the dsity of average number of extension contacts

(Vextcon} of farmers in the network do not contribute to explaining productivity gains, rather, it is
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the individual farmerdéds number of ext &#sion ¢
Thisisint ui ti ve, as farmerdés may not have to dep
advice, once all farmers have equal access to extension services, thus, underscoring the importance
of egocentric networks in closing the information gap, stemming fronequede extension staff

to meet the needs of farmers.

In addition, the results in Panel B of Tabld show that, the density of farmers using improved
technologies such as improved crop varidtiynpval) and yield enhancement inputs (etgizobia

inoculanti Vinousé in the network have positive and statistically significant contribution to
productivity gains for farmers in the network. This observation suggests that targeting egocentric
networks in technology adoption programs will not only enhancasiiff of the technology but

will also improve the performance of the technology, due to the potential of farmers to learn from

the experiences of other farmers in their network communities.

In PanelB of Table5.4, the coefficient of farm size is negatigeross all models, suggestitigt

either at individual or network level, farm sizeshgositive and significant contributioto
productivity gains, an observation that is consistent with applied economics literbhise.
observation is in line witlsimpson (2020)who alscobserved positive relationship between farm
size and agricul tur al dgecentitneiwoksimGhinlamong r i ce
On the other hand, the results in Panel B of Tallleshow that, poor soil conditions (i.®soil)

and hck of amenities such as availability of electricity (i\éelgrid) at the village level, have

negative and significant contribution to productivity gains (i.e., productivity losses) across the
network communities.

Furthermore, the bottom row of Tallel also reports the mean population of farmers that will be
affected, in terms of productivity gains, due to extension policy based on each of the network

community and the centrality measure, compared to the global model. The results in the table reveal

207



that in network communities characterized by higinsitivity (i.e., Models 1 3), eigenvector
centrality communities have larger (65%) impacts, comparedetaveeness centrali§4% and
random (45%) communities, respectively. This finding suggests tlegticentricnetworks with

high social cohesion among farmers, organizing extension delivery program around farmers with
higheigenvectocentrality(i.e., most successful farmers) in the community will be more beneficial
to majority of farmers in the commity, compared to higlhetweenessentrality farmers (i.e.,
powerful farmers). However, randomly chosen farmers in the community for extension delivery
program will be less beneficial to majority of farmers in the community, compared to the two
centralitymeasures.

In network communities with higbegreecentrality (i.e., Models 4 6), the impact is larger in
random communities (68%), compared bmtweenessentrality communities (60%) and
eigenvetor-centrality communities (54%), respectively. This findi suggests that iegocentric
networks with highly popular farmers, organizing extension delivery program around randomly
chosen farmers in the community will be more beneficial to majority of farmers in the community,
compared to the tweentralitymeasues. However, choosing either farmers with Higiweeness
centrality or eigenvetor-centralitywill still benefit more than half of the population of farmers in
the community.

However, the largest (72%) impact occurb@iweenessentralitycommunities baracterized by

high eccentricity compared to all network communities. This finding suggests theganentric
networks of farmers with shorter social distances organizing extension delivery program around
farmers with highbetweenessentrality may provde higher outreach to almost all farmers in the
community, compared to bottigenvetor-centrality and random farmers. However, choosing
farmers either randomly or based eigenvetor-centrality will still benefit about half of the

population of farmers the community.
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5.5.5 Robustness Checks

As robustness cheskor the spatial heterogeneity observed in this stadyignore the assumption
thatthe informationnetworkis structured aroundither farmers with higkeigenvetor-centrality

or betweenessentrality in the communityand assuma random community structer Panels E

and Fof Table5A.4 in the Appendipresent the results of two models (i.e., Models 10 and 11) on
the robustness check®anel E report estimates of Model, Which accounts for sial
heterogeneity based on adjusted weighting matgix {§ focusing ontransitivity and degree
centrality, while Panel F reports that of Model 11 estimated basedjon ) focusing ordegree
centralityandeccentricityof a random communyitstructure. The resulshow that our findings are
robust, as both the coefficient of the spatial dependence structure and the LISA statistic both have
the negative signs, which is consistent with the random communities in Models 1, 4, and 7 of panels
B, C and D, respectively. ThER statistics are also statistically significant at the 1% level
suggesting that the SSFA models accounting for spatial heterogpnavtye betterfit of the

f ar mpeodustidon function

In Figureb5A.2, we presernkernel desity plots of average efficiency scomg®dicedfrom models

10 and 11 (i.e.Models DT 11), compared to the efficiency scores from gihabal mode| as
robustness check of the effects of failure to account for spatial heterogeneity ondaffivgzacy

scores as observed in this study. The results in Fi§@ reveal the same patterns of
underestimating high performing farmers, while overestimating that of low and medium
performing farmers. Indicating that the findings as observed in this studgsstent and robust.

All estimates on the robustness checks are reported the appendix, in order to save space.
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5.6 Conclusions

I n this study, we i nvegacéenirignbotmatiort networks onpeahaitcal o f f
efficiency in the produadn functions of farmers and its distributive mechanisms in the networks.
Using community detection algorithms in a ddtaven approach, based on observed-veaid
egocentricnetworks data of 600 soybean farmers from Ghana, we account for unobsetiad spa
heterogeneity on farmersoé technical efficienc
The empirical results generally reveal that f
that of farmers in their egocentric networks, suggesting that farmers who share farming information
with inefficient farmers are more likely to be inefficient, compared to those who share information
with highly efficient farmers. This also indi
peers in their egocentric networks in order to improed twn performance.

The results show that thegocentricnetwork level of influence on technical (in)efficiency of

farmers is netwoHspecific and differ according to the nature of the social ties or influence between
farmers in the network. The empiriaasults further reveal that network communities formed
around farmers wittsocial importance increases efficiency among farmers in the community
through information sharing with highly efficient farmers in the netwiedkthermore, the findings

reveal that in networks of farmers with higlkegreecentrality, randomly structured relationship in

the network, have greater impact on efficiency, compared to any other network community. These
network communities generate synergies in information sharing amongri&a needed for tacit

social learning at the local level. The findings also reveal mutual information sharing among highly
efficient farmers in an information network, implying that technically efficient farmers also share
agricultural information or faning advice with peers who are equally efficient so as to maintain

their level of efficiency. We find that the density of educated personggncentricnetworks

contributes positively to productivity gains of farmers in the network.
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Interms oforganizip e xt ensi on del egocentrimetworks, thia studyf fiadrthate r s 0
in highly social cohesiometworks organizing extension delivery around farmers with high
eigenvectoicentralityin the communityncreases the efficiency of majority farmersmpared to

farmers with highbetweenessentrality. Furthermore, we find that organizing extension delivery
around randomly chosen farmers in highly cohesive networks decreases the number of farmers that
will benefit from the networkln addition, the findhgs further reveal thah egocentricnetworks

with highly popular farmerorganiang extension delivery around andomly chosen f
increases efficiency of majority of the farmers in the community, thathghosing either
betweenessentrality or eigenvector-centrality farmers still benefitsmore than half of the
population of farmers in the communityinally, we find thain egocentricnetworks of farmers

with shorter social distances organizing extension delivery program around farmers with high
betveenessentrality increases the efficiency of almost the entire population of farmers in the
community, though choosing farmers either randomly or baseeiganvetor-centrality also

benefits about half of the population of farmers in the community.

Thestudy generally <conclude that identifying
improving their technical knowledge in a farsterfarmer extension organization, can leverage

the limited extension agents, to improve productivity of many farmers.
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Appendix
Tables

Appendix 1: Peer, Village and District Level Data.

Table 5A. 1 Definition and Summary Statistics

Variable Definition Mean SD Min Max

Panel C: Average Peer Level Factors

Page Peers average age in years 4156 13.3 18 87

Pgender Average proportion of male peers 0.71 0.45 0 1

Pedu Peers average years of schooling 2.79 4.69 0 21

Phhsize Peers average household size 5.79 3.05 1 27

Pland Peers averageea of land planted with 5.05 4.37 1 22
soybean (ha)

Plabor Peers averagetal labor used in soy cul@fion  7.81 2423 020 274.73
(Workerdays/ha)

Pochem Peer averagetal amount of active ingredient 4 7.19 0 87.22
in chemical usegkg/ha)

Pamtino Peers averagetal amount ofrioculantused 13.9 18.35 0.0001 118.93
(9/ha)

Pinouslumy Average propdion of peers that used inoculai  0.51 0.50 0 1

Pvar Average proportion of peers using improved  0.70 0.46 0 1
variety

Pcredit Average proportion of peers with not credit 0.83 0.34 0 1
constraint

Psoil Average proportion of peers with good qualitt  0.62 0.20 0.25 1
soil

Prain Average percentage of rainfall received by 61.63 16.24 20 100
peers

Panel D: Average Village Level Factors

Vage Village average farmer age in years 4156 415 3225 52.85

Vgender Village average proportion of male farmers 0.71 0.22 0.15 1

Vedu Village average years of schooling 2.79 1.5 0.45 5.75

Vhhsize Village average household size 5.7 1.18 4.25 9.45

Vland Village averager@a of land planted with 5.05 1.66 2.20 9.90
soybean (ha)

Vlabor Village averagédotal labor used in soy 7.81 9.70 1.001 54.59
cultivation (Workerdays/ha)

Vchem Village averagedtal amount of active 4 2.12 1.10 11.69
ingredient in chemical used (kg/ha)

Vamtino Village averagedtal amount ofrioculantused  13.91 3.97 4.9% 19.82
(kg/ha)

Vinouse Village proportionof farmeis that usehe 0.51 0.14 0.25 0.75
inoculant

Vimpvar Village proportionof farmers that usémprove 0.70 0.19 0.30 1
variety

Vcredit Village proportionof farmeis that are not credi  0.83 0.14 0.40 1
constraint

Vextcont Village average number of extension contact 1.37 0.27 0.9 2

Vdismkt Village average idtance to nearest market (kr 2.36 1.36 0.45 5.82
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Vsoil Village average proportion farmers with good
soil quality

Vrain Village averageainfall in percent

Velgrid Proportion of villagegonnected to the natione

grid for electricity
Panel E: Average District Level Factors

Dage District average farmer age in years

Dgender District average proportion of male farmers

Dedu District average years of schooling

Dhhsize District average household size

Dland District average r@a of land plamd with
soybean (ha)

Dlabor District averagedtal labor used in soy
cultivation (Workerdays/ha)

Dchem District averagedtal amount of active
ingredient in chemical used (kg/ha)

Damtiro District averagedtal amount ofnoculantused
(kg/ha)

Dinous District proportionof farmeis that usénoculant

Dvar District proportionof farmeis that usémprove
variety

Dcredit District proportionof farmess that are not credi
constraint

Dsoll District average proportion farmers with gooc
soil quality

Drain District averageainfall in percent

Delecgrid Proportion of farmers in districtonnected to

the national grid for electricity
Ddismkt

0.62

61.63

0.51

41.56

0.71
2.79
5.7
5.05
7.81
4
13.9

0.51
0.70

0.83

0.62

61.63

0.51

2.36

0.08
6.90
0.10

2.64
0.14
0.90
1.04
0.59
3.62
0.81
1.16

.05
0.07

0.08

0.06

6.13
0.05

0.52

0.48
49
0.35

38.65
0.51
1.44
4.94
4.39
3.18
3.24

12.09

0.44
0.62

0.72

0.52

52.6
0.47

1.599

0.80
74
0.70

46.79
0.85
4.04
8.01
6.01

15.03
5.37

15.06

0.6
0.82

0.95

0.72

69.2
0.60

2.77

Note: SD is standard deviation; Min and Max are minimum and maximum values respectively.
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Appendix 2: Full estimates from the spatial stochastic frontier (SSFA) models.

