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The world is facing an unprecedented global biodiversity crisis. An estimated ��% of 

known plant and animal species are threatened with extinction. The dominant driver 

is human activity: Our impact on non-human nature has been continuously acceler-

ating over the course of the last century. 

One of the most substantial impacts on biodiversity is unsustainable use, in-

cluding the hunting or trapping of animals for consumption, for medicinal purposes, 

or for keeping them as pets. A tradition reaching back thousands of years, the trade 

in wildlife has recently taken on dimensions that render large parts of it unsustainable 

and a threat to the survival of affected species and to biodiversity as a whole. The de-

mand for rhino horn and elephant ivory for medicinal and aesthetic purposes drives 

poaching in countries where these species occur. An exotic pet market, in which 

wild-caught animals are popular, puts pressure on wild populations of, e.g., reptiles, 

songbirds and small primates. We need to understand better why people use wildlife 

unsustainably to find solutions that can help address the biodiversity crisis. However, 

this type of research is cumbersome and expensive. 

Meanwhile, digital platforms, such as social media, online news, and e-com-

merce, have become rich and cost-effective data sources for research. People share 

their lives online; a part of the shared information concerns their interaction with 

nature. Conservation culturomics and digital conservation use online data to study 

this engagement with nature. For instance, access statistics to Wikipedia have been 

used as a proxy for people’s interest in biodiversity, and geo-located photos posted on 

Instagram to infer national park visitors’ demographics. Increasingly sophisticated 

analyses use novel methods from computer vision and natural language processing to 

make sense of more complex online data, such as text, images, or video. 

In this thesis, I explore, develop, and evaluate novel methods and approaches to 

unlock the previously unused opportunities digital media offer to conservation sci-

ence. My research resulted in five journal articles that form chapters of this thesis. In 

Abstract
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Abstr�ct

the first chapter, I present a comprehensive review of relevant data sources and ad-

vanced methods for spatial-temporal, content, and network analyses. The focus of 

the second chapter is on data privacy issues that arise from handling digital media 

data in conservation research. Using the European Union’s General Data Privacy 

�egulations as a benchmark, I develop a framework with practical guidelines to help 

meet legal and ethical standards when using social media data. The third chapter pro-

poses a workflow using artificial intelligence methods to collect, filter and identify 

social media data linked to illegal wildlife trade. It can help provide a manageable 

amount of data, which is cleaned to remove irrelevant content and annotated to 

identify and quantify image and text content, for further analysis. In the fourth chap-

ter, I detect conservation-related events using the general public’s sentiment on social 

media and online news. �elative changes in sentiment and post count reliably predict 

all major events related to rhinoceros conservation in a time series over the study pe-

riod. For the fifth, final, chapter, I use data on three threatened species from three 

online sources and employ methods from natural language processing and computer 

vision to investigate the online songbird trade in Indonesia, its price structure and the 

spatial characteristics of its supply chain. 

The results of my thesis highlight the potential that advanced analysis of digital media 

can have for conservation science. I introduce new methods and demonstrate the use 

of diverse data sources. The concepts and the openly-available tools developed in this 

thesis should guide conservation scientists and practitioners, as well as researchers in 

other fields, and inspire them to use digital media data in their own work. 
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Digitaalisen median tuottamaa tietoa käytetään yhä enemmän luonnonsuojelututki-

muksessa. Sen avulla tutkijat ja päättäjät voivat ymmärtää ihmisten uskomuksia, arvoja 

ja vuorovaikutusta luonnonympäristön kanssa sekä tarkastelemaan asiaan liittyviä uu-

tisia ja tapahtumia maailmanlaajuisesti.

Tämän kaltaisen tiedon tärkeys korostuu erityisesti käynnissä olevan maailman-

laajuisen biodiversiteettikadon kriisin myötä. Ihmisen toiminta on pääasiallinen syy 

kasvien ja eläinlajien sukupuuttoon sekä herkkien ekosysteemien tuhoutumiseen – 

asioiden, joista hyvinvointimme ja selviytymisemme riippuu. Ihmisten ympäristökäsi-

tyksien ymmärtäminen on tärkeä askel edistämään muutosta kestämättömistä tavoista 

kohti kestävämpiä elintapoja. 

Tässä väitöskirjassa tutkin, kehitän ja arvioin uusia metodeja ja lähestymistapoja 

hyödyntää uusia digitaalisen median luomia mahdollisuuksia luonnonsuojelututki-

muksessa. Viisi yksittäistä julkaisua nivoutuvat yhteen muodostaen väitöskirjan kappa-

leet. Ensimmäiseksi esitän kattavan katsauksen oleellisiin tietolähteisiin ja metodeihin. 

Toisessa kappaleessa käsittelen digitaalisen median käytön vaikutuksia tietosuojaan. 

Kolmannessa kappaleessa esitellään konsepti laittomaan villieläinkauppaan liittyvän 

sosiaalisen median tiedon keräämiseen, suodattamiseen ja tunnistamiseen. Neljäs ja 

viides kappale yhdistävät aikaisempien kappaleiden tulokset: osoitan, kuinka tunnistaa 

aiheeseen liittyvät hiljattaiset tapahtumat sosiaalisen median ja verkkouutisten yleisestä 

mielipiteestä, ja tutkin laululintujen internet-kauppaa Indonesiassa, sen hintaraken-

netta sekä toimitusketjun alueellisia piirteitä.

