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1. Introduction

Classical writers such as John Stuart Mill and Karl Marx specuated that
the standard of living could not rise indefinitely unless advarncesin tech-
nology increagd the yield of the mears of production. Necclassica
growth theay, based on capital accunulation, supports this intuition [1].
Digital tools increa® personal productivity. Communicaion technologies
ernharce the coordination among individuals and increase the efficacy and
efficiercy of collective efforts. In both ways, techmology contributeswith
wealth creaton and the overal welfare of the community.

Digitalizaton and the new communication techmologies are the drivers
of an exponential increa® in the amaunt of informaton available ard the
velocity at which it can be shared, all at ever lower costs and through a
widening variety of meda. Economic globalizaion and record levels of
productivity aredrivenin part by the ahility to link applicaions, devices
and peaple asnodes of highly distributed networks that caninteractusing
the common language of 1s and Os. Therefae, the efficiercy in the diffu-
sion of digital tools is importart as part of any community developmert
initiative.

Evidence sugged that the diffusion proces is different for developed
ard underdevelop nations [2] Dutta and Jain sugged thatthereisadelayin
the expected benefits of technology asa reault of alow starting point in re-
gards to ICT. Given its importance for socioecanomic developmert and
the possibility of a threshold to be exceead before getting any impact,
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maragemert of the diffusion process becames crucial. Unfortunately,
most discussions on ICT for developmert are either tecmocertric, to the
detrimert of the analysis of the surrounding society, or arefocused on the
political ecanomy and public policy agects of national reforms. They lack
cardul exploration of the nature of different tecmologies how they may
interact with the local culture at community level, and the impact they
have in the diffusion proces and the overal succes of the projector in-
vegmert.

There arereports from influertial agencies dealing at global level with
ICT for the poor that fail to acknowledge the diffusion proces of the tech-
nologies they are promoting and how it evolved in the cass they are
documerting [3]. If there is a better undergarding of the dynamics of
tecology and informaton diffusion in underserved or rural communities
then, it may be possible to get quicker and higher returns on invegdmerts
mack by individuals, businesses and goverrmerts by way of beter diff u-
sion of ideasard skills.

We claim that the relevart unit of amalysis for the diffusion of advanced
tecmologiesis the communityOssocial networks of advice, and that flow
of ideaswithin thes networks can be used to idertify the influertials in
orderto better promote rapd diffusion of ideas Rapd diffusion should be
an objective to increa® the collecive knowledge base of the new tech-
nologiesand surpass the critical threshold of adoption. Valerte ard others
have shown that certrality is key to accekrak diffusion. The most influ-
ential problem solversin the community should be the OetryOor stariing
points of the diffusion proces aswell

It isin this particular context that sociometic measires canprovide use-
ful informaion to determine who the influertial actors are. This paper de-
velops a model that usesthese sociometric measiresto idertify the key so-
cial memtersthrough the dynamics of the flow of advice and their use of
meda techologies We look at differert structural patterrns and compare
themwith convertional socioecanomic variabesin their ahility to provide
useful predctions of influence. These sociometic measiresare expecied
to be more cost-efficiert and less troubling than a convertional socio-
ecaomic survey [4].

2. Structural Perspectives on Diffusion of Innovations

Diffusion of innovations depends on time, communicaion chamels, and a
social structure to support it [5]. Most studieson innovation have beenret-
rospecive; they lack information on interpersonal communicaion net-
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works, and more importart, few have atempted to use the lesons from
diffusion resarch to accekerae the diffusion of innovations [6]. Valerte
ard DavisOwork [7] suggeds, through simulation, the possibility of
acheving a critical mass in a much shorter time by carefully selecing the
opinion leacersof a social network. In gereral, idertifying who are the in-
fluertial membersimprovesthe dedgn of diffusion strateges regardess of
what is being diffused through the network. In practice, the selecion of
influertials is usually accanplished by using convertional wisdom and
tradtional sociological theory, eg. by looking for those with higher social
ard ecaomic status and leaders of formal and informal organizations
within the community. Sekction is usually done after the definition of
gereral criteria to selectparticiparts or Olereficiarieg0,ignoring the under-
lying network structure. In other words, mary projects by dedgn define a
profile that usually terds to make the population of interes$ very homoge-
neaus (eg. programs desgned to reachthe poored of the poor, or a spe-
cific gender within anincome bracket) without consideraion of the social
network.

Most emgrical researchon diffusion of innovations confirms the prem-
ise that new ideasand pracicesspreadthrough interpersonal communica-
tion. However, most foundational studies have focused on the spread of
relatively simple and OsaticOtedhnologies such asweed spray in lowa [8],
hybrid seedcorn [9] or tetracycline [10], asopposedto ever evolving mod-
erntecmologiesand their myriad of vergons ard the potertial diffi culties
and complexitiesintrinsic to them.

