HorTScIENCE 59(3):294-303. 2024. https://doi.org/10.21273/HORTSCI17610-23
The Role of the Social Network in
Adopting New Turfgrass Varieties:
An Analysis of Twitter Data

Joohun Han

Department of Agricultural Economics and Agribusiness, University of

Arkansas, Fayetteville, AR 72701, USA

Chanjin Chung

Department of Agricultural Economics, Oklahoma State University, Stillwater,

OK 74708, USA
Yanqi Wu

Department of Plant and Soil Sciences, Oklahoma State University, Stillwater,

OK 74708, USA

Keywords. new technology adoption, social network analysis, turfgrass, social media,
Twitter, Bayesian estimation, spatial autoregressive probit model

Abstract. This study examines the effect of social learning on new turfgrass variety adop-
tion decisions using data from 231 turfgrass professionals’ Twitter accounts between 1 Jun
2018 and 31 Dec 2019. To determine the social learning effect, we decompose networking
effects into social learning, individual-level and group-level similarities, herd behavior, and
clustering effects. Our study estimates a spatial autoregressive probit model that directly
incorporates the social network structure to account for unobservable networking effects
and potential reflection problem. A Bayesian estimation procedure is used to alleviate the
convergence problem caused by the complexity of model specification. Empirical results
show that the social learning effect positively influences the new technology adoption and
was greater than herd behavior effect. The results also suggest that turf professionals rely
more on suggestions and information from online social networking among themselves

than recommendations from advisors.

Factors affecting new turfgrass variety
adoption have been a key interest of many
stakeholders such as breeders, producers, and
marketers in the horticultural production sys-
tem because adopting new technology signifi-
cantly affects the environment, welfare, and
sustainability of horticultural industries (Beaman
et al. 2021; Yue et al. 2021). New technology
development, such as developing a new turf
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variety with better shade tolerance, is a long-
term project that requires many inputs, and its re-
turn largely depends on consumer adoption of
the newly developed technology (Ghimire et al.
2019). Technology adoption is often unpredict-
able, thereby causing significant uncertainties
that hinder development and investment in the
next phase (Bhaskaran and Krishnan 2009). Ear-
lier studies of social network analyses indicated
that consumers’ networking behavior via social
media has become an important factor for new
technology adoption decisions in the horticul-
tural and agricultural sectors because information
exchange through the internet has emerged as a
key communication and networking tool (Miller
and Mobarak 2015; Mills et al. 2019; Philocles
et al. 2023).

However, not all networking channels de-
liver valuable information or induce turf profes-
sionals’ adoption of new technology because
networking characteristics, such as the purpose
of networking, govern the quality of informa-
tion and corresponding decision-making pro-
cess through the network (Beck et al. 2014).
Without appropriate information exchange
through networking, the technology diffu-
sion process could be slow and unsustain-
able or even result in a negative cycle of
nonadoption (Munshi 2004; Straub 2009).
Thus, identifying the effect of networking
to seek and learn more information, i.e., the in-
formation-intensive networking effect, should be

an important task involved in the sustainable
new technology adoption process in horticulture.

Sorting the information-intensive network-
ing effect from the overall social networking
effect can be challenging. As Manski (1993,
2000) pointed out, the social networking effect
is difficult to identify when there is insufficient
information regarding the social networking
process. Accordingly, without accounting for
unobservable information, it would be difficult
to distinguish intensive social networking (learn-
ing effect) from other effects, such as those re-
lated to the individual’s mimicking behavior
(i.e., the reflection problem) (Hsich and Lee
2016; Liu et al. 2014; Manski 1993).

Previous studies have attempted to ad-
dress the reflection problem in several ways.
For instance, Johnsson and Moon (2021) sug-
gested that unobserved information of net-
working processes could be accounted for via
a two-stage estimation method; however, this
approach assumes that the unobservable in-
formation is only oriented in individual-level
characteristics such as demographics. Besides,
this individual-level-only approach may neglect
other networking effects such as group-level
effects and network structure effects (Lobel
and Sadler 2016; Santos and Barrett 2008).
Not accounting for group-level and network
structure effects could be problematic because
they may significantly differ from individual-
level effects in terms of the networking process.
Each individual in the network may choose
who to communicate with based on their
interests and preferences (individual-level).
However, some individuals prefer networking
with someone in the same profession because
they tend to share similar standards and are
relatively easy to communicate with (group-
level) (Huber and Steinmayr 2021). Further-
more, some individuals could obtain informa-
tion indirectly from a peer of one of their own
peers, and the probability and frequency of
this indirect interaction are based on the indi-
vidual’s social position (popularity) in the net-
work (network structure) (Liu et al. 2014).
Therefore, biased inferences on networking ef-
fects may occur if group-level and network
structures are not accounted for. Moreover, the
approaches that overlook group-level and net-
work structure aspects to the reflection prob-
lem could be more problematic in online
networks because social media is less con-
strained and more heterogeneous than in-per-
son networks (Li 2011).

The objective of this study is to estimate
the social learning effect, represented by
information-intensive networking, on new
technology adoption using Twitter data. To
identify the learning effect from confound-
ing social networking effects, we decom-
posed social networking effects into the
following four categories: social learning,
group-level and individual-level similari-
ties, herd behavior, and clustering effects. We
consider information-intensive networking the
most potent social signal of the online network
platform (e.g., the retweet action on Twitter)
(Mills et al. 2019; Rath et al. 2017) and as-
sume non-learning networking effects come
from the following: group-level (or institutional)
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similarity (e.g., norms or traditions shared
within each profession); individual-level simi-
larity (e.g., caused by an individual’s socioeco-
nomic attributes); herd behavior following
others’ ideas or opinions in the network to
which each individual belongs; and cluster-
ing behavior caused by social contiguity
(Cohen-Cole et al. 2018; Jackson and Lopez-
Pintado 2013; Mele 2021; Snijders et al. 2010).

Our results show that the social learning
effect positively influences new technology
adoption and is greater than the herd behavior
effect. The results also suggest that turf
professionals rely more on suggestions and
information from online social networking
among themselves than recommendations
from advisors.