Väitöskirjassa esitetyt konseptit, metodit ja avoimesti saatavilla olevat työkalut 

voivat ohjata luonnonsuojelualan tutkijoita ja ammattilaisia sekä muiden alojen tutki-

joita ja toivottavasti innoittavat heitä käyttämään digitaalista mediaa työssään.

Tiivistelmä
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‘Es ist nicht deine Schuld, dass die Welt ist wie sie ist, 
es wär’ nur deine Schuld, wenn sie so bleibt.’

‘It’s not you who’s to blame for the (poor) state of the world,

it would just be you to blame if it were to stay the same.’

— Die Ärzte, ‘Deine Schuld’, ����

I did not walk the journey to this dissertation, alone. I feel very fortunate to be have 

been accompanied by many genuinely wholehearted, curious, open-minded, and in-

spiring people. While they come from vastly different backgrounds and have different 

super-powers, we all share a common sentiment: we do not accept that some things 

in our world are not going the way they should be going, and will go to great 

lengths to try to understand how to change them to the better. 

Among this noble group of fellow travellers, first and foremost, I want to thank 

my thesis supervisors, Enrico Di Minin and Tuuli Toivonen, who inspired, adviced, 

guided and supported me throughout the years. You are both indescribably passion-

ate about what you do and watching you pick up a thought, develop an idea, and put 

it into practice (or theory, for what it’s worth) is motivating beyond what words can 

express. Enrico, thanks for receiving me into your working group as more than just 

another hand to help, thanks for receiving me as a valued friend! To many more 

evenings with delicious home-made pizza, smooth red wine, and stimulating discus-

sions! Tuuli, thank you for your positive, energising, and warm attitude, for welcom-

ing me into your working group and into Finnish traditions, for always being a 

thoughtful friend, and for your very own super-power of inspiring people. To many 

more Glöggis in your backyard and Vappu-Skumppas aboard your boat off Kaivo puisto!

I am very grateful to have �ené van der Wal as the opponent during the public 

examination of my dissertation. You were among the first to coin the term Digital 
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Figure 1: Animal extinctions since 1500
Adapted from IPBES (2019b, p. 26)
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The global biodiversity crisis

The world is facing an unprecedented global biodiversity crisis (Butchart et al., ����). 

The latest report of the Intergovernmental Science-Policy Platform on Biodiversity 

and Ecosystem Services (IPBES, ����a) paints a gloomy picture of the state of biodi-

versity on planet Earth: An estimated ��% of known plant and animal species are 

threatened with extinction, the extent of natural ecosystems has shrunk by ��% since 

we first assessed them, and the biomass of wild mammals has declined by ��% since 

prehistoric times (IPBES, ����b; Fig. �). We have failed to meet any of the �� Aichi 

Targets set by the Convention on Biological Diversity (CBD) a decade ago. Only six 

have been met at least partly (Convention on Biological Diversity & UNEP World 

Conservation Monitoring Centre, ����).

Humankind is thriving and surviving due to contributions of nature (Brauman 

et al., ����; Díaz et al., ����). Nature’s contributions to people (NCP) include regu-

lating, material and non-material functions provided by ecological systems. �egulat-

ing services are functional and structural aspects of ecosystems, that include the 

regulation of climate, air and water quality, and the formation of soil. Examples of 

material contributions include the provision of food, energy and raw materials; that 

is, tangible physical assets. Non-material functions circle around questions of identity, 

learning, recreation, inspiration and experience; they subsume all subjective or psy-

chological effects nature has on people (Brauman et al., ����). The concept of NCP 

builds on the concept of ecosystem services (G. C. Daily & Matson, ����; Gretchen 

C. Daily, ����; �eid et al., ����), but attempts to open it up to include and enable 

more diverse perspectives by putting an emphasis on cultural dimensions like the 

value of traditional knowledge in understanding nature’s contribution to people 

(Díaz et al., ����). Even though benefits may be unequally distributed (Brauman et 

al., ����), it is beyond doubt that all humans benefit from nature and that we could 

not survive without the diverse functions, services and contributions with which 

ecosystems, plants and animals provide us (IPBES, ����b). 

Introduction
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Introduction

Ecosystem functions are directly affected by biodiversity loss, on all scales from 

local to global (Cardinale et al., ����). There is also broad consensus that these effects 

grow at a higher rate as biodiversity declines. They are self-accelerating, and it is both 

the decline of key species and the loss in overall diversity that influence the stability 

of an ecosystem and the services it is able to provide (Cardinale et al., ����). 

As the United Nation’s (UN) Decade on Biodiversity ����-���� draws to a 

close, it is clear that the strategy agreed upon in ����, which was targeted at promot-

ing global action to try to slow down, stop or reverse biodiversity loss, has not pro-

duced the envisioned outcomes (Convention on Biological Diversity & UNEP 

World Conservation Monitoring Centre, ����). In fact, not a single one of the 

agreed-upon Aichi Biodiversity Targets (Convention on Biological Diversity, ����), 

that target five interrelated goals, have been met. Some indicators have worsened and 

moved away from the targets (Convention on Biological Diversity & UNEP World 

Conservation Monitoring Centre, ����).

Human activity, the dominant driver of the biodiversity crisis

There is no reasonable doubt about the impact humans have on biodiversity. It is pri-

marily our activities that are driving the current biodiversity crisis and directly lead to 

species extinctions and ecosystem erosion (Andermann et al., ����; Díaz et al., ����). 

