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DEDICATION
This research is devoted to all citizen scientists around the globe. More than ever the
public participation in science is playing a major role in biodiversity conservation and its
now time to recharge the relationship between scientists and citizens, bringing amateur
naturalists back into the world of scientific research, to collect and analyze data, and to
enable ordinary citizens to use the tools of science to shape policy, increase
government accountability and nature conservation awareness.
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RESUMO
Resumo do Trabalho Final apresentado ao Programa de Mestrado Profissional em
Conservação da Biodiversidade e Desenvolvimento Sustentável como requisito parcial
à obtenção do grau de Mestre
Título: Análise de Influenciadores Digitais em Ciência Cidadã (CSIs) como ferramenta
central no impulsionamento do monitoramento global da biodiversidade.

Por: SANDRO VON MATTER
Novembro / 2019
Orientador: Prof. Dr. Alexandre Uezu

Na última década, a incrível contribuição de voluntários em estudos científicos e
programas de monitoramento de dados ambientais marcou o início de um novo período
para a ciência participativa, a era da ciência cidadã. Esta nova modalidade de pesquisa
tornou-se hoje um componente essencial para projetos em larga escala. A cada dia,
mais e mais iniciativas focadas no mapeamento e monitoramento da biodiversidade
através de, contribuições públicas, surgem em resposta a crescente demanda pela
acessibilidade em, tempo real, do estado da biodiversidade global assim como
também, aumenta exponencialmente a demanda pelo engajamento de novas
audiências, além da retenção e recrutamento de voluntários em massa. Neste contexto,
estudos que possibilitem qualificar e quantificar processos e dinâmicas de engajamento
e público são essenciais para programas baseados na contribuição pública para
obtenção de dados.Com o objetivo de entender melhor o engajamento público em
projetos de ciência cidadã e criar um conjunto de diretrizes base para implementar
novas iniciativas, foram comparadas duas abordagens diferentes para o lançamento de
projetos baseados na plataforma iNaturalist (traduzida para o português durante o
estudo). No primeiro, os projetos foram lançados em diferentes redes de mídia social e
promovidos por meio das ferramentas pagas disponíveis; no segundo, foram aplicadas
análises de mineração de dados e redes de mídia social (Pacote Social Mine Mine R,
Netvizz, Gephi) para rastrear possíveis influenciadores antes no início da campanha,
uma vez identificados esses influenciadores, estavam envolvidos no projeto e se
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tornaram o único responsável por toda a promoção. Os resultados para o potencial
crescimento independente de participantes da campanha promovida por
influenciadores mostraram um alto grau de impacto, atingindo 17 comunidades de
nichos virtuais únicos fora do espectro original de influência dos influenciadores de
campanha, enquanto os resultados para a base da campanha apenas no anúncio
apresentado um baixo grau de impacto, alcançando 5 comunidades de nichos virtuais
vinculadas anteriormente dentro do espectro original de influência da campanha. Os
resultados para as redes de mídia social geradas pelas duas campanhas diferem
bastante, não apenas no número total de engajamento de voluntários que interagem
com a campanha nas mídias sociais (campanha CSIs = 3.498; campanha publicitária =
1.588), mas também no número de interações entre voluntários que reflete diretamente
no surgimento de comunidades digitais envolvidas no programa de ciência cidadã
promovido (campanha CSIs = 5.231; campanha publicitária = 1.489). Já os resultados
obtidos para recrutamento de participantes e captação de dados, a estratégia de
engajamento baseada na promoção da campanha através do apoio de influenciadores
obteve um maior grau de sucesso tanto em relação ao recrutamento de participantes
quanto para o número total de dados captados e submetidos, com 275 participantes
recrutados e 5.472 novas observações enviadas a plataforma iNaturalist enquanto que,
a campanha promovida através de ferramentas de impulsionamento pagas recrutou
apenas 46 participantes e recebeu o envio de somente 1.169 novas observações. Os
resultados obtidos nsta pesquisa apontam que programas de ciência cidadã, ao redor
do mundo que, desejem ser bem sucedidos a longo prazo devem privilegiar o
investimento de recursos primeiramente, em processos voltadas a criar e manter
ambientes digitais sadios (como grupos online) para abrigar comunidades de
voluntários ativos e potenciais além de, se dedicar a implementar continuamente
técnicas de rastreamento e identificação de influenciadores através do suporte de
análises de redes sociais. Denominados aqui como CSIs, sigla em inglês para
influenciadores em ciência cidadã demonstraram desempenhar um papel essencial na
manutenção da sustentabilidade, a curto e longo prazo, de projetos de ciência cidadã e,
assim como programas dedicados ao tema tendem a crescer exponencialmente nos
próximos anos, também aumentará a demanda por estratégias que garantam o
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recrutamento e a retenção de participantes e, desta forma, pesquisas voltadas ao
rastreamento, identificação, monitoramento, classificação e envolvimento de
influenciadores altamente relevantes em campanhas de engajamento nete tema se
tornará indispensável e mandatório.

Adicionalmente: as contribuições diretas desta tese aos campos da conservação da
biodiversidade e da ciência cidadã incluem: a disponibilização de um modelo inovador
e replicável para a implementação e manutenção de projetos de ciência cidadã
voltados a coleta de dados através de submissão de registros online, incluindo métodos
para o estabelecimento de comunidades online, métodos para a identificação de
influenciadores e técnicas de campanhas de engajamento em redes sociais; a
disponibilização aberta e gratuita da plataforma iNaturalist (plataforma de ciência
cidadã voltada ao monitoramento da bioiversidade), totalmente traduzida e adaptada
para o território brasileiro, disponível para abrigar uma ampla diversidade de iniciativas
volatdas ao engajamento do público na coleta de dados sobre a biodiversidade; o
estabelecimento do primeiro grande projeto de ciência cidadã voltado a todos os
táxons, através da implementação da iniciativa “City Nature Challenge” em português,
Desafio Natureza nas Cidades, com foco no registro da biodiversidade urbana das
cidades brasileiras, para captação de dados e posterior submissão ao GBIF
(Ferramenta Global de Informação sobre Biodiversidade) que disponibiliza os dados
abertamente para cientistas e tomadores de decisão.
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ABSTRACT
Abstract presented as part of the Final Work to the Graduate Program in Biodiversity
Conservation and Sustainable Development as a partial requirement to obtain the
Master’s degree.
Title: Citizen science influencers (CSIs) analysis as a major boosting tool for global
biodiversity monitoring.

By SANDRO VON MATTER
November / 2019
Advisor: Prof. Ph.D. Alexandre Uezu

Citizen Science in the last decade has become a major force in terms of data
achievement, with a growing arm of biodiversity monitoring citizen scientists which
make it not only possible but, also, viable to track biodiversity status even in real-time,
worldwide. However, if initiatives to monitor biodiversity using public contributions are to
increase on a scale that can accommodate huge data needs, they will need to engage a
much larger audience and it's crucial to understand the process and dynamics of public
engagement either for new participants or to straight the loyalty of the community
already involved. Aiming to better understand the public engagement into citizen
science projects and the role of citizen science influencers (CSIs) two different
approaches for launching campaigns to promote projects based on the iNaturalist
platform were compared. Two campaigns were launched in different social media
networks and promoted, in the first one the online promotion was based on available
paid advertisement tools, and in the second one, data mining and social media network
analysis were applied to identify and track potential influencers before the beginning of
the campaign, once identified those influencers were involved in the project and
became solely responsible for all the promotion. The results for potential independent
increase of participants for the campaign promoted by influencers showed a high
degree of impact, reaching out to 17 virtual singular niche communities outside of the
original spectrum of influence of campaign influencers while, results for the campaign
based solely on advertisement presented a low degree of impact, reaching out to 5
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virtual linked niche communities previously inside of the original spectrum of influence of
the campaign. Results for the social media networks generated by both campaigns
highly differ, not only in the total number of engagement of volunteers interacting with
the campaign on social media (CSIs campaign = 3,498; Advertisement campaign =
1,588) but also to the number of interactions between volunteers which direct reflects in
the rise of digital communities early engaged in the promoted citizen science program
(CSIs campaign = 5,231; Advertisement campaign = 1,489). Regarding recruitment of
participants and data achievement, the engagement strategy based on non-paid
influencers campaign achieved a higher degree of recruitment and data registers
submitted, accounting for 275 participants and 5.472 new observations submitted in the
iNaturalist platform while the paid advertising campaign accounted for 46 participants
and 1.169 new observations. The results presented here point out that citizen science
programs across the globe aiming to achieve long-term success should invest
resources into creating and maintaining healthy cyber-environments to host
communities of volunteers and, tracking and identifying through social media analysis
potential influencers, rather than investing resources in high-tech platforms before
engaging a specific audience. The here named citizen science influencers (CSIs) have
shown in this research to play a main role in the short and long term sustainability of
citizen science projects and, as citizen science programs continue to grow
exponentially, also increase the demand for strategies to warranty recruitment and
retainment of volunteers interested in participating and, research focused on tracking,
identifying, monitoring, ranking and, as well involving highly-relevant influencers on
citizen science engagement campaigns will become indispensable and mandatory.

