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Abstract
Online social networks are today’s fastest growing communications channel and a popular

source of information for many, so understanding their contribution to building awareness

and shaping public perceptions of climate change is of utmost importance. Today’s online

social networks are composed of complex combinations of entities and communication

channels and it is not clear which communicators are the most influential, what the patterns

of communication flow are, or even whether the widely accepted two-step flow of communi-

cation model applies in this new arena. This study examines the diffusion of energy saving

practices in a large online social network across organizations, opinion leaders, and the

public by tracking 108,771 communications on energy saving practices among 1,084 com-

municators, then analyzing the flow of information and influence over a 28 day period. Our

findings suggest that diffusion networks of messages advocating energy saving practices

are predominantly led by the activities of dedicated organizations but their attempts do not

result in substantial public awareness, as most of these communications are effectively

trapped in organizational loops in which messages are simply shared between organiza-

tions. Despite their comparably significant influential values, opinion leaders played a weak

role in diffusing energy saving practices to a wider audience. Thus, the two-step flow of

communication model does not appear to describe the sharing of energy conservation

practices in large online heterogeneous networks. These results shed new light on the

underlying mechanisms driving the diffusion of important societal issues such as energy

efficiency, particularly in the context of large online social media outlets.

Introduction

There is a general consensus among researchers in the field that our planet is already
experiencing the adverse impacts of climate change, with around 98% of climate scientists
agreeing that these impacts are likely due to human activities [1]. This position is endorsed by
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nearly 200 of the world’s leading scientific organizations [2, 3] and theWhite House Climate
Action Plan refers to humans as being “in the driver’s seat of the climate change system” [4].
However, public perceptions of the problem are less clear-cut [5, 6]. In a study by Leiserowitz
et al. [6], 56% of the American public did not agree that global warming is primarily due to
human activities. In the same study, 69% of participants mentioned that they neededmore
information in order to form a firm opinion about global warming; and only 6% said that
“humans can reduce global warming and will do so successfully” [6]. Given that any serious
attempt to significantly decrease the negative effects of human induced climate change will
require vast and rapid societal responses [7], this substantial knowledge gap in public aware-
ness is likely to stall efforts to move towards a more sustainable future [8].

Of particular concern are the increasing levels of greenhouse gas (GHG) emissions from
human activities, which are the primary drivers of climate change [9]. In the United States, up
to 84% of these emissions are reported to be energy-related [10] and world energy consump-
tion is projected to increase to 56% by 2040 [11] as the scale of human activities continues to
expand [12]. Surveys reveal that the American public underestimate the amount of energy
they use by a factor of 2.8 [13], water by a factor of 2 [14], and potential household energy sav-
ings by a factor of 3 [15], largely as a result of their lack of awareness or access to the trustwor-
thy information that is essential for decisionmaking. This level of ignorance regarding even
the most basic energy saving activities is directly linked to the lack of public support for cli-
mate policy [16, 17]. If we fail to deliver the relevant scientific and practical information in a
readily comprehensible form, we cannot expect people to make informed private or public
decisions in support of policy [18]. Likewise, without adequate public support and policy
adoption, even the greatest technological advances or policy interventions will fail to address
the targeted mitigations. Achieving substantial gains in energy efficiencydepend on public
decisions and policies [19]. Therefore, we need carefully targeted initiatives that increase pub-
lic awareness and enable citizens to make more informed decisions leading to efficient actions
such as the early adoption of new, more energy efficient technologies and using existing tech-
nologies more effectively. This has the potential to result in substantial environmental benefits
[13], saving up to 123 million tons of carbon per year after only 10 years [20]. Improving the
delivery of information and building awareness is a first step in engaging public support for
these policies.

Information Communication through Online Channels

The total number of internet users has now passed 3 billion globally, with around 3.8 billion
Google searches, 200.9 billion emails, 7.8 billion YouTube videos, 1.3 Facebook active users,
and nearly 700 millionmicroblogs (“tweet”) posted on Twitter every day [21]. Online com-
munication plays a major role in people’s choices and decisions and the internet has become
the primary source of knowledge for many people, with online social networks offering alter-
native communication channels. Scientists are facing a dilemma, as until applied research is
carried out to investigate how science is best communicated online, the dynamics of online
communication systems are likely to have a far stronger influence on public perceptions of
scientific topics such as climate change [22] than the avenues conventionally used by
researchers to disseminate their findings [23]. Thus, those seeking to increase public aware-
ness and perceptions regarding the need for energy saving measures need to adapt to become
more focused on these new communication channels. Not only the information itself, but
also who the information comes from, will play a significant role in these efforts because peo-
ple often make choices and decisions based on the information they receive from their social
contacts [24].
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Communication Theories, Channels and Complexities

Sharing information on energy-related issues as well as the influence of different channels of
communication are among the most effective elements in models of decisionmaking in behav-
ioral interventions [25]. Communicating this information through online channels is thus a
key factor in the effective diffusion of energy saving practices, and fundamental to efforts to
attract public support for new energy policies.When using information as an instrument to
promote energy conservation, it is essential to examine how it is conveyed [26] and through
whom it is being spread, especially when widespread dissemination and effective public opin-
ion change is desired. Although the existing literature has examined various channels of energy
information delivery independently, it has largely overlooked the interoperability of these
channels in today’s large online communication networks, which often combine a number of
different channels of information delivery [27]. Thus, insights about the complexity of this pro-
cess are crucial if we are to develop a better understanding of the diffusion of energy saving
practices.

In the 1930s, the most widely accepted communication theory, the so-calledHypodermic
Needle theory [28], contended that the media has a direct effect in informing and changing
public opinion. A few years later Lazarsfeld introduced the Two-step Flow of Communication
theory [29], which suggests that individuals change their behavior or form an opinion once
influenced by “opinion leaders” who are, in turn, influenced by mass media appeals. The flow
of ideas is thus considered to pass frommass media to opinion leaders to individuals, with the
greatest influence being the indirect and personal influence of opinion leaders on the wider
population.While this model has been both disputed and supported in the years since, the
essential hypothesis has remained valid and a comprehensive framework based on this theory
has recently been presented that illustrates how a combination of social network and human
socialmotive elements is required to enable the diffusion of scientific discoveries to the public
at large [30]. Studies of online communications suggest that nearly 50% of the information
spread by media is diffused indirectly through opinion leaders to the individual users, who are
themselves classified as individuals, yet are further connected, and exposed to the media than
others [27]. It has also been suggested that some online social networks have properties that
are close to those of a news media platform [31].

Embedded in these communication theories, successful channels of energy information
communication are traditionally identified as either “one-way” mass media appeals or “two-
way” interpersonal communications [32] of the type often referred to as Word-of-Mouth
(WOM). One-way communications often follow a standard broadcastingmechanism and have
been employed in home energy audits, energy information transmissions in workshops and
mass media campaigns [33], as well as for raising public awareness through commercials
within larger networks [34]. Two-way, or interpersonal delivery of energy information, is
known to be an effectiveway to raise awareness of new products and ideas, and persuasive in
changing opinions and behavior [35, 36] in social diffusion such as marketing [37], elections
[38], and innovation adoption [39], primarily due to social reinforcements from others in an
individual’s social network.WOM, by definition, is the act of individual to individual informa-
tion exchange and it is important to distinguish this mechanism from the marketing concept
Word-of-mouth Marketing (or Word-of-mouth Advertising), which is an intentionally
encouragedmarketing plan. WOM is instead an unbiased communication between individual
receivers and communicators who are known to them and whom the receiver regards as mak-
ing a neutral assessment of a product, brand or service [40].

Communications in online social networks cannot be studied by simply focusing on a single
channel, as they are designed to facilitate direct and reciprocal communication links between
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the mass media, opinion leaders, and the public. This means that studies of social influence
that focus on local and endogenous processes such as WOM are open to charges of neglecting
important exogenous effects such as marketing or mass advertising, and efforts to separate
these two confounding components in today’s complex and heterogeneous online social net-
works can bemisleading [41]. While recent studies have carefully focused on the importance of
social influence in examining the spread of ideas, practices, and behavior that target positive
public impacts [30], they have generally underestimated the inextricably interwoven dynamics
of large (in particular online) social networks, which are by nature heterogeneous, consisting of
diverse entities who are directly connected and are able to communicate with each other. The
time-dependent dynamic behavior [42, 43] that such circulating communications exhibit
across different entities adds to the complexity of these networks.While online social networks
offer unparalleled opportunities for large scale social diffusion, the underlying processes
responsible for propagating such communications and their subsequent influence, if any,
require empirical studies and their results are poorly understood.We lack empirical evidence
that unambiguously demonstrates how online social networks articulate the successful diffu-
sion of energy saving practices.