The main impacts of human activity arise from land use change, pollution, introduc-

tion of invasive species, and unsustainable use of natural resources (Maxwell et al., 

����). Unfortunately, it is to be expected that humans and our activities cause and 

trigger massive species losses in what is already called the sixth mass extinction (Ce-

ballos et al., ����; Andermann et al., ����). 

Unsustainable use is the single most substantial threat to biodiversity (Maxwell 

et al., ����). Unsustainable use encompasses the hunting or trapping of animals for 

consumption, for medicinal purposes, or for keeping them as pets (Di Minin et al., 

����a). Wildlife use and the trade in wildlife, traditions that reach back thousands of 

years, have recently taken on dimensions that render large parts of them unsustain-

able and a threat to the survival of affected species and to biodiversity as a whole 

(Andermann et al., ����; Butchart et al., ����; Maxwell et al., ����; �ipple et al., 

����). The demand for rhino horn and elephant ivory for medicinal and aesthetic 

purposes is driving poaching in countries where these species occur (Di Minin, 

Laitila, et al., ����; Scheffers et al., ����). An exotic pet market, in which wild-

caught animals are popular, is putting pressure on wild populations of, e.g., reptiles 

(B. M. Marshall et al., ����; Jensen et al., ����; Mărginean, ����), songbirds (Harris et 

al., ����; Lee et al., ����) and small primates (Kitson & Nekaris, ����; Parent, ����). 
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Di�it�l Conserv�tion

It is difficult to understand fully the complex and multi-faceted motivations 

that are behind the unsustainable use of wildlife (Hinsley & ’t Sas-�olfes, ����). Of-

ten, it is based on long-held traditions or is a dearly-held social and cultural practice. 

For instance, in many regions of the world, subsistence hunting is an essential source 

of protein (Di Minin, Clements, et al., ����); when people move to cities, they do 

not necessarily change their diet, but seek to buy bushmeat, creating demand for an 

often unsustainable or illegal market (McNamara et al., ����; �ipple et al., ����). 

Similarly, keeping songbirds as pets is an old tradition in many Southeast-Asian coun-

tries (Jepson, ����; H. Marshall et al., ����a), with bird husbandry and bird song 

competitions bearing a high cultural value (Jepson, ����; Jepson et al., ����). Over 

the last decades, the trade in songbirds has taken on unsustainable dimensions, but its 

cultural and social significance stand in the way of a large-scale change in habits 

(Harris et al., ����; Jepson & Ladle, ����; Lee et al., ����). 

Traditions and habits are hard to change. It is difficult to reduce demand for 

wildlife that has its foundations in traditions and cultural practices. Demand reduc-

tion strategies must be especially carefully designed, informed and targeted and must 

avoid overly simplistic messages (Dang Vu & Nielsen, ����). Trying to counter tradi-

tional practices with law enforcement has proven unsuccessful and it cannot be con-

sidered to be a sustainable pathway (Challender et al., ����; Challender & MacMillan  

����). Consequently, it is imperative that methods that can inform conservation pol-

icy-makers in a comprehensive and holistic manner are developed. We need to un-

derstand better why and how people use wildlife to find sustainable solutions. 

Clearly, we need more research that investigates people’s motivations and stud-

ies how to change people’s (un)sustainable actions (Bennett et al., ����; Schultz, 

����). This kind of research is cumbersome and expensive when it is carried out us-

ing traditional methods and data (Waldron et al., ����). For example, case studies can 

bring insights on specific phenomena in specific locations (e.g., Chng et al., ����) at 

a specific point in time, but can seldom provide a comprehensive picture that can re-

liably inform long-term or broad-range conservation actions. Case studies can pro-

vide an in-depth analysis of a particular conservation issue. However, most of the 

time, their conclusions cannot be transferred to other problems in other places in a 

straight-forward fashion, as they are subject to local values and culture (Cortés-Ca-

pano et al., ����). Market surveys, consumer surveys, or choice-modelling ap-

proaches would have to be carried out in many locations and often to provide a 

comprehensive overview of people’s actions and motivations. Even then, they cannot 

provide data that is continuous and without gaps in both time and space. 
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Digital Conservation

At the same time, a wealth of data is produced continuously by internet users world-

wide. Overall, �� % of the global population have access to the internet (International 

Telecommunication Union, ����), and it is estimated that by ����, ��� exabytes 

(����  bytes) of data will be generated every day (Desjardins, ����). Out of an esti-

mated total of �.� billion internet users, �.� billion use social media to connect to 

friends and family and to share their lives online (Kemp, ����), thereby contributing 

their personal views and beliefs to the abundance of digital data. 

Social media data and data from other online sources constitute an enormous 

wealth of data for research (Miller & Goodchild, ����). Digital media data have been 

used in many fields to answer diverse research questions ranging from people’s mobil-

ity patterns (Hawełka et al., ����) to public health monitoring (Denecke et al., ����). 

Within conservation science, several scholars have proposed the use of digital data 

and social media data in particular, to investigate a diverse set of research questions. 