Additionally, the direct contributions of this thesis to the fields of biodiversity
conservation and citizen science include: providing an novel and replicable model for
the implementation and maintenance of citizen science projects focused in data
collection through online submission of records, including methods for the establishment
of online communities, methods for identifying influencers and techniques to manage
social media engagement campaigns; the free and open availability of the iNaturalist
platform (citizen science platform focused on biodiversity monitoring), fully translated
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and adapted to the Brazilian territory, available to host a wide range of initiatives
designed for public participation in the collection of biodiversity data; the establishment
of the first major citizen science project directed to all taxons, through the
implementation of the City Nature Challenge initiative or in Portuguese, “Desafio
Natureza nas Cidades”.based on recording the urban biodiversity of Brazilian cities, for
data capture and subsequent submission to GBIF (Global Biodiversity Information
Facility) becoming than freely available for scientist and decision makers.
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1. INTRODUCTION
1.1 CITIZEN SCIENCE AS A MAJOR FORCE FOR BIODIVERSITY MONITORING

Welcome to the revolutionary era of volunteer participation in science (Pfeffer and
Wagenet 2007) now, more than ever, volunteers play an irreplaceable role supporting
professional scientists and science programs across the globe throughout a variety of
projects over several areas.

In biodiversity conservation, volunteers have been literally, essential for centuries, at
least since 1644, year of the first documented register of environmental data made by a
volunteer more precisely, the registers of cherry tree blossom by Tokistune Hiramatsu,
a well-known court figure of the Edo era (Kobori and Primack 2003; Primack and
Higuchi 2007).

Although, observations of amateur naturalists have been largely spread, only now with,
but not only, the advance of the internet, the availability of inexpensive digital cameras
but, also, the incredible rise of smartphones with electronic sensors built-in cameras
and GPS, filled by hundreds of apps linking together the technological forces of cloud
and mobile computing, social networking, and ‘big data’ turning mobile devices into
sophisticated sensors and powerful computers (Chih-Chin Yang and Huang 2012).
Alongside an impressive increase in the rate and efficiency with which data and
knowledge are transmitted and shared among people, particularly through social
networks where comments or photographs can be shared with an online community,
volunteer participation in science has been provided with a key advantage.

This incredible capability of almost instant collection, transmission, and submission of
data (Dickinson et al. 2010) is now empowering scientists and conservation managers
with a growing arm of biodiversity monitoring citizen scientists making not only possible
but, also, viable to track even, in real-time, biodiversity status worldwide (Pimm et al.
2015).
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In this new information era, smartphones, computers, and mobile technology are
enabling a crowd of regular citizens to become part of an innovative way of doing
science. By collecting information about the world and the things they care about,
exactly as Hiramatsu was collecting data on cherry tree phenology, volunteers are now
helping professional scientists to advance knowledge while speeding up new
discoveries and innovations (Bhattacharjee 2005; Couvet et al. 2008; Devictor et al.
2010).
The new generation of science volunteers had now been described as ‘citizen scientists’
(Irwin 2002). The so-called citizen scientists integrate a renewed mainstream activity
which can be defined as a form of research collaboration or data gathering that is
performed by untrained or “nonexpert” individuals, often involving members of the
public, and frequently thought of as a form of crowd-sourcing (Prestopnik and Crowston
2012; Wiggins and Crowston 2011) and, as well, ‘a method of integrating public
outreach and scientific data collection locally, regionally, and across large geographical
scales’ (Cooper et al. 2007).

Mainly, this new form of science volunteering can be differentiated from the historical
form by the potential for it to be “available to all rather than, to a privileged few”
(Silvertown 2009). Regardless of, citizen science will still usually incorporate an element
of public education (Rick Bonney et al. 2009; Brossard, Lewenstein, and Bonney 2005;
Cohn 2008; Crall et al. 2010).

In terms of biodiversity conservation data achievement, citizen science has fast become
an activity of extraordinary importance (R Bonney, Ballard, et al. 2009; Conrad and
Hilchey 2011; Irwin 2014; Irwin et al. 1997; Silvertown 2009).
Additionally, the rapid increase in the number of citizen science programs around the
world is already considered to be directly correlated with budget limitations of
government programs as well as: a high demand for data on environmental changes,
such as climate change; a growing recognition of the value of including multiple
stakeholders in decision-making processes; increasing awareness by scientists of the
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importance of evidence-based conservation; and the increasing desire of communities
to be involved in environmental management and achieving environmental and science
education outcomes (Conrad and Hilchey 2011; Whitelaw et al. 2009). Indeed, citizen
science programs are often more resilient to variations in financial support than other
programs (A. 2009; Boudreau and Yan 2004; Couvet et al. 2008).

Some of the key strengths of citizen science projects lie in the ease and speed with
which data can be gathered by a large number of individuals in a short time. Ordinarily,
constraints such as money and time would make studies that rely on big data virtually
unfeasible or impossible for an individual organization (Boudreau and Yan 2004; Crall et
al. 2011; Dickinson et al. 2010).

Due to this whole range of characteristics, this new form of science volunteering, which
has dramatically proliferated in the past decade (Aronson et al. 2017), becoming a
major force in terms of data collection for large-scale projects (Louv et al. 2012; Peters,
Eames, and Hamilton 2015) and may, be just the ‘right answer’ to supply one of the
biggest challenges of the contemporary times of biodiversity conservation.

In the 21st Century, conservation scientists are facing nothing less than the
Anthropocene era (Waters et al. 2016), a brave new world for thousands of species
around the globe. Human activities had impacted the global climate affecting patterns
and dynamics around the globe (Abbott and Maitre 2010; Brooks and Hoberg 2015; Bu,
Lin, and Zhang 2016; Letters 2002; Loarie et al. 2009; Loiselle et al. 2010; Parmesan
2006; Scarano and Ceotto 2015; Staudinger et al. 2012; Waters et al. 2016). By now, at
least 322 species of terrestrial vertebrates have become extinct while, populations of
the remaining species show a 25% average decline in abundance, 67% of monitored
invertebrates populations show a 45% mean abundance decline (Dirzo et al. 2014).

In this chaotic scenario, the rapid assessment of changes in the status and trends of
global biodiversity has become crucial for biodiversity conservation.
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In fact, this need has already been recognized by several international treaties such as
the Convention on Biological Diversity, the Convention on International Trade in
Endangered Species of Wild Fauna and Flora and the Convention on the Conservation
of Migratory Species (Opgenoorth and Faith 2018). Moreover, one of the four main
functions of the Intergovernmental Panel on Biodiversity and Ecosystem Services is to
“perform regular and timely assessments of knowledge on biodiversity” (Bello et al.
2015; Jardim et al. 2000; Mooney and Morgan 2015; Opgenoorth and Faith 2018;
Wunder, Carey, and Northwest 1996).