Literature Review

Overview of social network analysis stud-
ies on new technology adoption. Many studies
in the literature about social network analyses
have constantly argued that social networking
plays an important role in the information
flow and adoption of new technologies
(Bandiera and Rasul 2006; Conley and Udry
2010; Maertens 2017; Miller and Mobarak
2015). The studies also pointed out the im-
portance of identifying an accurate network-
ing effect by distinguishing the difference
between learning (e.g., adoption decisions
based on the expected benefits of introduc-
ing a new technology) and other effects such
as imitation (e.g., adopting a new technology
by mimicking the behaviors of others) (Conley
and Udry 2010; Maertens and Barrett 2013;
Manski 2000). During the technology adoption
process, imitation does not guarantee the gener-
ation of a rational expectation of new technol-
ogy adopters; however, it implies inefficient
use of new technologies (Manski 2000). Lee
et al. (2013) argued that the innovation effect
(i.e., adopting a new technology to enjoy its
benefit) is more effective for increasing the
adoption rate than the imitation effect over
time.

Identifying effective networking processes
(e.g., information-intensive networking) is criti-
cal for sustainable new technology develop-
ment and adoption processes. Nonetheless, the
social networking effect is difficult to identify,
particularly because of its complexity; further-
more, social networking between individuals
often depends on personal preferences and cor-
responding attributes, which are hardly observ-
able in data because of practical complications
such as privacy issues. The omitted information
problem in the analysis of the networking effect
would likely lead to biased estimates and, thus,
incorrect inferences of the social networking ef-
fect on a new technology adoption decision,
which is called the reflection problem (Manski
1993, 2000).

Many studies have made various attempts
to remedy the reflection problem. A few ex-
amples of these efforts include using rich
datasets that can allow one to account for
most of the networking-related information
(Conley and Udry 2010; Maertens 2017), us-
ing an experimental design that controls
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externalities of the networking effect (Santos
and Barrett 2008), using proxy variables for
personal attributes to account for unobserv-
able private information (Boucher and Fortin
2016), assuming a form of networking-based
unobservables (e.g., binary variables), and
gauging them through the Bayesian approach
(Hsieh and Lee 2016). However, these ap-
proaches hinge on the quality of datasets, re-
searcher’s choices of proxy variables, and
underlying assumptions on social networks.
Thus, these approaches may lack external valid-
ity because of their subjective frameworks and
assumptions and may not provide generalized
inferences of networking effects (Boucher and
Fortin 2016).

Factors affecting social networking effects.
Previous studies suggested various factors that
affect the networking process. The group-level
difference, such as homophily, is considered
one of the most basic and significant factors
in social networking effect (Jackson and
Lépez-Pintado 2013). Homophily refers to
the tendency for people to seek out or be at-
tracted to those who are similar to them-
selves (Jackson et al. 2017). Following the
definition of homophily, McPherson et al.
(2001) suggested that one can use socioeco-
nomic variables to control similarities between
individuals and groups on social networking
and its outcome. Nonetheless, as Bandiera and
Rasul (2006) stated, socioeconomic variables
alone may not be capable of accounting for all
differences in networking. Therefore, control-
ling only individual-level similarities (e.g.,
demographics) may result in the omitted vari-
able problem and, consequently, the reflection
problem when estimating the networking ef-
fect (Bandiera and Rasul 2006; Manski 2000),
thus raising the necessity for a systematic
investigation of the factors causing differences
in the networking process. Katona et al. (2011)
and Maiz et al. (2016) reported that individual-
level differences in social networking are
caused not only by socioeconomic attributes
but also by networking behaviors, such as
who interacts with whom and for what rea-
son (Conley and Udry 2010). However, this
approach raises more complexity in the anal-
ysis because potential factors of networking
behavior are enormous and difficult to ob-
serve. To overcome this complexity, previous
studies suggested that one can use network
structure measures, which represent the net-
working characteristic of each individual, as a
proxy of this networking behavior (Himelboim
et al. 2017; Jackson et al. 2017; Liu et al. 2014;
Maiz et al. 2016). However, only a few studies
have provided empirical applications of this ap-
proach, particularly those related to the new
technology adoption process.

Adjacency matrices and network meas-
ures. The adjacency matrix represents a net-
working system that describes social distance
or contiguity between individuals (Badinger
and Egger 2011; Liu and Lee 2010). Previous
studies suggest that directly incorporating
networking system in a model could allow
one to estimate more accurate networking ef-
fects, including direct (e.g., the effect of inter-
actions between my friends and myself) and

indirect (e.g., the effect of interactions be-
tween my friends and their neighbors on my-
self) networking processes (Leenders 2002;
Pinkse and Slade 2010; Zhang et al. 2013).

A few studies in the sociology literature
claimed that network measures, including degree
centrality, eigenvector centrality, and clustering
coefficient, reflect networking characteristics of
each individual (Snijders et al. 2006, 2010). Bor-
gatti and Halgin (2011) and Himelboim et al.
(2017) stated that the individual’s networking
choice is made typically based on unobservable
factors such as preference, and that the network
structure determines how information flows in
the online network. Therefore, incorporating the
network measures and adjacency matrix in the
regression model would result in better esti-
mates for the social network analysis, particu-
larly for online social networking, by accounting
for structure-based networking behaviors at indi-
vidual and group levels (Cohen-Cole et al. 2018;
Lin 2010).

Methodology

This section discusses the procedure of
identifying the information-intensive network-
ing effect by filtering out other confounding ef-
fects such as individual-level similarity, group-
level similarity, herd behavior, and clustering
effects (Leenders 2002; Liu and Lee 2010;
Lobel and Sadler 2016; Snijders et al. 2010).
First, we discussed each of the non-learning
networking effects that need be controlled in
our econometric model. Then, we described the
model specification that includes adjacency ma-
trices, network measures, and other control var-
iables. Finally, we explained in detail how the
estimation process works under the Bayesian
framework.