2.1 Diffusion of simple technological innovations

The key to trarsfer those simple tecologiesis awareness and imitation.
This approach leads to the interes in parameterssuch asthe rate of diffu-
sion and how it correlates with proximity, communicaion or influerce.
Valerte et al. [11] studied and confirmed the association between friend-
ship tiesand the adoption of contraceptive choicesin Cameroon women
Their model defined network exposure as

E - > @Y, M)
S

Where ! is the social network weight matix and yis the vecbor of
adoptions. The network exposure is measired on direct contacs.  can
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be trarsformedto reflect other social infl uence process through a family of
relational, positional and certrality measures

Their approachimpliesat leas four differernt levels of decision to dedgn
a study of the network effect on diffusion. The first one is the electon of
the type of network to observe and regster. It could be a network of
friendship, advice or ary other convenert type. Seoond, if influence or
other behavior determines POsprobability of adoption, what set of struc-
tural features of networks capture such behaviors (relational, positional or
certrality)? Third, within each set, which measires should be used?
(There are probably more than a dozendifferent typesof certrality mea-
ures. And oncethe above decisions aremads, still there is anissue of fine
tuning to decide the weight attached to eachfactor, generaly based on so-
cial distance. For example, if O influence P and P influencesQ. Should
the influence of P and Q refl ectthe factthat O may or not be connectedto
a highly certral or anisolated N? The amswers to those quedions are dif-
ferert asthe complexity of the innovation creaesdemands of information
that go well beyond imitation asa source of knowledge.

2.2 Diffusion of ICT for Development

ICT for development projects usually come in the form of computers for
schools, community certersor other public or quas-public spaces In rural
areas probally more often, they come in the form of telecenersthat em-
body a variety of differert meda that offer a wide range of potertial solu-
tions for community problems all the way from telemedcine to e
commere. In termsof ICT for developmert public policies most discus-
sionsrewvolve around Interret acess issues

Those types of innovations are substartially different from the tec-
nologies mertioned above. They are knowledge intersive and for their
adoption to be sustained over time there need to be a continuous flow of
information and support to keepup with the paceof new verdons or even
just to keepit functional. Voiceover IP and wireless Internet solutions are
frequently praised for their promising potertial to serve isolated communi-
ties But, updating to a newer vergon of hardware or software may calse
operaive systemsto cras. In that momert, what may seema simple op-
eraton (update a driver for instance) can becane a real problem. It may
come from previous experience (knowledge), advice (another villager has
the knowledge and the villager hasdirect or indirectacces to him or her)
or from specialized techmical assistance which sometimescould be scarce
and expersive to acauire. In this particular setting exposure to the friend-
ship network is probably not enough.
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As the complexity of the innovation requires more intersive and fre-
guert exchange of knowledge and ideas the social structure becanesmore
relevant to undersand and marage the diffusion of this kind of innova-
tions. This is our mativation to explore the use of certrality measires of
advice networks as part of a metod to find the peaple who potertially
bring about a more efficiert diffusion of techological innovations process
that berefits local developmert.

Centrality and Influence

Since research on the ideaof certrality applied to humancommunications
wasintroducedin the late 4009y Bavelasat the Group Networks Labora-
tory, M.1.T., certrality has beenrelated to reputations of power ard infl u-
enceover acommunity [12].

The most frequert form of organizaion of a social structure is the cen-
ter-periphery pattern. It consists of a) a subgroup of relatively certral pres-
tigious actors who are connected by direct or short indirecttiesand b) a
subgroup of peripheral acors who are directly connectedto the certral ac-
tors rather than to other peripheral acors. In this form of organizaion,
certral actors tend to be resourceful and cohedvely joined to other acors
[13]. Thereis a whole family of measuresthat may be use to capgure and
de<cribe their certrality. There arefour prominert ones due to their strong
and distinct qualitied14]. They are also foundational in the field of social
network aralysis. degee, betweemess, closeness and eigervecbor cen-
tralities Since we are interesed in the flow of advice, it is necesary to
undergand which measures canbe used or not asa metic for the flow of
ideasamong humars.

Degree Centrality. The most simple and natural way of describing the
concep of certrality is the star configuration. The center in this structure
possesses 3 unique properties it hasthe maxmum degree[15-17]; it falls
on the geadedcs (shorted path' linking a given pair of points) betweenthe
largeg possible number of other points and, sinceit is located at the mini-
mum distance from all other points, it is maximally close to them (Free-
man 1978/79). It does not take into accaint indirect connecions and it
makesit unsuitade for advice networks (the value of one acorOgjiven ad-
viceisinfluencedby the relative value of the advice the acior receives.
Betweeness Centrality. Betweeress[12] usually indicaiesanode that can
control the flow of informaton bridging disparat regons of the network.
Because of itsreliance on non-directed paths and geadesics, betweeress

L A path is defined as a sequence of adjacent nodes in which no node is visited
more than once