This study focuses on studying the diffusion of energy saving practices through an online
social networking platform, analyzing the tweet/retweetingbehavior of communicators and
tracking communications on energy saving practices. The participating entities are classified as
organizations, opinion leaders or public individuals, and the flow of communication across
these entities is tracked by mapping their social networks onto their communication networks
and building a who-told-whomnetwork of energy saving practice communication. In order to
better understand the diffusion dynamics, we posed the following questions. First, to investi-
gate the underlying dynamics involved we asked: can the diffusion of energy saving practices in
such networks be formalized as epidemics or innovation diffusion in terms of transmissibility
and are the underlying dynamics of these networks endogenous or exogenous?Next, we exam-
ined the communication process itself, asking:what are the dominant communication processes
involved in energy saving practice diffusion in such networks (i.e. mass, personal, or interper-
sonal)? Finally, to explore the effect of influence on propagation, we asked:who are the most
influential entities in the network, and who has the greatest influence on the intended target
audience (i.e. the public)?

We examined the two-step flow of communication in the context of energy information
flow and influence, where entities share energy saving practices learned from in network with
others in the network. For each user, we calculated the proportion of their social contacts to
whom they diffused the energy saving practices further and measured its value both in breadth
and depth within the communication network to serve as a measure that approximates their
level of influence in propagating energy saving practices. The level of influence for each indi-
vidual in terms of the breadth of the communication network is referred to as a propagation-
score, and in terms of the depth of the communication network a hop-score.

Heterogeneous social networks, in which various entities with a variety of social statuses,
are able to directly communicate with one another [44], have undermined the efficacy of mass
vs. interpersonal communication dichotomy [27], and likely require a heterogeneous view of
the communication pattern rather than a traditionally segregated view [45]. One example of
such heterogeneous networks are online task-oriented social networks (TOSNs), in which cir-
culating communications related to different activities occur between different types of entities.
Such communications alternate over time and create temporal motifs that are related to dis-
tinct dependencies between entities [46]. Thus, a single communication channel such as the
two-step flow of communication, which has been successful in real-world cases [29], may not
necessarily be the dominant flow of communication in such networks. Likewise, as revealed by
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the science of networks [30], or expected from real-world, or online [27] cases, opinion leaders
may not necessarily be the most influential entities of the network, particularly in specific con-
texts like energy saving practices. It follows, then, that the public may be beingmostly influ-
enced by these individuals. Therefore, we posed the following hypotheses which guided our
examination of the patterns of diffusion in our energy saving practice diffusion network:

H1

In diffusion networks of energy saving practices, the communication pattern is heteroge-
neous across organizations, opinion leaders, and individuals; and the two-step flow of com-
munication theory is not necessarily the dominant flow of communication.

H2a

Mass personal communicators (Opinion Leaders) are not predominantly the most influen-
tial entities in diffusion networks of energy saving practices.

H2b

Interpersonal communicators (Individuals) are not predominantly influenced by Mass per-
sonal communicators (Opinion Leaders) in diffusion networks of energy saving practices.

Methods

Data

We conducted our study by collectingdata from Twitter, a social networking platform [47]. In the
initial phase, we collected energy information sharing activities along with social ties information
in three steps based on Brown and Reingen’s approach [48], through the public Twitter Stream
API [49]. First, we streamed time-stamped tweets that are related to energy conservationby filter-
ing the tweets in real time for a list of phrases such as “save energy”, as illustrated byWang and
Taylor [50]. The data collection lasted for 28 days between September and October 2012 and a
total of 108,771 tweets were collected.Tweets collected in this way contain content information
such as Tweet IDs, Twitter end user profile information, etc. Second, usingmultiple keywords, we
filtered the raw data to ensure they were strictly related to energy saving practices, this time using
a natural language processingmodule (NLP) [50, 51]. A total of 1236 Tweets, and 1,084 Twitter
end users, yielding 256 original energy tweets plus 980 replicated tweets (retweets), were observed
within the communication network. Lastly, we retrieved the social relationship data for all 1,084
Twitter end users at the end of the 28 days [50]. In the second phase, we retrieved basic informa-
tion for all the 1,084 Twitter end users, including their profiles, location, and their numbers of fol-
lowers, followings, and posts. As stated earlier in this study, the social contacts fromwhom people
receive their information are critical in their awareness and decisionmakings [24]. To explore this
argument in terms of energy saving practices, we classified the retrieved end users (entities) as
organizations, opinion leaders, or individuals. The content of this dataset are directly associated
with end users account information and subject to confidentiality restrictions. The datasets, there-
fore, remains in compliance with Twitter’s non-disclosure agreement.

Who-told-whom Network of Communication

In order to determine patterns of diffusion for energy information among different types of
entities, we created a ‘who-told-whom’ network of communications between the three entities
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of organizations, opinion leaders, and individuals using the ‘following’ relationship network
data for the same entities.

Fig 1 depicts the communication network that emerged from this energy information
sharing.

We consider this network an affiliation network within which the entities are affiliated with
the same energy tweet if they have participated in sharing that information in the network. The
unique structure of Twitter’s articulated connections only allows for defined ties and dissemi-
nation paths which correspond to its network structure. The topology of the Twitter network
dictates the diffusion phenomenon through the entities’ social ties. Fundamentally, social ties
in Twitter can form without requiring approval from the other party and are not necessarily
reciprocal.We examined three different combinations of social ties [52] in Twitter: contact-
perceived, when a contact follows an entity; subject-perceived,when a contact is being followed
by an entity; and mutually-perceived, when the entity and contact both follow each other in a
reciprocal relationship. Here, we only considered one way following relationships (i.e., in-
degree)–a directed social relation in which an entity is followed by a contact (a contact follows
an entity)–as shown in Fig 2(a). This allowed us to measure the influence of an entity over its
contacts.

Fig 1. WOM Affiliation Network. Circles represent each entity (E), and squares represent the energy tweets (ek). The size of each square node is

proportional to the number of connections to that node.

doi:10.1371/journal.pone.0164476.g001
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We explored the extent to which each entity type participated in the diffusion of energy sav-
ing practices, the extent of their influence, and the distribution of the diffusion flow among the
entities. To understand the underlyingmechanism of diffusion around energy topics, we
implemented several steps to analyze the data. We observed that the diffusion of energy infor-
mation in online social networks is actually a multi-centric epidemic with multiple sources,
rather than just one point source [53]. To identify these sources and their associated epidemic
properties, we divided the social network into different groups corresponding to the 256 differ-
ent energy tweets in the sample, placing the communicators involved in the diffusion of each
energy tweet in the same group. In each group, one communicator acts as the initiator by post-
ing a piece of energy-related information i.e. an ‘energy tweet’, which is then picked up by enti-
ties who follow that communicator who repeat-post the same information, i.e. an ‘energy
retweet’. Further, we classified all entities as either ‘Organizations’, ‘Opinion Leaders’, or ‘Indi-
viduals’ and evaluated a number of their attributes such as occupation, number and nature of
followers, number and nature of followees, and number and nature of tweeting activities.
Throughmanual screening, a thorough qualitative and quantitative evaluation of the data
around these attributes for each non-organization entity [29, 54] was performed that enabled
us to classify them as follows:

Organizations: all the businesses, companies, communities, and organizations whether
directly related to energy efficiency/conservationor indirectly promoting energy savings; those
who have biased goals or are dedicated to sharing energy information are categorized in this
group.

Opinion Leaders: these individuals have relatively high social status and a large number of
social connections [55]. The number of followers has often been a prominent metric in deter-
mining one’s level of influence, which is considered to consist of the ability to reach a broad
audience [56, 57]. However, in order to decide whether an individual has established credibility
within his/her network and can be regarded as an opinion leader, we also incorporated

Fig 2. Following relationship. In-degree: (a): Et follows Ei. (b): Et: active follower when retweeted from Ei. (c): Ei influential followee whose

tweet got retweeted by Et.

doi:10.1371/journal.pone.0164476.g002
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suggestions from Nisbet and Kotcher’s three dimensions for climate change opinion leaders
[58], which follows the two-step flow of communication model.We included personal
accounts affiliated with an organization in this group.

Individuals: Once we had identified the opinion leaders among the non-organization com-
municators, we classified the remainder of the communicators in this group.

For this classification, we pursued a data-driven approach. First, we precisely separated the
‘organizations’ from the rest of the entities based on the clear distinction between an organiza-
tional vs. personal (non-organizational) account. Next, we sorted the accounts into either opin-
ion leaders or individuals. Severalmetrics have been suggested to identify various online
communicators [59, 60] and evaluate popularity and influence, such as a user’s follower count
[61, 62], followers/followees ratio [62, 63], tweets per follower ratio [64], retweet count [62,
65], Page Rank [61, 66]and so on. We adopted ‘popularity’ as our metric, regardless of that
entity’s general level of influence. Ideally, we aimed to evaluate whether an entity advocated
any context-specific influence (i.e., energy saving practices) in particular. Several structural
properties of online networks are used to represent an established reputation. Xuan et al.
adopted node degree (incoming and outgoing), Page Rank, and Hits to rank developer candi-
dates as well as identify emergent developers in OSS projects by examining their social links
[66]. Kwak et al. ranked the entire Twittersphere (41.7 million user profiles) using both number
of followers and Page Rank to determine the popularity of each account and found the two
rankings to be similar [61]. To this end, using the popular metric of end user’s follower count,
we extracted from personal (non-organizational) accounts, those whose number of followers
exceeded 2000 and identified them as opinion leaders. In choosing the user’s follower count of
2000 as a threshold, we refer to Twitter’s 2000+ following limit rule [67], and added the
requirement of: maintaining a minimum followers-to-followees ratio of approximately 1 for a
genuine account with high reputation [62] (i.e., at least around 90% ratio is required before
being able to follow further users) to our analysis. Our observations align with the findings of
previous studies, who reported that the largest cascades of information are generated by users
with a larger number of followers [68].