Arts et al. (����) distinguished five key dimensions of Digital Conservation, all of 

which involve digital data collected from online sources, but also other data; methods 

range from automatically identifying camera trap images to detecting changes in peo-

ple’s environmental perception to using social media as efficient channels for conser-

vation outreach. Di Minin et al. (����) suggested the use of social media data from 

several platforms to answer questions around human–nature interaction. Conserva-

tion Culturomics, introduced by Ladle et al. (����), investigates the public interest in 

conservation and human–nature interactions by deducing metrics of cultural and lin-

guistic change over time and space from large text corpora (cf. the concept of cultur-

omics, Michel et al., ����). Conservation culturomics has since been extended to go 

beyond a strictly quantitative analysis based on word frequency counts, access statis-

tics and similar metrics of digital salience and engagement to also include methods to 

analyse the semantic content of text and image data, such as using computer vision 

methods and natural language processing (Correia et al., ����). While conservation 

culturomics and digital conservation had distinct conceptual and methodological nu-

ances in their onset, these boundaries are becoming blurred, and the two subfields 

increasingly seem to conflate (especially with respect to analysing people’s interac-

tions with nature), with newer studies benefiting from the strengths of both ap-

proaches. In the context of this thesis, I used both digital conservation and 

conservation culturomics to refer to the use of digital data from various sources to 

investigate people-nature interaction. 

Methods from both digital conservation and conservation culturomics are useful 

for gaining knowledge about people’s interactions with non-human nature and for 
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informing science and practice of the public opinion on conservation-relevant topics. 

�ecent years have seen an increased uptake of such methods with a number of stud-

ies being published (see Chapter I; Correia et al., ����). Public interest in conserva-

tion topics has been assessed using the access statistics to entries in the digital 

encyclopaedia Wikipedia (Mittermeier et al., ����), using the Google Trends data-

base that provides an aggregated indicator of search engine requests for a topic over 

time and by country (Correia et al., ����; Nghiem et al., ����; Soriano-�edondo et 

al., ����; Troumbis, ����; Veríssimo et al., ����), or using online news outlets and 

several social media platforms such as Twitter, Facebook or Instagram (Fernández-

Bellon & Kane, ����; Papworth et al., ����). Studies have also used social media data 

to investigate tourists’ preferences for nature recreation (Hausmann et al., ����; 

Monkman et al., ����; Tenkanen et al., ����), and to compare the popularity of 

different species using search engine data (Correia et al., ����). 

Digital conservation and conservation culturomics offer excellent concepts and 

tools to investigate a diverse set of questions around people’s interactions with nature. 

Their uniquely broad temporal and spatial scope, as well as the wealth of publicly-

available data, allow researchers to carry out long-term, large-scale continuous analy-

ses at an unprecedented cost efficiency (Di Minin, Correia, et al., ����; Waldron et 

al., ����). Some scholars go as far as to claim that for the first time, we have the 

means to investigate entire populations instead of samples (Miller & Goodchild, ����), 

even though it is hard to agree fully with this claim as digital media platforms typically 

provide access only to a sample of unknown proportion (boyd & Crawford, ����; 

Brooker et al., ����). Increasingly, more sophisticated analyses have been proposed 

that use novel methods from computer vision and natural language processing to 

make sense of the more complex content of online data, for instance, text, images, or 

video (see Chapter I for an overview). 

Digital conservation and conservation culturomics present unique opportuni-

ties for conservation science. At the same time, the use of emerging technologies is 

not entirely devoid of challenges. For one thing, a certain set of technical skills is re-

quired, and the already interdisciplinary scholarly community of conservation will 

have to attract software engineers, data scientists and geographic information scien-

tists (Arts et al., ����). Further, access to data from many platforms is subject to vol-

untary agreements with the operator and might change or cease without notice 

(Bruns, ����). This poses challenges for longitudinal data collection and potentially 

puts limits to reproducibility. Another challenge is the sheer volume of data: as 

demonstrated by Di Minin et al. (����), data collected using query keywords almost 

always require additional filtering to discard irrelevant content (Figure  �, see also 

Chapter III). Many other technical restrictions (Correia et al., ����), ethical and data 



Figure 2: Filtering relevant content from data collected from social media 
To prepare this figure, I collected Twitter posts mentioning ‘rhino’ in 19 different languages over a pe-
riod of ten days (18–27 November 2017). If a post contained an image or referred to a webpage, I re-
trieved the image contained in the post and/or all images on the referred website. I then used the Keras 
and TensorFlow libraries via the Python programming language to implement and train a deep-learning 
algorithm to classify whether or not the images contained rhinoceros species.
(adapted from Di Minin et al., 2018)
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privacy issues (Chapter II) and epistemological complexities (Ash et al., ����; Kitch -

in, ����; Poorthuis & Zook, ����; Zook et al., ����) exist that can lead to biases in 

data or analysis, and which have to be carefully accounted for. I discuss them more 

thoroughly in Material & Methods and in Chapter I. 

Opportunities and threats of digital media

Digital data, particularly data from social media, data from online news, and other 

user-generated data, can be used to study opportunities for (e.g., online support for 

conservation) and threats to (e.g., illegal trade in wildlife) biodiversity conservation. 

There is vast potential for research, society and biodiversity from using these novel 

data sources and emerging technologies, but there are also imponderabilities that 

have to be accounted for. The opportunities and threats that present themselves are 

complex and multi-faceted, and a holistic perspective is required to understand the 

overall impact threats and opportunities have on biodiversity conservation. 