Non-learning networking effects. Following
carlier studies, individual-level and group-
level differences in networking are divided
into four main categories, as illustrated in
Fig. 1 (Himelboim et al. 2017; Leenders
2002; Snijders et al. 2010). In general, group-
level and individual-level similarities could
be captured with observational data, and
many social network analysis studies in the
economics literature attempted to address
the similarities using socioeconomic varia-
bles (Conley and Udry 2010). However,
most herd behavior and clustering effects are
not directly observed from socioeconomic
data and can be captured only through the
network structure (Himelboim et al. 2017).
Each effect can be described as follows:

e Group-level similarity (i.e., network
fixed effect) is the tendency for individu-
als in the network to behave similarly
under a similar institutional environment.
Such institutional similarity may hinder
networking from a convergence of con-
sensus (e.g., evaluating the usefulness of
new technology) (Golub and Jackson
2012; Manski 1993).
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— Observable from data

Group-level

Group-level Similarity:

Based on institutional
similarities

Non-learning
Networking Effects

Individual-level

Individual-level Similarity:

Based on personal similarities

— Unobservable from data

Group-level

Herd behavior:
Based on social norm

Fig. 1. Non-learning networking effects.

e Individual-level similarities such as the
demographic status may cause an imitat-
ing effect for people who share the same
individual status by homophily (Durrett
and Levin 2005). Therefore, group-level
similarity and individual-level similarity
both may hinder the learning process of
information exchange during networking
(Golub and Jackson 2012; Santos and
Barrett 2008).

o Herd behavior is the tendency of individ-
uals in a network to act collectively to-
ward aggregated opinions such as social
norms (Bemheim 1994; Cohen-Cole et al.
2018). When the herd behavior exists in
a particular network, individuals tend to
regress to their neighbor’s aggregated
opinion rather than making their own
choice through social leaming (i.e., mimic
the behavior of others) (Bermheim 1994).

e The clustering effect explains people’s
tendency to be acquainted with friends
of friends (Mele 2021). Therefore, when
the clustering effect is high, individuals
are less likely to communicate with some-
one outside their social circle, which im-
plies that the clustering tendency could
negatively impact the learning process by
hindering network expansion (Peng and
Mu 2010).

Herd behavior and clustering can be con-
sidered similar to similarity measures. How-
ever, the underlying logic of herd behavior
and clustering differ from similarity. Unlike
similarity, herd behavior and clustering represent
the tendency to congregate because of individu-
als’ social proximity rather than similarity in af-
filiated institutions or social status. The three
concepts and their effects on social networking
are not necessarily aligned (Zhou 2011). There-
fore, similarity, herd behavior, and clustering
effects need to be controlled differently.
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Individual-level

Clustering:

Based on social preference

Nevertheless, herd behavior and clustering
as network heterogeneities have rarely been
examined empirically in social network stud-
ies, particularly with regard to the individu-
al’s decision to adopt technology.

Overall, many previous studies suggested
that specifying and controlling both individual-
level and group-level heterogeneity are es-
sential to accurately assess the information-
intensive networking effect (Hsieh and Lee
2016). Considering both individual-level and
group-level effects of networking can provide
policy and marketing implications by allowing
an understanding of what level of networking
is more effective for encouraging technology
adoption through online networks. Our study
incorporated all four network measures, group-
level similarity, individual-level similarity, herd
behavior, and clustering, along with adjacency
matrices in our econometric model.

Model specification. A Bayesian spatial
autoregressive (SAR) probit model was used
during our study to estimate the social net-
working effect on the decision to adopt new
technology. The SAR model assumes that var-
iations caused by spatial differences between
observations could be explained by a geometric
system (i.e., adjacency matrix), not by an unob-
servable error term, as in a spatial error model
(LeSage and Pace 2009). This specification is
suitable for the social network analysis because
the networking system is similar to a geometric
system in that an individual’s location and
neighborhood determine the individual’s influ-
ence on others, and because this specification
assumes that the networking effect can be ex-
plained by estimates rather than something in-
explicable (i.e., error term) (Cohen-Cole et al.
2018).

Following the work of LeSage and Pace
(2009), Zhang et al. (2013), and Liu et al.
(2014), we specified a Bayesian SAR model
with two adjacency matrices as follows:

Y' = p Y +p, Y +XB+e,

e~ N(0,0°1), [1]

where Y is a vector (n x 1) of a latent vari-
able that links to the observed binary outcome

yi if y; = 1, then adopt a new variety (i.e.,
y; > 0); otherwise, y; = 0 (i.e., y; = 0) for in-
dividual i ¢ = 1, ..., n). W; and W, are adja-
cency matrices (n X n) with zero-diagonal
elements of information-intensive and simple
networking, respectively. p, and p, are net-
working coefficients corresponding to #; and
W,, respectively. X represents the covariate
matrix with k variables (n X k), including de-
mographic, profession, and network structure
measures. fJ is a corresponding coefficient vec-
tor (k x 1). e is a normal error term vector
(n x 1). The term WY" describes that the adop-
tion decision of individual 7 is correlated with
their position in network /¥ and corresponding so-
cial interaction with other decision-makers and
their adoption decisions (Cohen-Cole et al. 2018).

Adjacency matrices W, and W, are based
on social interactions between individual 7 and j
(i # j). Let us consider a simple adjacency ma-
trix W with three individuals as in Fig. 2. In
matrix W, if individual 7 is socially adjacent to
individual j, then w;; = 1; otherwise, w;; = 0.

For instance, wi, = 1 means that individ-
ual 1 is socially adjacent to individual 2,
whereas w,3 = 1 indicates that individual 2 is
adjacent to individual 3. This example shows
a social interaction between individuals 1 and
2 and between 2 and 3, but there is no direct
interaction between individuals 1 and 3.
Nonetheless, an indirect networking effect
could exist between individuals 1 and 3
through individual 2 as a waypoint. There-
fore, this adjacency matrix system can ac-
count for all direct and indirect interactions
between individuals in the network (LeSage
and Pace 2009).