To identify the flow pattern for each energy tweet, we aggregated all the entities who posted
a similar tweet, and traced the path through which that tweet traveled corresponding to the
various social ties. We treated every tweet as one communication activity and every retweet as
a sign of effective energy information diffusion (i.e. influence spread). Retweeting refers to the
behavior of re-posting tweets from another entity in the network [69], which implies that one
specific tweet has caught the attention of others [56] and led to further action. In other words,
an entity is acknowledging the importance and value [68] of one piece of energy information,
and has taken the action of spreading that information further through his or her own social
contacts. Thus, we consider retweeting to be a measure of influence.We are confident that an
entity is influenced by the information received if the receiver of that information decides to
propagate it further.

We quantified the propagation of energy tweets corresponding to the social ties of the enti-
ties embedded in the diffusion network and then analyzed the contact-perceived relationships
through which a contact (follower) identifies an entity (followee) to follow. Every follower will
observe the energy tweets initiated or retweeted by one of his or her followees.We screened the
time stamped retweets for each energy tweet, and superimposed these onto the social ties net-
work to produce a ‘who-told-whom’ network of communication for energy information, as
illustrated in Fig 3.

Assumptions made in this analysis are: (1) retweeting is only done by an ‘active follower’
(Fig 2(b)). This excludes retweets from: public streams, trending topics and explore tabs, and
supports our argument by excluding the un-connected retweeters from the network; (2) only

Diffusion Dynamics of Energy Saving Practices

PLOS ONE | DOI:10.1371/journal.pone.0164476 October 13, 2016 8 / 23



retweeting is utilized as a sign of propagation (no conversation or @username referral is
included), and (3) according to Twitter’s functionality, each entity will only see the earliest ver-
sion of a post (tweet/retweet) among its followees (i.e. whoever retweeted first). Corresponding
to the time-stamped order of tweets, there will thus only be one ‘influential followee’ (Fig 2(c))
for each entity, which implies no duplication in the following relationships per retweeting
action. The who-told-whomnetwork is denoted by G = {E, et, Eet, EE}, where E, and et are two

Fig 3. Who-told-whom network for energy communications.

doi:10.1371/journal.pone.0164476.g003
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type of node sets: E = {E1, E1, . . ., EN} are the entities (i.e., organizations, opinion leaders, and
individuals) and et = {et1, et2, . . ., etK} are the energy tweets. Eet: E! et, and EE: E⤏ E represent
the communication links (i.e., tweets or retweets) between the nodes. Eet is generated every
time an entity tweets et; EE is generated as a result of superimposing the social relationships net-
work of entities over the network of Eet: E! et links. In this process, the dark nodes will either
remain an originator of energy tweet et, if it does not hold any social link with other entities; or
will turn to a grey node (i.e., active follower) if the act has been retweeting the energy tweet et
based on a E⤏ E following relationship. In this case, the initial dark node becomes and influ-
ential followee. These links are generated in the sequence of time that they have been retweeted.
Fig 3 shows the superimposed state of this network for one energy tweet. The process is then
repeated for all energy tweets and duplicate links are eliminated. To measure the degree of
propagation, we introduced the notion of propagation-score. We identified retweeting fre-
quency as a metric, and gave the entities higher propagation-scores if their action had reached
further, defining propagation-score in terms of the total number of retweets which that entity
has caused, i.e. the number of individuals whom the entity’s initial tweet has reached.We quan-
tified this effect as follows:

for each energy tweet etk:

Pi ¼
XFi

j¼1

fi;j ð1Þ

fi;j ¼
1 if Ej is an active follower of Ei

0 otherwise

(

Pi = Propagation-score for ui.
Fi = Total followers of ui.
etk = Energy tweet k.
The propagation-score identifies the most influential entities in the network. To identify the

depth of their influence in the network, we measured the number of hops each communication
activity traveled; where a tweet is propagated over three degrees of influence [19], this is taken
to indicate a successful propagation of influence in our network and is measured by the hop-
score for each entity in the network. Each user E with a solid tie is either an ‘initiator’ of that
tweet (E1) or a retweeter. Dotted ties indicate the propagation network for each user based on
their following relations. Lighter nodes represent the affiliated entities (active followers) of that
energy tweet who are in their following relation network. Each user is assigned a propagation-
score according to the number of his or her followers who are influenced by a retweeting action
and a hop-score based on the number of hops traveled by their energy tweet. S1 and S2 Figs
represent the positive skewed distributions for P-scores and H-scores among various entities
with their statistics indicated in S1 and S2 Tables.

In our analysis, implicit propagation is not considered, and the network under study is
static. Also, our social relation data may contain deviations due to the unavoidable data pro-
cessing time-lag involved in collecting energy tweets and social relations sequentially due to
Twitter’s data streaming limitation.

Results

A total of 256 original energy-related tweets plus 980 replicated tweets (retweets) were gener-
ated by 1,084 Twitter users during the 28 day observation period. Interestingly, there was a sig-
nificantly low density for the communication network of energy saving practices (x = 0.00136),
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and its corresponding social network [50]. This population was found to consist of the follow-
ing communication demographics: 85% organizations, 4% opinion leaders, 7% individuals,
and 4% inexpressive data including false data and blocked user profiles. The great majority of
these communications were initiated by organizations. In terms of the share of tweets sent by
different entities, 89% of the energy-related tweets were initiated by organizations, 3% were
from opinion leaders, 7% were from individuals, and 1% were from inexpressive entities. In the
case of the most active communicators within each category, 72% of the time organizations
were retweeting, 8% of the time it was opinion leaders, 18% were individuals, and 2% inexpres-
sive users.

Fig 4 tracks the diffusion flow pattern of energy saving practice communications between
various entity types. The size of the sphere for each entity type represents the share of all tweets
and retweets in our data sample. Organizations contributed to sharing energy information 65%
of the time, opinion leaders 8%, and individuals 26%; around 1% inexpressive communications

Fig 4. Diffusion Flow. Diffusion flow between three entities of: (1) Organizations (Org.), (2) Opinion Leaders

(Op.L.), and (3) Individuals (Ind.). The direction of arrows represent the retweeting behavior and the thickness is

indicative of the magnitude of flow.

doi:10.1371/journal.pone.0164476.g004
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were also recorded. Directed links between entities represent retweeting behavior, meaning
that a tweet has been retweeted from the initiator by an active followee (Fig 2(a): Ei). Consider-
ing the possible trends of information flow and influence between our three pre-defined sets of
entities, we observed eight out of nine possible linkages, with the missing energy information
sharing link being from individuals to opinion leaders. Aggregating the retweeing E⤏ E links
between pairs of organizations, opinion leaders, and individuals, as a result of their following
relationship, a weighted link in generated for each case. Among these links, the combination of
organizations to opinion leaders (only 6% of the total communication flow) and thence to indi-
viduals (only 7% of the total communication flow), which corresponds to the two-step flow of
communication pattern, revealed a weak link. Thus, we reject the first null hypothesis (H1). In
diffusion networks of energy saving practices, the communication pattern is heterogeneous,
and the two-step flow of communication theory is not predominantly describing the flow of
communication.

Overall, the greatest participation consisted of the self-sharing loops among organizations
retweeting the energy saving practices initiated by each other (54%). Similar self-sharing loops
of communications were insignificant in comparison for opinion leaders (4%), and individuals
(2%). The second highest share, in this case the highest participation by individuals, was
observedwhen retweeting from organizations (25%). We observedonly an insignificant per-
centage of share of information from opinion leaders and individuals to the organizations
(1%).

Further inspection of the empirical distribution of the level of influence for each entity type
in the communication network (Figs 5 and 6) revealed that organizations exhibited the highest
levels in both cases (with the highest propagation-score, 27, and the highest hop-score, 6). The
size of the circles in Fig 5 represent the count of each score and the distribution of the propaga-
tion-scores for each entity type within the network is an indicator for their breadth of influence.
Fig 6 uses the number of hops traveled by each entity’s tweets and retweets as an indicator for
the depth of their influencewithin the network.

Although organizations may appear to have the highest influential values in both scenarios,
the statistical results from a Mann-Whitney U test, which compares the influential values for
each pair, reveals that organizations and opinion leaders have insignificant differences in the
breadth and depth of their influence levels. However, both have significantly higher influence
values than individuals in breadth and depth within the network. This can be explained by
examining the data presented in Fig 4, which shows that individuals are mostly influenced by
organizations and make the highest proportion of retweets from them. Hence, we find that
mass interpersonal communicators (i.e. individuals) are not necessarilymost influenced by per-
sonal influence frommass personal communicators (i.e. opinion leaders) in the diffusion of
energy practices. Finally, we observed that the flow of energy practice diffusion generally origi-
nates from the most influential communicators (i.e. organizations or opinion leaders) and then
diffuses to the rest of the population. Despite the emergence of a WOM communication net-
work, the anticipated interpersonal propagation of information and influence failed to reveal
substantial development between individuals. To investigate the entity heterogeneity property
of the network, we therefore analyzed the ‘who-told-whom’ network of energy communication.