Table 5A. 2 Spatial Stochastic Frontier

Global Model Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

Gr ) Gr ) Gr ) Gr ) Gr ) Gr ) Gr ) Gr ) Gr ) Gr )

Variable Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff.
(S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E)

Const. 1.575 0.540 -1.052 0.340 -2.283" 0.778 0.813 -1.099 0.573 -0.259
(2.062) (0.742) (1.346) (2.261) (0.774) (1.166) (3.110) (1.369) (1.931) (1.292)

Inagchem -0.058 -0.063 -0.046 -0.068 -0.054 -0.076 -0.061 -0.067 -0.065 -0.013
(0.097) (0.096) (0.098) (0.097) (0.100) (0.095) (0.096) (0.097) (0.095) (0.098)

Inland 1.266™ 1.292" 1.267" 1.292" 1.254" 1.289" 1.289" 1.302" 1.259™ 1.256™
(0.131) (0.129) (0.133) (0.134) (0.133) (0.128) (0.131) (0.132) (0.129) (0.134)

Inlabor 0.164™ 0.162" 0.138" 0.167" 0.140" 0.149" 0.158" 0.135" 0.149" 0.130"
(0.066) (0.066) (0.067) (0.067) (0.069) (0.066) (0.067) (0.067) (0.066) (0.068)

Inamtinouse -18.443" -18.79" -18.35" -18.84™ -18.94™ -17.67" -18.57" -18.70" -19.15" -20.20™
(2.046) (1.485) (1.828) (2.189) (2.113) (3.352) (4.222) (1.469) (2.673) (3.826)

Inagchemsq 0.067 0.072 0.065 0.075 0.068 0.084 0.072 0.076 0.071 0.043
(0.047) (0.047) (0.049) (0.048) (0.050) (0.047) (0.047) (0.048) (0.047) (0.049)

Inlandsq -0.284™ -0.311™ -0.280" -0.309™ -0.305™ -0.314" -0.311" -0.322" -0.280™ -0.268"
(0.120) (0.116) (0.120) (0.123) (0.120) (0.113) (0.122) (0.118) (0.118) (0.120)

Inlaborsq -0.035 -0.035 -0.032 -0.036 -0.030 -0.035 -0.035 -0.030 -0.033 -0.025
(0.023) (0.023) (0.023) (0.023) (0.024) (0.01) (0.023) (0.023) (0.022) (0.024)

Inamtinoussq 3.339" 3.39" 3.305™ 3.396" 3.407" 3.172" 3.357" 3.363" 3.456™ 3.645™
(0.373) (0.269) (0.334) (0.404) (0.377) (0.617) (0.770) (0.263) (0.487) (0.693)

Rain 0.0 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Impvar 0.014 0.018 0.025 0.018 0.021 0.028 0.017 0.014 0.018 0.018
(0.038) (0.038) (0.039) (0.039) (0.040) (0.038) (0.038) (0.039) (0.038) (0.040)

Soil 0.149 0.120 0.123 0.120 0.132 0.139 0.120 0.113 0.122 0.121
(0.090) (0.091) (0.091) (0.091) (0.093) (0.088) (0.095) (0.091) (0.091) (0.092)

Chemdumy 0.094 0.092 0.074 0.087 0.106 0.090 0.100 0.098 0.106 0.116
(0.125) (0.125) (0.126) (0.125) (0.126) (0.123) (0.127) (0.125) (0.127) (0.130)

Extcont -0.009 -0.009 -0.010 -0.010 -0.011 -0.008 -0.009 -0.007 -0.008 -0.010
(0.013) (0.013) (0.014) (0.014) (0.014) (0.013) (0.014) (0.014) (0.014) (0.014)

Creditcostr 0.007 0.007 0.025 0.004 0.002 0.024 0.012 0.017 0.011 0.002
(0.045) (0.045) (0.045) (0.045) (0.046) (0.045) (0.045) (0.046) (0.045) (0.046)

Dismkt -0.003 -0.004 -0.004 -0.005 -0.005 -0.005 -0.004 -0.004 -0.004 -0.004
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.005) (0.004) (0.004) (0.004)

Inousedumy 28.39" 28.99" 28.40" 29.10" 29.33" 27.38" 28.62" 28.94" 29.54" 31.17"
(3.107) (2.244) (2.785) (3.314) (3.223) (5.043) (6.426) (2.220) (4.055) (5.803)
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Plabor 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001

(0.002) (0.002) (0.0®) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Pochem -0.015 -0.016 -0.014 -0.016 -0.014 -0.018° -0.016 -0.017 -0.015 -0.009
(0.009) (0.009) (0.010) (0.010) (0.010) (0.009) (0.009) (0.010) (0.009) (0.010)
Pamtino -0.138" -0.140°  -0.134"  -0.139"  -0.138"  -0.128"  -0.138"  -0.136"  -0.142"  -0.149"
(0.017) (0.009) (0.015) (0.019) (0.014) (0.026) (0.033) (0.009) (0.021) (0.028)
Pland 0.093" 0.102" 0.091" 0.101" 0.106" 0.106™ 0.102" 0.107" 0.092" 0.083"
(0.044) (0.042) (0.044) (0.045) (0.044) (0.041) (0.045) (0.043) (0.043) (0.044)
Vlabor -0.003 -0.003 -0.002 -0.001 -0.001 -0.005 -0.004 0.002 -0.004 0.001
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Vland 0.038 0.039 0.039 0.026 -0.016 0.029 0.037 -0.018 0.026 -0.038
(0.026) (0.022) (0.029) (0.024) (0.028) (0.025) (0.024) (0.024) (0.023) (0.028)
Vchem 0.013 0.011 0.001 0.013 0.045" 0.016 0.019 0.018 0.024 0.043"
(0.019) (0.016) (0.017) (0.016) (0.020) (0.017) (0.016) (0.019) (0.016) (0.017)
Vsoil -1.030 -1.002"  -1.392" -0.893 -1.154" -0.386 -1.015 -0.912" -1.104° -1.068"
(0.552) (0.329) (0.421) (0.527) (0.380) (0.400) (0.683) (0.435) (0.473) (0.460)
Vrain 0.001 -0.001 0.000 -0.006 -0.005 0.006 0.001 -0.007 -0.002 -0.012
(0.008) (0.006) (0.007) (0.007) (0.007) (0.006) (0.007) (0.007) (0.007) (0.007)
Vamtino 0.000 -0.001 0.001 0.000 -0.008 0.002 -0.001 -0.012 0.002 0.002
(0.006) (0.005) (0.005) (0.005) (0.006) (0.005) (0.005) (0.008) (0.005) (0.006)
Vdismkt 0.025 0.026 0.006 0.014 -0.001 0.008 0.028 0.003 0.019 0.023
(0.020) (0.017) (0.019) (0.018) (0.019) (0.018) (0.017) (0.017) (0.018) (0.018)
Vvar 0.086 0.081 0.070 0.076 0.083 -0.030 0.062 0.244 0.028 0.093
(0.143) (0.115) (0.131) (0.129) (0.134) (0.136) (0.135) (0.143) (0.119) (0.129)
Dland 0.213 0.278" 0.320" 0.233 0.372" 0.312" 0.287 0.185 0.276" 0.015
(0.165) (0.108) (0.126) (0.155) (0.114) (0.034) (0.202) (0.126) (0.146) (0.133)
Dlabor -0.047 -0.052°  -0.071" -0.054 -0.077°  -0.030" -0.050  -0.071" -0.057°  -0.085"
(0.027) (0.013) (0.019) (0.029) (0.016) (0.006) (0.039) (0.021) (0.025) (0.022)
Dchem -0.403 -0.461%  -0.521"  -0.442°  -0580°  -0417" -0.486°  -0.407°  -0.494"  -0.465"
(0.152) (0.071) (0.103) (0.155) (0.075) (0.073) (0.221) (0.099) (0.139) (0.097)
Damtino 0.234" 0.260" 0.332" 0.277" 0.401" 0.174" 0.264 0.361" 0.286" 0.436"
(0.119) (0.053) (0.085) (0.128) (0.076) (0.028) (0.169) (0.095) (0.108) (0.092)
Drain 0.022 0.031" 0.043" 0.036 0.052" 0.023" 0.025 0.046™ 0.031 0.043"
(0.019) (0.009) (0.013) (0.019) (0.010) (0.003) (0.026) (0.014) (0.017) (0.013)
sigmau2_dmu 0.463" 0.470™ 0.418" 0.453" 0.3%™ 0.461" 0.471" 0.419” 0.473" 0.399”
(0.061) (0.056) (0.052) (0.062) (0.049) (0.048) (0.073) (0.048) (0.064) (0.054)
sigmav2 0.039” 0.037" 0.047" 0.041" 0.058" 0.037" 0.038" 0.046™ 0.036" 0.054"
(0.013) (0.011) (0.012) (0.014) (0.012) (0.009) (0.016) (0.010) (0.013) (0.013)
LL -347.84 -349.739  -344.172  -348.428  -344.996 -345.399 -350.355 -343.175 -348.124  -350.658
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Notes *, ** and *** are 10%, 5% and 1% level of significanc€olumnl, presents estimates of the global model employ to account forlspeiendence, while
each ofColumrs 17 9 respectively, presents estimates on the network properties (transitivity, demteality and eccentricity, respectively) that characterizes the
social ties among farmers within the egocentric information neteonkmunity. Each of the three models represents a specific network intervention compdunity (
T1landT2, respectively) employed to account for spatial heterogerigity.Table presents the full SSFA estimates from equations 2 and 3, respectively.
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Appendix 3: Individual farmer controls and district fix effects.

Table 5A. 3 Spatial Cox proportional hazard estimates

Global Model Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9
G ) Gr ) Gr ) Gr ) Gr ) Gr ) Gr ) Gr ) Gr ) Gr )
Variable Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coef.
(S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E)
Panel A Far mer 6s Characteri:
Age 0.004 -0.002 0.002 -0.002 0.001 -0.003 -0.002 0.000 0.002 0.002
(0.005) (0.005) (0.004) (0.005) (0.004) (0.005) (0.004) (0.005) (0.005) (0.004)
Gender(Male=1) -0.098 -0.185 -0.1%4 -0.130 -0.133 -0.135 -0.164 -0.067 -0.161 -0.184
(0.165) (0.174) (0.138) (0.150) (0.132) (0.147) (0.143) (0.160) (0.153) (0.128)
Edu 0.014 0.002 0.015 0.008 0.003 0.008 0.006 -0.008 0.004 0.008
(0.015) (0.017) (0.013) (0.015) (0.013) (0.015) (0.014) (0.015) (0.016) (0.012)
Hhsize 0.023 0.017 -0.004 -0.021 0.001 -0.010 0.002 0.023 -0.013 -0.001
(0.022) (0.025) (0.019) (0.022) (0.018) (0.022) (0.020) (0.022) (0.023) (0.018)
Creditr 0.195 0.286 0.055 0.273 0.177 -0.247 0.170 -0.073 -0.130 0.074
(0.177) (0.168) (0.143) (0.167) (0.144) (0.157) (0.154) (0.161) (0.166) (0.138)
Elgrid 0.398 0.366 0.553" 0.541" 0.241 0.192 0.499" -0.025 0.244 0.226
(0.303) (0.348) (0.247) (0.279) (0.241) (0.261) (0.257) (0.318) (0.278) (0.226)
Distmkt -0.013 0.023 0.004 0.011 0.005 0.025" 0.000 -0.004 0.010 0.002
(0.018) (0.014) (0.013) (0.014) (0.013) (0.013) (0.014) (0.018) (0.014) (0.013)
Impvar 0.238 0.070 0.067 0.072 0.103 -0.102 0.157 0.251 -0.023 0.018
(0.150) (0.152) (0.122) (0.138) (0.120) (0.137) (0.132) (0.144) (0.143) (0.113
Farmsize -0.050™ -0.013 -0.025 -0.010 -0.009 -0.035" -0.020 0.014 -0.010 -0.009
(0.018) (0.017) (0.014) (0.014) (0.013) (0.015) (0.014) (0.015) (0.015) (0.013)
Inouse -0.293 -0.519 -0.874" -0.982" -0.650™ -0.324 -0.971" -0.090 -0.065 -0.474"
(0.310) (0.348) (0.254) (0.286) (0.247) (0.269) (0.265) (0.322) (0.284) (0.231)
Rain 0.003 -0.013™ 0.001 -0.003 -0.002 0.002 0.000 -0.001 -0.001 -0.001
(0.004) (0.005) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
Soil -0.219 0.499 0.056 0.402 0.095 -0.021 0.131 0.164 0.181 0.190
(0.349) (0.349) (0.286) (0.323) (0.280) (0.333) (0.305) (0.332) (0.347) (0.276)
Extcont -0.010 0.009 -0.013 -0.017 0.010 -0.048 -0.034 -0.001 -0.062 -0.008
(0.053) (0.051) (0.044) (0.048) (0.043) (0.049) (0.046) (0.051) (0.051) (0.042)
Panel C: District Fixed Effects
Emamp(2) 0.646™ -0.217 0.907" 1.005™ 0.963" -0.300 1.024" -0.468 0.367 0.461
(0.399) (0.404) (0.316) (0.351) (0.314) (0.462) (0.353) (0.369) (0.376) (0.293)
Karaga(3) -1.6%™ -0.045 -1.056™ -1.823" -0.528 -0.150 -0.741 0.740 -1.684™ -1.164™
(0.421) (0.542) (0.353) (0.436) (0.354) (0.372) (0.407) (0.411) (0.451) (0.364)
Kumbungu(4) -0.092 -2.503" -0.216 -1.301™ -0.087 0.633 -0.189 -0.497 -0.434 -0.794
(0.563) (0.660) (0.463) (0.525) (0.452) (0.542) (0.507) (0.528) (0.533) (0.426)
Savelugu(5) 0.596 -0.885" 0.661 -0.100 0.256 -0.595 0.445 -0.753 -0.474 0.159
(0.473) (0.468) (0.389) (0.418) (0.393) (0.523) (0.431) (0.458) (0.457) (0.355)
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Global Model Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