1.2 WHY INFLUENCERS MAY PLAY A MAIN ROLE IN CITIZEN SCIENCE?

Its well described in the literature that building and maintaining engagement amongst
citizen science program participants requires ongoing effort and resources (Bell et al.
2008; Geoghegan et al. 2016; Silvertown et al. 2013).

In this context, understanding volunteers motivations is crucial for recruiting and
retaining participants, as motivations determine volunteers types and levels of
satisfaction (Clary and Snyder 1999; Katz 1960) and, should be one of the main factor
to be taken into account for designing, implementing, and maintaining citizen science
projects (Brett Bruyere and Rappe 2007; Miles, Sullivan, and Kuo 1998; Ryan, Kaplan,
and Grese 2001; Weston et al. 2003).

Around the variety of motivations detected by previous studies, community building is a
key motivator for participation in citizen science (Rotman et al. 2012), as contrasted with
other volunteer activities for which acknowledgment and rewards are more common
motivators (e.g. open-source software development (Hars and Ou 2001). Indeed, the
clearest difference between the motives of citizen scientists and those of professional
scientists is just this: citizen scientists are much more motivated by collectivism
(Rotman et al. 2012). This is consistent with established patterns of volunteerism, which
points out that people are more likely to volunteer if they are more social (Wilson and
Musick 1997).
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As, truly online communities, digital citizen scientists communities are also highly
inspired by leaders, early adopters (Ahuja and Gans 1998; Chesbrough et al. 2007;
Dennis, Pootheri, and Natarajan 2015; Plötz et al. 2014), and influencers (Ahlström
2017; Feick and Price 2006; Fresno and Daly 2015; Hutchinson n.d.; Long 2016;
Penney 2018) whose plays an incredibly important role in motivating communities to
adopt new tendencies.

In fact, the study of opinion leaders and celebrity endorsers has been a recurring topic
within the field of marketing communication (Feick and Price 2006; Katz 1960;
McCracken 1989; Till and Busler 2000) because of their well-documented influence on
consumers decisions.

In Social media platforms influencers that not only interact with other users but also
create and distribute their own “user-generated content” (UGC) (Christodoulides 2009;
Daugherty, Eastin, and Bright 2013), influencing crowds of online followers to represent
a new type of opinion leader: citizen influencers (CIs). CIs may persuade followers and
influence their decisions through UGC (Bacile 2013; Hlavac et al. 2013; Kapoor 2012)
been more credible and far more influential than traditional marketing (Cheong and
Morrison 2013; Eccleston and Griseri 2008; Liu-Thompkins and Rogerson 2012).

The full role of citizen influencers is still highly underestimated on citizen science and,
should be closely analyzed. Since programs aiming to monitor biodiversity using public
contributions are to increase on a scale that can accommodate huge data needs, they
will also need to engage a much larger audience and understanding the process and
dynamics of public engagement either for new participants or to straight the loyalty of
the community already involved are absolutely vital.

2. OBJECTIVES
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The main objective of this study is to assess whether the, here denominated as citizen
science influencers (CSIs), can play an essential role into mass public engagement in
citizen science projects; including how social networks can be used to recruit and
promote crowdsourced citizen science projects by comparing the results of a campaign
promoted by non paid influencers to the results achieved by a campaign promoted
solely based on paid advertisement strategies on social media. In addition, to test social
media influencer's identification techniques to aggregate information to subside future
projects aiming to launch citizen science campaigns.
3. METHODS
The study area of this research comprised the seven capital cities in Brazil, Manaus,
Campo Grande, Salvador, Rio de Janeiro, São Paulo, Curitiba and Florianópolis.

Aiming to evaluate the effectiveness of citizen science influencers as a major
engagement boosting force, this research was subdivided into five different phases as
described in the flowchart below (Figure 1). Including, in the respective order: literature
review, creation of cyber-environments, social media data mining, influencers
identification, exploratory study and election of web platform and mobile app as tool for
data submission, election of suitable citizen biodiversity initiative as focal point for both
campaigns strategies (boosted by influencers and by paid advertisement) to be
compared, definition of campaigns experimental design, post-campaign social media
engagement data extraction and analyze and, post-campaign biodiversity data
achievement analyze.

The detailed methodology and applied algorithms are described below. In short, several
cyber environments were created in social media networks and advertised aiming to
initially aggregate potential communities and influencers. Once the phase of building
and strengthen online communities was consider robust by the minimal number of users
and interactions between them, the databank of interactions between members was
extracted and potential influencers were identified and ranked and, shortly thereafter
two engagement campaigns based on two distinct strategies were launched and
compared.
19

Figure 1 - Flowchart diagram for phases conducted during this research.
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3.1. LITERATURE REVIEW
An exhaustive literature review on citizen science and social media was implemented to
evaluate the relevance of this work and its innovative character in the field of citizen
science. However, the full content of this review will no be discussed in the present work
as it diverges from the main focus of this study.

Corroborating the available literature, our review virtually have demonstrated that by
November 2019, all scientific literature stored at online repositories strongly affirm that
citizen science programs can be consider as an groundbreaking tool for achieving
biodiversity conservation data pointing out that, this new generation of volunteers can
clearly provide not only an inexpensive and potentially large labor force (Bruyere and
Rappe 2007; Carley et al. 2014; Pfeffer and Carley 2012; Pfeffer and Wagenet 2007)
but also, contributing, at least indirectly to, the total costs of a research, besides the
wide array of benefits that citizen scientists themselves gain as fulfillment and
knowledge.

Regarding the role of influencers in the field of citizen science, the author of this work
have run an exhaustive literature review for publications approaching the role of
influencers on citizen science programs, including analysis of the impact of influencers
on engagement and retention of volunteers, both on Google Scholar, Scopus, and Web
of Science repository (Falagas et al. 2008) the results did not return any match for the
terms “influencer” and “citizen science”, the results for the term “influencer” and “social
media” returned 81 matches however none of the publications listed approached citizen
science projects, the results for the term “influencer” alone returned 990 matches once
again none of the publications listed approached citizen science projects, finally the
results for the term “citizen science” returned 980 matches however none of the
publications approached the thematic of how digital influencers can impact citizen
science projects.

The lack of scientific literature in the area highlights the crucial importance of this study
for citizen science coordinators as citizen science programs continues to grow
21

exponentially, increase the demand for strategies to warranty recruitment and
retainment of volunteers interested in participating in citizen science projects
(Sauermann and Franzoni 2015).

3.2. DESIGNING AND BUILDING CYBER-ENVIRONMENTS FOR AGGREGATING POTENTIAL
VIRTUAL COMMUNITIES AND MAIN INFLUENCERS
Aiming to build an online environment able to aggregate potential communities and,
therefore, track and identify main influencers the author launched from scratch thematic
cyberenvironments on well established social network platforms as Facebook and
Yahoo Groups.

In this context, a set of thematic Facebook groups, a Facebook fan page, and a Yahoo
group were established and these virtual environments were advertised through e-mail
to specific audiences already involved with environmental topics as groups engaged in
outdoor activities, wildlife photography, birding, environmental research and; from the
very beginning all communities were closely monitored for social media group
interactions, as well as all data, shared, was storage off-line.

Working with an existing platform like Facebook requires working within its constraints
and formats. Face¬book pages allow for the dissemination of information but can
display only posts being generated or shared by its administrators. In contrast,
Facebook groups allow any group member to post, like, or comment.

On Facebook groups, administrators can select from three levels of access (public,
closed, or secret) and decide whether an administrator must approve membership
requests while all Facebook Pages content is public.

Because we wanted to minimize barriers to participation from the initial set of Facebook
groups we selected a public group; this means that anyone with a Facebook account
can see all content. Non-members are able to interact with the group by liking and
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sharing content, but only members can post content of their own or comment on
existing posts.

For the aims of this research, we opted to consider a virtual community robust enough
for social interaction analysis, once these communities have reached the mark of a
thousand members for Facebook and five hundred members for Yahoo Groups.