The results of the statistical analysis evaluating the breadth (i.e., p = 6.09×10−17) or depth
(i.e., p = 1.34×10−16) of influence for each entity type using a Kruskal-Wallis test [70] identified
a significant difference among the influence values of organizations, opinion leaders, and indi-
viduals (Table 1). As noted above, although organizations may appear to have the highest influ-
ential values in both scenarios, from the statistical results of a Mann-Whitney U test [71] we
were not able to identify any significant difference between the influence values of organiza-
tions and opinion leaders for either breadth (p = 0.478) and depth (p = 0.484), yet significantly
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higher than individuals within the network. Thus, the null hypothesis for H2a, which assumes
opinion leaders are not the most influential entities in the diffusion network, is rejected, sug-
gesting no significant domination in terms of influence by this group. Both organizations
(p< 1×10−06) and opinion leaders (p = 6.4×10−05, and p = 7.3×10−05) have greater influence in
breadth and depth compared to individuals (Tables 1 and 2). Further, Pearson’s Chi-square
test detected significant difference in individuals being influenced by other entities according
to the diffusion flow among each pair. We reject the Pearson’s Chi-square null hypothesis that
individuals are being equally influenced by organizations, opinion leaders, and other individu-
als independent of who the influential entity is. Therefore, the null hypothesis for H2b, which
suggests that individuals are not most influenced by opinion leaders in the diffusion network,
is rejected. Table 3 details the statistic of this test, suggesting that the individuals are in fact
most influenced by organizations (73.53%).

Discussion

Endogenous vs. Exogenous Diffusion of Energy Saving Practices

The role of large online heterogeneous social networks in influencing public opinion on energy
conservation and technology topics is poorly understood and lacks a detailed empirical analysis

Fig 5. Propagation-scores: Influence breadth. Size of the circles indicate how frequent each score has been observed within an

entity group of organization, opinion leader, or individual.

doi:10.1371/journal.pone.0164476.g005
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of the underlying processes involved in the diffusion of this type of information. Therefore,
understanding whether the diffusion of energy saving practices in large online networks is an
endogenous diffusion process identical to non-commercialWOM and thus emerges naturally
within the network; or an exogenous process that is purposely imposed on the network from
committed organizations under marketing control, which could be a biasedmechanism, is of
utmost importance. Our findings suggest that the diffusion of energy saving practices in large
online networks is predominantly exogenous. The extremely low density of this energy-related
tweets network indicates that the number of interpersonal links is as yet inadequate for the

Fig 6. Hop-scores: Influence depth. Size of the circles indicate how frequent each score has been observed within an entity

group of organization, opinion leader, or individual.

doi:10.1371/journal.pone.0164476.g006

Table 1. Comparison of influential values in breadth (propagation-score), and depth (hop-score). Results from Kruskal-Wallis Test (H2).

Propagation-score H-score

Org. Op.L. Ind. Org. Op.L. Ind.

Mean rank 2.05 2.23 1.08 0.48 0.46 0.069

H 74.68 73.09

p 6.09x10−17*** 1.34x10−16***

*** p < 0.001

doi:10.1371/journal.pone.0164476.t001

Diffusion Dynamics of Energy Saving Practices

PLOS ONE | DOI:10.1371/journal.pone.0164476 October 13, 2016 14 / 23



emergence of an endogenous diffusion of energy saving practices. Although emerged from a
‘following’ relationship that represents social ties, a diffusion network of energy information
sharing did not correspond to interpersonal interactions between individuals; Communica-
tions between individuals were in fact among the least frequently occurring communications.
Results from the communication demographics of a Who-told-whom network identified the
causes of dispersion and revealed the diffusion network of energy saving practices in large
online networks to be predominantly exogenous and driven by organizations rather than indi-
viduals. This finding aligns with Kwak et al.’s study, which also identified the prominence of
broadcasters in the Twitter network and suggested the network properties are very similar to
those of a newsmedia platform [31].

We found that significant portions of the energy tweets and retweets originated from dedi-
cated accounts belonging to energy conscious companies and organizations. Moreover, organi-
zations represented the most substantial portion of all active entities in the network, with by far
the largest share of all the energy tweets and retweets that were communicated in the network.
This indicates that the diffusion network of energy saving practice communications did not
emerge randomly and was instead initiated by multiple sources of dedicated companies and
communities targeting energy efficiencygains. We found that less than 10% of the communica-
tions were endogenously generated in the network and the remaining 90% were exogenously
generated and thus potentially biased. This defies the ideal diffusion scenario, in which com-
munication is formed naturally among individuals based on their prior experiencewith the
energy products or processes and spreads in the same way as an epidemic.

Although in our sample the diffusion network of energy saving practices was found to be
more of a WOM Marketing effort in large online networks, this effort still failed to reach its full
potential. Despite the energy saving purposes the organizations are seeking to promote in initi-
ating WOMMarketing, more than 50% of the time, they are self-sharing the energy informa-
tion and are not meeting their objective of reaching out to individuals or opinion leaders. This
implies that the effort involved in initiatingWOM communication tends to bemore self-reliant

Table 2. Comparison of influential values in breadth (propagation-score), and depth (hop-score). Results from Mann-Whitney U Test (H2).

Propagation-score H-score

Org.-Op.L. Org.-Ind. Op.L.-Ind. Org.-Op.L. Org.-Ind. Op.L.-Ind.

U 20227.5 20227.5 10305.5 20207.5 86857.0 10264.0

p(one-tailed) 0.478 < 1x10−06*** 6.4x10−05*** 0.484 < 1x10−06*** 7.3x10−05***

*** p < 0.001

doi:10.1371/journal.pone.0164476.t002

Table 3. Comparison of diffusion flow from organizations, opinion leaders, and individuals to individuals. Results from Pearson’s Chi-square Test

(H2b).

Influential Entity

Org. Op.L. Ind.

Expected 33.33% 33.33% 33.33%

Observed 73.53% 20.59% 5.88%

df 2

χ2 25.826

p < 0.0001***

*** p < 0.001

doi:10.1371/journal.pone.0164476.t003
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and does not simply take advantage of the potential of an existing social network structure.
Information and influence are circulating within loops of expert communities and companies
rather than traveling through the network. A closer look at the flow distribution of energy sav-
ing communications in Fig 1 shows that the upward links to more influential entities from the
less credible communicators, or loops within the same entity group (except the organizations
group), are minimal to zero density. Yet, a reciprocal communication between organizations
and individuals can be observed.This suggests that in the diffusion of energy saving practices
within large online networks, entities tend to seek advice frommore credible and expert
sources than their current hierarchy. For example, our data revealed that when an opinion
leader retweeted an energy tweet, he/she was always a follower of a higher-level opinion leader
or organization with more expertise in the topic. An opinion leader never retweeted from an
individual. Likewise, organizations often seek advice from entities more credible than them-
selves, which in this case may have resulted in self-sharing loops of energy saving practices.
This can also explain why the diffusion of energy saving practices is not endogenously gener-
ated, and diffused among individuals. This result supports Troldahl’s fundamental explanation
of the role of opinion leaders [72].

Two-step Flow of Communication

Our findings did not support the initial assumption of a two-step flow of communication,
where ideas or information flow from organizations to opinion leaders, who then structure
this information to influence individuals. Only a small fraction of the communication flow
traveled along the organization-opinion leader-individual path typically seen in the two-step
flow of communication model and our empirical data did not support either of its two funda-
mental assumptions—that opinion leaders make greater use of mass media than individuals,
and that they influence individuals more than they are influenced by them. Our results contra-
dicted the two-step flowmodel, suggesting instead that a direct one-step flow from organiza-
tions to individuals outperforms the effect of opinion leaders in the current process. This
aligns with the criticism that has been leveled against the two-step flowmodel. The interper-
sonal effects between individuals are still very weak. Although, the second highest share of
influence was from individuals retweetingmessages from (i.e. being influenced by) organiza-
tions, more than 95% of the time these were not retweeted again by the recipients. This means
even though organizations did mostly communicate to individuals rather than opinion lead-
ers, their propagation-scores remained low and their influential values on individuals in depth
were minimal.