GE ) (Grall) G ) Gr ) Gr ) (Gl (Gl (Gl (Gl GE )
Variable Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Coeff. Codf.
(S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E) (S.E)
Yendi(6) -0.266 -1.82T -0.250 -1.187 -0.658 0.208 -0.454 -1.246 0.327 -0.278
(0.337) (0.425) (0.283) (0.325) (0.281) (0.346) (0.310) (0.305) (0.341) (0.257)
LRT (df=570) 56.45" 164.7 64.25" 131.9 70.61" 1447 95.47" 76.62" 66.2" 50.11"
Mean Beneficries 273 268 389 322 410 325 359 300 297 429
(45.50%) (44.67%) (64.83%) (53.67%) (68.33%) (54.17%) (59.83%) (50.00%) (49.50%) (71.50%)
Observ.(N) 600 600 600 600 600 600 600 600 600 600

Notes *, ** and *** are 10%, 5% and 1% level of significanc€olumn 1, presents estimates of the global model employ to account for spatial dependence, while
each ofColumrs 17 9 respectively, presents estimates on the network properties (transitivity, degrteality and eccentricity, respectively) that charactesitee

social ties among farmers within the egocentric information network community. Each of the three models representetspméifictervention community @,
T1andT2, respectively) employed to account for spatial heterogenéity Table presds estimates from equation 5.
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Appendix 4
Table 5A. 4 Robustness Checks
Model Matrix SFA SSFA
& G,y Gog. fvmy Sm+ O hmy S,gp & Goyrgy fvvm- Svmt Z O v vmd
NetworkSpecific Structure Models

Panel E: Transitivity and DegreeCentrality
Model 10 W 0.470" 0.039" 3.488 -0.006 0.630 51.96”" 0.391" 0.4% 0.0563" 7.3 -0.002 -0.000 0.65 68.23"
Panel F: DegreeCentrality and Eccentricity
Model 11 (W) 0.470" 0.039" 3.488 -0.008 0.630 51.96" 0.40Z" 0.3% 0.05I" 7.93 -0.002 -0.000 0.65 62.91"

Notes *, ** and *** are 10%, 5% and 1% level of significanc&ach of Panel€ and F respectively, presents estimatesdifierent combinationshe network
properties (transitivity, degreeentrality and eccentricity, respectively) that characterizes the social ties among farmers withinatiglomly formedagocentric
information network community. Each of the mgdél and 11yepresents a specifiandomnetwork intervention communjtsespectivelyemployed to account for
spatial heterogeneitylhe Table presents estimates from equation 3 in Panels E and F, respectively.
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Appendix 6: Robustness Checks
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Figure 5A. 2 Effect of spatial heterogeneity on farmers technical efficiency scores.

Notes: SSFA represestspatial stochastic frontier analysis modethile thew s represent the social contiguity
matrices used in the estimation of the models to account for spatial effects. So, SSFA_W presents the base model
estimated usingd ; SSFA_W10 representsodel 10 estimated using the adjusted mairix, SSFA_ W11 fomodel
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Figure 5A. 3 Inter -class and Intra-class distributions of average efficiency gains in
egocentric network communities.

Notes The estimates are based on equation 4. The dWO0 denotes gairiated based the global model, while dWV1
and dW9 denote gains calculated based on Mod@sadd 11 respectively. The bars at each model indicates
percentiles, while comparison within a model is intfass and between models is irtéass.
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Appendix 7: Threshold Distribution of Efficiency Gains in Egocentric Networks.

As noted in the literature (e.g., Di Faleb al 2018; Boschma 2005), the benefits stream from
economic relationships embedded in social relationships increases up to a thresroldhieft
adverse impacts arise, due to either {otleffect or distributive pressure from an increased
network size. On this basis, generalizing the
distribution to be that of the entire network babawill bias the findings.

Figures A3, A4 and A5 present estimates expl a
distribution mechanisms in the network communities. The results are derived from equation 5 in
the empirical specifications. Each dig contains four panels (Panetsi(d)) and each panel
represents a specific network community structure based on the model from which the estimates
are obtained, with all models (Model$ ®) compared to the global model (Para).(In general,

all the figures reveal substantial heterogeneity in the threshold probability distribution of
productivity gains across all the network communities.

Panel () in Figure A3 shows that, in high transitivity networks, the probability threshold for
positive productiity gains is highest (0.4 or 40%) in network communities structured around
powerful farmersgompared to the structure around important farmers (35%) and randomly chosen
farmers (0.30) in Panels &ndb), respectively.

In networks characterized by faens with high degreeentrality, Panelki) in Figure A4 shows

that, the probability distribution threshold is highest (0.8 or 80%) in network communities
structured around randomly chosen farmers, compared to socially or agriculturally important
farmers 646 and powerful farmers 25% in Panatsa(idd), respectively.

For high eccentric network communities, Pandlarfdc) in Figure A5 reveal that, the probability
threshold increases up to (1.0 or 100%) in communities structured around powerful farmers and
socially or agriculturally important farmers, respectively, and to some extent in networks structured
around randomly chosen farmers 97% in Pangel (

However, in comparison to the global Model in Paagl the results show that failure to account

for spdial heterogeneity underestimates the threshold probability (0.24 or 24%) across all models.
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Figure 5A. 4 Probability threshold distribution of efficiency gains of an egocentric
information network.

Notes:Each figure explains the efficiency gains distributive mechanism (or behavior) for given network community.
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Figure 5A. 5 Probability threshold distribution of efficiency gains of an egocentit
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Chapter 6

Summary, Conclusions and Policy Implications
Food availability all times and places is central to human development and a primary indicator of
welfare. However, developing countries led by-Sataran Africa suffggerennial food insecurity
dueto low agricultural productivityCentral to boosting agricultural productivityingreasng crop
yields and sustaing productivity gains throughthe adoption of improvedr new agricultural
technologiesthat mitigate theffects of climate changenhanes productive capacity of ttseil
and maximizes the genetic potential of crops and livestock by smallholder farmers. Spate of
evidence show that, technology adoption is far below desired levels devieéoping countries
partly, due to inadequate or ladk good and timely information as well &sowledge about
existingnew technologiethatare necesary preconditions for technology adoption. The lack of
information can be attributed to weak and ineffective extensimices stemming from resource
constraints to serve the needs of the widely dispersed smallholder farmers. This motivated the need
to investigate the potential of other available communication channels (such video documentaries,
radio listening clubs, et¢d leverage extension delivery to smallholder farmers, in order to increase
technology adoption as well as bolster food production and welfare. The study, therefore,
contributes to literature by assessing the impaacoaimunication channels on food protian
and household welfareusing evidence from an IGIE€d inoculant dissemination among
smallholder soybean farmers in northern Ghana.
First, the study examined the impadtparticipation in information communication technology
(ICT) based extension chaels (henceforth, IGb as e d) on farmersd techn
welfare, compared to conventional extension channels. Next, the study analyzed the dynamics of

technology adoption and its heterogeneous impact on differerpcgublation of farmers at
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multiple phases of technology adoption, who may be targeted by specific extension policies, in
order to facilitate and sustain their adoption.

The study then simultaneously assessed the dual impact of extension participation and improved
technology adoptioron farm productivity, efficiency and welfare, decomposing each impact
measure into subcomponents that can be attributed to both improved technology adoption and the
extension participation. The study egmxantituded
information networks (i.e., personal social network contacts) on technical efficiency of farm
productivity and its distribution mechanisms among members of the network.

6.1 Summary of empirical methods

The study employed novel impact assessneempirical methods that are robust to model miss
specification, identification, as well as simultaneity and endogeneity problems often encountered
in impact assessment studies using observational data. Specifically, the study employed copula
functions, dynmic treatment effect, and stochastic frontier treatment effect with endogenous

mediator, as well as spatial stochastic frontier analysis.

Chapter two of the study employed copula recursive bivariate probit and-nupeth endogenous
switching regressionnalysis to examine the impact of participation in H#8dsed extension
channels on improved technology (i.e.,Rfézobiai nocul ant) adoption and
technical knowledge, yields and farm net returns. The copula recursive bivariatena®bised

for the binary outcome measure inoculant adoption, while raixgdila endogenous switching
regression analysis was used for the continuous outcome measures knowledge gains, yields and
farm net returns. Both models employed {stage estimation @poach, where in the firstage
instrumental variables (IVs) were included to account forsskiction and omitted variable bias,

while the secondtage estimated the potential outcomes. Standard selectivity cornexic®is

such as Heckman selectimndogenous switching regression, and double selection models, used
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in the literature to overcome selectivity bias relies on strong multivariate normality assumption for
identification. However, the multivariate normality assumption is easily violated, thbenis tail
dependence in the distribution of at least one variable. The copula approach allows the modelling
of selectivity based on multivariate noormality assumption, but retaining the normality
assumption as a special case. The copula approdaobes a joint distribution by specifying the
marginal distribution and the function that binds them together (i.e. the copula). Thus,
parameterizing the dependence structure to encapsulate observable and unobservable factors,
which then frees the locati@nd the scale structures, enabling them to take different distributions.

In particular, the copuleecursive bivariate probémployed by the study is novel in the literature,

in that, it employs additional instrumental variable different from the-diegfe instrumental
variables to identify binary outcomes in the seceetaje, further improving the identification
properties of the model. Thus, avoiding the identification problems that the classical recursive
binary probit approach used in the literatsuéfers.

In chapter three, the study employed the dynamic treatment effect approach in a discrete setting to
anal yze heterogeneity in retur ns -stage de€ision mer s 0
framework. The dynamic treatment effect approach emglbyehe study was recently developed

and relied on the synthetic cohort assumption to construct a dynamic setting from observational
data, based on series of observed discrete decisions made by the farmer or the agent. Using state
specific instrumental vables, the study estimated discrete factor structural choice model for each
discrete adoption decisiemaking state, in a joint threstage process. In the firstage, a factor

model was estimated to proxy unobserved wealth endowment heterogenatyuttgiotentially

be endogenous to the adoption state transitional ability of farmers. In the stagedeach
discrete adoption state decision model was estimated with the inclusion of instrumental variables

relevant to that state, in order to accowntsfelection and omitted variable bias, as well as inclusion
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of the factor score predicted from the measurement model in thesthge to account for
unobserved ability or wealth endowment effect
for bothtreatment effect of the treated (TT) and the untreated (TUT) were estimated in the third
stage conditional on the first and second stages. The DTE calculated boteshamd longerm

impacts measures for average treatment effect (ATE), average inéaffeet on the treated (ATT)

and average treatment effect on the untreated (ATUT), as well as average marginal treatment effect
(AMTE) for various sukpopulation of farmers. The study then estimated a generalized
continuation ratio ordered probit modal a measure of covariance between adoption state gains
and the farmerds transition decision as wel/l
Contrary to classical technol ogy adoption st
static,i gnori ng t he dynami c pr oc e s-snaksg, thenbtey d e d [
recognized that farmersd technol og3ymakimgithapt i on
may span over several seasons or stages. As such, different population of faagebe at

different states in the adoption process, and therefore returns from technology adoption as well as
policy strategies required to propel farmers at each state may be heterogeneous.

In chapter four, the study employed the stochastic fronteatrirent effect with endogenous
mediator model, which jointly estimated the impact of technology adoption and extension
participation, and decomposed the impact into direct and indirect effects. Awplyzlfare

impacts of improved technology adoption axtension participation can be challenging, because

either of the two can lead to welfare gaiiibe approachemployed by the study was recently
developed and combinemtediation analysis, treatment effect and stochastic froatetysis

within a single famework.In particularthe study ddresed potentialendogeneity from selection

and omitted variablbiasin both the adoption decision (i.e., taedogenous treatmérdand the

participation decision (i.e., tmeediato}y models, using binary recursive prbanalysis in the first
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stage. In the secoratage, atochastic frontier regressitimtaccount for treatment heterogeneities
among production unitwas then estimated via generalized method of moment (GMM) approach
to obtain the potential outcomekhe impact wathen calculated and decomposed ithte direct

effects on the technology frontiandthe indirect effects on the technology frontier that go through

the mediatoras well aghe direct effects on technical efficiency and indirect effecteohrtical
efficiency that go through the mediatdrhe impact measures computed were local average
treatment effect (LATE) decomposed into direct local average treatment effect (DLATE) and
indirect local average treatment effect (ILATE).

Chapter five, ged spatial stochastic frontier analysis to investigate the impaegafentric

i nformati on net wor ks on far mer so technical
mechanisms among farmers in the network. A major challenge in the literature iithét\din
distinguishing the effect of spatial dependence, which results from the interdependence of the
farmer 6s i n e égbcentricidonmatyon reetwork{ dneé spatial heterogeneity due to
differences in network structures, which is unobseevedi varied across networks (known as the
inverse problem in the literature). The study employed astage estimation process to address
both spatial dependence and spatial heterogeneity, while accounting for social selection bias by
controlling for both network contextual and location fixexdfects that may influence the
probability of link formation as well as productivity. In the fisthge, the study employed spatial
stochastic frontier model that specified the stochastic inefficiency term as d spatianodel
(SEM) , decomposing the inefficiency term into
own inefficiency and the seconeégocpnrianformatiormt i s
network (i.e., spatial dependence). In theosetstage, the study employed a ddtaven approach,

which used three different community detection algorithms to construct three artificial network

communities with known structures and included in the stochastic frontier SEM model to account
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for spatid heterogeneity. Finally, due to the hierarchical nature ofetimentricnetworks, the

study employed an additive spatial survival cox model to examine the distributive mechanisms of
productivity benefits iregocentrianformation networks.