3.3. FACEBOOK FAN PAGE AND FACEBOOK GROUP DATA MINING
Because the Facebook group choose for this experiment was a “public” group, all
content is freely visible online. As it is in the public domain, it is available for researchers
to examine without approval from an ethics committee or participant consent. Both data
collection methods described below were at the time of data collection free and
available to anyone with a Facebook account, whether or not a member of the group.

To respect privacy we have blanked out names of group members from figures; our
examination and description of content is respectful and does not compromise any
par¬ticipant.

The author monitored the Facebook group regularly, taking screenshots of interactions
of interest. Membership requests were recorded by acceptance date, and declined
memberships were logged. While Facebook has a data collection system for
participation statistics, its use at the time of data collection was limited to pages and not
available for groups.

Once the communities were robust enough, all data on social interactions were
extracted using a combination of software and statistical packages including the
NodeXL, SocialMediaMine R Package, Netvizz v. 1.3, Snoopreport and Netlytics data
extraction applications (Aldhous 2012; Nodexl 2019; Rieder 2013; Smith et al. 2009). As
a general rule, this set of tools collects content from posts, comments, and replies to
comments, with anonymous codes for individual users. Post type was reported as one
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of five categories: Status (text only), photo, video, link, or event. Data are were also
collected on the timing of each post or comment, the number of likes generated by each
post or comment, and the number of shares.

Data formats output were chosen by their generality and simplicity, to be the GDF
format introduced with the GUESS graph analysis toolkit. Tabular outputs used a simple
tab-separated format that can be opened in virtually all spreadsheet applications and
statistical packages.

3.4. YAHOO GROUP DATA MINING
As public Facebook groups, open Yahoo groups are freely visible online. As it is in the
public domain, it is available for researchers to examine without approval from an ethics
committee or participant consent.

Once again, as the community became robust enough, all data on social interactions
were extracted using the software PG Offline Version 4.0.860 Groupware for extraction
of all data, including posts and replies and all content was stored offline aiming posterior
analysis.

3.5. IDENTIFYING INFLUENCERS IN THE EXTRACTED DATA FROM THE CYBER-ENVIRONMENTS
Aiming to identify potential influencers, once data extraction was complete, a set of
algorithms were applied to analyze the databank. The communities for each platform
described above were unfolded and analyzed by applying the Eigenvector Centrality
Algorithm, Betweenness Centrality Algorithm and Modularity Class Statistics (Blondel,
et al. 2019; Lambiotte, Delvenne, and Barahona 2008).

In a second step, the social networks cloud were drawn in GEPHI (MARQUEZ 2013)
and submitted to the ForceAtlas2 algorithm, a Continuous Graph Layout Algorithm for
Handy Network Visualization Designed for Gephi Software (Jacomy et al. 2014).
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3.6. MATHEMATICAL DESCRIPTION OF ALGORITHMS APPLIED TO IDENTIFY INFLUENCERS
Eigenvector Centrality
Eigenvector centrality was first introduced by Bonacich (Bonacich 2007) and, it favors
nodes that have high correlations with many other nodes, specifically nodes that are
connected to nodes that are themselves central within the network. Thus it takes into
account the entire pattern of the network.

denote a

similarity matrix. Then the eigenvector centrality

of a node is defined

as the -the entry in the normalized eigenvector belonging to the largest eigenvalue of .
Note that with this definition
the largest eigenvalue and
factor

so that

fulfills the characteristics described above. With been
the corresponding eigenvector, then with proportionality

is proportional to the sum of similarity scores of all nodes

connected to it.

The uniqueness of this definition is ensured by the Perron-Frobenius theorem which
states that any square matrix with strictly positive entries has a unique largest real
eigenvalue with strictly positive components. This is also true for irreducible square
matrices with non-negative entries. An irreducible matrix has at least one non-zero offdiagonal element in each row and column.

Betweenness Centrality
The betweenness centrality

of some node is defined, as where

shortest geodesic paths from to , and
from to

is the number of

is the number of shortest geodesic paths

that pass through the node . This is normalized by dividing through the

number of pairs of nodes, not including , which is
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.

For weighted graphs, its complexity is
graphs to

where

which can be reduced for unweighted

is the number of edges (non-zero correlations) (Brandes 2010)

making it computationally impracticable for large values of or

.

Modularity Class
A variety of graph-theoretic definitions of communities are available, and there are
multiple algorithms for each. Algorithms based on the modularity metric are widely used.
The modularity metric compares the density of weighted links inside partitions to
weighted links crossing between partitions, ranging from 1 (high modularity) to -1 (no
modularity). Partitioning a graph into highly modular partitions defines nonoverlapping
communities. Finding the best possible partition under a modularity metric is
computationally hard (impractical to compute on large networks) (Brandes 2010;
Brandes et al. 2008).

The modularity class algorithm (Blondel, et al. 2019) offer a fast approximation
algorithm that gives good results (Blondel, et al. 2019). On each pass, each vertex is
initially placed into its own separate partition, and then the algorithm examines the
neighbors of each vertex to see whether moving the vertex to a neighbor’s partition can
increase modularity. This process iterates over vertices until no vertices move between
partitions. Then each partition so constructed is collapsed into a single vertex, with the
edges to other partitions merged, summing their weights. The algorithm then repeats on
the collapsed vertices until there is no further change in partition membership.
Part of the algorithm’s efficiency results from the fact that the gain in modularity ΔQ
obtained by moving an isolated node i into a community C can easily be computed by:
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Where in ∑in is the sum of the weights of the links inside C, ∑tot is the sum of the
weights of the links incident to nodes in C, ki is the sum of the weights of the links
incident to node i, ki, in is the sum of the weights of the links from I to nodes in C and m
is the sum of the weights of all the links in the network. A similar expression is used in
order to evaluate the change of modularity when i is removed from its community. In
practice, one, therefore, evaluates the change of modularity by removing I from its
community and then by moving it into a neighboring community.

3.7. ELECTION, TRANSLATION AND SCIENTIFIC NOMENCLATURE ADJUSTMENT OF A CITIZEN
SCIENCE WEB PLATFORM DESIGNED FOR BIODIVERSITY DATA ACHIEVEMENT
For the purpose of this research, after an exploratory study including more than one
hundred platforms and initiatives well established, the author elected the iNaturalist
platform, identified after a previously exploratory study of global cyberinfrastructures
and cyberspaces focused on citizen science biodiversity monitoring.

The author has translated for the mobile app a total of 5,596 words from English to
Brazilian Portuguese through the online localization translation platform, Crowndin
(Kudla 2017) and, for the website a total of 5,210 messages from English to Brazilian
Portuguese through a web-based translation platform, Translatewiki.net (Kravcik and
Popescu 2016). The entire platform scientific nomenclature was also adapted and,
launched in Brazil.

The iNaturalist model relies on crowds of citizen scientists to scale both the detection
and identification of species from photo vouchers. Apps such as iNaturalist
(www.inaturalist.org) allow division of labor between amateur observers uploading
mystery field observations from smartphones and experts who catalog the photos
provided. Such cooperation now produces high volumes of quality data for diverse taxa.
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For example, iNaturalist has already logged over a million records and has become the
preferred app for incorporating crowdsourced data into a national biodiversity survey
(Horn et al. 2018; Pimm et al. 2015; Ueda et al. 2015).

3.8. ELECTION OF SUITABLE INTERNATIONAL INITIATIVE ON BIODIVERSITY AS CAMPAIGNS
THEME
Focused on the aim of this research, to compare the engagement of participants on a
citizen science project through online campaigns supported by two different
approaches, boosted by digital influencers and by online paid advertisement, an
exploratory study of ongoing international citizen science initiatives aiming to collect
biodiversity data was established.

For the aims of this research, an initiative based on the online campaign should be
chosen by fulfilling two specific criteria; do not be restricted to a specific táxon or target
audience and, do not have been, in any way, promoted in the country where this study
took place (Brazil).