These findings suggest that the flow of information and influence in WOM diffusion of
energy saving practices does not necessarily follow the two-step flow of communication
model. This is either due to the lack of opinion leaders employed by organizations and neglect-
ing their potential influence in promoting energy saving practices, or a lack of real influential
values for opinion leaders in propagating energy topics to the wider population. This suggests
that, in our context, there is scope for a larger appeal to individuals to engage in energy infor-
mation initiatives and take action to propagate the offered energy information across their
own social contacts. Our findings also imply that in the context of energy, individuals may
seek the opinions of others and are more influenced by experts in the field. This aligns with
the findings of other studies that found messages of certain topics only being circulated within
certain communities [73], and reported that when the public lack sufficient knowledge or
desire to make self-judgments or decisions on an issue, they instead rely on trusted sources of
information (e.g., experts and scientists) to form an opinion about topics such as climate
change [6].
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Influence Propagation

Identifying influential entities is critical for understanding the spread of energy efficient prac-
tices, as these entities have the capacity to accelerate or immediately decay propagation. Loops
of self-sharing information among the same entity types, in particularwhen organizations or
opinion leaders retweet each other, increases the likelihoodof the information reaching indi-
viduals, especially if there are a high number of individuals among the organization or opinion
leader’s contacts. However, the notion of ‘influence exchange’ rather than just ‘information
exchange’, cannot be justifiedwhen the flow is from organizations to organizations, or opinion
leaders to opinion leaders; an opinion leader will not actually be leading an opinion if it origi-
nates from another opinion leader and there will be no resulting change of behavior in the
population.

In this study, information delivery can occur either directly or indirectly throughmass com-
municators (organizations), mass personal communicators (opinion leaders), and mass inter-
personal communicators (individuals).While all three entities are considered influential
communicators, they each have limited social reach, and can thus only expect to directly influ-
ence a fraction of the total population. It is therefore critical to understand who is most influen-
tial for a given topic and prioritize diffusion strategies that target those entities with higher
influence values in breadth and depth. When measuring the breadth and depth of influential
values among entities for this study, we looked at the propagation-scores and number of hops
traveled by their tweets.While organizations play a key role in energy information propaga-
tion, we found that they seldom achieved wide diffusion of energy saving practices. Opinion
leaders have been found to mediate the link between organizations (mass media) and individu-
als, but we found no significantly different influential values for opinion leaders and organiza-
tions. By measuring proxies of influence in a large online social network, we discovered that
when it comes to the diffusion of energy saving practices, mass interpersonal communicators
(individuals) are not equally influenced by different entities but instead are most influenced by
direct communication links frommass communicators (organizations). The two-step flow
model was originally proposed to explain the unanticipated low influence of mass communica-
tion media in presidential elections, contending that mass media sources influence individuals
through opinion leaders. However, it appears that where environmentally significant topics
such as energy conservation are concerned, the influence exerted by organizations and opinion
leaders are equally significant. Although our results do not exclude the possibility that the two-
step flow hypothesis is instrumental, the potential benefits from this model may be being
neglected. People are influenced by exposure to other sources of energy practice diffusionwith
high credibility and seek out opinions from energy experts, so energy saving practices are less
likely to be diffused extensively without considerable involvement from credible and influential
entities in various communities. Targeting the most influential hubs will thus maximize
diffusion.

Although there is a confined population involved in the diffusion of energy information
sharing, existing interventions are unable to reach a mass audience and induce public opinion
change directly; traditional mass communication energy interventions for information sharing
are simply not as productive in online social networks.When it comes to pressing societal
issues such as divergent and often ill-informed public perceptions of climate change and
underestimations about energy conservationwhere vast and rapid public opinion formation is
needed, increasing social engagement with online content becomes critical. Given that climate
change and energy conservation issues are best communicated online through mass communi-
cations, organizations need to focus more on online engagement with the public to effectively
influence and drive a cultural shift in this crucial area. Prioritizing the target audience and
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selecting appropriate strategies accordingly to avoid the immediate decay of diffusion is thus of
paramount importance.

Online social networks such as Twitter are powerful tools for influencing social conscious-
ness, leading to rapid public opinion formation on energy and climate change and reaching a
broader and more accurately targeted population at a speed never previously possible. How-
ever, they do require the right person or entity to spread the message. Our findings suggest that
carefully designed strategies are needed to take full advantage of such capabilities; simply rely-
ing on conventional wisdom that identifies opinion leaders as being the most influential is no
longer sufficient for today’s web-savvy population. Diffusion in different contexts will have dif-
ferent influential entities, as users’ behavior varies for different situations [74]. In this sense,
our study departs from earlier studies in diffusion networks.

Despite the immense potential of online social networks, as yet we have developed only the
beginnings of a model to explain how this phenomenon functions.We recommend that social
network researchers exploit the opportunities afforded by complex networks analysis to exam-
ine structural properties of such online heterogeneous communication networks in temporal
dimension [75], detect community structures [76] and characterize the dynamic behavior of
the governing patterns [42, 43]. The potential role of online social networks in disseminating
energy-related information deserves greater attention and will involve enhanced roles for both
organizations and opinion leaders. As our findings reveal, public opinion formation regarding
energy and climate change is best achieved through direct communications between organiza-
tion and individuals. Deliberate consideration of the immediate as well as the long term effects
of such communications can increase public awareness and result in substantial public support
for policies that address climate change and energy issues, leading to significant environmental
benefits.

Supporting Information

S1 Table. Descriptive statistics of Propagation-scores by entity type: Organizations (Org.),
Opinion Leaders (Op.L.), and Individuals (Ind.).
(TEX)

S2 Table. Descriptive statistics of Hop-scores by entity type: Organizations (Org.), Opinion
Leaders (Op.L.), and Individuals (Ind.).
(TEX)

S1 Fig. Display of histograms of scores by entity type.
(TIF)

S2 Fig. Display of box-and-whiskers plots of scores by entity type.
(TIF)

Acknowledgments

This study was supported by the National Science Foundation under Grant No. 1142379
[http://www.nsf.gov/]. Any opinions, findings, and conclusions or recommendations expressed
in this material are those of the authors and do not necessarily reflect the views of the National
Science Foundation.

Author Contributions

Conceptualization:NMQW JT.

Diffusion Dynamics of Energy Saving Practices

PLOS ONE | DOI:10.1371/journal.pone.0164476 October 13, 2016 18 / 23

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0164476.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0164476.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0164476.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0164476.s004
http://www.nsf.gov/


Data curation:NMQW.

Formal analysis:NM JT.

Funding acquisition: JT.

Investigation:QWNM.

Methodology:NMQW JT.

Project administration: JT.

Resources: JT.

Software:NMQW.

Supervision: JT.

Validation: NMQW JT.

Visualization:NM.

Writing – original draft:NMQW JT.

Writing – review& editing:NMQW JT.

References
1. Cook J, Nuccitelli D, Green SA, Richardson M, Winkler B, Painting R, et al. Quantifying the consensus

on anthropogenic global warming in the scientific literature. Environmental Research Letters [Internet].

IOP Publishing; 2013 May 15; 8(2):024024. Available from: http://dx.doi.org/10.1088/1748-9326/8/2/

024024

2. The Governor’s Office of Planning and Research [Internet]. Scientific organizations that hold the posi-

tion that climate change has been caused by human action [updated 2011; cited 2016 Feb 20]. Avail-

able from: www.opr.ca.gov/s_listoforganizations.php

3. U.S. Environmental Protection Agency. Climate change indicators in the United States, 2014 [Internet].

Third edition. EPA 430-R-14-004 [cited 2016 Feb 20]. Available from: www.epa.gov/climatechange/

indicators

4. Showstack R. White House Climate Action Plan Hotly Debated in Senate Hearing. Eos, Transactions

American Geophysical Union [Internet]. Wiley-Blackwell; 2014 Jan 28; 95(4):34–5. Available from:

http://dx.doi.org/10.1002/2014eo040002

5. Nisbet MC, Myers T. The Polls Trends: Twenty Years of Public Opinion about Global Warming. Public

Opinion Quarterly [Internet]. Oxford University Press (OUP); 2007 Aug 11; 71(3):444–70. Available

from: http://dx.doi.org/10.1093/poq/nfm031

6. Leiserowitz A, Maibach E, Roser-Renouf C, Feinberg G, Rosenthal S. Climate change in the American

mind: April, 2014 [Internet]. Yale University and George Mason University. New Haven, CT: Yale

Project on Climate Change Communication [cited 2016 Feb 20]. Available from: www.environment.

yale.edu/climate-communication/article/climate-change-in-the-american-mind-april-2014

7. American Geophysical Union[Internet]. Human-induced climate change requires urgent action [cited

2016 Feb 20]. Available from: sciencepolicy.agu.org/files/2013/07/AGU-Climate-Change-Position-

Statement_August-2013.pdf

8. Pearce W, Holmberg K, Hellsten I, Nerlich B. Climate Change on Twitter: Topics, Communities and

Conversations about the 2013 IPCC Working Group 1 Report. Amblard F, editor. PLoS ONE [Internet].