An important benefit of using digital data from a researcher’s perspective is the 

deluge of data and the breadth of topics covered that ensure that data are available on 

multiple scales and can also be used for niche research topics, that are, for instance, ge-

ographically or taxonomically limited (although this does not hold true universally, see 

Joppa et al., ����). For instance, during the research for Chapter V, I was able to find 

numerous records of Javan pied starlings Gracupica jalla for sale online, even though the 

IUCN �ed List estimates that there are fewer than �� mature individuals left in the 

wild (Birdlife International, ����a). Conservation scientists have used digital data to 

observe previously covert phenomena, such as the intricacies of wildlife trade, or to 

find out how the public feels about a particular policy (see Chapter IV). At the same 

time, the quantity of available data also means that it is often difficult to identify and 

find data relevant to answering a particular question (Poorthuis & Zook, ����), a threat 

to meaningful research. Sometimes, the data-driven nature of such research and its of-

ten abductive reasoning can even hamper formulating the relevant questions (Kitchin, 

����, ����b). On top of that, handling data sets that contain personal information re-

quires high ethical standards and thorough data privacy provision (Chapter II). 

From a societal perspective, social media and other digital platforms offer the 

opportunity for a wide discussion and dissemination of all kinds of topics, many re-

lated to biodiversity conservation (Di Minin, Tenkanen, et al., ����). Like-minded 

people connect across the globe and support each other in pursuit of good causes. It 

has become easy to find information other people shared (even if for a different pur-

pose). At the same time, a significant problem is posed by echo chambers, ‘social me-

dia bubbles’ in which counterfactual narratives are reinforced and reproduced in 

self-referential representation (Driscoll & Walker, ����; Tufekci, ����). 
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Introduction

From the point of view of conservation practice and policy, social media and 

digital media offer important opportunities: for example, charismatic species can 

benefit from increased exposure and thus funding opportunities (Leader-Williams & 

Dublin, ����). The grand challenges of our times gain visibility and support. Fridays 

for Future and Extinction �ebellion are examples of campaigns and citizen engage-

ment that would not have been possible without social media and digital media 

(Brünker et al., ����). However, there are also imminent threats: the wildlife trade 

thrives online and benefits from better connections, local and international; legal and 

illegal wildlife trade are on the increase online (Xiao et al., ����; Yu & Jia, ����). 

With conservation science being a ‘crisis discipline’ (Soulé, ����), it is indis-

pensable that we address information gaps that potentially impede important and ur-

gent conservation actions that might help reverse the biodiversity crisis. It is a 

research priority of utmost importance, as continued assessment and mapping which 

rely on the availability of comprehensive and high-quality data can help direct the 

efforts of research, practice and policy (Di Minin, Correia, et al., ����; Joppa et al., 

����). Emerging technologies, together with the novel methods to leverage their full 

potential, are a promising way forward. For digital conservation, this means that we 

must work towards realising the opportunities of emerging technologies and digital 

data while remaining aware of the possible threats associated with them. With this 

thesis, my aim is to contribute to the growing canon of practical methods, theoretical 

considerations and applied studies that form the foundation of this exciting new re-

search avenue. 
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This thesis contributes to the emerging field of digital conservation. Other fields, 

such as computer science, computational linguistics and GIScience have spearheaded 

the development of methods that make use of the opportunities provided by the 

emerging technologies around social media and digital media. While digital data and 

methods are already advanced in those fields, in conservation science, only now is 

their use picking up. Advanced methods are used for specific application areas only, 

such as for the automated analysis of camera trap images (Norouzzadeh et al., ����; 

Thom, ����). There is a need to evaluate methods from a conservation science point 

of view, adapt them to the specific needs, applications and customs of the field, de-

velop them further in its sense, and provide the required theoretical underpinnings. 

This thesis contributes to bridging this gap. 

In this thesis, I focus on advancing methodology to leverage the opportunities digital data 

and emerging technologies can offer to conservation science and identify the threats so-

cial media and digital media inherently bring with them. In particular, I aimed to:

• explore, develop, and evaluate novel methods for conservation 

science that use digital data and emerging technologies, 

• apply these methods in practical case studies to demonstrate their 

utility and the feasibility of their application, 

• discuss and evaluate issues of data privacy and ethics that concern 

these methods, and establish and provide guidelines to handle 

such issues responsibly, and

• ensure that all methods developed here are readily available to 

other researchers and to conservation practitioners for use in 

their own projects.

To reach these objectives, the chapters of this thesis build upon each other: Chap-

ters I and II set the field for the remainder of the thesis by assessing the methodologi-

Objectives of this thesis
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Objectives

cal and theoretical status quo. Chapter I provides a comprehensive overview of the 

methods used in conservation science to analyse social media data, and provides the 

necessary theoretical backdrop required for working with the set of tools presented. 

Chapter II takes a closer look at an aspect of social media data research that does not 

always receive the attention it should: it discusses in depth the theoretical, legal and 

historical underpinnings of data privacy and the associated ethical and moral consid-

erations. It also provides a set of practical guidelines and tools to follow the standards 

of data privacy. Chapter III represents an important milestone. It is the first publica-

tion to suggest a practically feasible workflow for using the machine learning meth-

ods of computer vision and natural language processing to tackle a real-world 

conservation issue, the illegal wildlife trade. To a certain extent, it serves as a blue-

print for the two case studies formed by Chapters  IV and V. These two chapters 

elaborate on separate topics: Chapter  IV analyses the public sentiment towards rhi-

noceros and their conservation. It presents a workflow in which online sentiment 

can be used as a sensitive instrument to detect and measure conservation-related 

events that inspire or upset the public. Chapter V, then, combines multiple online 

data sources to analyse the supply chain of the Indonesian online songbird trade. The 

chapter puts forward a working example of a framework for automatic, continuous 

monitoring of the online trade in endangered songbirds and analyses its spatial charac-

teristics. Both case studies build on the principles of the analysis pipeline presented in 

Chapter III, practically apply methods outlined in Chapter I as well as newly developed 

ones, and follow the data privacy standards and procedures set forth in Chapter II. 