Fig. 2. An example of the adjacency matrix.
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Adjacency matrices, W, and W, are con-
structed based on participants’ “retweet” and
“reply” actions to represent their information-
intensive and simple networking behaviors,
respectively. We consider “retweet” a strong
social signal because one would retweet a
tweet when one agrees with a tweet or learns
from a tweet and even would like to share
one’s opinion and learning with others (Mills
et al. 2019; Rath et al. 2017; Suh et al. 2010).
However, “reply” is considered a weak signal
because it is an action that one can perform
simply to maintain a relationship with no spe-
cific reason (O’Dea et al. 2018) or to imitate
others’ behaviors without actual information
exchange (Dutta et al. 2021; Mills et al.
2019). For example, Macskassy and Michel-
son (2011), Schantl et al. (2013), and Yuan
et al. (2016) also agreed that retweet behavior
is mainly driven by the content of tweets (i.e.,
the information contained in tweets) and has
a significant explanatory power to predict in-
formation diffusion patterns, whereas reply-
ing is based on the social factors such as
relation between users (rather than the con-
tent of the tweet) and has a less significant ex-
planatory power than retweet for predicting an
individual’s networking behavior. Accordingly,
our study considered that W, represents indi-
viduals’ information-intensive networking,
i.e., social learning, whereas W, represents
their imitating behavior (i.e., herd behavior)
(Maertens and Barrett 2013; Shen et al. 2016).

Demographic, group, and network struc-
ture variables are included in X to control
individual-level similarity, group-level simi-
larity, and clustering effects, respectively
(Fig. 1). Therefore, after accounting for herd
behavior by W, along with variables are in-
cluded in X, we considered that p;, the coef-
ficient of W), represents the social learning
effect on new technology adoption decisions
(Mills et al. 2019; Rath et al. 2017).

Specifically, for each individual i, the vec-
tor X; is formed as follows:

X: = [Di1,Dp, Ds3, D, White;, Male;, Price;,
Clus;, Deg;, Cent,-,Centde I, [2]

where dummy variables, D; and j = 1...4,
represent turfgrass professional groups: if indi-
vidual i belongs to group j, then D;; = 1; other-
wise, Dj 0, White; and Male; are
demographic variables representing the individ-
ual’s race and gender. If individual 7 is white,
then White; = 1; otherwise, White; = 0. If indi-
vidual i is male, then Male; = 1; otherwise
Male; = 0. Price;, Clus; Deg;, Cent;, and
Centfd" are sod price, clustering coefficient, de-
gree centrality, eigenvector centrality, and net-
working with advisors, respectively.

The clustering coefficient (Clus;) meas-
ures the degree of an individual’s clustering
behavior with peers. This coefficient has a
value between 0 and 1: 0 denotes no peer in-
teraction and 1 denotes all peers are socially
adjacent, indicating that the individual is sur-
rounded by people who already know each
other (Watts and Strogatz 1998). Degree cen-
trality (Deg;) indicates each individual i’s
number of direct connections, which explains
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each individual’s degree of direct influence
on networking (Maharani and Gozali 2014;
Oldham et al. 2019). However, the eigenvec-
tor centrality (Cent;) measures the degree of
each individual’s level of influence in the
overall network, including both direct and in-
direct (i.e., peers’ peer) connections (Wu
etal. 2013).

The advisor networking effect variable
(Cent“®) is the centrality measure between
individual and advisor groups (Bonacich
1991; Brass et al. 2004). Advisors (e.g., con-
sultant, university faculty, researcher) are not
included in our model because they are not
decision-makers for new variety adoption.
Nonetheless, advisors could transfer informa-
tion and make recommendations to decision-
makers through the networking process and
could affect an individual’s adoption decision
(Wang et al. 2020). Thus, accounting for ad-
visors’ influence on the adoption decision is
essential to ensure the validity of this model
and could also provide meaningful policy im-
plications (Everett and Borgatti 2013).

Following the work of Bonacich (1991),
the advisor networking effect on an individu-
al’s adoption decision is derived as follows:

ME)=(5 9)(E) o

where g is the eigenvector (i.e., centrality
score) of each group; p is the eigenvector of
each individual; 2 is the eigenvalue (scalar);
A is a i X j rectangular matrix that shows the
membership of individual i in group j; and A7
denotes the transpose of A. Eq. [3] describes
the bilateral relationship between groups and
individuals. The eigenvectors g and p explain
level of interactions between groups and indi-
viduals at group and individual levels, respec-
tively. Here, the centrality measure p is
calculated given that each individual is aware
of the presence of advisor groups.

In practice, we calculate the eigenvector p
via Eq. [3] with the data including advisor
groups, and we use the calculated p as a co-
variate vector as a part of X in Eq. [1]. There-
fore, the centrality measure p would represent
the degree of each individual’s social interac-
tion with advisor groups.

We expect that Wy, W,, Deg;, Cent;, Clus;,
White,;, and Cent*® would have positive ef-
fects on individuals’ adoption decisions,
whereas Price; and Male; would have nega-
tive effects (Wang et al. 2020; Wood et al.
2014). In addition, we expect that ¥, would
have a larger impact than , on the adoption
decision (Boyd et al. 2010; Mills et al. 2019).
Additionally, social networking with advisors
(Cent?d") may show an insignificant effect for
some professional groups that value their
own experiences or information from peers
more than suggestions from advisors (Conley
and Udry 2010).

Potential multicollinearity problems be-
tween network structure measures, between
adjacency matrices, and between adjacency
matrices and network structure measures
could raise the likelihood of a type II error.
However, a preliminary data analysis showed

that no variance inflation factor of network
structure measures was more than 5 (i.e., no
serious multicollinearity between network
structure measures), and none of the eigen-
values of the weight matrix in the data-gener-
ating process (I — W, — W,) were close to 0
(i.e., no serious collinearity between adja-
cency matrices). We also explored three alter-
native models to show the potential impact of
specifications on parameter estimates, partic-
ularly on estimates of professional groups,
network measures, W, and W,. The three
models are derived from the base model Eq.
[2] by imposing the following parameter re-
strictions: ﬂCentﬁad\/ = 07 ﬁng = ﬂCem =
ﬁCIus = 0: and ﬁDeg = ﬁCenI = ﬂClus =
ﬁC@nl,adv = 0.