Public Library of Science (PLoS); 2014 Apr 9; 9(4):e94785. Available from: http://dx.doi.org/10.1371/

journal.pone.0094785 PMID: 24718388

9. Chell K. Science Organizations Remind Senators of Consensus on Climate Change. Eos, Transac-

tions American Geophysical Union [Internet]. Wiley-Blackwell; 2009; 90(44):401. Available from: http://

dx.doi.org/10.1029/2009eo440008

10. U.S. Energy Information Administration [Internet].Energy in brief: What are greenhouse gases and

how much are emitted by the United States? [cited 2016 Feb 20]. Available from: www.eia.gov/

energy_in_brief/article/greenhouse_gas.cfm

Diffusion Dynamics of Energy Saving Practices

PLOS ONE | DOI:10.1371/journal.pone.0164476 October 13, 2016 19 / 23

http://dx.doi.org/10.1088/1748-9326/8/2/024024
http://dx.doi.org/10.1088/1748-9326/8/2/024024
http://www.opr.ca.gov/s_listoforganizations.php
http://www.epa.gov/climatechange/indicators
http://www.epa.gov/climatechange/indicators
http://dx.doi.org/10.1002/2014eo040002
http://dx.doi.org/10.1093/poq/nfm031
http://www.environment.yale.edu/climate-communication/article/climate-change-in-the-american-mind-april-2014
http://www.environment.yale.edu/climate-communication/article/climate-change-in-the-american-mind-april-2014
http://dx.doi.org/10.1371/journal.pone.0094785
http://dx.doi.org/10.1371/journal.pone.0094785
http://www.ncbi.nlm.nih.gov/pubmed/24718388
http://dx.doi.org/10.1029/2009eo440008
http://dx.doi.org/10.1029/2009eo440008
http://www.eia.gov/energy_in_brief/article/greenhouse_gas.cfm
http://www.eia.gov/energy_in_brief/article/greenhouse_gas.cfm


11. U.S. Energy Information Administration [Internet]. International energy outlook 2014. DOE/EIA-0484

(2014)[cited 2016 Feb 20]. Available from: www.eia.gov/forecasts/ieo/

12. Dietz T, Rosa EA, York R. Driving the human ecological footprint. Front Ecol Environ. 2007; 5(1):13–

18. Available from: http://dx.doi.org/10.1890/1540-9295(2007)5[13:dthef]2.0.co;2

13. Attari SZ, DeKay ML, Davidson CI, Bruine de Bruin W. Public perceptions of energy consumption and

savings. Proceedings of the National Academy of Sciences [Internet]. Proceedings of the National

Academy of Sciences; 2010 Aug 16; 107(37):16054–9. Available from: http://dx.doi.org/10.1073/pnas.

1001509107 PMID: 20713724

14. Attari SZ. Perceptions of water use. Proceedings of the National Academy of Sciences [Internet]. Pro-

ceedings of the National Academy of Sciences; 2014 Mar 3; 111(14):5129–34. Available from: http://

dx.doi.org/10.1073/pnas.1316402111

15. Dietz T. Narrowing the US energy efficiency gap. Proceedings of the National Academy of Sciences

[Internet]. Proceedings of the National Academy of Sciences; 2010 Aug 31; 107(37):16007–8. Avail-

able from: http://dx.doi.org/10.1073/pnas.1010651107 PMID: 20807749

16. Ding D, Maibach EW, Zhao X, Roser-Renouf C, Leiserowitz A. Support for climate policy and societal

action are linked to perceptions about scientific agreement. Nature Climate change [Internet]. Nature

Publishing Group; 2011 Nov 20; 1(9):462–6. Available from: http://dx.doi.org/10.1038/nclimate1295

17. Lineman M, Do Y, Kim JY, Joo G-J. Talking about Climate Change and Global Warming. Fowler HJ,

editor. PLoS ONE [Internet]. Public Library of Science (PLoS); 2015 Sep 29; 10(9):e0138996. Avail-

able from: http://dx.doi.org/10.1371/journal.pone.0138996 PMID: 26418127

18. Fischhoff B. The sciences of science communication. Proceedings of the National Academy of Sci-

ences [Internet]. Proceedings of the National Academy of Sciences; 2013 Aug 13; 110(Supplement-

3):14033–9. Available from: http://dx.doi.org/10.1073/pnas.1213273110

19. Allcott H, Mullainathan S. Behavior and Energy Policy. Science [Internet]. American Association for

the Advancement of Science (AAAS); 2010 Mar 4; 327(5970):1204–5. Available from: http://dx.doi.

org/10.1126/science.1180775

20. Dietz T, Gardner GT, Gilligan J, Stern PC, Vandenbergh MP. Household actions can provide a behav-

ioral wedge to rapidly reduce US carbon emissions. Proceedings of the National Academy of Sciences

[Internet]. Proceedings of the National Academy of Sciences; 2009 Oct 26; 106(44):18452–6. Avail-

able from: http://dx.doi.org/10.1073/pnas.0908738106 PMID: 19858494

21. Internet Live Stats [Internet]. World Wide Web Foundation [cited 2015 Jan 31]. Available: www.

internetlivestats.com/

22. Van der Linden SL, Leiserowitz AA, Feinberg GD, Maibach EW. The Scientific Consensus on Climate

Change as a Gateway Belief: Experimental Evidence. Ebi KL, editor. PLoS ONE [Internet]. Public

Library of Science (PLoS); 2015 Feb 25; 10(2):e0118489. Available from: http://dx.doi.org/10.1371/

journal.pone.0118489 PMID: 25714347

23. Brossard D, Scheufele DA. Science, New Media, and the Public. Science [Internet]. American Associ-

ation for the Advancement of Science (AAAS); 2013 Jan 3; 339(6115):40–1. Available from: http://dx.

doi.org/10.1126/science.1232329

24. Acemoglu D, Ozdaglar A, ParandehGheibi A. Spread of (mis)information in social networks. Games

and Economic Behavior [Internet]. Elsevier BV; 2010 Nov; 70(2):194–227. Available from: http://dx.

doi.org/10.1016/j.geb.2010.01.005

25. Wilson C, Dowlatabadi H. Models of Decision Making and Residential Energy Use. Annu Rev Environ

Resourc [Internet]. Annual Reviews; 2007 Nov; 32(1):169–203. Available from: http://dx.doi.org/10.

1146/annurev.energy.32.053006.141137

26. Stern PC. What psychology knows about energy conservation. American Psychologist [Internet].

American Psychological Association (APA); 1992; 47(10):1224–32. Available from: http://dx.doi.org/

10.1037/0003-066x.47.10.1224

27. Wu, S, Hofman, JM, Mason, WA, Watts, DJ. Who says what to whom on twitter. Proceedings of the

20th international conference on World wide web—WWW’11 [Internet]. Association for Computing

Machinery (ACM); 2011; Available from: http://dx.doi.org/10.1145/1963405.1963504

28. Berger A. Essentials of Mass Communication Theory. SAGE Publications; 1995; Available from:

http://dx.doi.org/10.4135/9781483345420

29. Lazarsfeld PF, Berelson B, Gaudet H. The peoples choice: how the voter makes up his mind in a presi-

dential campaign. 1968.

30. Contractor NS, DeChurch LA. Integrating social networks and human social motives to achieve social

influence at scale. Proceedings of the National Academy of Sciences [Internet]. Proceedings of the

National Academy of Sciences; 2014 Sep 15; 111(Supplement-4):13650–7. Available from: http://dx.

doi.org/10.1073/pnas.1401211111 PMID: 25225373

Diffusion Dynamics of Energy Saving Practices

PLOS ONE | DOI:10.1371/journal.pone.0164476 October 13, 2016 20 / 23

http://www.eia.gov/forecasts/ieo/
http://dx.doi.org/10.1890/1540-9295(2007)5[13:dthef]2.0.co;2
http://dx.doi.org/10.1073/pnas.1001509107
http://dx.doi.org/10.1073/pnas.1001509107
http://www.ncbi.nlm.nih.gov/pubmed/20713724
http://dx.doi.org/10.1073/pnas.1316402111
http://dx.doi.org/10.1073/pnas.1316402111
http://dx.doi.org/10.1073/pnas.1010651107
http://www.ncbi.nlm.nih.gov/pubmed/20807749
http://dx.doi.org/10.1038/nclimate1295
http://dx.doi.org/10.1371/journal.pone.0138996
http://www.ncbi.nlm.nih.gov/pubmed/26418127
http://dx.doi.org/10.1073/pnas.1213273110
http://dx.doi.org/10.1126/science.1180775
http://dx.doi.org/10.1126/science.1180775
http://dx.doi.org/10.1073/pnas.0908738106
http://www.ncbi.nlm.nih.gov/pubmed/19858494
http://www.internetlivestats.com/
http://www.internetlivestats.com/
http://dx.doi.org/10.1371/journal.pone.0118489
http://dx.doi.org/10.1371/journal.pone.0118489
http://www.ncbi.nlm.nih.gov/pubmed/25714347
http://dx.doi.org/10.1126/science.1232329
http://dx.doi.org/10.1126/science.1232329
http://dx.doi.org/10.1016/j.geb.2010.01.005
http://dx.doi.org/10.1016/j.geb.2010.01.005
http://dx.doi.org/10.1146/annurev.energy.32.053006.141137
http://dx.doi.org/10.1146/annurev.energy.32.053006.141137
http://dx.doi.org/10.1037/0003-066x.47.10.1224
http://dx.doi.org/10.1037/0003-066x.47.10.1224
http://dx.doi.org/10.1145/1963405.1963504
http://dx.doi.org/10.4135/9781483345420
http://dx.doi.org/10.1073/pnas.1401211111
http://dx.doi.org/10.1073/pnas.1401211111
http://www.ncbi.nlm.nih.gov/pubmed/25225373


31. Kwak H, Lee C, Park H, Moon S. What is Twitter, a social network or a news media? Proceedings of

the 19th international conference on World wide web—WWW’10 [Internet]. Association for Computing

Machinery (ACM); 2010; Available from: http://dx.doi.org/10.1145/1772690.1772751

32. Dennis ML, Soderstrom EJ, Koncinski WS, Cavanaugh B. Effective dissemination of energy-related

information: Applying social psychology and evaluation research. American Psychologist [Internet].