An important tenet of this thesis was to make the methods that I developed, 

adapted or refined easily accessible to other researchers. In this light, Chapter I comes 

with a supplementary code repository, in which the examples are explained in a 

hands-on manner. For the data collection and analysis developed in Chapters IV and 

V, I developed several Python modules and released them under open-source li-

cences. These Python packages are presented in the Appendix to the thesis. 
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The most substantial contribution of this thesis lies in the advancement and applica-

tion of methods to use digital media data in conservation science. Throughout the 

chapters, I discuss methods that are novel to conservation science and adapt them to 

the specific requirements (Table �). Chapter I provides an overview of the different 

methods currently being used in digital conservation research and presents several 

methods that can be potentially used in conservation science. In Chapter II, I discuss 

methods that can be used to ensure data privacy is respected and illustrate them using 

an example case. Chapter III proposes a framework of methods to investigate the on-

line wildlife trade; in doing so, it introduces several novel methods and discusses use-

fulness and their interoperability. Both Chapters IV and V apply methods presented 

in earlier chapters, but also discuss and apply methods not previously presented. 

Data

A multitude of digital data sources have come to the attention of conservation scien-

tists. They have used them to study people’s interactions with non-human nature, 

and, to a lesser extent the ecological observations reproduced therein. Both digital 

conservation (Arts et al., ����) and conservation culturomics (Ladle et al., ����) pri-

marily rely on user-generated data. Data sources include social media in its broadest 

sense (Kaplan & Haenlein, ����), i.e., social networking sites such as Facebook, mi-

croblogging services such as Twitter, or media sharing platforms such as Flickr or In-

stagram, but also other web pages, digital books and book collections, digital 

encyclopaedias, and online news (Correia et al., ����). �esearch has also used digital 

data from such diverse data sources as travel destination review platforms (e.g.,TripAd-

visor), sports tracking applications (e.g., Strava), online marketplaces (e.g., eBay), or 

wildlife observation logging communities (e.g., BirdLife, iNaturalist) (see Chapter I). 

Material & Methods
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I II III IV V

data collection using APIs d d A A

web scraping d d A A

combining multiple sources d d A

analysis, spatio-temporal d A

data preparation, time series d A

filtering spatial cluster A

spatial (auto-)correlation A A

person-based location analysis d

place-based location analysis d A A

network analysis/community detection d

computer vision d A

image identification d A

image segmentation d

image captioning d

natural language processing d A A

language identification d A

sentiment analysis d A

natural entity recognition d A

geographic information retrieval A

data privacy data minimisation d A A

anonymisation/pseudonymisation d A A

spatial anonymisation d A

Table 1: Methods discussed (d) and applied (A) in the individual chapters (I-V) of this thesis.
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Different data sources provide different types of information. However, the in-

formation is structured in similar ways (Figure �): typically, the actual content (text, 

image or video) is accompanied by a set of metadata (e.g., date, time, location, au-

thor) and information on interaction with and by other users (e.g., likes, shares, 

comments). Metadata typically follows a defined data structure, is often well-docu-

mented and usually straightforward to parse. The text, image or video content, how-

ever, is typically unstructured, i.e., it is heterogeneous, and of variable types and 

formats (Feldman & Sanger, ����; Kitchin, ����b). 

By combining data and metadata, researchers can derive detailed information 

about users, even on an individual level. This includes age, gender, country of origin, 

and mother tongue, but also extends to complex characteristics such as social-eco-

nomic status, lifestyle, personality and societal influence (cf. Table � in Chapter I). 

Figure 3: Elements of a typical social media post viewed on a mobile device.
From Chapter I, there adapted from Poorthuis et al. (2016).
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Figure 4: Social media data posted in and around Kruger National Park, South Africa. 
Even in a place with such a distinct public image such as a southern African national park, 
the content posted to different social media platforms and in different locations can differ greatly.
From Di Minin et al. 2021b, images and posts are by the authors 
or fabricated to protect the identity of social media users
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For many of these indicators, sophisticated models that combine multiple input 

variables must be developed or trained. Scholars from different disciplines have presented 

intricate methods to derive a range of variables: demographic (Longley   et  al.  ����; 

H. A. Schwartz et al., ����; Sloan et al., ����); linguistic (Hiippala et al., ����); socio-

economic (Bakshy et al., ����; Preoţiuc-Pietro et al., ����; Sloan et al., ����); and ge-

ographic (Hawełka et al., ����; Heikinheimo et al., ����; Väisänen et al., ����). 

Digital media research within conservation science has mostly concentrated on 

quantitative information (see Table � in Correia et al., ����, for a detailed list of 

quantitative information that can be derived from different data sources). It has often 

focussed on comparably simple, tangible indicators produced by counting records or 

summarising metadata, or on access statistics. More elaborate analyses have also as-

sessed word frequencies (Correia et al., ����) and sentiment (Chapter IV; Hausmann 

et al., ����; Pickering & Norman, ����; A. J. Schwartz et al., ����) of text content, 

identified the languages used (Hiippala et al., ����), or identified the content of im-

ages and derived semantic clusters of posts (Väisänen et al., ����). 