Estimation of the Bayesian SAR probit
model. Our Bayesian estimation procedure sam-
ples estimates from a posterior distribution of pa-
rameters P(B, p;,py, Y'|Y) given the data Y
and prior distributions. We consider that f§ fol-
lows the multivariate normal distribution, and
that p; and p, follow the four-parameter beta
prior (Hanson 1991; LeSage and Pace 2009) as
follows:

B~ N(cT), [4]
1,1
P~ Beta4| a, b’ E(pl,min’ E(\Dl,mwc >

1 |
Py~ Beta4 (C, d’ E (p2,1'nin’ E (p2,]max) >

where ¢ and T are hyperparameters mean and
variance for normal prior, a, b, ¢, and d, are
shape parameters that dictate the shape of dis-
tribution (higher share parameters result in
smaller variance; therefore, higher share pa-
rameters imply more informative prior), and
3¢, and 3¢, | are range parameters, i.e.,
lower and upper bounds of the corresponding
beta distribution, respectively. These prior set-
tings allow the implementation of the parameter
space of p; + p, that ensures convergence
(Smith and LeSage 2004). The interdependence
between p; and p, is imposed via a Gibbs sam-
pling process.

In general, the posterior distribution is un-
likely to be obtainable through an analytical
approach because of its complexity. There-
fore, a practical way of sampling parameters
via posterior distribution is to use Gibbs sam-
pling through the Markov Chain Monte Carlo
process for conditional density of each pa-
rameter distribution (Wilhelm and de Matos
2013). The Gibbs sampling process enables
the generation of posterior samples without
deriving a high-dimensional joint distribution
function of posterior distribution (Geman and
Geman 1984; LeSage and Pace 2009).

Data

To estimate the impact of information-
intensive networking and social networking
with the advisor group on new technology
adoption, we collected Twitter account data
from 401 individuals (231 turfgrass profes-
sionals and 170 advisors), including the tweet
history, contents, and tweet interactions (re-
tweets and reply) for the period from 1 Jun
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2018 to 31 Dec 2019. The professionals and
advisors were selected from the Twitter fol-
lower list of a renowned turfgrass breeder to en-
sure expertise and credibility of the networking
process regarding new turfgrass adoption. We
expected that social networking of these profes-
sionals and advisors mostly focused on warm-
season grasses because research interests of the
Twitter host and most followers, particularly
those who are researchers at various universi-
ties, lie primarily in breeding programs for
warm-season grasses. The data period included
the most recent 6 months before the spread of
coronavirus disease 2019 (COVID-19). We
tried to avoid the pandemic period because it
could significantly affect individuals’ social net-
working as well as new variety adoption
behaviors.

The Twitter account data were collected
by a data collection company using the Twit-
ter application programming interface, which
allowed access to the Twitter database via
software such as R or Python. Then, we com-
piled the data with R and Ucinet for the social
network analysis. Turfgrass professionals in-
cluded managers of sports facilities at campuses
of colleges and universities, professional sports
(football, baseball, and soccer) field managers,
sod producers, golf course superintendents, and
public turf managers. The advisor group con-
sisted of turf management suppliers, university
faculty and researchers, as well as private re-
searchers and consultants. Our data included a
total of 170 advisors and 231 professionals; of
these, 156 advisors and 221 professionals were
from the United States, whereas the rest were
from 14 different countries in Asia, Europe,
Africa, and South America.

The original dataset had 1143 Twitter fol-
lowers; however, we excluded 742 followers
who were neither turfgrass professionals nor
advisors, had not been active on Twitter, or
were not able to be identified by race and
gender. We considered 231 turfgrass profes-
sionals and 170 advisors as decision-makers
and influencers, respectively, for technology
adoption. Our econometric model estimated
the direct impact of social networking among
professionals on technology adoption as well
as the indirect impact of advisors on technology
adoption via networking with professionals. To
capture the indirect impact, a centrality measure
between advisors and decision-makers was cal-
culated according to Bonacich (1991).

Network participants’ demographic infor-
mation was first collected from each profes-
sional’s Twitter profile. Then, a follow-up
survey was conducted through the Twitter di-
rect message (DM) to ask additional ques-
tions about the adoption of new varieties
along with participants’ demographic information
(gender, race, and education). A copy of the sur-
vey questionnaire is included as Fig. 3. The sur-
vey commenced on 1 Feb 2022, and it was
conducted over the span of 4 weeks. Over that
4-week time period, weekly reminders were sent
to participants to ensure their timely responses.
The survey was approved for exemption by
the institutional review board (protocol num-
ber: IRB-21-22). The response rate varied by
each question as follows: 19.4% for adoption
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1) By answering "Yes" to this question, you are indicating that you are at least 18
years old, and understood this consent form and agree to participate in this study.

between 2018 and 2021?

3) Please state names of varieties.

(a) Less than 12th grade

(b) High school diploma

(c) Some college

(d) B.S./B.A. or higher graduate

5) What is your race and gender?

2) When did you install new turfgrass varieties

If you installed more than once, please indicate all month-year of applications.

(If you did not install any new varieties during this period, please go to (3).

4) What is your highest level of education?

6) How long have you been working as a turfgrass professional?

numbers.

For example, you can write:
1) Yes

3) Bermudagrass
4)b

5) White-female
6) 20

Please choose "Reply" in DM tab and write your answers after indicating question

2) April-2018, August-2018, April-2019

Thank you for completing the survey.

Fig. 3. Survey questionnaire sent via a Twitter direct message (DM).

decisions and related information, such as
adopted varieties and applied data; 12.1% for
race and gender information; and less than 5%
for education level (education level was ex-
cluded from the analysis because of the low
response rate).

We were able to collect 231 professionals’
race and gender information from account
owners’ biographical profiles and the follow-
up surveys via Twitter DM. Given that the
network participants were mostly professio-
nals, the relevant information was typically
disclosed in their bios. The demographic in-
formation obtained from individuals’ bios
was cross-checked with survey responses.
We were able to collect 28 additional partici-
pants’ gender and race information from the
DM survey. The survey also asked professio-
nals about turf varieties they had during the
study period to find the market price of sod
for each grass variety (Miller 2022). If the
professional used two or more varieties, then
the average price was calculated for sod price.