6.2 Summary d results

In chapter two, the empirical results show tl&t-based extension channels, perform better,

terms of inoculant knowledge ga05%, yields 151% and farm net returns 88%, compared to
conventional extension channels 42%, 148% and 86%, resggctiowever, in terms of the
likelihood of adoption, conventional extension channels had higher impacts on adoption, compared
to ICT-based channels. The results suggest b ICT-based and conventional extension
channels are equally effiace and carbe usedndependently to disseminatdormation about new
agriculturaltechnologes to farmers Furthermore, intechannel comparison between Kbased

and conventional extension channels show that farmers who reside far away from extension agents
tend b substitute ICTbased extension channels for conventional extension.

The study in chapter three, showed that high impact heterogeneity exists among farmers at different
adoption states, the pursuit of which may be driving farmers adoption transitigodsciThe

study observed théarmers at advanceztoptionstaes on averagepbtainedyields and farm net
returnsthat were mae thantwice that of the previous adoption stat&kso, the study found that
extension contact was central to the adoptioocess, through its influence on knowledge
acquisition leading to adoption and continued adoption. The study found that free distribution of
newly developed divisible agricultural technologies, such as the inoculant, to farmers during
dissemination programscreased farmer awareness, knowledge acquisition, trial andipakeit

does not guarantee continued adoption. Rather, the existence of efficient input markets tend to drive
the probability of continued adoption. Furthermore, the results revealedhthatronger the

far mer 6 s ant-teremibgnefits framnadopting al particglar technology, the higher the
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probability to continue their adoption of the technology, which is conditional on the markets being

able to absorb the excess supply that mesylt from higher yields. Finally, the results revealed

that there exist unrealized potential gains for farmers, who reach trial adoption states but could not
continue to further adoption states, suggesting that different population of farmers may require
different policy strategies to sustain their adoption.

In chapter four, the study revealed that both adoptiampfovedagriculturaltechnologes and

extension participatiorhad varied influence omroductivity, efficiency and welfare gains
however,te f or mer 6 s i nf | ue.Tlealoption of unprovgdieshtholdgyhatonel at t e
raised farm productivity by 72%, farmer efficiency by 73%, and improvement in welfare by 77%.

On the other handxeension participation alone improved productivity by@8armer efficiency

by 27%, and improvement in welfare by 23%. Although the results suggeshehadoption of

improved agricultural technolggmpactwas greater than extension delivettye studyfound that

the synergic effect of the twmas far greagr than the individual effect¥he study further revealed

that rural electrification positively affects technology diffusion and adoption, through storage of
agreinputs and perishable agbased products, which must be stored under specific storage
condtions.

The study in chapter five showed that, far mer.
farmers in theilegocentrianformation networks. Specifically, the study found that 19 percent of
farmerdéds technical i nirecolieagwei faanmers ffromewham thety éake f r o1
farming advice, all things being equal. In addition, the study found that farmers who share farming
information with technically efficient farmers, all things being equal, were more likely to be
technically efficieh. Though the study found mutual interdependency between technically efficient
farmers, inefficient farmers were found to be more dependent on efficient farmers in their

egocentrianformation networks, compared to efficient farmers. Thus, indicatingribtcient
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farmers were ready to learn from high performing peers in dgeicentrianformation networks.

The study revealed that to a large extent, the level adgheentrianformation network influence

on the technical efficiency of farmers waswetk-specific and varied according to the nature of
social ties between farmers in the network community. For instance, network communities
characterized by farmers with high eigenvector centrality and transitivity oeial importan
farmers and sodi@ohesion) experienced the highiestreasd efficiency, compared to other social

ties. In terms of the number of farmers, study found #wcentricinformation networks
characterized by high eccentricity and high betweeness centrality (i.e., shoiédstance and
powerful information bridge farmers) have the potential to reach more farmers 72%, compared to
all egocentrimetwork communities. The study also found that the density of educated farmers in
theegocentrianformation networks contributes positively to the networks impact on productivity
gains of farmers in the network.

6.3 Policy implications

The fact that ICTbased extension channel comparatively outperformed conventional extension
suggests that IGbasedextension services could be a viable alternative to conventional extension
service provision. Hence, poliayakers should consider investing in expansion of ICT
infrastructure such as installation of mobile communication masses across farming commounities
improve thesignal reception strength in these areas in order to-gpalee effectiveness of mobile
phone, television and radio signals. This will enable state agencies and other stakeholders to
minimize cost by employing limited but specialized stai® transmit agricultural extension
information to farmers from centralized locations. Moreover, to the extent thdtd€4d extension
services remove direct perstmperson contact from extension service delivery, religious and
cultural barriers coulddbovercomed, in order to promote equitable access to extension services by

all farm households. In particular, female farm households living in conservative farming
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communities with strict socioultural and religious norms in the developing countries.
Furthermore, theihding that access to electricigxerts goositive effecs on farmerélikelihood

of participationin ICT-based extensiomnd inoculant adoptionsuggest that policymakers
investment in rural electrificatiosould facilitate theextensiondelivery digitization to boost
technology adoptiorggricultural productivity, incomes, as well as food and nutrition security

Finally, findings that there still exist untapped potential gains at some adoption states to be realized,
implies that in techrlogy diffusion and adoption policymakers should consider identifying and
targeting different suipopulation of farmers, who require special attention during extension
program implementation, in order to maximize the program impact. The extension tapgéting

will save resources and expand the outreach to benefit more farmers, thus increasing productivity
at least cost.

Furthermore, findings that both extension participation and improved technology adoption show
positive impact on productivity, efficiey and welfare, indicate that policymaketsould invest

in extension and research development aimed at developing new agricultural technologies in order
to enhance food productivity and incomes of farm househlol@sldition, because the key IV (i.e.,
community connection to national electricity grid) used to identify the impacts show positive
significant results, S U g g eusak eledtrification irp developging ma k e r
countries will go a long way to contribute to the adoption of agrcultural technologies, thereby
increasing farm incomes and reducing rural povelrhe nvestment in rural electrification will

also drive the development and expansion in rural enterprises such as salesimgbagrand
perishable agrbbased produst which must be stored under specific storage conditiinally,

the nvestment in rural electrification will also facilitate the deployment of new channels of
extension delivery via information and communication technologies (ICT) channels, agerfong

strategy to cut down public expenditure on extension delivery.
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Finally, the findings thakegocentricinformation networks play a critical role in influencing
farmersdé technical ef fici ency,begocempaieiwerlsantd hat i
improving their technical knowledge in a farsterfarmer extension organization, can leverage

the limited extension agents, to improve productivity of many farmers.
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Appendices

Appendix 1: Household Survey Questionnaire
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Part I: Survey Instrument (A)

Introduction:

This survey is part of a comprehensive study ainmadts sessi ng t h-Based mpact
Agricultural Extension Services on farmer knowledge, adoption, productivity, household welfare
and far mer so6 ywiflolri nt dghree ssseThe atudyss purely acatemic kadiag

to an award of a PhD and doBKDT intend to gather data on respondents for purposes of
commerce, taxation, security or any other interest as to the detriment of the person, business, and
human rights of respondents. | will therefore like to assure you of full anonymity and will not under
any circumstance disclose any specific information attributed to you or your associates. Despite
these assurances, you have the right to recuse yourselfakomg part in the survey, if you think

is necessary to do so. However, if you decide to go ahead and participate, it is my great pleasure to
thank you for accepting to contribute to agricultural development policies of the country by offering
yourself tobe interviewed for purposes of generate data to this noble course. Once again, | thank

you very much for participating.
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SECTION A: TRACKING INFORMATION
A.1: Questionnaire Identification:

Questionnaire |  Start End | 9y dzY S NHent#y Rdde Date
Number Time Time
Net Time
A.2: Household Identification:
House | Household| wS & LJ2 v Contact GPS Coordinates
Number Code Name Number
Longitude Latitude Altitude
Project Status Inoculant Usage Status Respondent Type
Participant=[1] User = [1] Principal Respondent[1]
Non-Participant=[0] Non-User = [0] t NAYOALN £ wSad[®ByRS)
t NAYOALI f wSalERByRS)

A.3: District Identification:

District Name

District Code

GPS Coordinates

Longitude | Latitude Altitude
A.4: Regional Identification:
Region Name Region Code GPS Coordinates
Longitude | Latitude Altitude
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SECTION B: BACKGROUND OF RESPONDENT AND HOUSEHOLD INFORMATION
B: Background of respondent (A)

Status of Respondent in Biographical Data Socioceconomic Data

Household

Bala. Head: Yes=[1]; No=[R | Ba.3. SexMale=[1]; Ba.G Religion: [ ]
Female[2]

Ba.1lh If not head relationship
to household headl ] Ba.4 Age(yrs.) [ 1

Ba.7. Years of schooling: |
Ba.8 Form of education] |

Ba.2aD h ntitle in | Ba.5a Marital : -
a.2a oyog ave antitle i a.5a Marital status: [ ] Ba.9 Ethnicity: [ |
the community?

[Yes=1]/[No=2
Ba.2b. If yes

Ba.5h If male and married,
specify # of wives: [ ]

""""

relations (specify)éééeéécéé

Religionn1 =1 s | a m, 2=Christianity, 3=ATR, 4=0thers (5
Marital Status: 1=Married, 2=Single, 3=Divorce, 4=Widow/Widower

Form of Education: 1=Formal, 2=Non-formal education, 34slamic/Arabic4=None, 5=Other{ s pec i f

Ethnicity: 1=Dagomba, 2=Gonja, 3=Vagla, 4=Dagaati, 5=Wali, 6=Sissala, 7=Guru, 8=Kasen, 9=B
10=Kusasi, 11=Fulani, 12=Konkomba, 13=Binmoba, 14=Mamprusi, 15=Nanumba, 16=Bassari, 17=
(specify)eéeéée

B.10. HouseholdMembers Distribution (B)

Male
HH Population Memb | Ages | Yrs of Female Ages Yrs of
Summary ers (yrs) | schooling| Members | (yrs) | Schooling
Total #of Males: [ ] 15t 15
Total #of Femaes]{ ] 2nd 2nd
Total HH Size: [ ] 3 3
4th 4th
5th 5th
6th 6th
7th 7th
8th 8th
9th 9th
10" 10"
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B: Household Migration Information (C)
Bc.11. Within the last two years, has someone (including yourself) travel into the house from a
different community or out of the house to a different community? Please provide your answers in
the table below.

Travel Type Fregency of | Destination of | Have they

#of People [ ] Travel (# of Travel returned?

#of Male #of Times) [Yes=1]/[No=2]
Female

Move into the
house from
different
community
Move out of the
house to
different
community
Travel Destination Coded=Community witn the district, 2=Community in a different district within the sam
region, 3=Community in a different district in a different region

B: HouseholdOccupation Information (D)
Bd.12a. Is farmingour major occupationfXes=1]/[No=2]

Bd.12b. If farming isnot your major occupation, please complete the table below.
Name ofMajor Occupation Income Month (GHC)

Bd.13.Aside your major occupation, which othramor occupation(s) do yoangage in for a
living? (Please give details of your otmeinor occupaton(s) in the table below)

No. | Occupation Yes=[1] | Income per
No=[2] | Week
(GHC/wk)

Pito /Akpeteshi Brewing

Palm Oil Processing

Sheabutter/groundnut oil extraction

Mining (quarrying, gold winning, etc)

Corn Dough processor

Charmal/firewood selling

Artisan (blacksmith, carpentry, tailoring, Mason,
construction work, etc)

Livestock/Fish farming

Basket weaving/ Pottery

10 | General trade in agricultural produce

11 | Smock weaving

12 | General trade in neagriaultural produce

13 | Agro-inputs (Sell cutlasses, hoe, fertilizer, etc)

N[OOI WIN -

(o]

©
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14 | Farm Hand

15 | Hire out equipment (tractor, bullock, donkey, etc)
16 | Butcher

17 | Gari Processing

19 | Petty trading/Retailing/Trader

20 | Teaching

21 | Crop farming

22 | Rural Telecommunication service (e.g mobile money, ¢

,,,,,,,,

23 |Others (specify)eeéeeéeéécé

B: Households Resource Endowmen(E)
Be.14.1 will like to know which of the following productive assets do your household possess?
(Pleaseprovide your answen the table below)

ltem Yes=1| How How much can you buy Who has more control
No=2 | many one of these items over the assets in the
(Number) | currently (GHC) household?