6 Barahonaand Pentland

camot be easly edimatedfor direced data[18] which isthe case of the
flow of advice. Furthemore, it assumesthat the traffic will choose the
shorted path, ard if confronted with equally short paths, it will randomly
choose only one. Traffic movesone to one insteadof copying itself or be-
ing broadcad from anode. A secand assumptionisthatit isnot diffusing
randomly. Sinceit istaking only the shorteg path, thenit OkowsOits tar-
getfromthe origin [19] These lag assumptions make FreemarOse-
tweenress centrality measure unsuitade to be usedin contexts where these
assumptions do not hold, like the spreadof advice. The charactristics of
our latert variabe and of the observed advice network fall outside of these
assumptions ard therefore we did not evaluate this particular measire.

Closeness centrality. Closeressisthe thearetic distanceof agivennodeto
all othernodesand it iscommaonly usedin the study of diffusion. As op-
posedto degree certrality, this measire takesinto account indirectconnec-
tions. In adirectedgraph the outgoing arcswill be related to the amount of
steps one acbor neeckdto reachthe other acbors. In termsof flow it isor-
dinarily interpretedasanindex of the expectedtime until arrival of some-
thing flowing within the network [20]. The critical assumption of this
measire is thatinformaton is following the shorteg path or parallel dupli-
cation bwhereall paths arefollowedsimultaneausly, including the shortes
path aswell. It only works on connecied or strongly connecedgraphs. In
our study, the networks of advicefound and regsteredarenot well con-
necked Thislimitation impedesthe use of this measire in the currert
aralysis. More empirical observation is neecedto explore the probakility
function of the dersity measuresof advice networks, before attemping
any genreralization on the virtuesof this measire for this particularkind of
information.

Eigenvector centrality. It isthe property of a node that hasa high eigen-
vecbr score and thatis connectedto otherswho are also high scorers
Thisis measiredby the principal eigenvector of the adacerty matrix of a
network. It wasdedgnedto work with valued data but works on binary in-
formation aswell. The use of eigervector certrality is converient when
the status of anacbr is afunction of the status of those with who heisin

contact(Bonacich, 1972). Givenanadacercy matix A, the eigenvecor
centrality of node Iis:

G =O‘E AC; (2)

Where O is arequired parametr to give the equations a non-trivial so-
lution (a =1/ A , i.e.the reciprocal of the eigenvalue) and hasno substan-
tive interpretation. It is usually interpreted asa measire of influerce. It
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asumesthat traffic movesvia unrestricted walks and doesnot assume that
things flowing will be transferred or copied to one neighbor at a time, so
this measire is idealfor influence type proceses[20] as the one we arein-
teregedin.

Among the more commonly used measires of certrality, only the ei-
genvecor method seans appropriate, amang other cited rea®ns, because
one should expectthat receving adviceinformaion from someae who is
more certral should add more to oneOsertrality than being advised by an
isolated member of the community.

Generalized eigenvector measure of the flow of advice. Sinceour ad-
vise data is agymmetic we used a variart called Opwer certralityOwhich
isagereraizedeigervecior meaaure of certrality, also known asBonacich
Power Certrality or Alpha Cenrality [21]. It isrepreserted by the follow-
ing equation:

\ 3
c,-(a,ﬁ)=2A”(a+/3cj) ©)

The value of a is usedto Normalize the measure and has no substan-
tive interpretation. We use UCINET [22] to estimate Bonacich Power
Centrality and in their solution the normalizaion parameer is auomai-
cally selecied so that the sum of squaresof the node certralitiesis the size
of the network [23]. The paraneter g isanattenuation facor which gives
the amaunt of dependernce of eachnode's certrality on the certralities of
the nodesit is adacert to. It canbe interpreted asthe degeeto which an
individualOsstatus is a function of the statusesof those to whom he is con-
neced g isanadustalde weight that cantake positive and negative val-
ues depending on the specific pheromera under analysis. Thereare caes
like bargain where the advartage comes from being connecked to les
powerful individuals. In communicaion networks Beta should be positive,
as one berefit from the informaion availabe to oneOsalters Bonacich
[24] suggeds thatin a communicaton network, a low positive value of g
would be appropriate if most communicatons were local and not transmit-
tedbeyond thedyad Sincethe nature of personal adviceimpliesinforma-
tion on specific personal concerrs, it seems rea®nakle to expectthat most
interacton happers at dyadlevel. In the cas of techicalbusiness aswell
aspersonal adviceit seemsrea®nale to choose the maximum value for
(note that if a and g= 0 then equation 4 is equal to equation 2). It was
done using a value of ; very close to the absolute value of the reciprocal
of thelarged eigervalue of both the adacency matrices
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An importart property of this meaaure is that allows for negative values
of p. Thisis not to be developedin this paper. Cook et al. [25] amag
others have developed relevart work on the effect of negative edgesin
communicaton networks.