American Psychological Association (APA); 1990; 45(10):1109–17. Available from: http://dx.doi.org/

10.1037/0003-066x.45.10.1109

33. Abrahamse W, Steg L, Vlek C, Rothengatter T. The effect of tailored information, goal setting, and tai-

lored feedback on household energy use, energy-related behaviors, and behavioral antecedents. Jour-

nal of Environmental Psychology [Internet]. Elsevier BV; 2007 Dec; 27(4):265–76. Available from:

http://dx.doi.org/10.1016/j.jenvp.2007.08.002

34. Sampei Y, Aoyagi-Usui M. Mass-media coverage, its influence on public awareness of climate-change

issues, and implications for Japan’s national campaign to reduce greenhouse gas emissions. Global

Environmental Change [Internet]. Elsevier BV; 2009 May; 19(2):203–12. Available from: http://dx.doi.

org/10.1016/j.gloenvcha.2008.10.005

35. Berger J. Word of mouth and interpersonal communication: A review and directions for future research.

Journal of Consumer Psychology [Internet]. Elsevier BV; 2014 Oct; 24(4):586–607. Available from:

http://dx.doi.org/10.1016/j.jcps.2014.05.002

36. Van den Bulte C, Wuyts S. Leveraging customer networks. The network challenge: Strategy, profit,

and risk in an interlinked world. 2009;243–58.

37. Chevalier JA, Mayzlin D. The Effect of Word of Mouth on Sales: Online Book Reviews. Journal of Mar-

keting Research [Internet]. American Marketing Association (AMA); 2006 Aug; 43(3):345–54. Avail-

able from: http://dx.doi.org/10.1509/jmkr.43.3.345

38. Tumasjan A, Sprenger TO, Sandner PG, Welpe IM. Election Forecasts With Twitter: How 140 Charac-

ters Reflect the Political Landscape. Social Science Computer Review [Internet]. SAGE Publications;

2010 Dec 12; 29(4):402–18. Available from: http://dx.doi.org/10.1177/0894439310386557

39. Czepiel JA. Word-of-Mouth Processes in the Diffusion of a Major Technological Innovation. Journal of

Marketing Research [Internet]. JSTOR; 1974 May; 11(2):172. Available from: http://dx.doi.org/10.

2307/3150555

40. Fisk G, Arndt J. Word of Mouth Advertising. Journal of Marketing Research [Internet]. JSTOR; 1969

Feb; 6(1):112. Available from: http://dx.doi.org/10.2307/3150014

41. Onnela J-P, Reed-Tsochas F. Spontaneous emergence of social influence in online systems. Pro-

ceedings of the National Academy of Sciences [Internet]. Proceedings of the National Academy of Sci-

ences; 2010 Oct 11; 107(43):18375–80. Available from: http://dx.doi.org/10.1073/pnas.0914572107

PMID: 20937864

42. Gao Z-K, Jin N-D. A directed weighted complex network for characterizing chaotic dynamics from time

series. Nonlinear Analysis: Real World Applications. 2012; 13(2):947–52. Available from: http://dx.doi.

org/10.1016/j.nonrwa.2011.08.029

43. Gao Z-K, Fang P-C, Ding M-S, Jin N-D. Multivariate weighted complex network analysis for character-

izing nonlinear dynamic behavior in two-phase flow. Experimental Thermal and Fluid Science. 2015;

60:157–64. Available from: http://dx.doi.org/10.1016/j.expthermflusci.2014.09.008

44. Bakshy E, Hofman JM, Mason WA, Watts DJ. Everyone’s an influencer: quantifying influence on twit-

ter. Proceedings of the fourth ACM international conference on Web search and data mining [Internet].

Association for Computing Machinery (ACM); 2011; Available from: http://dx.doi.org/10.1145/

1935826.1935845

45. Godes D, Mayzlin D. Firm-Created Word-of-Mouth Communication: Evidence from a Field Test. Mar-

keting Science [Internet]. Institute for Operations Research and the Management Sciences

(INFORMS); 2009 Jul; 28(4):721–39. Available from: http://dx.doi.org/10.1287/mksc.1080.0444

46. Xuan Q, Fang H, Fu C, Filkov V. Temporal motifs reveal collaboration patterns in online task-oriented

networks. Physical Review E. 2015; 91(5):052813. Available from: http://dx.doi.org/10.1103/physreve.

91.052813 PMID: 26066218

47. Wang Q, Taylor JE. Process Map for Urban-Human Mobility and Civil Infrastructure Data Collection

Using Geosocial Networking Platforms. J Comput Civ Eng [Internet]. American Society of Civil Engi-

neers (ASCE); 2015 Jan; 30(2):04015004. Available from: http://dx.doi.org/10.1061/(asce)cp.1943-

5487.0000469

48. Brown JJ, Reingen PH. Social ties and word-of-mouth referral behavior. Journal of Consumer

research. 1987; 14(3):350–62. Available from: http://dx.doi.org/10.1086/209118

49. Twitter: The Streaming APIs [Internet]. Available from: https://dev.twitter.com/streaming/overview

Diffusion Dynamics of Energy Saving Practices

PLOS ONE | DOI:10.1371/journal.pone.0164476 October 13, 2016 21 / 23

http://dx.doi.org/10.1145/1772690.1772751
http://dx.doi.org/10.1037/0003-066x.45.10.1109
http://dx.doi.org/10.1037/0003-066x.45.10.1109
http://dx.doi.org/10.1016/j.jenvp.2007.08.002
http://dx.doi.org/10.1016/j.gloenvcha.2008.10.005
http://dx.doi.org/10.1016/j.gloenvcha.2008.10.005
http://dx.doi.org/10.1016/j.jcps.2014.05.002
http://dx.doi.org/10.1509/jmkr.43.3.345
http://dx.doi.org/10.1177/0894439310386557
http://dx.doi.org/10.2307/3150555
http://dx.doi.org/10.2307/3150555
http://dx.doi.org/10.2307/3150014
http://dx.doi.org/10.1073/pnas.0914572107
http://www.ncbi.nlm.nih.gov/pubmed/20937864
http://dx.doi.org/10.1016/j.nonrwa.2011.08.029
http://dx.doi.org/10.1016/j.nonrwa.2011.08.029
http://dx.doi.org/10.1016/j.expthermflusci.2014.09.008
http://dx.doi.org/10.1145/1935826.1935845
http://dx.doi.org/10.1145/1935826.1935845
http://dx.doi.org/10.1287/mksc.1080.0444
http://dx.doi.org/10.1103/physreve.91.052813
http://dx.doi.org/10.1103/physreve.91.052813
http://www.ncbi.nlm.nih.gov/pubmed/26066218
http://dx.doi.org/10.1061/(asce)cp.1943-5487.0000469
http://dx.doi.org/10.1061/(asce)cp.1943-5487.0000469
http://dx.doi.org/10.1086/209118
https://dev.twitter.com/streaming/overview


50. Wang Q, Taylor JE. Energy saving practice diffusion in online networks. Energy and Buildings [Inter-

net]. Elsevier BV; 2014 Jun; 76:622–30. Available from: http://dx.doi.org/10.1016/j.enbuild.2014.02.

074

51. Bird S, Klein E, Loper E. Natural language processing with Python:“ O’Reilly Media, Inc.”; 2009.

52. Christakis NA, Fowler JH. The Collective Dynamics of Smoking in a Large Social Network. N Engl J

Med [Internet]. New England Journal of Medicine (NEJM/MMS); 2008 May 22; 358(21):2249–58.

Available from: http://dx.doi.org/10.1056/nejmsa0706154 PMID: 18499567

53. Christakis NA, Fowler JH. The Spread of Obesity in a Large Social Network over 32 Years. N Engl J

Med [Internet]. New England Journal of Medicine (NEJM/MMS); 2007 Jul 26; 357(4):370–9. Available

from: http://dx.doi.org/10.1056/nejmsa066082 PMID: 17652652

54. Robinson JP. Interpersonal Influence in Election Campaigns: Two Step-Flow Hypotheses. Public

Opinion Quarterly [Internet]. Oxford University Press (OUP); 1976; 40(3):304. Available from: http://dx.

doi.org/10.1086/268307

55. Valente TW. Diffusion of Innovations. Social Networks and Health [Internet]. Oxford University Press

(OUP); 2010 Feb 25;172–95. Available from: http://dx.doi.org/10.1093/acprof:oso/9780195301014.