Males=[1] Females=[0]

Large livestock (oxen, cattl¢
Small livestock (goats, pigs
sheep)

Poultry (Chickens, Ducks,
Turkeys, Pigeons)

Fish pond or fishing
equipment

Farm equipment (non
mechanized) e.g. Cutlass,
hoe, bullock, etc

Farm equipment
(mechanized) e.g. tractor,
plough, Sheller/Thresher,
etc

Nonfarm busiess
equipment

House (and other
structures) that are rented
out to tenants

Large consumer durables
(fridge, TV, sofa)

Small consumer durables
(radio, cookware)

Cell phone

Means of transportation
(bicycle

motorcycle, car)
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Be15.Please | will like to know, whether in the past two years you have bornmweadyfrom

any source to assist your farming. Please provide details of your borrowing(s) in the table below.

Have you| If yes From Outcome of | How much | How much did Did you apply
applied | what was | which credit did you you get (GHC) for more?
for credit | the lending | application | apply for? Yes=1; =2
in the purpose | source? | (Yes, | got (GHC)
last for the all=1;
2years? | credit? Yes, | got but
Yes=1; not all=2;
N=2 No, | did not
get=3)
Purpose of Credit Code&=To farm, 2=To trade, 3=To buy a capital asset, 4=To buy food for the house, 57
L& aoOKz22f FSSaz cre¢z2 YSSG KSHEGK ySSRa&XZ T1ThiKS
Lending Source Code$=Bank, 2=NGO, 3=MFI, 4=Money lenderri&fFIR Kk wS{f | U A OS2 h U0 KS]

Be.16. | like to know how you accelssd for your farmingPlease provide your answerthe
table below.

No. | Farm Land Land Size | Type of land
(acres) ownership:
(1) Owner cultivated
(2) Rented

(3) Cultivated on
share crop agreement
(4) Borrowed

1 | What is the total land size available to you f
farming?

2 | What portion of the land is currently
cultivated?

What portion of the land is fallowing?

What portion of your land is still virgin
(uncultivated)

Other land not used for agricultural purpose
(pieces, residential or commercial land)

W

5 If land is owner cultivated, which of the
following best describe your ownership?

(1) Family owned

(2) Community owned
(3) Personal ownership by purchase
(4) Borrowed

(5) Other

(1) Borrowed for a period for free
(2) Share crop/income from sale 1:1
(3) Share crop/income from sale 2:1
(Land lord: tenant)

(speci f

6 If land is barowed or share cropped, what a
the terms of agreement?
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(4) Share ayp/income from sale 1:2
(Land lord: tenant)
(5) Other (specify) .............ccceuuunnn.

Costing of Land

7 If land rented or purchased, how much do y| GHC: [ ]
pay for year?

8 If leased, specific number of yeansd how Duration (Ws.): [ ] and Amount
mucH? GHC: [ ]

9 If owner cultivated, how much could you hay GHC: [ ] or Bags that could
paid for it? have been given to owner:|

10 | Will you consider making a permang Yes=[1]; No=[2]

investment such planting trees on the land

currently cultivate?

B: Summary of Respondent Farming History (F)

Bf.17. For the past two seasons, what crop(s) did you cultivate? Please provide your answers in

the table below.

No.

Crop
Type

Crop | Name of Variety

Plot Cropping System
Size/#of | [Mixed=1]/[Mono=2
Acres

Season (1)2016

SeasonZ): 2017

Crop Type Coded=legume grains, 2=ceregtlains and 3=roots and tubers, 4=vegetable
Crop Codesil=soya bean, 2=groundnut, 3=cowpea, 4=maize, 5=sorghum, 6=millet, 7=rice, 8=yam, 9=
10=potato, 11=tomato, 12=onion, 13=sesarbé:h § K SNJ 60 a LISOA F@ 0 XXX ®

Soyabean Varieties Codé=Afayak, 2=Jangna, 3=Salintuaya, 4=Quarshie p I' h (i K S NE&

6aLISo
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SECTION C: RESPONDENT FBO MEMBERSHIP INFORMATION
C.18.Please in the table belowwill like to know your involvement in group activities in the

community.
Group Is there any | Are you a | Ifamember, whatis | How old is | How long
Membership of these member | the total membership | the group?| have you
groups in this | of the (# of People) (# of been in the
community group? Years) group? (# of
or nearby (Yes=1; Years)
community? | No=2)
(Yes=1; No=2
Taal: [ ]
#of Male | #of
Female
ProducerBase
FBOs, e.g.
(Agricultural /
livestock/
fisheries
LINE RdzOS N
group, etc.)
Market and

Value Addition
Based FBOs, e.g
(marketing
groups,
processing, etc)

2 | G SNJ dza
group

RNBad dz

group

Credit or
microfinance

group

Mutual help or
insurance group

Civic groups
(improving
community) or
charitable group
(helping others)

Local
government

Religious group

Other (specify)
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C.1%. Sometime ago some groups froammunites in this districivere selectetb benefit from
an extensioservice supporplease | will like to know whether your FBO/groupsamong those
selecte@ Yes=[1];N =[2]

(Please fithe answeto C.1% is no, goad question number C.2%.

C.19blf yesto (19a) aboveplease complete the table below.

Which type of Number of Number of Length of How was the
extension Servicalid | Sessions Sessions Net Time/Session venue ofthe
your group receive? | Participated Participated sessionghat
you
participated?
(Enclose
Venue=1; Oper
Venue=2)

Extension Service Typesl=Video Documentary,2=Radio Listening 3=aceto-Face (Field days and
Demonstrations) Contact, 4= Video Documentary Radio Listening and Fate-Face combined, 5#Adeo
Documentaryand Radio Listening combined, 6=Video Documentary and-FaEace combined, 7=Rad
Listening and FacBoC OS O2 Yo AYSRX yThGKSNI 64aLISOATFe 0O XX

C.20.Pleasehow will you rate thenoise levelof the venue(s) in whicthe sessions you
participated was held?
Very High=4 High=3 Low=2 Very Quiet =1
[ ] [ ] [ ] [ ]

C.21. Please,dw will you rate theclarity level of the video/radio @antent in the sessions that you
participated?
Very High4 High=3 Low=2 Not Clear =1
[ ] [ ] [ ] [ ]

C.22. Which of theseobservations/opinionglo you share concerninthe sessions that you
participated in?

No. | observations/opinions Level of Agreement: (1=
strongly disagree ,
disagree=2, partly agree=3
agreed=4, strongly
agree=5)

Video Documentary

The people in the video did nappear to be in real farming
situation.

I did not understand the language the people in the video wer
speaking.

There were breakages in tivideo
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The pictures in th@ideo wereblurred

and so | could not see and hear very well

There were plenty people at the venuéhare | watch the video

| was sick and so could not pay attention

in the video very well

I have hearing problem personally and so did notrltha people

Radio Listening Club

speaking.

I did not understand the language the people in the radio wer

There were breakages in the radiansmission

There were plenty people at the venudere Idid the listening
andso Icould not hear very well.

| was sick and so could not pay attention

in the radiovery well

I have hearing problem personally and so wlid hear the people

Field Demonstrations/Field Days

well

| have hearig problem personally and so could nadn thevery

I was sick and so could not pay attention

I did not understand théanguage theyvere speaking.

There were plenty peoplso Icould not hear and see very well.

C.23. Since benefiting from the extension service, how many peapé&eyou shared the

inoculant information with? [ ]

C.24. How many farmers have come to ask you about the inoculant? [

C.25a.Has your group ever received support from any organization in the last two years?

Yes=[1];No=[2]

C.25b.1f yes, WhCh organization?...........oooo oo

C.26.What form of support did you receive? (Give details of the support received in the table

below)
Form of Support | Yes=1; | What was the purposef the How long did | How long did
No=2 support? the support you

last? participate?
(Months) (Months)

Training

Extension service

Input credit

Cash credit

Watch videos

Listened to radio

Purpose Codel=New input use, 2=Processing, By A YI f NBI NAy 3>

NnFThiKSNBE 03aLISOA
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SECTION D: INOCULANT INFORMATION
D: Farmer Awareness oflnoculant and Usage (A)
Da.27aHave you heard of a new product called inoculafe®=[1] ; No = [2]

Da.27b.Which year did you first heard of it? [ ]

Da.27c.If yesto Da.27a abovegive details about how you hdaof theinoculant by completing
this tablebelow.

Loc
atio
n of
Sour
ce
(Wit
hin
Y | Com How
e | muni long did
s |ty=1 Where did the
= | Outs you first How many Since your first subsequ
1 |ide | Dista | come to minutes/days | contact with the ent
N | Com | nce | contact did you spend | source (s), how contacts
0 | muni | to the | with the with the source | many times did with
= | ty=2 | sourc | Source in your first you contact the source
Source |2 ) e (s)? contact? source (s) again? | last?
Input
dealer
Friend
Family
member
Trader
FBO
Agric
T.0
SARI
Extensio
n
Service
Radio
Set
Radio
from a
mobile
phone
Rado
from
internet
TV
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Video
from a
mobile
PHONE
Video
from a
mobile
VAN
Video
set
Video
from
internet
Poster/F
lier
NGO
Internet
Website
Tractor
operator
Others

Da.28aHave you used the inoculant@s = [1] ; No =[2]

Da.28b.If yes, when did you start using the inoculant? | ]

Da.29.If you have not usithe inoculant, dyou havethe intension to use it in futureYes = [1]
; No=1[2]

Da.30alfno,whye e é eeéeééeéeéeééeceééeecéeecéecéecéce
eeeceééeecéeéécececeéééceceeceeéececeeceéeecececececee

eeééeeéeecéecéecéecéececececeecéeceée

D

eeéeeé

Da.30b.If yes, why do you intend t0 USE I1?.......uuuiiiiiiiii e

eeéeeéeecéecéeéeeéceecécececéect

([N

éeeéééeéeeeé
eeeceéééeeceééececeeceééeeceeceééeeceeceecééeeceececcet

(If no to question number Da.28a above attend to Da.29, Da.30a and Da.30b, astifhenthe
next section)
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Da.31. If yeso Da.28a, [gase providgour inoculantusage details in the table below

Qty of Unit Auxiliary Qty of Qty of
Inoculant Cost Material Inoculant | Inoculant
Crop Purchased (# | (GHC) - | Cost Used (# of| Left (# of
Year | Crop | Variety | of packets)-A | B (GHC) - C | packets) | packets)
How |l ong did you keep the inocul ant bef
Crop Codes: 1=soya bean, 2=groundnut, 3=cowpea, 4=maize, 5=sorghum, 6=millet, 7=rice, 8=\ym@®EsBA
10=potato, 11=tomato, 12=onion, 13=sesatdeOt her (speci fy) ééé.
Soyabean Varieties Codel=Afayak, 2=Janguma, 3=Salintuaya, 4=Quarshie5 = Ot her s ( sp e

Da.32aDo you still usehe inocular? Yes = [1] ; No =[2]
Da.32b.If no, why have you Stop USING it?......ccoooiiiiiiiiiiiieee e

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

eeeeeeeeeeeeeeeeeeeeeceeeeeceeeeeeeeeece

Da.33. If surplus inoculant was left as indicated in (column 8) of the table (Deb8%e what did
you do to the remaining inoculant (if any)?

a). Give out to somebody

b). Resold

c). Stored for future use

d). Nothing remained

e). Other (specifyéééééé.)