3. Empirical Analysis

We wart to fit a model to predct which peagple are influertial based on:
convertional ecanomic and demagyraphic attributes graphic-theareticd
characteristics of the individuals. We also meaaure their use of advanced
meda asresach hasshown thatinfl uertial pegole tend to make extersive
ard multichamel use of communicatons meda[26]. We wart to egimate
the following logistic model to predict who isinfluential:

log%=ﬁo+ﬁlx+ﬁ2C+/33M+£ )

Wherey equals 1 if the repondent is influertial, X is a set of socio-
ecanomic and/or demayraphic characeristics, C is a set of sociometic
measires based on the eigervector certralitiesand M their use of Media
and ! the expeciederrar.

The propositions and teds in the form of hypothess are: 1) Saciometric
measires are an important supplemert to convertional social and ew-
nomic status atainmert measiresin predcting who is influertial within a
social structure. 2) Paterrs of Advicereceivedard givenis agood predc-
tor of who arethe influertial membersof acommunity. 3) If Hypothesis 2
is true, there must be animportart correlation with the ealy adoption of
tools that are used to support arnd erhance communication, which leads to
Hypotheds number 4) If the use of meda technology canbe use asa pre-
dictor of influence, then a propersity to be an early adopter is correlated
with patterrs of advice and the use of medatechmology.

3.1 Data

We exploredthes ideasusing data collectedin 2003 from a community of
coffee growersin the southern mountains of Costa Rica. The community
has roughly 4300 inhahtarts; coffee production and exports represert
about 80% of their income. It is a well-egadished and integrated rural
community. An interesging characeristic of the regon is the structure of
land ownership, mostly very small producers with 1 or 2 acres with not
much land available to grow their crops. In being so small, coordination
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and diffusion of informaton is key to production, processing, and com-
mercialization of their coff eebears.

The homogerecus social and ecanomic characteristics of this population
are expected to reflecta relatively small effect from the social and denmo-
graphic characteristics. Most producersare orgarnized and regsteredin a
local coffee cooperative which provided acess to some of the information
we use. Theremost be a variety of overlapping social networks within this
community. We chose to work with the network of active regsteredpro-
ducers based on their potertial impact on their families and the red of the
community. An applicaion otherthanthe one we areinteresedin, may as
well, chose a differert network to work with.

In order to egalish a Ogound truthOor baslineit is necesary to egab-
lish who arethe influertial memters that the model is expecied to cepture
in amore effecive and efficient way.

During the summer of 2003, a teamof two former full professors at the
univerdgty of Costa Rica and current resarchers an NGO caled
OEMEDCOO,conducted an Ethnographic Study in the community. This
teamwaslead by an experienced social psychologist whose work is heav-
ily influencedby the constructivist tradtion. They were familiar with the
gereral ideasof the social networks approach but not with its metods.
Their goal wasto identify key memtersin the community. Key members
were undergood to be peaple that infl uence the communityOslecisions ard
whose opinions and decisions have the potertial to affect the socioe-
nomic developmert of the community asa whole. They visit Sarta Maria,
at leasg six times Saome of their visits implied two or three days and
nights. Their visits included observation and interacton with members of
the community. They involved short and long interviews and sometimes
direct participation in some community meetngs. After visiting the com-
munity and dozers of interviews they reported 53 influertial memters
amang them 32 were regsteredasmemkbersin the local cooperatve.

The list with the 53 nameswas discussed for validation with a small-
group of Oconmunity expertsO. They weresuggesed by CEMEDCOOse-
searclers, based on their own observations and interpretations of the com-
munity dynamics. The community expertise was used to reduce the list
down to 30 members. They were expecied to be the most influential
members Among those 30 influertial people, 19 were regstered produc-
ers Unfortunately, atthe time,they were akedto find the influertials, but
they werenot akedto provide ararkedlist.

The group of 30 peagple wasinvited and attended to a workshop spon-
sored by INCAE (an intermational business school in Latin America and
research facility), where they completed a sociometric survey. A roster
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with their nameswaspresrtedto them, and they were akedto providein-
formaiton on friendship, adviceard influence. This produceddyadc data.
In this particular step, we used FreemarOsn-degree centrality asa scale of
influence. This means that only those that were consideredinfl uertial by
their peerswereconsideredthe OtulyQinfluertial pegple or basline. Only
19 had an in-degree measire bigger than zero and among them 16 were
regsteredproducers. In other words, 11 were consideredinfluential, but
when peaple within this group of 30 OnfluertialsOwere asked who infl u-
encedtheir own decisions, some peple werenever cited Tabe 1 summa-
rizesthe three differernt exercisesthat leadto the basline egimation we
de<cribed

Table 1. The three exercises used to construct the baseline for this study.