Our dependent variable, the adoption of a
new turfgrass variety by professionals, was
determined by using a three-step verification
process. First, we extracted the adoption in-
formation from professionals’ tweets using
keywords that implied professionals’ decisions
to adopt a new turfgrass variety (Zhang et al.
2022). If a tweet contained the following key-
words, then we considered the tweet a signal of
adoption decision: “turfgrass” and “‘adoption”

(or “adopt”); “turfgrass” and “installation” (or
“install”); or “Latitude 36” or “NorthBridge” or
“TifTuf Bermuda”. The keyword search was ex-
ecuted using R packages quanteda and dplyr.
Second, among all tweets of professionals who
signaled to adopt a new variety during the first
step, if any of the tweets contained photographic
evidence (e.g., tweet with a field photo of a new
variety) of new variety adoption, then we consid-
ered that the owner of the Twitter account
adopted a new variety. At that stage, we com-
bined our photographic evidence with individu-
als’ Twitter messages to determine new variety
adoption. Specifically, we considered tweets that
explicitly referred to field applications of new
varieties, excluding tweets that were related to
research objectives or lacked specific descrip-
tions of application objectives. For example,
if the tweet included keywords such as
“experiment,” “study,” or “research,” then that
tweet was not considered an adoption decision.
In this way, we identified 43 professionals who
adopted a new variety. Finally, to identify pro-
fessionals who adopted new varieties during
our data period yet did not post any photo-
graphic evidence on Twitter, we sent out survey
questions to professionals (other than 43 profes-
sionals whom we already identified as adopters)
via Twitter DM. Through this survey, we were
able to confirm 42 additional adopters. As a re-
sult, our dataset included 85 new variety adopt-
ers out of 231 professionals.
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Table 1. Descriptive statistics of variables in the sample (n = 231).

Mean SD Min Max

Dependent variable

New variety adoption (%) 36.79 48.32
Explanatory variables

University sports facility managers (group 1) (%) 7.35 26.16

Professional sports field managers (group 2) (%) 5.19 22.24

Sod producers (group 3) (%) 9.09 28.81

Golf course superintendents (group 4) (%) 52.38 50.05

Public turf managers (group 5) (%) 25.97 43.94

White (%) 95.67 20.39

Male (%) 97.40 15.94

Price’ (cents per square foot) 36.59 2.58 28.00 54.33

Degree centrality” 0.03 0.04 0.00 0.34

Eigenvector centrality" 0.02 0.09 0.00 0.78

Clustering coefficient 0.54 0.82 0.00 1.00

" Source: Sod producer survey (Miller 2022).

i Normalized by dividing each value by the largest value (Zaki et al. 2014).

Table 1 shows descriptive statistics of de-
pendent and independent variables used in
our econometric model. The mean of the de-
pendent variable indicated that approximately
37% of our turfgrass professionals adopted a
new variety during the study period. The pro-
portion of golf course superintendents (group
4) was the highest at 52.38% among all pro-
fessional groups, and the proportion of pro-
fessional sports field managers (group 2) was
the lowest at 5.19%. Race and gender varia-
bles showed that our participants were mostly
white males; among professionals, 95.67%
were identified as white and 97.40% were
identified as male. The mean sod prices was
36.6 cents/square foot (394.2 cents/square
meter), which was comparable to the average
market price of warm-season sod at 33.4
cents/square foot (359.1 cents/square meter)
(USDA 2020).

Both degree centrality and eigenvector
centrality were relatively small, but maxi-
mum values were relatively large (0.34 and
0.78 for degree centrality and eigenvector
centrality, respectively). This indicated that
the overall participants were not active in net-
working, but that a few highly active (high
degree centrality) and influential (high eigen-
vector centrality) individuals existed in this
network. The clustering coefficient shows

each individual has a moderate level of clus-
tering behavior. However, similar to eigenvector
centrality, the maximum value of the clustering
coefficient implied that there were a few individ-
uals who actively interacted within their social
circles.

Results

Table 2 reports network descriptive statis-
tics for turfgrass professionals from full and
group-wise samples. Of 231 professionals,
the total number of connections between indi-
viduals in the network (i.e., node) is 990, and
the average number of connections between
individuals in the network (i.e., tie) is 4.285,
indicating that each individual has at least
four connections on average. Group degree
centrality refers to the degree of networking
between groups. The degree of centrality by
group shows that golf course superintendents
(group 4) are the most active and professional
sports field managers (group 2) are the least
active during between-group communication.
The number of ties in between (off-diagonal
elements in matrix) and within (diagonal ele-
ments in matrix) groups shows the frequency
of between-group and within-group interac-
tions of each group. The between-group and
within-group statistics show that golf course

Table 2. Network descriptive statistics for turfgrass professionals (n = 231).

Overall network descriptive statistics
Total number of nodes (individuals in network)

Total number of ties (connections between individuals in network)

Average degree (number of ties)

Group degree centrality'
University sports facility managers (group 1)
Professional sports field managers (group 2)
Sod producers (group 3)
Golf course superintendents (group 4)
Public turf manager (group 5)

Number of ties: between and within groups

Group 1 Group 2
Group 1 24 17
Group 2 17 10
Group 3 12 4
Group 4 24 10
Group 5 34 20

231
990

4.285

0.257

0.168

0.209

0.481

0.444

Group 3 Group 4 Group 5
12 24 34
4 10 20
24 23 32
23 320 74
32 74 112

' Normalized by the total number of ties from each group, which resulted in values between 0 and 1

(Everett and Borgatti 1999).
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superintendents (group 4) have the largest
and densest within-network, whereas profes-
sional sports field managers (group 2) have
the smallest and thinnest within-network.
Overall, the network descriptive statistics
show that golf course superintendents are the
most influential group among all groups be-
cause they are the largest and most actively
interacting group in this network.

Table 3 shows group-individual eigenvec-
tor centrality measures that explain the influ-
ence level of each group on individuals, i.e.,
elements of eigenvector g in Eq. [3], in the net-
work (Bonacich 1991). Among the decision-
making professional groups (groups 1-5), golf
superintendents (group 4) are the most influen-
tial group for individuals in the network, and
private researchers and consultants (group 8)
are the most active group among advisors
(groups 6-8). Tables 2 and 3 show that golf
course superintendents are most influential in
both between groups and between individual
and group networks.