Taking this criteria into account, the author of this research have elected the
international citizen science global program “City Nature Challenge” (Leong and
Trautwein 2019), which utilizes the iNaturalist platform to encourage users to
photograph urban nature during a bioblitz, a initiative started by the California Academy
of Sciences and the Los Angeles Museum of Natural History. Launched in 2016 all over
the USA, the program was presented to the author in 2017 during the International
Citizen Science Conference.

Once, the initiative has been chosen, all its content was translated and adapted to be
launched in Brazil with the support of an international partnership between several
institutions.
3.9. CAMPAIGNS PROMOTION EXPERIMENTAL DESIGN
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Aiming to analyze the role of digital influencers, were compared to the impact and
effectiveness of online campaigns based on, two different approaches, promoted by non
paid influencers and by paid advertisement.

To minimize interferences between the different approaches during the experiment the
author created two new independent Facebook Fan Pages, respectively to host each of
the campaigns.

Regarding the approaches compared in this study were designed and launched two
distinguished campaigns focused on each approach:
-

Boosted by digital influencers – This campaign was solely based on tracking and
identifying main digital influencers and, engage those influencers to promote the
campaign on social media without any kind of paid advertisement.

-

Boosted by paid advertisement – On the other hand, this campaign was
completely based on plan social media advertisements without the involvement
of influencers.

Posteriorly, both were evaluated through the evaluation of success on the engagement
of potential volunteers on a social media campaign and recruitment which, were
considered as, the act of joining a citizen science initiative to register and submit
biodiversity data online.

For the aims of the first campaign approach, designed to be promoted solely by
influencers, the list of 300 main influencers obtained by the social network analysis of
the three cyber-environments described above (Facebook Fan Page, Facebook Group
and Yahoo Group) created to aggregate potential communities and track influencers (as
described in topics above) was ranked and the 10 influencers from each community
with higher scores in the communities databank were selected to be invited to become
involved in its promotion as special ambassador (without remuneration).
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From that point, influencers become responsible for promoting it on social media,
spreading the word about the project through by sharing, commenting and replying to
comments at all content published at a Facebook Fan Page.

Additionally, aiming to avoid external interferences and any cumulative effect the author
opted to run an experiment design following the criteria listed below:
-

Campaigns were promoted to the same geographic location.

-

Influencers were asked to promote only the same amount of content and during
the same amount of time applied to the promotion for the campaign based on
paid advertisement.

-

The same web platform and mobile app as well as, the same initiative and
campaign theme, both described and listed above, were used throughout the
entire research.

-

Was established a time interval cycle between campaigns of a whole year-round.

-

Campaigns based on different approaches were hosted on social media by
different Facebook Fan Pages.

-

All promotion content, e.g. images and text, posted on social media was
standardized for both campaigns including images, texts, and designs.

-

Standardization for both campaign of time and day period for all content
publishing on social media.

-

Influencers were asked to do not participate in any way on the promotion of the
paid advertisement campaign.

3.10. POST-CAMPAIGN SOCIAL MEDIA ENGAGEMENT DATA EXTRACTION AND ANALYSIS
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By the end of both campaigns, all data linked to the social media content in the form of
original posts on the respective Facebook Fan Pages, as the timing of each post or
comment, the number of likes generated by each post or comment, the number of
shares and the interaction between users were extracted and stored off-line.

To achieve the extraction, once again, a combination of software and statistical
packages including the NodeXL, SocialMediaMine R Package, Netvizz v. 1.3,
Snoopreport and Netlytics data extraction applications (Aldhous 2012; Nodexl 2019;
Rieder 2013; Smith et al. 2009) were applied to extract the databanks from Facebook,
either for the campaign boosted by influencers or boosted by paid online advertisement.

As before, during the influencer's identification phase, data formats output were chosen
by their generality and simplicity, to be the GDF format introduced with the GUESS
graph analysis toolkit. Tabular outputs used a simple tab-separated format that can be
opened in virtually all spreadsheet applications and statistical packages.

Once both databanks were extracted, a set of algorithms were applied to quantify and
analyze the effectiveness of each campaign's approach to boost engagement on social
media. The community clouds for each campaign described above were unfolded and
analyzed by applying the Eigenvector Centrality Algorithm, Betweenness Centrality
Algorithm and Modularity Class Statistics (Blondel, et al. 2019; Lambiotte et al. 2008).

Onde unfolded, the complete social network clouds with its interactions were drawn in
GEPHI (MARQUEZ 2013) and submitted to the ForceAtlas2 algorithm, a Continuous
Graph Layout Algorithm for Handy Network Visualization Designed for Gephi Software
(Jacomy et al. 2014).

3.11. QUANTIFYING THE CAMPAIGN RECRUITMENT
The participation of citizen science volunteers recruited through social media for both
campaign approaches (boosted by influencers and, boosted by paid advertisement) was
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recorded and stored off-line through the elected web platform for this experiment, the
iNaturalist.

For the aims of this research, to quantify the participation of volunteers, the total number
of participants recruitment were considered the number of volunteers which join the web
platform during the time when the social media campaigns were active by creating an
individual profile at the web or mobile version of the platform and, as well, have
submitted at least one photographic register to the initiative.

Additionally, the total number of observations submitted to the web platform for each
campaign approach was quantified and compared.
3.12. POST CAMPAIGN BIODIVERSITY DATA ACHIEVEMENT ANALYSIS
All data gathered by the iNaturalist platform, after going through a verifiable process is
definitively deposited at the Global Biodiversity Information Facility (GBIF) which
accounts for 420 million records and 1.45 million species names (Global Biodiversity
Information Facility; www.gbif.org). The GBIF works as a network of nodes (of about
14.000 datasets) and provides a single point of access to more than 500 million records
on almost 1.5 million species (Chavan et al. 2013; Flemons et al. 2007; Robertson et al.
2014).

Regarding, the aims of this study, biodiversity occurrence registers made by volunteers
during the active period of both campaign approaches were accessed, extracted and
analyzed.
4. RESULTS
4.1. INFLUENCERS IDENTIFICATION ON SOCIAL MEDIA CYBER-ENVIRONMENTS

The Facebook Fan Page reached a total of 13,465 likes successfully engaging a robust
audience of followers.

The virtual community was fully extracted and analyzed. The databank was obtained as
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a directed graph (Figure 2) composed by 15,392 vertices (single users interacting with
the page) and 26,249 edges (interactions between users), accounting for 1,113
commented posts, 1,031 consecutive posts, 203 commented comments, 307 users
tagged in comments, 22,176 post reactions, 1,353 liked comments and 63 shared
posts; for privacy reasons, only user IDs were collected.

Figure 2 - Network of Facebook users interacting with Fan Page. The biggest spheres are the citizen influencers
from the virtual community.

The Eigenvector Centrality Algorithm and Modularity Class Statistics were used to build
the graph and unfold the community, Betweenness Centrality Algorithm was
successfully applied to identify the vertices with the highest values in the databank (from
the highest=3793343,863 to the lowest= 30651,000).
The vertices in the graph (Figure 2) with the highest values were distinguished as the
potential influencers at the community and the first 100 users with higher scores were
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initially selected as potential citizen science influencers (CSIs) and the 10 users ranked
with higher scores were invited to join the campaign approach based on promotion by
non paid influencers (as described in the methods section).

The Facebook Group reached a total of 5,166 members engaging a robust community
of members.

The community was also fully extracted and analyzed. The databank was obtained as a
directed graph (Figure 3) composed of 3,405 vertices (single users interacting with the
page) and 46,082 edges (interactions between users), accounting for 8,113 posts,
10,113 comments, 117,115 post reactions; for privacy reasons, only user IDs were
collected.

Figure 3 - Network of Facebook users interacting in the Facebook Group. The biggest spheres are the citizen
influencers from the community, opinion leaders for 6 sub-groups represented in different colors.
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Eigenvector Centrality Algorithm and Modularity Class Statistics were used to build the
graph and unfold the community, Betweenness Centrality Algorithm was successfully
applied to identify the vertices (single users) with the highest values in the databank
(from the highest=1438606,859323 to the lowest=36341,997353).
The vertices in the graph (Figure 3) with the highest values were distinguished as the
potential influencers at the community and the first 100 users with higher scores were
initially selected as potential citizen science influencers (CSIs) and the 10 users ranked
with higher scores were invited to join the campaign approach based on promotion by
non paid influencers (as described in the methods section).