Community Members Subset of producers

Ethnographic Diagnostic 53 32
Community ExpertsValidation 30 19
Sociometric Survey 19 16

Advice Survey

Active coffee producerswere interviewed about two different typesof ad-
vice. They were aked who they look for persnal advice and who they
look for production or ecanomic advice, using the free recdl method (no
roster of nameswereshowed). All acive producershave to personally ap-
proach the mill office to cadlect either a check or an equivalent form of
paymert for their processed crop. Usually, most of themarrive during the
first three to five days. The producers were interviewed as they ap-
proached the mill during the peakfour days. Badcally, while their truck
wasin line waiting for their coffee cherriesto be receivedthey were called
apart to be privately interviewed. According to the administration files
their arrival seemsto follow an apparent log-normal distribution. One
hundred ard twenrty threesurveys were callected through a short interview
and only one was dropped becase he wasthe son of a producer and his
main occupation wasnhot his family farm. The nameswere validated later
against with the cooperaive memtersip recads. There wasno limit to
the number of namesthat could be recadedto avoid problemsrelated with
missing answersthat becane a gap in the social network under study [27].
Adviceis not atroublesome dimersion of social relations, and in general
subjects where not uncomfortable answering quedions about it. The in-
terview was done in the premises of the cooperative, which probaly le-
gitimate the willingness of the cooperatve maragemernt to support the
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study. This is not trivial, and probally should be part of the proposed
methodol ogy, because probaly we would have gotten a different reaction
if our study was not associated with a compary and a marager they
trusted Also, an interviewer fill out the quedionnaire and the interview
waskept asshort aspossible. All of these factors contributed to an unex-
peciedy high regonse rate for the overall quegionnaire and a 100% re-
sponse rate for the quedions related to advice. We know that a sampleis
often not represertative of a network becase the structure of a random
samde seldom matches the structure of the overall network. Therédore,
we must be carefd about gereralzatons about the social structure of the
population, but acceping the limitations of our data set, we do believe that
itislarge enough to capure the main patterrs of the flow of advice.

Graph-theoretic Data Sets

There are three gereric social boundary specification strategies[28] : for-
mal membership criteria based on nodeOsatiributes an evert based ap-
proach ard a relational approach based on social connecedness. In this
paper we are using eachof these methods to set the boundaries of three
possible data sets. The overal criterion to select the intervieweeswas
memberdip to the coff eecooperatve. Those that actually had a chance to
participate in the study were selecied upon the evert that they show up
during the weekof data collecion. The open quegion (with no roster) on
who you look for advice generaed namesof producersaswell asnamesof
other membersin the community. The total list of namespresned the
possibility to define two different data sets based on a relational criterion
mixed with an attribute criterion: a) Those mertioned (connecied) by the
interviewees who are regstered producers and had been interviewed
(n=122); b) Those menrtioned (connectkd) by the intervieweeswho arereg-
istered producers (n=169) and c) Those mertioned (connecied) by the in-
tervieweeseither regsteredproducersor not (n=298). We chose to use a)
asthe data set to work with. We cantreatit like a whole network, sinceall
the reonderts sending nominations will have an equivalert likelihood of
being nominated by his or her peers

Attribute Data

Sincerecallecton of sociometric data using a paper survey placesa burden
in the repondent and the interviewer, as much as possible attribute data
hasbeencallectedfrom different secondary public or semi-public sources
Demographic and socioeconomic individual characteristics. Lipset,
citedby Blauand Duncan([15-17]) says that Opsition in the social struc-
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ture is usually associated with a certain level of income, educaion, family
structure, community reputation and so forthO. This paper tried to follow
asmuch aspossible LipsetOsntuition to construct anequation that predcts
a peroonOsnfluence using the socio ecanomic and demographic variabdes
usedin most theariesabout infl uerce.

The survey did not ask for income, nor did the cooperaive hadthis data
availabe. However, we had acess to the amaunt of coffee beans they
brought in 2003 to the cooperatve to be procesed Since coffee is the
main source of income for the vad majority it should be a good proxy for
income and the records of coff ee processed were reliade since no other
compary neaby wasoffering a better price thantheir own cooperative, not
to mertion alegal obligation of exclusivity and a natural redriction associ-
ate with costs of transportation from fam to mill.

Since we had access to the exact home address of every producer, we
creatd a supplemenrtary Oscial statusOvariable based on the local percep-
tion of the social status of the producerOsneighborhood. A list of all
neighborhoods was produced and provided to a young local heath profes-
sional, alocal taxi driver,and to a busness manwho isin the construction
busines. They were aked indeperdertly to assign a value from 1 to 5,
accading to their percepion, of the socio-economic status of eachneigh-
borhood. When there was no consensus, two votes decided the assigned
status. Therewasno ca® in which all threeanswers were diff eren.