Table 4 reports the results of the Bayesian
SAR probit estimation. Parameter estimates
are posterior means from the Markov Chain
Monte Carlo process with three different
chains with 10,000 samples and 1000 burn-in
per chain. Gelman-Rubin statistics for all es-
timates are close to 1, which implies success-
ful Markov Chain Monte Carlo convergences
for all parameters (Gelman and Rubin 1992).
In our study, adjacency matrix coefficients p,
and p, are restricted to ensure model conver-
gence. We use the inverse of maximum and
minimum eigenvalues as upper and lower
bounds for their four-parameter 3 distribu-
tion: —0.025 < p; < 0.016 and —0.004 <
p2 < 0.004 (LeSage and Pace 2009; Smith
and LeSage 2004). To avoid perfect correlation,
public turf managers (group 5) are omitted as a
reference. All estimations were executed with
the R program using the spatialprobit package
(Wilhelm and de Matos 2013).

Model 1 is the base model with no restric-
tion, and model 2, model 3, and model 4 ex-
tend the base model by imposing parameter
restrictions to determine the sensitivity of esti-
mates to model specifications. The sensitivity
analysis can also show whether potential col-
linearity between explanatory variables affects
the estimation results. Models 2 to 4 are with-
out advisor networking effects (8, = 0), net-
work structure effects (fg = fo = f10 = 0), and
both advisor networking and network structure
effects (fis = fo = P10 = P11 = 0), respectively.

Although the posterior log-likelihood val-
ues showed that the most restricted model,
model 4, best fit to the data, the overall results
do not change across models. The negligible
differences between models, along with low
variance inflation factor (<5) between network
structure measures and non-zero (or not close
to zero) eigenvalues between adjacency matri-
ces, indicate no serious multicollinearity and
specification problems in our probit model. A
comparison of results from our alternative
models with the base model results also sug-
gests that advisor networking and network
structure variables may not be major factors af-
fecting new variety adoption.
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Table 3. Descriptive statistics: group-individual dual centrality' (n = 401%).

University sports facility managers (group 1)
Professional sports field managers (group 2)
Sod producers (group 3)

Golf course superintendents (group 4)

Public turf managers (group 5)

Turf management suppliers (group 6)
University faculty and professionals (group 7)
Private researchers and consultants (group 8)

0.001
0.004
0.001
1.000
0.018
0.003
0.001
0.419

" The group—individual centrality explains the degree of social influence of each group on individuals
in the network; the dual centrality measure is normalized by the maximum eigenvalue ranging from

0 to 1 (Bonacich 1991).

i Including 231 turfgrass professionals (groups 1-5) and 170 advisors (groups 6-8).

Results from all four specifications
(models 1-4) show that golf course super-
intendents (group 4), information-intensive
networking effects (/}), and simple networking
effects (W) are positive and statistically signifi-
cant at least at the 90% confidence level. Among
professional groups (group 5, turfgrass managers
for public land, is dropped as the base group),
golf course superintendents (group 4) are
likely to adopt new varieties. The network
descriptive statistics reported in Tables 2
and 3 also show that they are most influen-
tial with the highest group-level degree
centrality coefficients. The results imply
that a highly communicative and influential
group is more likely to adopt new technol-
ogy than other groups (Bandiera and Rasul
2000).

Most, if not all, golf course superintendents
would agree that the choice of turf varieties
should play a significant role in playability and
profitability of a golf course. When selecting
the right turf varieties, they need to consider
key important factors such as water require-
ment, stress-tolerance (e.g., salinity and shade),
drought resistance, and environmental friendli-
ness (e.g., low requirements of chemical and
fertilizer). Golf course superintendents could be
more mindful of these factors than other profes-
sionals because they have daily interactions
with customers (Millington and Wilson 2013),
and golf courses attract more foot traffic than
any other fields (Cockerham et al. 2000). There-
fore, golf course superintendents would be
more likely to adopt new varieties, e.g., water-

conserving, stress-tolerant, and environmentally
friendly varieties, than other professionals. In
fact, the US Golf Association and Golf Course
Superintendents Association of America pro-
vide more than $1 million annually for turfgrass
research.

We also find that individuals with more di-
rect connections are more likely to adopt new
technology. Insignificant estimates of gender
and race variables (ff; and f3;) show that these
individual demographic factors are not impor-
tant for professionals’ new technology adop-
tion decisions, which may be the case because
turfgrass professionals are mostly demograph-
ically homogeneous (mostly white males, as
reported in Table 1) (Santos and Barrett
2008).

From models 1 and 2, although the degree
centrality estimate (fig) shows a strong and
positive effect on the new variety adoption,
both eigenvector centrality and clustering co-
efficients (s and f1o) are insignificant. The
results indicate that individuals with strong
social connections (e.g., popular individuals
among coworkers) are more likely to adopt a
new technology than others, whereas individ-
uals with more influence on the network
(e.g., a senior manager of a firm) or a higher
cluster tendency (e.g., individuals who pri-
marily interact with their peers) do not show
any difference from others in the adoption of
new technology.

As discussed, we include the individual-
group centrality measure that represents influ-
ence from advisor groups (groups 6-8) to

Table 4. Parameter estimates from spatial autoregressive probit regression (n = 231).

each decision-maker in model 1 and model 3
(Bonacich 1991). Accordingly, the corresponding
coefficient, f;,, indicates how the advisor—
decision maker networking affects decision-
makers’ technology adoption. The statisti-
cally insignificant §;; suggests three possible
reasons. First, advisor groups (groups 6-8)
do not actively interact with decision-maker
groups (groups 1-5) on average. Second,
decision-makers could be skeptical with
advisor groups’ recommendations of new
varieties, especially if the decision-makers
are experienced individuals (Conley and
Udry 2010). Third, decision-makers may
rely more on the information from the in-
ternet or online social networking with
peers rather than advisors’ recommenda-
tions (Wood et al. 2014).