Data from digital media, such as social media, online news, forums and other 

internet sites, media outlets and collaborative platforms, are often categorised as big 

data. Despite the name suggesting it, it is not only the amount of data that charac-

terises what is considered to be big data. Kitchin (����) lists seven defining character-

istics of big data, with the most important for here being the huge volume, high 

velocity and diverse variety of the data. Data from digital media typically are large, 

heterogeneous in content, and grow continuously. These characteristics can be chal-

lenging for researchers, both in practical terms, such as when it comes to the re-

sources needed for data collection and data handling, and in conceptual terms, such 

as epistemological questions or questions of biases and data quality (boyd & Craw-

ford, ����; Longley et al., ����). 

Technical challenges aside (strategies to overcome them are discussed in Chap-

ter I and by Zook et al., ����), most types of big data, and data from digital media 

and social media are subject to inherent biases. The quality of the data suffers from 

noisiness and the information it contains can differ in its relevance for a particular re-

search question (Figure �). Despite the sheer volume of data, for some specific ques-

tions concerning a small geographic extent or a short study period, the proportion of 

relevant data may be too sporadic for qualifying robust results (Di Minin et al., ����; 

Poorthuis & Zook, ����; Chapter I). There is an inherent bias in social media data 

towards a more computer-savvy demographic and more developed regions of the 

world (although emerging economies are catching up rapidly; Evans, ����). Another 

well-known bias, that must be considered, is that positive messages are often over-

emphasised as opposed to negative messages, especially on social media, but also on 
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other digital media (�einecke & Trepte, ����; Soroka et al., ����). As I learnt during 

research carried out for Chapter V, prices on online marketplaces must be taken with 

caution: they almost always constitute an asking price that can be significantly higher 

than the actual prices consumers pay. Finally, researchers must carefully select the ap-

propriate data sources for the questions asked: different data sources are fit for differ-

ent purposes (Tenkanen et al., ����; Correia et al., ����).

The diverse opportunities and challenges posed by the characteristics of digital 

media data require careful research planning and critical reflection during the re-

search process. �esearchers need to be prepared to adapt research methods and objec-

tives if necessary (cf. Figure � in Chapter I).

Data from digital media offer excellent opportunities for studying people-na-

ture interaction (see Chapter I and (Correia et al., ����) for an overview of studies 

carried out). Many challenges and biases have been identified, and thus can and must be 

accounted for. Whenever possible, combining multiple data sources and cross-checking 

digital media data with data collected using more traditional methods will help overcome 

these biases and make research results more robust (Di Minin, Correia, et al., ����). 

For the case studies included in this thesis, I employed a diverse set of data 

sources: Chapter IV, which was an investigation of the public sentiment towards en-

dangered species and their conservation, I used data from the microblogging service 

Twitter (twitter.com) and the online news aggregator Webhose (webhose.io). Chap-

ter V, in which I looked at the spatial characteristics of the supply chain of the online 

songbird market in Indonesia, uses data from the website and app for birdwatchers 

eBird (ebird.org), the video-sharing platform YouTube (youtube.com), and the on-

line marketplace OLX (e.g., olx.co.id). 

Data collection

The most common method for collecting digital media data is to retrieve them from 

the Application Programming Interfaces (API) that many online media platforms 

offer. APIs are mechanisms to request remote data by accessing a specific web ad-

dress. Both the format of the request and the format of the data returned are typi-

cally documented in a platform’s API reference manual., Most APIs require prior 

registration with the service, but often offer service (sometimes limited) free of 

charge. The two predominant architectures of APIs, streaming APIs (Joseph et al., ����) 

and �ESTful APIs (Massé, ����), differ in offering continuous and parametrised ac-

cess to data, respectively. Since APIs can be accessed programmatically, they present 

an efficient tool for researchers (Lomborg & Bechmann, ����). 
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Some platforms do not offer API access. For instance, Facebook data cannot be 

accessed through a documented API, and Instagram discontinued access in ���� 

(Bruns, ����). While its ethical and moral implications are heavily discussed (Kro-

tov & Silva, ����), web scraping (or web crawling) has been used to collect data au-

tomatically without API access by parsing a web page’s source code and restructuring 

the information found there (Glez-Peña et al., ����). It can also be used to extract 

information from regular websites and online forums. Some platforms try to detect 

web scraping activity; consequently, web scraping tools have been extended with 

functionality to mimic a human internet user (Manjari et al., ����). 

Data can also be purchased from data vendors, a practice that can help gain ac-

cess to data that is no longer available, or obtain data to which the access has been re-

stricted by platform operators (see Chapter  I). Some data analysis tools, including 

cloud-based software, offer data access as part of the software package (see Chapter I). 

Packages exist for both � (e.g., Graham, ����) and Python (see Chatter-

jee & Krystyanczuk, ���� for an overview) that assist with downloading data from 

the most common platforms. 

For the case studies (Chapters IV and V), I used a set of data collection meth-

ods. I obtained data from the Twitter API with the help of python-twitter (����), 

and used built-in Python functionality to download online news data from Webhose 

via its API. Data on the observations of birdwatchers from eBird can be obtained 

from an API; the data I used concerned threatened species and was thus only avail-

able through a manual review process. Because existing packages did not provide all 

required functionality, I programmed and published two Python modules, metatube 

(Fink, ����a) to access YouTube metadata via the platform’s YouTube Data API 

(Google, n.d.), and olxsearch (Fink, ����b) to download metadata from the OLX 

marketplaces using web scraping techniques. 
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Automatically filtering and labelling 
illegal wildlife trade posts

In Chapter III, I presented a framework to mine automatically social media posts re-

lating to the illegal trade in wildlife, filter relevant posts using deep learning tools, 

and annotate image and text content. The framework does not suggest specific soft-

ware packages to carry out the individual tasks, but instead discusses the necessary 

concepts, provides a blueprint to implement a toolchain (Figure �), and points out 

pitfalls and areas to which special attention should be paid. 