Age, education and gernder were provided by the cooperaive. A di-
chotomous variable cal OMatreOwas creaed to cagure this age range,
from 35 to 70 yearsold, reflecting what a producer described as Ohe age
when you ard society know who you realy areO.Gender has no signifi-
cart correlation with being influertial. Educaion data is consistert with
this observation. When comparing the level of education of all male ard
female producers they share the same average amount of years(x =8.7
years p = 0.0332).

Graph-theoretic variables. The correlation of power-certrality with the
regponse variade is higher for the personal advice network than the one
correponding to the tecical/business advice network. This differerce
across domains may sugged that the influertialOsadvice is most sought af-
ter in interperonal issues This is consistert with the reaults of a study
conducted by the Allersbach Ingtitute on a German national sample
(n=3843) reported by Weimam [26]. They found that in the finarcial and
political domain the influertials had clear dominance, but comparedwith
these and 16 other domains in their study, the influertials advice is most
sought after in Oealing with otherDand OrereationO. A paired correla-
tion of the power cerrality measres also shows this relationship (pair
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wise correlation=.43, p<.001). Thisis strong eviderncethatthereisacorre-
lation betweenboth maticesof advice. When structural autocorrelation is
presert, Krackhart [29] recanmends the use of Quadratic Assignmert Pro-
cedure (QAP) to ted the independence of the coefficients, since OLS can
becane severely biased under this condition. This is becaise the assump-
tion of zerocovariance betweenarny two errors [30] is not met Each per-
son in adyadwill contribute to (N-1) dyads, and hencethereis a high like-
lihood that the errar that characerizesone dyad involving ego is similar to
the errar characterizing another dyad involving eg, or that the erras are
Oatp correlatedd QAP attemps to solve this problem[31]. In this proce-
dure the relation maticesare permuted to examine whether the results are
arifacts of the structure of the network rather than geruine relations
amang the acors. A hypotheds teg using QAP effectively suggeds the
existence of a correlation betweenboth advice matices (Pearsn Correla-
tion= 0.062, p=0.005). Future work may explore the relationship between
friendship and advice networks

To awvoid the problem of confounded variables we constructed a new
variade ACI (Advice Certrality Index) to reflect the combined effect of
both the personal and business/techical advice domains. We first di-
chotomized each power centrality variabe using a 2.5 cut-off for personal
advice and 3.5 for production advice after inspecing the data to find the
power certrality value at the edimated inflecion point of the probahility
distribution function (wherep=0.5). Thenthe new varialde reailted from
summing up the Opwer advisorsOof eachnetwork. Therefore the values
for the new variabe are 0 for non advisors, 1 for those who are power ad-
visors in one of the networks and 2 for those powerful advisors in both
networks.

4. Media Technology and Innovation

Since meda technology plays animportart role in the flow of ideas avail-
ahility and use of communication tools should also play arole in the com-
munity memberOsapacity to influence. Reseaich shows that the strength
of tiesbetweennodesis associated with multiple relationships and the use
of more meda to communicat [32]. In the proces, communicatbrs will
reacha common underganding of the meda and work together to a joint
communicatons solution [33]. So, we explored the use of communication
techhologiesin the community. Most of the producershave acess to lard
phone, fax, mobile phone and email. As one might expect, having acess
to the latter is more difficult do to infragructure limitations. So we cre-
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ated a simple ordinal variable caled chamel that adds up the number of
chamels a subjectempoys. By observing the data (mode 1, average 1.54,
s. d. 0.85) we chose having 3 or more asthe cutoff value (91.8% had 2 or
less) to creak a new binary variahlle to distinguish those having an excep-
tional number of communication chamels.

Table 2. Description of selected variables in their origina dimensions, some
usua transformations

Partial Cor- p-
Variable Mean S.D. Min Max  relation value
Influential 013 034 0 1
Agein years 48.80 1350 23 87 -0.0408 0.6820
Squared Age 2560 1463 529 7569 0.0536 0.5910
Mature (range 35-70) 080 040 0 1 0.2037 0.0390
Education in Y ears 870 430 3 18 0.1553 0.1170
Secondary Education 014 035 0 1 -0.0080 0.9360
Gender (Male) 080 040 0 1 -0.0912 0.3590
Neighborhood Status 331 063 2 4 -0.0520 0.6020
Volume of Coffee Crop 3112 3020 83.5 12681.3 -0.0897 0.3680
Log of Coffee Crop 750 110 44 94 0.0840 0.3990
Personal Advice Indegree 016 039 0 2 0.0921 0.3550
Economic Advice Indegree 074 770 0 85 -0.0377 0.7050
Personal Advice Outdegree 016 039 0 2 -0.0528 0.5960
Economic Advice Outdegree 074 049 0 2 -0.1054 0.2890
Advice Centrality Index 023 054 0 2 0.2911 0.0030
Innovation (is early adopter of e-
mail, fax and mobile) 036 063 0 3 0.2213 0.0250
3+ Communication Channels 008 028 0 1 -0.0669 0.5020