Additionally, opinion leaders for 6 thematic sub-groups addressing virtual communities
were identified including, urban restoration ecology enthusiasts, urban birders, wildlife
photographers, birders targeting rare registers, environmental art and behavioral
ecology of raptors.

The Yahoo Group reached a total of 1,639 members maintaining a community of
members interacting through e-mail and replies.

The community was fully extracted and analyzed. The databank was obtained as a
directed graph (Figure 4) composed of 1,496 vertices (single users) and 3,175 edges
(sent and replied messages); for privacy reasons, only user IDs were collected.

Once again, Eigenvector Centrality Algorithm and Modularity Class Statistics were used
to build the graph and unfold the community, Betweenness Centrality Algorithm was
successfully applied to identify the first one hundred vertices with the highest values in
the databank (from the highest= 239522.88355357113 to the lowest=
1462.506793206793).

35

The vertices in the graph (Figure 4) with the highest values were distinguished as the
potential influencers at the community and the first 100 users with higher scores were
initially selected as potential citizen science influencers (CSIs) and the 10 users ranked
with higher scores were invited to join the campaign approach based on promotion by
non paid influencers (as described in the methods section).
Opinion leaders for the entire community were ranked and tracked based on the
statistics values obtained during the analysis.

Figure 4 - Network of Yahoo Group users, the biggest spheres are the major citizen influencers from the
community, the colors represent the individual users with higher interactions, therefore, they do not represent
isolated communities but the level of influence.
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4.2. SOCIAL MEDIA ENGAGEMENT RESULTS FOR CAMPAIGN BOOSTED BY INFLUENCERS
The level of engagement boosted by the online campaign promoted by influencers was
significantly higher when compared to the performance based on paid advertisement,
reaching not only their usual audience but also several users from outside of their usual
spectrum of influence with remarkable levels of engagement and recruitment.

Soon after the end of the campaign, The City Nature Challenge Facebook Fan Page
was created to host all engagements in social media, the network was fully extracted
and the databank was obtained as a directed graph (Figure 5) composed by 3,498
vertices (single users interacting with the page) and 5,229 edges (interactions between
users), accounting for 97 commented posts, 67 consecutive commenters, 18
commented comments, 107 users tagged in comments, 4,846 post reactions, 50 liked
comments and 38 shared posts; for privacy reasons, only user IDs were collected.

Eigenvector Centrality Algorithm and Modularity Class Statistics to build the graph and
unfold the community, Betweenness Centrality Algorithm was applied to identify the
vertices with the highest values in the databank (not less than 97,707).
When analyzing the potential of sustainable growth of participants without further
interference this campaign presented a high degree of impact, reaching out to 17 virtual
singular niche communities outside of the original spectrum of influence of campaign
influencers.
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Figure 5 - Network created by the City Nature Challenge campaign first approach, the range of recruitment
promoted by digital influencers (orange spheres).

4.3. SOCIAL MEDIA ENGAGEMENT RESULTS FOR CAMPAIGN BOOSTED BY PAID
ADVERTISEMENT
In the second campaign approach, citizen science influencers were not tracked or
invited to join the initiative, and all campaign was solely promoted by social media
advertisement.

Soon after the end of the campaign, the network of interactions created by this
approach was fully extracted and the databank was obtained as a directed graph
(Figure 6) composed by 1,588 vertices (single users interacting with the page FanPage)
and 1,489 edges (interactions between users), accounting for 15 commented posts, 9
consecutive commenters, 2 commented comments, 19 users tagged in comments,
1,699 post reactions, 9 liked comments and 11 shared posts; for privacy reasons, only
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user IDs were collected.

Eigenvector Centrality Algorithm and Modularity Class statistical analysis were applied
to build the graph and unfold the community, Betweenness Centrality Algorithm was
applied to identify the vertices with the highest values in the databank (not less than
12,676).

When analyzing the potential of sustainable growth of participants without further
interference this campaign presented a low degree of impact, reaching out to 5 virtual
linked niche communities previously inside of the original spectrum of influence of the
campaign.

Figure 6 - Network created by the City Nature Challenge campaign in 2019, boosted by paid promotions without
the involvement of CSIs.
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4.4. CAMPAIGN RECRUITMENT RESULTS FOR PARTICIPANTS AND OBSERVATIONS ON
INATURALIST PLATFORM
By the end of the stipulated time period for both online campaigns, either the one
boosted by citizen science influencers (CSIs) or, by paid advertisement on social media,
the complete databank for volunteers participating in the project promoted was
extracted from the iNaturalist platform and stored off-line.

Data on the number of participants recruited by both social media campaigns regarding
users that have to join the iNaturalist platform and submit observations, as well as, the
total number of observations (the sum of observations submitted by all participants)
submitted to the citizen science program were quantified.

The result for participants recruited during the campaign boosted by social media
influencers was significantly higher (P < 0.05), accounting for a total of 275 volunteers
actively participating through the submission of registers to the platform. While the
results for the number of participants recruited during the campaign boosted by social
media advertisements accounted for a total of 46 volunteers (Figure 7).

40

Figure 7 - Total number of participants recruited by each campaign.

Regarding the total number of observations submitted during the time period when both
campaigns were active, the result for the campaign boosted by digital influencers on
social media was also significantly higher (P < 0.05) accounting for 5472 new registers
on the platform while the campaign boosted only by paid social media advertisement
without the involvement of digital influencers accounted for a total of 1169 registers
(Figure 8).
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Figure 8 - Total number of observations submitted during each campaign.

4.5. POST CAMPAIGN RESULTS FOR NEW OCCURRENCES ON GBIF DATABANK
As a general rule, all biodiversity data submitted by volunteers to the web platform
iNaturalist after been submitted to the standard species identification and validation
process and approved to the category Research Grade is automatically is deposited at
an open databank hosted by the GBIF - the Global Biodiversity Information Facility.

Therefore, GBIF data represents the total of registers on iNaturalist that have already
been identified and validated and not the total number of registers submitted to
iNaturalist and, for this reason, may as well be considered an indicator of data quality
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submitted to iNaturalist.

Aiming to analyze the data quality generated by the participants recruited during the
time of both campaigns and, to estimate the retention of participants during the three
consecutive months after the end of both campaigns, both databanks of occurrences
deposited on GBIF, either for the campaign boosted by citizen science influencers
(CSIs) and for the campaign promoted by paid advertisement on social media, were
extracted and analyzed through GBIF web portal tools.
The results showed that the campaign boosted by influencers achieved a higher
number of registers of occurrences deposited at GBIF, during the campaign period
(April), accounting for 750 new valid registers, while the campaign promoted by
advertisement accounted for 637 new valid registers on the databank.

Regarding, the level of retention of participants throughout the next three months, with
no engagement campaign, considered visually different between both campaign
strategies. While the campaign boosted by influencers (Figure 9) presented a more slow
and gradual decrease on the number of registers deposited on GBIF from 750 registers,
to 431 (May), to 371 (June) to 268 (July), the campaign boosted by advertisement
(Figure 10) presented an abrupt change by the end of the campaign period decreasing
immediately to the average number of registers recorded before the campaign, from
637 registers to 358 (May), to 393 (June), to 390 (July).
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Figure 9 - Number of species registers per month deposited on GBIF during the influencers campaign, 2018.

Figure 10 - Number of species registers per month deposited on GBIF during the advertisement campaign, 2019.
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5. DISCUSSION
The time has come for scientists to open the gates of science to public participation,
allowing persons from the most diverse audiences to act aiming for a more sustainable
future. In this context building bridges for volunteers participation in science is essential
and, provides benefits far beyond data achievement, offering the opportunity for
volunteers to engage in an open discourse based on the scientific knowledge that more
people can access, understand, and trust.