Da.34a.How will you describe your crop yield in the year that you use theuiaat to your

previous yield without the inoculant?
a).Very high b). High, c).Normal d).Low, e).Very low
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Da.34b.Please provide details of your yield using the inoculant compare to previous yield without
using inoculant in the table belo

Plot Size

(Acres)

(Was it included Qty

in the # of plots Qty Cons

given in the Total Given Qty umed
Year/Se Crop summary? Yield Out Sold (bags

ason Crop Variety | [Yes=1;No=2]) | (bags) | (bags) (bags) |)
With Inoculant
Year 1

Year 2

Previous Yield Without Using Inoculant
Year 1

Year 2

Crop Codes: 1=soya bean, 2=groundnut, 3=cowpea, 4=maize, 5=sorghum, 6=millet, 7=rice, 8
9=cassava, 10=potato, 11=tomato, 12=onion, 13=sedam®,t her (speci fy) ééé.
Soyabean Varieties Codel=Afayak, 2=Janguma, 3=Salintuaya, 4=s@hie 5 =0t her s ( sp
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Da.34c.If you sold portion or the entire yield as in (column 7) in the tébke34b)above, please
provide details of the sale(s) in the table below

Period Point of | Distanc | Market
of Year Sale e to ing
Sold Qty Unit Total (Fillin | Market | Cost
Year/Se (Month | Sold Price Sales code (Miles) | (GHC)
ason Crop ) (bags) | (GHC) | (GHC) | below)
Year 1
Year 2
PointsdSale:Far mer 6s farm=1, Farmerdés house=2, Own Vi
District capital market=5, Regional capital market=6, Distant market=BJ=8, NGO=9, Private company=1(

Da.35. After using the inoculant, which other addital agreinput(s) did you use on that farm
during that season? (Please provide details of other additionainpgits used on the farm in the

table below)

Qty (# of Unit Cost Auxiliary Total Cost
bags or (GHC)/bag Cost (GHC) | (GHC)
Crop | Agro-Input Name litres) or litre
Year 1
Year 2

Input Codes: 1=NPK, 2=SA, 3 Urea, 4=Weedicides, 5=Field pesticide, 6=Storage pesticides, 7=0rganic (
manure, Biochar, Manure)=&oculant, 99t her (speci fy) ééé.
Crop Codes: 1=soya bean, 2=groundnut, 3=cowpea, 4=maize, 5=sorghum, 6=millet, 7=rice, 8=yam, 9=¢
10=potato, 11=tomato, 12=onion, 13=sesatdeOt her (speci fy) ééé.
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Da.36.How will you compare the cost of using tm®culant in your farm production to that of
fertilizer?
a).Very Cheapp). Cheapc). Costly,d). Very Costly,e ) . Dond6t Know

Da.37.How much cost in terms of labour did you spend on the following activities on the farm that
you use the inoculant onPlgéase provide details in the table below).
Farm Labour Use History

Cro | Activi Family Labour Hired/ CommunalLabour
p |ty
Male Female Male Female

# of #of | #of #of | #of # of Price/d | # of # of Price/d

Perso | days | Perso | days | Perso | days | ay Perso | days | ay

ns work | ns work | ns work ns work

ed ed ed ed

Year 1
Year2

Activity Codesi=lInitial Land Preparation (clearing/ stumping)Ma&nual Ploughing/Ridging=Planting/sowing
4=7" Herbicide/weedicide application, 51 Manual Weeding, 6=1 Fertilizer application, 7=
Herbicide/weedicide applicaih, 8=29 Manual Weeding, 9<2 Fertilizer application10=Pesticides/Fungicide
application, 11=Harvesting, 12=Primary processing, 35=Baggindrab¥portation, 15=Feeding, 4®ther
0ALISOATFROXXXD
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Da.38.What mechanization services did you use @nfénm that you used the inoculant? Please
provide details of the services in the table below.
Tractor and Mechanization Services

Crop | Activity Mechanization | Unit Price (GHC] Total Units Equipment
Service Type Ownership
6 Cl NS NJX
Own=1
Hired=2)
Year 1
Year2

Activity Codes1=Ploughing/Ripping, 2=Harrowing, 3=Harvesting, 4=Primary processifignsportation
Services Codesl=Tractor, 2=Bullock/drawn animals, 3=Mefing, Corbine Harvester, 4=Sheller/Thrashg
5h I KSNJ 60 3aLISOATRUXXX®

D: Inoculant Knowledge Test(B)
(This section is tdoe completed for Participant aniehoculant User as well asdealersand
researcher, trainers of inoculant

Db.39.How many types of inoculanfaccording to the legume typelp you know of? [ ]
Db.40.Which of thesecropsseedscan the inoculant be applied directly on?
No. Crop Correctly identified=1; Wrongly identified0
Cowpea
Soya beans
Groundnuts
Maize
Rice
Yam
Sorghum
Millet
hiKSNBR 6&aLISOA

OO N |R|IWIN[F
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Db.41a.lf you see annoculant can you identify itYes=[1]; [No=[2]

Db.41b. If yes, which of thesachets contain an inoculaniPote inoculant types plus a placebo
inoculant to be providedas specimerior physical identification tekt

No. Specimen Correctly identified=1; Wrongly identified0
1 Specimen A

2 Specimen B

3 Specimen C

4 Specimen D

Total

Db.42.What quantity of inoculant is recommended for an acre of land?
Number Packets: [ ] or in Kilograms: [ ]

Db.43. What is the recommended quantities of the items/materials tise pneparation and
application of the inoculant{Please provide your answers in the table below

No. Recommended IterfMaterial Recomnended QuantityRequired
1 Water

2 Sticker or Sugar

3 Inoculant

4 Seeds

Total

Db.44.Can you described how you used the inoculant in your faRigage follow the steps as
was described to you or by the person that taught you how to use ¢héaimp
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Db.45. Which of the following statement(s) is or are true about inoculant preparations for

application?

No. Statement True=1; False=0

1 Do not soak the seeds to wbefore inoculation.

2 Do not dry the inoculated seeds for less than 30mins to 1hr.

3 Do not sundry the inoculated seeds.

4 Moisten the seeds before inoculation.

5 Avoid exposing the inoculant to heat

6 Do not mix inoculated seeds with fertilizer or any chemical

7 Do not plant inoculated seeds when the soil is dry and hot

8 Preferably, plant inoculated seeds in the late afternoon or when
weather is cool

9 Do not use expire inoculants to indate your seeds

10 Check the label to ensure that you use the appropriate type of inocy
to inoculate your seeds

11 Follow the right procedure to properly inoculate your seeds

12 Use inoculant with improved seeds for better results

Total

Db.46.Why is it recommended to carry out the following activities in the preparation and
application of the inoculant? Please provide your answers in the table below.

No. Recommended Activity Reason(s)

Air-dry inoculated seeds under a shade
environment.

Using a sticker or gugar solutioh to
moisten seeddefore inoculation.

Adequately dry inoculated seeds befo
sowing.

D: Perceptionsand Usage Experiences (C)
Dc.47.What positive thing(s) have you observed on your farm or have you meardhose who
have used the inoculant that have been attributed to the inoculant?
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Dc.48.What negative thing(s) have you observed on yatmfor have you heard from those who

have used the inoculant that have been attributed to the in
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Dc.49.In your observation or opinion, how can you compare fertility levels of fields/plots on which

the inoculant has been used previously to fields/plots on which fertilizer has been used previously?

Please provide your comparison in the tdigw.

Input Type Old Field/Plot Fertility Status
Fertility levels Fertility levels D2y Qi Yy2
deteriorates after | enhances after
sometime=1 sometimes=2

Fertilizer

Inoculant

Dc.50.Does the inoculant application have any negative effeangrof the following?

No. Areas of Perceived effects Yes=1; No=2

1 Seed germination

2 Soil fertility

3 Plot weed level

4 Pest and diseases in the plot

5 lye 20KSNJ 0ALISOATEUXD

Dc.51.What longterm effect(s) do you foresee the inoculant eseave on:

) Farm |l ands?éééééééééeceéécééeeéeéeéeécece
Eééééééceééeceéeecéeéeeéeceeéeéeeeéeecéececet
Eeéééééééceceeceeeéeééeéceceeceeeeéeéeeeece

(i) HUMANBANIMAIS? ... e e e e e e e as
Eeééééééécececeeeééééecceeceeeeéeéeeeece
Eéééééceeééceéeecéeéeeéeceeéeéeeeéeececcet

(i) Any other (specify)éééeéeéeéeéeéeéééééceccee
EEeééééééécececeeeééééececeeeeeeeeeece
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Dc.52a.Which of the following constitute the recommended order for the application of the
inoculant according to what you havearefrom or being taught byhe person(s)?

Recommended Procedure Step: [1, 2, 3,4,5,6, 7]
Measure 1 kd or 1/2 Olonkapf the seeds to be inoculated in [ ]

an appropriate basin/container

Moisten the seeds with a sticker solution and stir umifiby [ ]
Add about 5 dor | leadcap of a mineral water bottlej the [ 1]
inoculants to the moistened seed in the container

Stir again gently and uniformly until the seeds are fairly ever [ ]

coated with the inoculants

Spread the seedsn a sheet of canvas material and-di in a [ 1]
shade
Allow inoculated seeds to dry for at least 30 minutes to 1 ho [ 1]

for inoculants to adequately stick onto the surface of the seq

Seeds can now be sown like the ordinary seeds [ ]

Dc.52b. Which of the follow represents the recommended procedure for storing unusedvar left
inoculan®

No Recommended Procedure for Storage True=1; False=0

1 If opened tier to close tightly/cealed before storage

2 Store in a fridge

3 Store inany cold place

4 It is not good to store inoculant in a defreezer or freez
conditions

5 Avoid storage that are expose to heat

6 Do not make store inoculant tend to ice block

7 Do not store inoculated seeds

8 Store the inoculant under tempetares not above 40 degree

Total
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Dc.53.Which of the following opinion(s) do you share about the use of the inoculant?

No. (1= strongly disagree ,
disagree=2, partly agree=3
Opinions or Observations agreed=4, strongly agree=5
1 The pocess of applying the inoculant is very difficy [ ]
2 The process of applying the inoculant is consistent

with how traditionally people or our grandfathers us
to add some blessings to their seeds before sowin

them on the field. [ ]
3 | have peviously had extension contact on the use

the inoculant [ ]
4 The questions on the knowledge test for the inocul

usage in this survey was very difficult for my

understanding [ ]

D: Cropping System Information (D)
Dd: Inter -Cropping (A)
Ddab54a.Did you inter-crop the field that you appligtie inoculant o Yes=[1]; No=[2]

(If no to question number Dda.54a, please skip and galtnds)

Dda.54b.If yes to Dda.54gplease provide details of the other q®)performance in the table
below.

Total Qty Qty
Crop Farm Size| Yield Qty Given | Sold Consumed
Year | Crop Variety | (Acres) (bags) Out (bags) | (bags) | (bags)

Crop Codes: 1=soya bean, 2=groundnut, 3=cowpea, 4=maize, 5=sorghum, 6=millet, B=ri@an, 9=cassavg
10=potato, 11=tomato, 12=onion, 13=sesatdeOt her (speci fy) ééé.

Dda.54c Please, if you sold portion or the entire yield as in (column 7) in {Blda.54b)above,
provide details of the sale(s) in the table below.

Period Point of | Distanc | Market
of Year Sale e to ing cost
Sold Qty Unit Total (Fillin | Market | (GHC)

(Month | Sold Price Sales the code| (km)
Year Crop ) (bags) | (GHC) | (GHC) | below)

Pointsof SaleFar mer 6 s farm=1, Far mer 6s h o uusirgsohmun@markei=4
District capital market=5, Regional capital market=6, Distant market=7, FBO=8, NGO=9, Privatepaog+10
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Dd: Crop Rotation (B)
Ddb.55aDo you practice cropping rotatiory2s=[1]; [No=[2]

Ddb.55b. If yes to Ddb.55alid you roate in the field(s) that you appligtie inoculant on the
previous yeawith any crof? Yes=[1]; [No=[2]
(If no to question numberdb.55h please skip and go ©59)

Ddb.55c.If yes to Ddb.55algase provideigld details in the table below

Total Qty Qty

Crop Farm Size | Yield Qty Given | Sold Consumed
Year | Crop Variety | (Acres) (bags) Out (bags) | (bags) | (bags)

Crop Codes: 1=soya bean, 2=groundnut, 3=cowpea, 4=maize, 5=sorghum, 6=millet, 7=rice, 8=yam, 9=¢
10=potatoll=tomato, 12=onion, 13=sesamd~Ot her (speci fy) ééeé.

Ddb.55b.Please, if you sold portion or the entire yield as in (column 7) in {Bllkb.55a)above,
provide details of the sale(s) in the table below.

Period of Point of | Distance | Marketi
Year Total Unit Sale (Fill | to ng cost
sold Qty Sold | Price in code | Market (GHC)

Year Crop (Month) | (bags) (GHCQC) below) (Km)

Pointsof SaleFar mer 6s f ar m=1, Farmer s house=2, itpOmarkets4]
District capital market=5, Regional capital market=6, Distant market=BJ=8, NGO=9, Private company=1(

Ddb.56.What input types did you use on the rotated crops in that year? Please provide your
answers in the table below.
Rotated Crop Inputs Use History

Qty (# of Unit Cost Auxiliary Total Cost
bags or (GHC)/bag | Cost (GHC) | (GHC)
Crop | Agro-Input Name litres) or litre

Input Codes: 1=NPK, 2=SA, 3 Urea, 4=Weedicides, 5=Field pesticide, 6=Storage pesticides, drc@gamal
manure, Biochar, Manure), 8=lnoculant®t her (speci fy) ééé.

Crop Codes: 1=soya bean, 2=groundnut, 3=cowpea, 4=maize, 5=sorghum, 6=millet, 7=rice, 8=yam, 9=¢
10=potato, 11=tomato, 12=o0nion, 13=sesatdeOt her (speci fy) ééée.
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Ddb.57.How much cost in terms of labour did you spend on the following activities on the rotated
crop field that year? (Please provide details in the table below).