One fourth of the repondents had a computer at home but only 5.7% of
all repondents used e-mail, and the correlation betweenhaving a com-
puter and using e-mail wasrather weak (> =3.95, p=0.047). Thus, inde-

perdently of having a computer at home or not, it seemsfair to expectthat
the few using e-mail areearly adopters The secand and third leas popular
chamels were faxes and mobile phones (8% ard 22%). To capure the
propensity to be early adoptersand the use of multiple chamels for com-
municaion we used the presence of e-mail, fax and mobile phone as a
proxy for the pattern of adoption of new communication chamels. We
caledthe variable Innovativeress.
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5. RESULTS

All variabes trarsformations, and interactons presrted in Tabe 1 were
divided into three subsets: socio-economic convertional, sociometric, and
Medialnnovation. Stepwise regression [34] wasusedfirst to discriminate
amag the subset of socio ecanomic and demagraphic variabes and then
to compare our variades for cerntrality and for innovativeress, and to
screenpossible interacton effects among the variades No significart in-
teracton effects were found. We run the hierarchical stepwise regession
usingp =0.25 in the forward steps and / =0.10 in the backwardsteps.

For this particular data set (n=122), we found only the variabe ONMa-
tureOQ(being within the age range 35 to 70 year$ being significart amang
the socio ecanomic and demagraphic variades This should come to no
surprise, remember that this is a particularly homogenecous group of peo-
ple. The Alpha Certrality Index was used as our sociometic measure, as
discussed above. We then tesed MatureQ Innovativeress and Alpha
Certrality Index against the null hypothesis of being simultanecusly zera
We conducted a Wald teg after running a logistic regression against the
binary regonse variabe (isinfluertial). We obtained strong eviderce to
reject the null hypothess (( > =11.30, df' =3, p=0.0102). Table 3 de-

scribesthe equation of the logit regession model. The secand, third and
fourth columns presen the reallts of running a logistic regession inde-
perdertly for eachvarialde against the regoonse variabe. Column 4 isthe
full model.

Table 4 presnts two nesed models ard the full model. Model 1 stands
for the sociometic and demayraphic variales in this cae age, which was
not significart by itself. Model 2 combines Innovativeress with Mature
ard was significart at 1%. The full model adds the certrality measire.
For the combined model the stronges association is for the sociometric
variabe, and the weaked is age.

If all variablesare held equal to zero, the probahility of being infl uertial
is close to zero (Pr(y|x) = 0.0015) and someae meeting the three criteria
hasa probahility of 0.9216 being influertial.

Table 3. Logistic Regression Results for the components and the fina model.
(n=122)

Variable X M C X+M+C
(Age) (Innov.) (Alpha) Full Model

LR chi2 (a) 261 29.65 48.07 58.40

D.of Freedom 1 1 1 3

Prob > chi2 0.1061 0.0000 0.0000 0.0000
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Pseudo_g (b) 0.0275 0.3127 0.5070 0.6160
Log likelihood  -46.0992  -32.5814 -23.3687 -18.2056

The likelihood-ratio chi-square is defined as 2(L 1 - L0), where LO represents the log likelihood for the
"constant-only" model and L1 isthelog likelihood for the full model with constant and predictors.
Technically, R2 cannot be computed the same way in logistic regression asit isin OLS regression.

The pseudo-R2, in logistic regression, is defined as (1 - L1)/L0, where LO represents the log likelihood
for the "constant-only" model and L1 isthe log likelihood for the full model with constant and predic-
tors. This statistic will equal zero if all coeffi cients are zero. It will come closeto 1 if the model isvery
good

Table 4. Odds Ratios and p-values of the Main Effects Model

Model 1 Model 2 Model 3
Mature 4.157 5.008 14.916

(0.179) (0.146) (0.072)*
Innovativenesss 13.534 10.101

(0.000)*** (0.014)**
Alpha Centrality Index 35.586
(0.000)***

Observations 122 122 122
Pseudo R-squared 0.028 0.343 0.616
Log Lik Intercept Only -47.405
Log Lik Full Mod -46.099 -31.121 -18.206
Likelihood Ratio LR 32.567 58.398

p values in parentheses

* Significant at 10%; ** significant at 5%; *** significant at 1%

Table 5 de<cribes the edimated unstardard zed coefficients for the full
model.

Table 5. Estimated Coefficients, Standard Errors, z-Scores, Two-Tailed p-Values
and 95% Confidence Intervalsfor the Final Logistic Regression Model (n=122)

Coeff. Std.Err. Z P>[z| 95% C.I
Mature  2.7024  1.5030 180 0.072 -.2434 5.6484
Innov. 2.3127 .9435 245 0.014 4634 4.1619
ACI 35720 .8932 400 0000 1.8213 5.3227

_cons -7.1570 1.8903 -3.79 0.000 -10.8619 -3.4522

6. DISCUSSION

This paper suggeds that patterns of advice capgured by sociometic mea-
uresare a powerful predctor of influence. The model is effective for clas-
sificaion of who the influertial producers accading with the succes and
failuresin the reault from the model. In terms of accuracy (total correctly
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classified divided by total population), our classifier was95.08% accurate
and the ethnographic study has85.42% accuracy. But accuacyis not the
right metic, sinceit impliesthat all errars areequal [35]. We argue thatin
this context thereare much higher costs associated with type | errors (false
positive) thanwith type Il (false negative).