That is exactly how citizen science can increase scientific and environmental literacy
and extend public involvement in decision-making processes. Citizen science can help
identify patterns and gaps and help set priorities and allocate resources. By spreading
scientific knowledge and engaging more people in policy formulation, citizen science
can help reach solutions that lead to better environmental and social outcomes.

Regarding conservation science, citizen science is being increasingly promoted by
enthusiasts as an ideal tool for a global solution to many different problems, supporting
researchers across the globe all over different science topics, including for biodiversity
monitoring in special at large scale and long term projects.

As mention before, by 2019, virtually, all scientific literature available at online
repositories highly corroborate all the advantages of using citizen science programs as
an groundbreaking tool for achieving biodiversity conservation data pointing out that,
this new generation of volunteers can clearly provide not only an inexpensive and
potentially large labor force (Bruyere and Rappe 2007; Carley et al. 2014; Pfeffer and
Carley 2012; Pfeffer and Wagenet 2007) but also, contributing, at least indirectly to, the
total costs of a research, besides the wide array of benefits that citizen scientists
themselves gain as fulfillment and knowledge.

Citizen science is already contributing to natural resource and environmental
management and policymaking for more than fifty years in the US, which suggests how
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high resilient are citizen monitoring systems, usually impaired by variations in societal
priorities (Chavan et al. 2013; Sullivan et al. 2014; Wood et al. 2011).

Every year, tens of thousands of volunteers take to the forests, grasslands, wetlands,
coasts, lakes, streams, and even their own backyards to provide high-quality, usable
scientific information. Many large and longstanding projects would not be possible
without volunteers who produce long-term datasets, collect data over large geographic
areas, detect rare events and species, and address areas of research that would
otherwise be neglected. Citizen science has also made clear contributions to science,
contributing to many peer-reviewed publications and extensive datasets that natural
resources (Teleki 2012).

Nowadays, in the age of information revolution, citizen science program coordinators
face a new challenge, as a new generation of digital citizen scientists rises due to
innovative and inexpensive communication technologies. By the end of 2018, 5.1 billion
people around the world subscribed to mobile services, accounting for 67% of the global
population. An average annual growth rate of 1.9% between 2018 and 2025 will bring
the total number of mobile subscribers to 5.8 billion, 71% of the world population (GSM
Association 2019).

Science volunteers have now become digital science volunteers ruled by new
motivations boosted by different dynamics in a digital world (Cox et al. 2018). The
advances in communications and web services has fostered the creation of Online
Social Networks (OSN) which allow people to carry out remote social interactions
regardless of geographical and even cultural distances, leading to the emergence of
new social institutions (Haythornthwaite, Wellman, and Mantei 1995; Wellman 2001;
Wellman and Gulia 2018; Yang et al. 2009) which, although, are based on existing
ones, possesses specific characteristics (Kim 2000). For instance, many face-to-face
social rituals (Wellman and Gulia 2018) do not exist or have been adapted to the virtual
world (Johnson 2001). Specifically, the communities of practice (Porter 2006) that share
knowledge about a specific activity have benefitted from the new social media,
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Knowledge sharing (Kosonen 2009) is performed through blogging or forum services,
where users post their questions, responses, and proposals for cooperative project
development.

Citizen science program managers aiming to receive support of this new generation
must design research and monitoring programs that draw directly upon the development
and proliferation of information and communication technologies (Balram, Dragićević,
and Meredith 2004; Gouveia et al. 2004; Gunawan and Huarng 2015; Pimm et al. 2015;
Roberts, Donald, and Fisher 2005; Stevenson, Haber, and Morris 2003; Sullivan et al.
2014; Ueda 2017; Ueda and Loarie 2013).

However, as once before designing research based on achievement of data supported
by advanced tools and online platforms may just don’t be enough to engage this new
generation of volunteers as, even in the more traditional projects the participation of
volunteers is mainly motivated by factors just beginning to be understood (Bonney et al.
2014; R Bonney, Cooper, et al. 2009; Sutherland et al. 2004).

This new generation of digital science volunteers engaged in a complex network of
online interactions, cannot be considered by, citizen science program managers aiming
to conquer the support of an arm of digital citizen scientists, as a simple group of
connected individuals rather than that, the evolution of social media networks has
enabled virtual communities to evolve into an electronic hive mind, a temporal shared
consciousness (or mass mind) of people interacting through online communications
technologies and other means, expressing collective personalities, dispositions, and
temperaments (Gross 2019; Kaplan and Haenlein 2011; Thomas 2004).

To engage this new generation of citizen science volunteers it is essential to precisely
understand the collective personality, including the singular nuances and motivations,
expressed by the hivemind composed by the audience that managers are aiming to
reach. Previously studies analyzing social dynamics in the cyberspace have shown that
this cybercommunities shaping one hivemind tend to be highly influenced by one main
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factor, independent content producers knew as influencers (Chen 2017; Grube and
Markison 2013; Hutchins 2017; Livingstone 2006; Shi and Salmon 2018; Sianipar and
Yudoko 2012).

Influencers are considered to be individuals able to establish strong online identities
particularly through social media (Khamis, Ang, and Welling 2017) that endorse with
compelling power of an enormous number of followers through blogs, tweets and
through social media channels, such as Facebook, YouTube, and Instagram (Freberg et
al. 2011; Khamis et al. 2017) playing a main role on digital communities as social
network users with the ability to drive action and receive people's engagement on a post
which is shared by a strong social influencer on social media or in real life (Freberg et
al. 2011). Influencer marketing is the digital equivalent of word-of-mouth marketing. It is
defined as ‘a type of marketing that focuses on using key leaders to drive a brand’s
message to the larger market’ (Gillin 2008).

Very little is known about digital influencers. One main difference between influencers
and other key players in the digital world is that the border between content creation
and consumption vanishes. In contrast to celebrities or opinion leaders, influencers
create content for their audience and consume the traffic generated by their content.
They highly appreciate audience comments and take audience feedback very seriously,
thereby being influenced by their audience. Another difference is that influencers exert
high influence on specific topics or domains on social media and are not necessarily
global celebrities or opinion leaders (Williams 2016). Another difference is that
influencers exert high influence on specific topics or domains on social media and are
not necessarily global celebrities (Williams 2016) or opinion leaders.

Aiming to evaluate the effectiveness of Citizen Science Influencers (CSIs) as a major
engagement and recruitment force regarding the field of citizen science this study has
investigated the role of these influencers on a social media engagement campaign and
its aftereffect on the rates of recruitment of volunteers to participate on a to a
biodiversity monitoring citizen science program.
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Our findings shows that Citizen Science Influencers (CSIs) plays a main role in the
engagement of potential participants on social media campaigns, highly increasing the
interactions between the target audience and the campaign content, 120,28 % higher
than the engagement achieved by a campaign promoted by paid advertisement and,
consequently, improving its reach, traction, and organic growth. Likewise, our results
demonstrated that engagement campaigns promoted by citizen science influencers are
greatly efficient towards the significant increase of recruitment rates reaching rates
497,83 % higher when compared to social media campaigns promoted by plan paid
advertisement and, are equally more successful on positively increasing the rates of the
total number of registers submitted by participants recruited, which are 368,09 % higher.

These results point out the great relevance of influencers on the engagement of social
media audiences are strongly corroborated by several other publications focused on
areas of science as business or marketing, approaching the role of a diverse array of
influencers on the engagement and recruitment of several types of audiences

Regarding solely public health; 59 % of the survey participants followed social
influencers on social media platforms and 16 % of participants reported influencers as
having a high influence in determining their food choices. 32 % of participants stated
that social influencers motivated them to make healthier food choices and 41 % said
they motivated them sometimes. Social influencers can help motivate individuals to eat
a healthier diet (Byrne, Kearney, and MacEvilly 2017).