003.0010

56. Gruzd A, Wellman B, Takhteyev Y. Imagining Twitter as an Imagined Community. American Behav-

ioral Scientist [Internet]. SAGE Publications; 2011 Jul 25; 55(10):1294–318. Available from: http://dx.

doi.org/10.1177/0002764211409378

57. Takhteyev Y, Gruzd A, Wellman B. Geography of Twitter networks. Social Networks [Internet]. Elsevier

BV; 2012 Jan; 34(1):73–81. Available from: http://dx.doi.org/10.1016/j.socnet.2011.05.006

58. Nisbet MC, Kotcher JE. A Two-Step Flow of Influence?: Opinion-Leader Campaigns on Climate

Change. Science Communication [Internet]. SAGE Publications; 2009 Jan 7; 30(3):328–54. Available

from: http://dx.doi.org/10.1177/1075547008328797

59. Sloan L, Morgan J, Burnap P, Williams M. Who Tweets? Deriving the Demographic Characteristics of

Age, Occupation and Social Class from Twitter User Meta-Data. Preis T, editor. PLoS ONE [Internet].

Public Library of Science (PLoS); 2015 Mar 2; 10(3):e0115545. Available from: http://dx.doi.org/10.

1371/journal.pone.0115545 PMID: 25729900

60. Tavares G, Faisal A. Scaling-Laws of Human Broadcast Communication Enable Distinction between

Human, Corporate and Robot Twitter Users. Moreno Y, editor. PLoS ONE [Internet]. Public Library of

Science (PLoS); 2013 Jul 3; 8(7):e65774. Available from: http://dx.doi.org/10.1371/journal.pone.

0065774 PMID: 23843945

61. Kwak H, Lee C, Park H, Moon S. What is Twitter, a social network or a news media? Proceedings of

the 19th international conference on World wide web—WWW’10 [Internet]. Association for Computing

Machinery (ACM); 2010; Available from: http://dx.doi.org/10.1145/1772690.1772751

62. Krishnamurthy B, Gill P, Arlitt M. A few chirps about twitter. Proceedings of the first workshop on Online

social networks—WOSP’08 [Internet]. Association for Computing Machinery (ACM); 2008; Available

from: http://dx.doi.org/10.1145/1397735.1397741

63. Chu Z, Gianvecchio S, Wang H, Jajodia S. Who is tweeting on Twitter. Proceedings of the 26th Annual

Computer Security Applications Conference on—ACSAC’10 [Internet]. Association for Computing

Machinery (ACM); 2010; Available from: http://dx.doi.org/10.1145/1920261.1920265

64. Stringhini G, Wang G, Egele M, Kruegel C, Vigna G, Zheng H, et al. Follow the green. Proceedings of

the 2013 conference on Internet measurement conference—IMC’13 [Internet]. ACM Press; 2013;

Available from: http://dx.doi.org/10.1145/2504730.2504731

65. Anger I, Kittl C. Measuring influence on Twitter. Proceedings of the 11th International Conference on

Knowledge Management and Knowledge Technologies—i-KNOW’11 [Internet]. Association for Com-

puting Machinery (ACM); 2011; Available from: http://dx.doi.org/10.1145/2024288.2024326

66. Xuan Q, Fu C, Yu L. Ranking developer candidates by social links. Advances in Complex Systems.

2014; 17(07n08):1550005. Available from: http://dx.doi.org/10.1142/s0219525915500058

67. Twitter Help Center [Internet]. Following rules and best practices [cited 2016 Feb 20]. Available from:

support.twitter.com/articles/68916-following-rules-and-best-practices.

68. Cha M, Haddadi H, Benevenuto F, Gummadi PK. Measuring user influence in Twitter: the million fol-

lower fallacy. Proceedings of the Fourth International AAAI Conference on Weblog and Social Media

(ICWSM); 2010;10:10-17.

69. Yang Z, Guo J, Cai K, Tang J, Li J, Zhang L, et al. Understanding retweeting behaviors in social net-

works. Proceedings of the 19th ACM international conference on Information and knowledge manage-

ment—CIKM’10 [Internet]. Association for Computing Machinery (ACM); 2010; Available from: http://

dx.doi.org/10.1145/1871437.1871691

Diffusion Dynamics of Energy Saving Practices

PLOS ONE | DOI:10.1371/journal.pone.0164476 October 13, 2016 22 / 23

http://dx.doi.org/10.1016/j.enbuild.2014.02.074
http://dx.doi.org/10.1016/j.enbuild.2014.02.074
http://dx.doi.org/10.1056/nejmsa0706154
http://www.ncbi.nlm.nih.gov/pubmed/18499567
http://dx.doi.org/10.1056/nejmsa066082
http://www.ncbi.nlm.nih.gov/pubmed/17652652
http://dx.doi.org/10.1086/268307
http://dx.doi.org/10.1086/268307
http://dx.doi.org/10.1093/acprof:oso/9780195301014.003.0010
http://dx.doi.org/10.1093/acprof:oso/9780195301014.003.0010
http://dx.doi.org/10.1177/0002764211409378
http://dx.doi.org/10.1177/0002764211409378
http://dx.doi.org/10.1016/j.socnet.2011.05.006
http://dx.doi.org/10.1177/1075547008328797
http://dx.doi.org/10.1371/journal.pone.0115545
http://dx.doi.org/10.1371/journal.pone.0115545
http://www.ncbi.nlm.nih.gov/pubmed/25729900
http://dx.doi.org/10.1371/journal.pone.0065774
http://dx.doi.org/10.1371/journal.pone.0065774
http://www.ncbi.nlm.nih.gov/pubmed/23843945
http://dx.doi.org/10.1145/1772690.1772751
http://dx.doi.org/10.1145/1397735.1397741
http://dx.doi.org/10.1145/1920261.1920265
http://dx.doi.org/10.1145/2504730.2504731
http://dx.doi.org/10.1145/2024288.2024326
http://dx.doi.org/10.1142/s0219525915500058
http://dx.doi.org/10.1145/1871437.1871691
http://dx.doi.org/10.1145/1871437.1871691


70. Kruskal WH, Wallis WA. Use of Ranks in One-Criterion Variance Analysis. Journal of the American

Statistical Association [Internet]. Informa UK Limited; 1952 Dec; 47(260):583–621. Available from:

http://dx.doi.org/10.1080/01621459.1952.10483441

71. Mann HB, Whitney DR. On a Test of Whether one of Two Random Variables is Stochastically Larger

than the Other. The Annals of Mathematical Statistics [Internet]. Institute of Mathematical Statistics;

1947 Mar; 18(1):50–60. Available from: http://dx.doi.org/10.1214/aoms/1177730491

72. Troldahl VC. A Field Test of a Modified “Two-Step Flow of Communication” Model. Public Opinion

Quarterly [Internet]. Oxford University Press (OUP); 1966; 30(4):609. Available from: http://dx.doi.org/

10.1086/267459

73. Del Val E, Rebollo M, Botti V. Does the Type of Event Influence How User Interactions Evolve on Twit-

ter? Amblard F, editor. PLoS ONE [Internet]. Public Library of Science (PLoS); 2015 May 11; 10(5):

e0124049. Available from: http://dx.doi.org/10.1371/journal.pone.0124049 PMID: 25961305

74. Chu K-H, Unger JB, Allem J-P, Pattarroyo M, Soto D, Cruz TB, et al. Diffusion of Messages from an

Electronic Cigarette Brand to Potential Users through Twitter. Bauch CT, editor. PLoS ONE [Internet].

Public Library of Science (PLoS); 2015 Dec 18; 10(12):e0145387. Available from: http://dx.doi.org/10.

1371/journal.pone.0145387 PMID: 26684746

75. Gao Z-K, Yang Y-X, Fang P-C, Zou Y, Xia C-Y, Du M. Multiscale complex network for analyzing exper-

imental multivariate time series. EPL (Europhysics Letters). 2015; 109(3):30005. Available from: http://

dx.doi.org/10.1209/0295-5075/109/30005

76. Gao Z-K, Yang Y-X, Fang P-C, Jin N-D, Xia C-Y, Hu L-D. Multi-frequency complex network from time

series for uncovering oil-water flow structure. Scientific reports. 2015; 5:8222. Available from: http://dx.

doi.org/10.1038/srep08222 PMID: 25649900

Diffusion Dynamics of Energy Saving Practices

PLOS ONE | DOI:10.1371/journal.pone.0164476 October 13, 2016 23 / 23

http://dx.doi.org/10.1080/01621459.1952.10483441
http://dx.doi.org/10.1214/aoms/1177730491
http://dx.doi.org/10.1086/267459
http://dx.doi.org/10.1086/267459
http://dx.doi.org/10.1371/journal.pone.0124049
http://www.ncbi.nlm.nih.gov/pubmed/25961305
http://dx.doi.org/10.1371/journal.pone.0145387
http://dx.doi.org/10.1371/journal.pone.0145387
http://www.ncbi.nlm.nih.gov/pubmed/26684746
http://dx.doi.org/10.1209/0295-5075/109/30005
http://dx.doi.org/10.1209/0295-5075/109/30005
http://dx.doi.org/10.1038/srep08222
http://dx.doi.org/10.1038/srep08222
http://www.ncbi.nlm.nih.gov/pubmed/25649900