In the context wereit is desrable to tell apart who belongs to the group
of influertial membersand who do not, with the purpose of working with
themto foster an optimized diffusion process, both errors have very diff er-
ernt consequernces For example, imagne someme gathers 11 influertial
membersof the same community and none of the non influertial memters
ispreent. They will recagnize eachother as influertial and they will eas-
ily recagnize what other infl uertial pegple should be there,in case they are
missing. It is so because core peagple tend to have a dense collecton of re-
lationships amag themselves[36]. This structure has being recagnized
ard documerted in community influence systems[37]. Thus, missing a
few will tend to be auocorrecied by the knowledge and well egalished
relationships of the core group. Now imagne the scerario were they are
together, but share the room with other pegple that are not influertial. It
may be confusing to recagnize what the group is about for them. The rules
of engagement will be somelow differert about the members of the two
different groups and the effectiveness will suffer rising the organizaional
cost. To correct this, then they or someme else would have to ak the
Ofase influertial memkersOto leawe, which would imply a social and emo-
tional cost. To use a measire that is adequate to compare the conven-
tional and our methodology in these terms let us introduce the corregpond-
ing confusion matices

While the convertional way of classifying the influential is extremely
efficient with zerotype Il errars, it producesa false positive rate (type 1)
equal to 17.92%. These valuesfor our model are 31.25% and 0.94% re-
specively. It is an importart difference that is blurred by the accuacy
measire. Instead we should use the proportion of the predcted positive
cagsthat were correct. Thisratio is calledin the macine learring litera-
ture the precision of the classifier, also known asthe positive predcting
value. In these tems our reallts sugged that we can get a 91.66% pred-
sion asopposedto 45% edimaied for the ethnographic study.

Being an OetablishedOmember of the community ard being aninnova-
tor plays a significart but much less importart role. The findings arecon-
sistert with our intuition: influence follows the flow of advice and infor-
mation. The ahility to capure the dynamics of diffusion of ideashasthe
potertial to have a very positive impactin the way ideasarepromoted and
egecially in the way that tecmology is dedoyed in underserved commu-
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nities by making intervertions more effective and efficient by nurturing
the flow of advice.

There are several different rea®ns to consider these reaults useful ard
worthy of more teding. From an emgrical point of view, it shows that
sociometic informaion could have a significart role in helping idertify
influertial memkers of a community, epecially under conditions where
the population of intereg is highly homogenreous. Many settlemerts, hous-
ing project, or communities are very homogeneous in their attribute val-
ues giving more importanceto relational sociometic measires.

The Oadglice certrality indexOalso hasadvartagesin termsof effi ciercy.
It is well known that traditional socioecaiomic surveys have serious prob-
lems Many pecple donOtlike to amswer income or social status related
guedions. As a realt data quality is poor and large survey samgdesre-
quired However, this ressarch suggeds that a light and neutral quegion
like OWho do you look for when you need techical or business informa-
tionOor Qvho do you look to for personal adviceOcan provide enough in-
formaiton to recagnizethe influertial memkters of the group, those who are
key for the diffusion of ideasand innovations. It is importart to note that
satisfactory reaults were obtained working with a partial data network.

Improved precision through the use of our proposed sociometic method
canhave a major effect, particularly with costly intervertions. For exam-
ple, the diffusion of techmological innovations with a high learring curve,
where almost personal support and follow up is needed for long periods of
time,is diffi cult and expersive, but crucial to pass certain threshold. It can
also be effectively used asthe first step to develop cognitive social struc-
ture studies[38].

Table 6. Confusion Matrices

Predicted by Model

Negative Positive
S |Negative 105 1
2 [Positive 5 11

Predicted by Conventional Methods

Negative Positive
g Negative 87 0
< |Positive 19 16

6.1 Future Direction

Scciologists and more recertly ecaiomists have devoted considerabie
attertion to the impact of social structure and networks on the ecanomy
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[39]. However thee have been few attempts to trarslate this work into
practicalfield methods. Thiswork is one of thefirst of itskind.

There arestill thearetical and empric problemsto solve before practical
use of the abundant informaion about social networks can be used by
communities We forese a role for machine-leaning tools that can be
used to develop stochagic models and methods to reconstruct whole net-
works out of partial and incomplete information. A future direction for
this researchis to ted the model under conditions where the boundaries of
the network are more diffuse and repicaion of the study with a different
samge or different population will be sought.
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