A paper published in 2019, examined the impact of social media influencer marketing of
foods (healthy and unhealthy) on children’s food intake. Children who viewed
influencers with unhealthy snacks had significantly increased overall intake (448.3
kilocalories [kcals]; P = .001), and significantly increased intake of unhealthy snacks
specifically (388.8 kcals; P = .001), compared with children who viewed influencers with
nonfood products (357.1 and 292.2 kcals, respectively). Viewing influencers with
healthy snacks did not significantly affect intake. Popular social media influencer
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promotion of food affects children’s food intake. Influencer marketing of unhealthy foods
increased children’s immediate food intake, whereas the equivalent marketing of
healthy foods had no effect. Increasing the promotion of healthy foods on social media
may not be an effective strategy to encourage healthy dietary behaviors in children
(Coates et al. 2019).

Another scientific study has already shown the gigantic potential of influencers
authoring microblogs in platforms like Twitter, affecting public perceptions of climate
change. However, the limiting ‘frames’ imposed by strategic users of microblogs and the
persuasive power of ‘influencers’ are often depicted as interfering with the open,
egalitarian potential of microblogs, and also, as perpetuating bias and misinformation.
But oversimplifying or biased framings and pronouncements by celebrities are the stock
and trade of microblogs (Auer, Zhang, and Lee 2014).

Digital influencers have also a massive impact on consumers purchasing behavior
online, through influencer marketing of different products. Mainly clothing, accessories
and beauty products are included in influencer marketing. Social media, bloggers,
influencers, brand ambassadors, etc. have brought online shopping to another level and
many businesses have taken advantage of the very efficient ways of advertising and
analyzing big data to gain valuable information about the consumers and the consumer
behavior online. Instagram, Facebook, YouTube, bloggers, influencers and a mix of
these marketing channels have a significant effect on how consumers’ act online,
before, at the time of the actual purchasing decision and also after the purchase
(Backaler 2018; Feick and Price 2006; Khalid, Jayasainan, and Hassim 2018; Lou and
Yuan 2019; Uzunoǧlu and Misci Kip 2014; Woods 2016).

A study with two influencers in Finland, Alexa Aavarinne and Michelle Blomqvist
analyzing data collected through semi-structured focus group interviews with consumers
of different ages between 16-31, and semi-structured interviews, pointed out that
fashion consumers are highly affected by influencer marketing, even more strongly if
they are younger, but all respondents are affected by influencer marketing in some way.
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They have, because of that, purchased many clothing products online. Sometimes
these purchases have been impulse purchases and the consumers have frequently
returned items that they have bought online (Kaulbars-staudinger 2019).

Even before she was born, baby Halston Blake Fisher had an enviable social media
following of over 112,000 Instagram subscribers. Now, at the tender age of five weeks,
she has over 380,000 followers and is already working with commercial partners.

Undeniably, her success is linked to that of her older twin sisters, two-year-olds Taytum
and Oakley who have 2.6 million Instagram followers. While her parents' individual
Instagram channels maintain a modest following, the family’s YouTube channel boasts
in excess of three million subscribers, all of which translate into lucrative commercial
deals (Childers, Lemon, and Hoy 2018).
In 2017, Forbes identified Ryan of “Ryan Toys Review”, then aged six, as the youngest
member of "the World’s Highest-Paid YouTube Stars for 2017", estimated to have made
$11 million the year before. With ever-increasing popularity and a following exceeding
18 million subscribers by the end of 2018, his income has doubled. And his unique
talent? Ryan is watched while unboxing and reviewing toys. Although he is entertaining
his peers most of the time, Ryan is also engaging in influencer marketing, a marketing
strategy connecting brands with social media influencers for advertising purposes
(Childers et al. 2018; Woods 2016).

Referring to the relationship between scientists and influencers, a study published on
2017, emphasizes that as part of their public communication strategy, scientists should
consider engaging with social media influencers, especially those who have indicated
an interest in promoting science. Scientists should propose a mutually beneficial
partnership, in which they provide facts, findings, and arguments that can be used to
accurately spread scientific messages, and those with social media followings spread
the information to a wide audience. In a world of “alternative facts,” a powerful voice or
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tweet could help to improve the communication gap between scientists and the public
(Galetti and Costa-Pereira 2017).

Concerning the field of citizen science, a broad literature review was conducted by this
study for publications approaching the role of influencers on citizen science programs,
including analysis of the impact of influencers on engagement and retention of
volunteers, both on Google Scholar, Scopus, and Web of Science repository (Falagas
et al. 2008) the results did not return any match for the terms “influencer” and “citizen
science”, the results for the term “influencer” and “social media” returned 81 matches
however none of the publications listed approached citizen science projects, the results
for the term “influencer” alone returned 990 matches once again none of the
publications listed approached citizen science projects, finally the results for the term
“citizen science” returned 980 matches however none of the publications listed
investigated if and how digital influencers can impact citizen science projects.

The lack of scientific literature in the area highlight the crucial importance of this study
for citizen science coordinators as citizen science programs continues to grow
exponentially, increase the demand for strategies to warranty recruitment and
retainment of volunteers interested in participating (Sauermann and Franzoni 2015).

The here named citizen science influencers (CSIs) have shown in this research to play
the main role in the short and long term sustainability of online and crowdsourced
citizen science projects. These individuals are considered to invest more time than the
average user in daily interaction with other members of online communities. Through
this engagement, they support the growing and strengthening of a community that once
engaged in a collaborative project is able to deliver notable outcomes.

Likewise, by providing social connections among individuals with similar interests and
motivations (Galarneau 2002; McDermott 2011; Wiggins and Crowston 2010), they may
be highly-relevant to long term retention of participants, which is considered one of the
keys to project citizen science projects success (Andow et al. 2016) once, previously

52

research has demonstrated that participants that become loyal to projects over a longterm scale can provide a disproportionately large share of the contributions (Sauermann
and Franzoni 2015).

As citizen science programs continue to grow exponentially, also increase the demand
for strategies to warranty recruitment and retainment of volunteers interested in
participating (Sauermann and Franzoni 2015) and, research focused on tracking,
identifying, monitoring, ranking and involving highly-relevant influencers on citizen
science engagement campaigns will become indispensable and mandatory.
6. CONCLUSIONS

In this study, the effectiveness of citizen science influencers as a major engagement
boosting force was evaluated by comparing two different strategies to promote social
media engagement and the active recruitment of potential participants.

For the first approach, the online promotion campaign was based only on available paid
advertisement tools, on a second approach, data mining and social media network
analysis were applied to identify and track potential influencers before the beginning of
the campaign, once identified those influencers were involved in the engagement
process and became solely responsible for all the promotion without the support of paid
advertisement.

The results achieved by this research points out that the integration of the steps
adopted to aggregate communities and potential influencers in a cyber-environment
combined with the social media network analysis techniques applied to monitor, extract
and unfold communities online and, as well, identify citizen science influencers and
engage those influencers on the promotion of social media campaigns can be
considered a highly efficient approach to recruit participants and therefore should be
considered as model to be replicated by citizen science programs aiming accomplish
short-term efficacy and long-term sustainability.

53

Citizen science influencers (CSIs) showed to be not only more efficient on the
engagement of audiences to interact with the content from social media campaigns
improving its traction on social media networks but, also, were more efficient on
recruiting participants to actively join the citizen science project promoted by submitting
data online and, even possibly, were able to impact positively the retention of volunteers
participating months after the end of promotion campaigns.

Until the present moment, no previous studies have addressed the role of digital
influencers on the engagement and recruitment of participants for citizen science
projects which highlights the relevance of this work and it’s innovative character.

Although our results show the relevance of influencers on the promotion of engagement
campaigns, this study did not evaluate techniques to predict if and how influencers of an
online community may change their level of influence through a long term scale of time,
i.e. how well will they score in the future in the ranking of influencers for a certain
community. Future research should consider to investigate the efficiency of algorithms
to be applied to estimate the rise and fall of influencers.

The author suggests that citizen science initiatives should strongly invest resources in
studies to track and, monitored, through social media analysis online communities and
highly-relevant influencers besides, creating and maintaining healthy cyberenvironments to host already engaged communities and aggregate new potential
participants.
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