Rotated Crop Labour Use History

Cro | Activi Family Labour Hired/ CommunalLabour
p |ty
Male Female Male Female
# of #of | #of #of | #of # of Price/d | # of # of Price/d
Perso | days | Perso | days | Perso | days | ay Perso | days | ay
ns work | ns work | ns work ns work
ed ed ed ed

Activity Codesi=Initial Land Preparation (clearing/ stumping)M&nual Ploughing/Ridgin@=Planting/sowing
4= Herbicide/weedicide application, 51 Manual Weeding, 6=1 Fertilizer application, 7+2
Herbicide/weedicide application, 822Manual Weeding, 9=2 Fertilizer application10=Pesticides/Fungicide
application, 11=Harvesting, 12=Primary processing, 35=Baggingrabtéportation, 15=Feeding, 2®ther
GALISOATFRUOXXXD

Crop Codesl=soya bean, 2=groundnut, 3=cowpea, 4=maize, 5=sorghum, 6sriildte, 8=yam, 9=cassay
10=potato, 11=tomato, 12=onion, 13=sesarid:h § K SNJ 6 a LISOA F& 0 XXX ®

Ddb.58.What mechanization services did you use on the rotated crop farm that year? Please
provide details of the services in the table below.
Rotated Crop Tractor and Mechanization Services

Crop| Activity Mechanization | Unit Price (GHC) Total Units Equipment
Service Type Ownership
6 ClI NI SNJ
Own=1
Hired=2)

Activity Codes1=Ploughing/Ripping, 2=Harrowing, 3=Harvesting,rdn&ry processing, Sfransportation
Services Codesl=Tractor, 2=Bullock/drawn animals, 3=Meking, Combine Harvester, 4=Sheller/Thrasl
5h 1 KSNJ 6 ALISOAFROXXXD
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SECTION E: DIFUSION IN SOCIAL NETWORKS

E.59.Which of the following membership categdrgg describe your living status this

community?
Category Yes If not born here, how | If not born here, how | If not born here,
=1; long have you been | many times do you | how often do you
No=2 | living here? visit your original call omeone in

place of abode
within a year?

your original place
of abode to talk
about farming?
(Always4;
Sometimess; Very
Rare2; Never=}1

| was born in this
community

My family migrated
to this community

| am a visiting
farmer/trader in this
community

| am from a diffeent
community but
worksin this
community

| am from a different
community but
married to a man in
this community

hiKSNBR o6al

E.60.Please | will like tdknow moreabout your friends and family in this community

community?

How many members byour family lives in this

How many of your friends live in this
community?

E.61a.Do you know any farmer using the inoculai&s1]; No=2]

E.61b.If yesto E.61a please complete the table below

inoculan?

# of farmersknown using the

52y Qi

Are they still using the
inoculant? Yes=[1]NoH2];
YY26T 0o 8

If no, why have they stop?
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E.62. Please kindly provide me the name of persons you normally share farming ideas or discuss

farming matters with in this communit{Please providdist of persons in the table below)

No. Name of Person Location of Person What is your
(Village and House Relationship withthe
name) Person

1

2

3

4

5

6

Relationship Codest=Family member, 2Eriend, 3=Association member, 4akde neighbor, 5=Farm neighbor
6=Schoolmate, 7=dlleague in the sme house, 8= I 6> I h i K S NA

04aLISOA

TeoXd

E.63. | will like to know more about your interactions with the persons in the table (E.62) above.

(Please provide details about your interactan the table below).

Name of Place of Frequency of | How often do | What score out of 5 | How long
Person interaction | interaction you discuss will you give to have you
(Every day=6, | farming issues | things that the known the
Every week=5, | with the person ever told you| person(no.
Every Two person(s)? about and it tums of years)
Weeks=4, (Always4; out to be true or
Every Sometime=3; correct. (Scale: & 5;
Month=3, Very Rarez; where 1 is least true
Every Year=2, | Never=)} and 5 is highly true)
Once in
While=1)
15 person
2" person
39 person
4" person
5" person

Place of interactionrCodes:1=market, 2=mosque/church, 3=party office/shade, 4=outdoorings/weddings,
5=funerals, 6=journeying on a same vehicle, 7=football paricfwag venue, 8=on the farm, 9=on the way to the

farm, 102 2 YS @A aA il =

MMIhOKSNBOALISOATREOXXXXXX

E: Farmer Information Networks (A)
Ea.64aAre you aware that in this community, some peoplethadpportunity to watch a video,
(or attend field day or denmstration ofisten to radi® about the inoculant?es=[1]; No=[2]
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Ea.64blf yesto E.64a can you identify some of them by completing the table below?

No. Name of Person Location of Person What is your
(Village and House Relationship withthe
name) Person

1

2

3

4

5

6

7

Relationship Codest=Family member, 2Eriend, 3=Association member, 4=House neighbor, 5=Farm neigh

6=Schoolmate, 7=dlleague in the sme house, 8=k I 6 Grhi KSN&E 06aLISOA T 0 X D

Ea.65. | will like to know more about your interactions with the persons you have identified in
the table above.|l@ase provide detailboutyour interactiongn the table below).

Name of Place of Frequency of interaction How often do you
Person interaction (Every day=6, Every week=5, igveno discusdarming
Weeks=4, Every Month=3, Every Year=2 issues with the
Once in While=1) person(s)?
(Always4;

Sometimess; Very
Rare=2; Never=}

15 person
2" person
3 person
4" person
5" person
6" person
7" person

Place of interactionCodes:1=market, 2=mosque/church, 3=party office/shade, 4=outdoorings/weddings,
5=funerals, 6=journeying on a same vehicle, 7=football park/watching venue, 8=on the farm, 9=on the wa|
the farm, 10Home visitM MT' h 1 KSNE 0 8 LISOA F& 0 X X X X X X

Ea.66.Has any of these persons shared the information that he/she heard or saw about the
inoculant from the video or radio with yo2s=[1]; No=[2]

Ea.67aHave you askea@ny of these persomdout the inoculant beforé&es=[1]; No=[2]
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Ea67b.If yesto Ea.67afrom which of these persons identified in the tatleve have you heard
it from? (Please provide details of what you heard from them in the table below).

Name of
Person

Yes=1; No=2

How long have
you known the
person(no. of
years)

What score out of 5 will you give to things
that the person ever told you about and it
turns out to be true or correct. (scale: 4.5;
where 1 is least true and 5 is highly true)

15t person

2" person

3 person

4" person

5" person

6" person

7" person

8" person

9™ person

10" person

SECTION F: SOIL AND CLIMATE INFORMATION
F.68.How can you describe the general fertility of the land on which you have been cultivating

for the past tw:

0 seasons?

Very Fertile=1

Fertile=2

Somehow Fertile=3

Not Fertile=4

[

]

[

[ ] [ ]

F.69.How will you descrile striga (Bochaagituation on your field of cultivation for the past two

seasons?

Very severe=5

Severe=4

Somehow
severe=3

Not severe=2 No Bochaal

[ ]

[

[

[ ] [ ]

F.70.How will you rate the amount of rainfall in your farming area for the past two seasons?
Please provide your rating ranging from a score of 1, very poor to@aichy very high in the

table below.

Very poor=1

Poor=2

Somehow Good=]

Good=4 Very Good1

[ ]

[

[

[ [ ]

]
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F.71. Does the community has the following amenities? Yes=[1]; No=[0]

Electricity Phone Radio TV Market Agric. T.O | Distance to
Receptbn Reception | Reception district
capital (Km)
[ ] [ ] [ ] [ ] [ ]

SECTION G: FARM PRODUCTION INFORMATION FOR ONLY NON-
PARTICI PANTS
(Please refer to question numb&f.(L7) list of crops given by the respondent and complete the
tables below foNon-ParticipantandNon-User farmer3
G.72What number of bags did you obtain from your farm(s)? Please provide your answers in the
table below.
Farm Output History

No Crop | Crop Farm Size (#| Total Yield | Qty Sold | Qty Qty Given out
Variety | of Acres) (bags) (bags) Consumed | (for labour &
(bags) primary
processing)
(bags)
Year 1
Year 2

Crop Type Coded=legume grains, 2=cereal grains and 3=roots and tubers, 4=vegetable
Crop Codesil=soya bean, 2=groundnut, 3=cowpea, 4=maize, 5=sorghum, 6=millet, 7=rice, 8=yam, 9=
10=potto, 11=tomato, 12=onion, 13=sesamd=h § K SNJ 6 a LISOA F@ 0 XXX ®

G.73.Please, if you sold portion dre entire yield as in (columr) & table(G.71)above, provide
details of the sale(s) in the table below.
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Period of Point of | Distance | Marketi
Year Total Unit Sale (Fill | to ng cost
Year/Sea sold Qty Sold | Price in code | Market (GHOC)
son Crop (Month) | (bags) (GHC) below) (Km)
Pointsof SaleFar mer 6s farm=1, Far mer 6s h o uusingsolmuni@warket~4|

District capital market=5, Regional capital market=6,

Distant market=B(=8, NGO=9, Private company=1(

G.74.What input typés) did you use on your crops? Please provide your answers in the table

below.
Farm Input Use History
Inpu | 18Crop=[ ]| 2"Crop=[ ]| 39Crop=[ ]| 4"Crop=[ ]| 5"Crop=[ ]
t
Qty/Acr | Unit | Qty/Acr | Unit | Qty/Acr | Unit | Qty/Acr | Unit | Qty/Acr | Unit
e Price | e Price | e Price | e Price | e Price
(GHC (GHC (GHC (GHC (GHC
) ) ) ) )

Input Codes:1=NPK, 2=SA, 3 Urea, 4=Weedicides, 5=Field pesticide, 6=Storage pesticides, 7=0rgani

manure, Biochar, Manure), 8=Inoculantf9d K SNJ 6 a LISOA F& 0 XXX ®

Crop Codesl=soya bean, 2=groundnut, 3=cowpeajméize, 5=sorghum, 6=millet, 7=rice, 8=yam, 9=cass

10=potato, 11=tomato, 12=onion, 13=sesarbézh § K SNJ 60 A LISOA F@ 0 XXX ®
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G.75.How much labour (including yourself) did you use on the farm(s)? Please provide your
answers in the table below.
Farm Labour Use History

Cro | Activit Family Labour Hired/ CommunalLabour
p y
Male Female Male Female
# of # of # of # of # of # of Price/da | # of # of Price/da
Person| days | Person| days | Person| days |y Person| days |y
S worke | s worke | s worke S worke
d d d d

Activity Codesi=Initial Land Preparation (clearing/ stumping)M&mual Ploughing/Ridgin@~=Planting/sowing,
4=7'Herbicide/weedicide application, 5£Manual Weeding, 6=1Fertilizer application, 72
Herbicide/weedcide application, 8=2 Manual Weeding, 9<2 Fertilizer applicationl0=Pesticides/Fungicides
application, 11=Harvesting, 12=Primary processing, 35=Bagginbrab¥portation, 15=Feeding, 4Gther
6ALISOATFROXXXD

G.76.What mechanization services diduwose on the farm(s)? Please provide details of the
services in the table below.
Tractor and Mechanization Services

Crop | Activity Mechanization | Unit Price (GHC] Total Units Equipment
Service Type Ownership
6 Cl NI SNJ
Own=1
Hired=2)

Activity Codes1=Ploughing/Ripping, 2=Harrowing, 3=Harvesting, 4=Primary processifiignsportation
Services Codesl=Tractor, 2=Bullock/drawn animals, 3=Mefing, Combine Harvester, 4=Sheller/Thrasl
5h i KSNJ 60 34LISOATRUXXX®

77a.Do you have anymnion or comment to atlto this study [Yes=1]/[No=2]

77b.If yes, state commeditée € é é éé e ecéeeéeéééééééeeececeé
END OF INTERVIEW
THANK YOU FOR TAKING PART IN THIS SURVEY

Sl
&
=
=

= S
Voanz N

Uy
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PART II: WTP FOR ICT-BASED AGRICULTURAL EXTENSION SERVICES

rrrrrrrrrrrrr

Survey Instrument (B) Date: eeeeééééeececcecce

,,,,,,,,,,

,,,,,,,,,,,,,,

Gender:[M] / [F] Category:Participant[ ] NorParticipant[ ] Questionnaire Numbef: ]
Enumer at or 6]s Code:

Introduction :

Imaging a situation where there exist very few or inadequate agricultural extension agents available to of
technical advices on good farming practices to farmers or deliver to farmers new techniques that can help incre
their yield or farm outputlmagine that a certain organization wants to use modern technologies (e.g. mobil
phones, videos, etc.) to offer technical advisory services and new techniques of farming to farmers at a cost.
system to offer this service to farmers is known as Adrical Extension Services (AES). This is to bring
agricultural extension services to farmers and facilitate farmers acquisition of new techniques of farming a
good agronomic practices (GAPSs) just like our mobile phones has shorten the distance beawe@uugiends

and families across the world. There exist AES in other parts of the world and some parts of the country. T
study is to help the organization know much about what farmers in this region will want the AES system to |
and how much farmeis this region can afford to pay for such a service.

The CFScript

However, similar studies have been conducted among farmers elsewhere and in some parts of this region to
out how much they were willing to pay for the AES usage. Some of the fagonetesd prices as high &HC9

T GHC10/month, some quote@HC7 i GHC8/month and others quoted as low2@pesewa$ GHC1/month.