As discussed in the methodology section,
our study considers matrices W, (informa-
tion-intensive networking) and W, (simple
networking) representing social learning and
herd behavior, respectively. Manski (2004)
states that social learning is the process by
which each individual sequentially obtains
and updates information through the network.
The learning effect is typically confounded
with non-learning networking effects such as
group-level and individual-level similarities,
herd behavior, and clustering effects. Thus,
after filtering out the non-learning networking
effects, the coefficient of information-inten-
sive network (W), p1, represents individuals’
learning effects from information-intensive
networking (Glazer 1991; Golub and Jackson
2010).

The positive and significant p, from all
four models explains that the learning pro-
cess has significant impact on professio-
nals’ adoption decisions. The coefficient
of W, p», is also positive and significant,
but is smaller than p;, which indicates that
mimicking the choice or opinion of others
(herd behavior) would also significantly
affect an adoption decision, but less effec-
tive than information-exchange network-
ing, especially for knowledgeable individuals
such as turfgrass professionals (Munshi 2004;
Straub 2009).

Model 1 Model 2 Model 3 Model 4
Variable Parameter (baseline) P11 =0) Bs = Po = P10 =0) Bs = Po= Pro= P11 =0)
Intercept Po 1.016 0.974 1.023 1.220
Male N —0.397 —0.319 0.431 —0.576
White P> 0.263 0.239 0.115 0.356
University sports facility managers (group 1) B3 0.058 0.161 —0.064 0.245
Professional sports field managers (group 2) Pa —0.480 —0.418 —0.585 —0.404
Sod producers (group 3) Ps —0.476 —0.392 —0.466 —0.368
Golf course superintendents (group 4) Pe 0.354* 0.431* 0.398* 0.439%*
Sod price B7 —0.019 —0.021 —0.038 —0.025
Degree centrality Ps 7.221%%* 7.174%%*
Eigenvector centrality Po —0.589 —0.405
Clustering coefficient Bio —0.151 —0.189
Networking with advisors P 0.005 0.126
Information-intensive networking (W) p1 0.008* 0.007* 0.007* 0.008*
Simple networking () 0> 0.002* 0.002* 0.002* 0.001*
Posterior log-likelihood —229.494 —220.894 —200.391 —198.729

* #*_and *** indicate that the Bayesian estimates do not include zero in the credible interval of 90%, 95%, and 99%, respectively.
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Conclusions

Our study investigates the role of social
learning in new variety adoption decisions
using Twitter data of turfgrass professionals
and advisors. To identify the social learning
effect, we decompose social networking
effects into learning, group-similarities and
individual-similarities, clustering, and herd
behavior. Bayesian SAR probit models estimate
each of the decomposed social networking ef-
fects with alternative model specifications.

Our key findings include the following:
learning from social networking significantly
affects new technology adoption decisions by
turf professionals; the learning effect is
greater than the herd behavior effect; individ-
uals with close connections (i.e., high degree
centrality) are more likely to adopt new technol-
ogy; large and socially active group (e.g., golf
course superintendents) more aggressively
adopt new technology than other groups;
and decision-makers rely more on informa-
tion from online social networking than on
suggestions from advisors.

Our findings provide useful implications for
various horticultural commodity producers and
marketers who consider online social networks
as marketing tools. They could also provide
some insights into developing effective exten-
sion programs using social media. Another con-
tribution to the literature might be to propose
an empirical procedure that can estimate the ef-
fects of social learning on technology adoption
using a SAR probit model. Our study demon-
strates how the SAR probit model can be used
to estimate the social learning effect, whereas
the reflection problem, particularly caused by
unobserved networking factors, is effectively
addressed by directly incorporating adjacency
matrices in the model.

Although our study yields several impor-
tant findings and contributions, there are a
few caveats when interpreting them. First,
like most datasets used in social network
analyses, our dataset does not represent the
general population of turfgrass professionals
and researchers. Therefore, results from the
present study should be interpreted as a case
study. Second, the adjacency matrices used
during this study are constructed in a SAR
framework, yet the fixed social networks
could be a strong assumption to reflect the re-
ality (Pinkse and Slade 2010). Third, our
choice of weak networking, “reply,” may not
have been weak enough to represent the herd
behavior. For instance, Twitter has other net-
work signals such as “like” and “following,”
and networking effects of these signals were
not able to be tested during the sensitivity anal-
ysis of this study because of the limited data
availability. Finally, we conclude that larger
and more socially active groups are more likely
to adopt a new technology than other groups.
Although we made our best effort through nor-
malization, large groups might have been so-
cially active because of their size and vice
versa, and this simultaneity might have resulted
in the reflection problem (Manski 1993).

One possible direction of extending the
present study might be to address endogenous
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adjacency matrices using the exponential ran-
dom graph model. The exponential random
graph model considers each interaction in
network as random, thereby allowing the pre-
diction of the network structure in terms of
the probability of interaction between indi-
viduals (e.g., a probability of person A inter-
acting with person B in the network given the
networking characteristics) (Snijders et al.
2006). Then, applying a predicted network
structure via exponential random graph
model as the Instrumental Variable (IV) esti-
mator could account for the endogeneity prob-
lem. One could also apply methodologies that
mitigate the selection bias problem. For in-
stance, the Bayesian hierarchical modeling ap-
proach with individual-level random effects
could account for the unobserved individual-
specific attributes such as demographic-specific
effects. Unlike the conventional random-effects
model, the Bayesian hierarchical approach
would have no low degrees of freedom issues
caused by an insufficient sample size. Simulat-
ing network structure changes caused by policy
or environmental shock could also be an inter-
esting research option. For instance, when
stakeholders engage more actively with consul-
tants or extension specialists through govern-
ment programs, the network structure among
stakeholders will change and affect stakehold-
ers’ decision-making processes through social
networks. Finally, applying network structure
measures other than centralities could provide
more practical policy implications. For exam-
ple, network measures considering the direction
of social interaction could suggest which type
of interaction could be the most efficient way
to transfer information (e.g., one-way interac-
tion vs. two-way interaction).
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