To some people, it seertimtsome of the prices that were quoted by the farietese parts of the region were
not being vey realistic. | want you to be very honest and realistic and look dhtbe @) different types of the
AES systera provided in the tables that follow from the next pages and decide which AES system you will b
willing to pay for. | will like to draw youttention to the need for you to be very realistic in your choice and do
not think that after all you will not be ask to remove money now. Who knows, in the near future you will b
confronted with the reality of the service and you will have to pay. &spll entreat you to be very realistic in
your choice of AES system type according to thest of service provision and how much you will be willing to
pay. Thank you in advance for taken your precious time to help contribute to the study thalpvitiform
agricultural policies in the country.

| will like to assure you that the information you provide will be confidential and will not be attributed to you in
anyway as may to harm you.
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(C1/C8). Please examine the three (3) different AES systembgbms, each with its own characteristics and cost of delivery.

BLOCK [A] [B] [C]
CHOICE SHET
AES SERVICE ATTRIBUTES

NONE

Reliability andResponsiveness of the
service

InformationSpeciftity and Usefulnessf
the service

100%Technicalknowledge
and GAPs

100%General Information

50%Technical
Knowledge+ 50%
GeneralInformation

Accessibility of the service

22Msgs/Month

24HRS X 3/Wee

3-8HRS + 2Msgs/Day

Information accuracy and trust level ¢
the service

. o % ,!/-5'; e
Farmer Can Only Hear but
Cannot See

Cost of service deliveffGHS/Month)

Which AES systemwill you be

willing to pay for?
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1. (C2/C8) Please examine the three (3) different AES system types below, each with its own characteristics and cost of delivery.

BLOCK [A] [B] [C]

CHOICE S&T

AES SERVICE ATTRIBUTES NONE

Reliability andResponsiveness of
the service

S0%Technicalknowledge | 1009sGeneralinformation | 100%Technicalknowledge

InformationSpecittity and Usefulness + 5094General Information and GAPs
of the service

22Msgs/Month

24HRS X 3/Wee

3-8HRS + 2Msgs/Day

Accessibility of the service

Farmer Can Only Hear but
Cannot See

Information accuracy and trust
level of the service

Cost of service delivery
(GHS/Month)

Which AES systemwill you be [ ] [ ] [ ] [ ]
willing to pay for?
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2. (C3/CB8). Please examine the three (3) different AES system types below, each with its own characteristics and cost of delivery.

BLOCK [A] [B] [C]
CHOICE SBr
AES SERVICE ATTRIBUTES AESA NONE
. iDeIiver\,r
Reliability andResponsivenesof
the service
g
o —

. - 100%General Information | 100%Technicalknowledge | 50%Technicalknowledge
InformationSpeciftity and and GAPs + 50%General Information
Usefulness of the service

22Msgs/Month

3-8HRS + 2Msgs/Day
Accessibility of the service
Information accuracyand trust Farmer Can See and Hedf Farmer Can Only Read Messag Farmercca\iﬂcgg)é: °
level of the service
b 0 R e

Cost of service delivery ) 2'3%5”_:& A
(GHS/Month) =
Which AES systemwill you be [ ] [ ] [ 1] [ 1]
willing to pay for?
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3. (C4/C8). Please examine the three (3) different AES system types below, each with its caatectsdics and cost of delivery.

BLOCK [A] [B] [C]

CHOICE SHT

AES SERVICE ATTRIBUTES

NONE

Reliability andResponsiveness of the
service

InformationSpeciftity and Usefulness of
the service

50%Technicd Knowledge+
50%General Information

100%Technicalknowledge
and GAPs

100%General
Information

Accessibility of the service

22Msgs/Month

3-8HRS + 2Msgs/Day

24HRS X 3/Wee

Information accuracy and trust level
of the service

Farmer Can Only Heal
Cannot See

Cost of service delivery (GHS/Month

Which AE S systemwill you be

willing to pay for?

275



4. (CHCB8). Please examine the three (3) different AES system types below, each with its own characteristics and cost of delivery.

BLOCK [A] [B] [C]
CHOICE ST
AES SERVICE ATTRIBUTES NONE
Reliability andResponsiveness of
the service
. o 100%Technicalknowledge | 50%Technicalknowledge | 10g9sGeneralinformation
InformatlonSpeCIfuty and Usefulness and GAPs + 50%General Information
of the service
22Msgs/Month
3-8HRS + 2Msgs/Day
Accessibility of the service
. Can Only He:

Information accuracy and trust Farmer(:a?]ﬂotnsﬁg carbut
level of the service S

i B ;:@E %

i 3 ‘\' ; n g
Cost of service delivery St 3%2'?3 il
(GHS/Month)
Which AES systemwill you be [ ] [ ] [ ] [ ]
willing to pay for?
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5. (C6/C8). Please examine the #w (3) different AES system types below, each with its own characteristics and cost of delivery.

BLOCK [A] [B] [C]

CHOICE ST

AES SERVICE ATTRIBUTES NONE

Reliability andResponsiveness of tf
service

: o 100%Technicalknowledge | 10096GeneralInformation | ©0%Technicalknowledge
Information Speciftity and Usefulness | 5nq GAPs + 50%Ceneral Information
of the service

22Msgs/Month

3-8HRS + 2Msgs/Day

Accessibility of the service

Farmer Can Only Hear but Farmer Can Only Read Messag

Cannot See

Information accuracy and trust leve
of the service

i M
'J.".’"; i "jﬁ, ] %

Cost of service delivery s
€

(GHS/Month)

Which AES systemwill you be [ ] [ ] [ ] [ ]
willing to pay for?
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6. (C7/CB8). Please examine the three (3) different AES system types below, each with its own characteristics and cost.of delivery

BLOCK [A] [B] [C]

CHOICE SHT

AES SERVICE ATTRIBUTES

AESA

NONE

Reliability andResponsiveness of the
service

InformationSpeciftity and Usefulness of
the service

50%Technicalknowledge+
50%General Information

Accessibility of the service

24HRS X 3/Wee

Information accuracy and trust level
of the service

100%General Information

100%Technicalknowledge
and GAPs

22Msgs/Month

3-8HRS + 2Msgs/Day

Cost of service delivery (GHS/Month

Frmer Can Only Hear but
Cannot See

Farmer Can Only Read Messade

ﬁ"“ Y
@ § ; ﬁ;;a- |
ELA BV RV A

€3.2-4

Which AES systemwill you be

willing to pay for?

[ 1]
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7. (C8/CB8). Please examine the three (3) different AES system types below, each with its own characteristics and cost of delivery.

BLOCK [A] [B] [C]

CHOICE ST

AES SERVICE ABIRIES

NONE

Reliability andResponsiveness of the
service

InformationSpeciftity and Usefulness of
the service

100%Technicalknowledge
and GAPs

Accessibility ofhie service

24HRS X 3/Wee

100%General Information

50%Technicalknowledge+
50%GeneralInformation

22Msgs/Month

3-8HRS + 2Msgs/Day

Information accuracy and trust level
of the service

Farmer Can Only Hea
Cannot See

Farmer Can Only Read Messad

D

Cost of service delivery (GHS/Month

i b ‘-3 i‘ ~ 4 o 0 W
: ‘i R : @
b ] b ] )

€3.2-4

Which AES systemwill you be

willing to pay for?

[ 1]
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8. How often did you consider the following attributdgiee AES system types before you finally make the choices that you made?

No. Attributes Never | Rarely | Sometimes| Always
1 Reliability and Responsiveness of the service [ ] [ ] [ ] [ ]
2 InformationSpecifcity and Usefulness of the service [ ] [ ] [ ] [ ]
3 Accessibility of the service [ ] [ ] [ ] [ ]
4 Information accuracy and trust level of the service [ ] [ ] [ ] [ ]
5 Cost of service delivery [ ] [ ] [ ] [ ]
9. Pleaseratethe AESattrut es from 616 to 6106, where 6106 is the | east

most important attribute of the AES system to you.

No. | Attributes

Rating Scores: (1,2, 3,4,5,6,7,8,9, 1

Reliability and Responsivenasfsthe service

InformationSpecifcity and Usefulness of the service

Accessibility of the service

Information accuracy and trust level of the service

QbW NPEF

Cost of service delivery

]
]
]
]
]

10. Please indicate to whattexd do you agree or otherwise of the following statements?

N Level of Agreement: (1= strongly disagree , disagree=2, partly agree=3
0. | Attributes agreed=4, strongly agree=5)
1 | All the attributes of the AES system types were import
in my choice decisits [ ]
2 | | understood fully the choice task | was faced with [ ]
3 | I understood more than half of the choice task | was faced [ ]
4 | | understood less than half of the choice task | was faced w [ ]
5 | I was very realistic in makathe choices as | will do in ¢

real world situation

[

]
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11.How do you perceived the current agricultural extension delivery in the country or region to be? Please indicate yaom percept
by agreeing to or otherwise of the following statements

No. Level of Agreement: (1= strongly disagree ,
disagree=2, partly agree=3, agreed=4,
Attributes strongly agree=5)
1 | always get the extension agent anytime | want him/her [ ]
2 The extension agent always bring me new ways of farming [ ]
3 The extesion agent always bring the same old ways of farming [ ]
4 Most of the things the extension agent always tell me fail to happen [ ]
S The extension agent is very important and useful to me in my farming [ ]
6 The extension agent has been veziptul to me in my farming [ ]
7 Most of the information the extension agent tells me is always too late for me to us [ ]
8 I dondot al ways get the extension 38
him/her [ ]
9 I donodot al waignsaget becaude haen toe fartaway from where
he/she is located [ ]
10 I dondét al ways get the extension 3
inadequate [ ]
11 I dondét al ways get the extensiesinmyg
farming [ ]
12 In the last 2 farming seasons, how many times have you had contact with the agricultural extensi@eagentp ]; Season 2

]

13 Do you have a mobile phone? YaeEl]; No=[2]

14 Have you ever useghone to call an extension officer? Yefl]; No=[2] (if yes, go to the next question below)

15 Within last two seasons, how many times have you called an extension officer with a |Seasen | ]; Season 2 ]
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12.How oftendo undertake the following activities?

No. | Activity Never Rarely

Sometimes Always

Purchasing mobile phone credit

[

]

Mobile money transfer

Mobile money receipt

Purchasing of Video CD

Purchasing Music CD

Listening to radio

Watching video

Watching TV

OO N OO | W NP

Search interndbr information

,_H,_,_,_‘H,_‘H,_‘—‘
— e e | e e [
— — — f— ———f— ——
— e e e e e e e [ [

[EnY
o

Have you ever bought anything online or using text message

[
[
[
[
[
[
[
[
[

]
]
]
]
]
]
]
]
]

— |~ — e —— e ——
— e e e [ e e e [ [

13.How many times do you undertake the following activities in a week or month?

No. | Activity

Number of Times

Purchasig mobile phone credit

Mobile money transfer

Mobile money receipt

Purchasing of Video CD

Purchasing Music CD

Listening to radio

Watching video

Watching TV

OO N O AW NP

Search internet for information

[EnY
o

Have you ever bought aryhg online or using text message
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14.Background data

Status of Respondent in Household Biographical Data Socioeconomic Data

1. Head: Yes=[1]; No=[R 4. Sex:Male=[1]; Female[2] 7.Religion: [ ]

2. If not head relationship to household hedd ] 5.Age(yrs.) [ ] 8. Years of schooling: [ ]
3a. Do you have amtle in the community¥es=[1]; 6a.Marital status: [ ] 9. Form of educatiarf ]
No={2] 6b. If male and married, specify # of wives:| 10. Ethnicity: [ ]
3b.Ifyes specifyéeéeéeeéeéeéé ]

Relationship toHH: 1=Wife, 2=husband3=Sibling, 4=Relative 5=Fatherin-Law, 6=Motherin-Law, 7= Ot her r el ati ons (s
Religionn1 =1 sl am, 2=Christianity, 3=ATR, 4=0thers (specify)éééeéé

Marital Status: 1=Married, 2=Single,3=Divorce, 4=Widow/Widower

Form of Education: 1=Formal, 2=Nonformal education, 34slamic/Arabic4=None, 5=Otherg s peci fy) é é é

Ethnicity: 1=Dagomba, 2=Gonja, 3=Vagla, 4=Dagaati, 5=Wali, 6=Sissala, 7=Guru, 8=Kasen, 9=Bulu, 10=Kusasi, 11=Fulani, 12=Koakd®bBinmoba,
14=Mamprusi, 15=Nanumba, 16=Bassari, 17=otfes peci f y) é é é é

15.Please | may like to know your opinion or concern on this study that you may want to share with us

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

eeceeeeeeeeeeceeeceeeeeeeeceececeeeeeeeeececeeceeeeeeeeeeceeceeceeeeeeeeeeceeeeee.

THANK YOU FOR YOUR PARTICIPATION
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