First, data are obtained from a social media platform’s API using query key-

words (Figure �a). In the example, data relating to elephants and pangolins are down-

loaded, resulting in a data set containing false positives, such as photos of an 

armoured vehicle called “pangolin”. In a next step (Figure �b) posts are filtered using 

a convolutional neural network (CNN) trained on a manually annotated subset of 

the downloaded data. The neural network is configured to support active learning 

(Sener & Savarese, ����) to improve the model in an unsupervised manner continu-

ously. Subsequently, computer vision methods, such as image identification, image 

segmentation, and image captioning, and methods from natural language processing 

are used to identify and annotate the text and image content of the post (Figure �c). 

The result is a data set of more manageable volume that contains only relevant posts 

and has the most relevant information extracted for further analysis. 
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Figure 5: Framework to (a) mine, (b) filter, and (c) identify relevant data on the illegal wildlife trade 
from social media platforms with machine learning. Photo in (c) is from Twitter. From Chapter III.
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Identifying conservation-related events 
from public interest online

Chapter IV is a case study in which I demonstrated how outliers in a time series of 

post volume and mean sentiment (ranging positive-negative) of online news and so-

cial media can reliably identify major events relevant to conservation (Figure �). 

I did so by first collecting data from Twitter, a microblogging platform, and 

Webhose, an online news aggregator, using the query keywords ‘rhino’ and 

‘rhinoceros’. Next, I identified the language used in each post or news item using 

spacy (Honnibal & Montani, ����) and FastText (Joulin et al., ����), and retained 

only records in English (models for identifying the sentiment of a text are language-

specific, and English is the language currently best supported). I then tested the accu-

racy of two pre-trained models for sentiment analysis, VADE� (Hutto & Gilbert, 

����) and Webis (Hagen et al., ����) on a manually annotated ‘gold standard’ data set 

of ��� rows and decided to use the former for the online news data, and the latter for 

the microblogging posts. Text type has significant influence on accuracy, and the gen-

eral-purpose model VADE� performed better on news texts, while the highly specialised 

Webis coped well with the short text lengths and use of colloquial language in tweets. 

Next, I calculated daily means of the sentiment identified and daily counts of 

posts to form a time series of public interest in rhinoceros. I identified outliers in this 

data set (over the entire data set; in a continuous monitoring implementation, outliers 

should be identified over a sliding window). Instead of discarding the outliers, I used 

them as markers: they indicate days on which sentiment or post volume were consider-

ably higher or lower than average, i.e., anomalies in public interest, in response to 

events related to rhinoceros and their conservation. To test this method’s validity and 

reliability, I related the identified events to a manually compiled list of all major events 

in the study period related to rhinoceros conservation. I also plotted the collected data 

in a map to illustrate the global distribution and possible geographical biases. Finally, I 

computed temporal cross-correlations between the time series (sentiment of Twitter, 

post count of Twitter, sentiment of online news, post count of online news) to assess 

the correlation between these metrics and the robustness of the analysis design. 
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Figure 6: A timeseries of daily mean sentiment and daily counts of tweets and online news items 
could reliably predict all major news events in the study period. Adapted from Chapter IV.



40

Exploring the supply chain of an online pet trade

In Chapter V, I combined data from multiple online sources to gain new insights 

into the Indonesian online trade in songbirds and its supply chain. In particular, I 

used birdwatchers’ observations, downloaded from eBird, as a proxy for the trade’s 

supply, small advertisements from the online marketplace OLX as a proxy for the 

trade and its transactions, and home videos of songbird pet owners on the video-

sharing platform YouTube as a proxy for the demand side of the trade. I used a set 

of scientific, common and colloquial species names as query keywords. 

Several steps of data pre-processing were required. For instance, the video 

metadata downloaded from YouTube did not have location information associated. 

I used a Geographic Information �etrieval (GI�; Jones & Purves, ����; Purves & 

Jones, ����) workflow to extract place names from video descriptions and com-

ments: first, I used a Named Entity �ecognition tool (NE�; Leidner & Lieberman, 

����) for the Indonesian language (Fahmi et al., ����) to identify geographical 

place names in the texts. Second, I referenced these place names to a pair of geo-

graphical coordinates using a gazetteer (Nominatim; nominatim.org). In parts of 

the video metadata, prices of songbirds were discussed, which is why I considered 

these posts to relate to the trade stage of the supply chain; I used a keyword filter 

to classify videos into sales-related or related to keeping songbirds as pets. 

The marketplace data contained small advertisements that offered merchan-

dise other than birds for sale, i.e., some street addresses or brand names contained 

species names. To discard irrelevant small advertisements, I used image identifica-

tion techniques (He et al., ����), and only kept records that had a photo of a bird 

attached. small advertisements also contained precise information on sellers’ loca-

tions that would potentially allow their identification even though I had discarded 

all other identifiers. Following geo-privacy recommendations (Kounadi & �esch, 

����) and the concept of k-anonymity (Samarati & Sweeney, ����), I used popu-

lation density data (Doxsey-Whitfield et al., ����) to displace these locations ran-

domly and ensure that no record could be traced to an individual person. 

In the analysis, I concentrated on the spatial characteristics of the supply 

chain. I spatially clustered all records using the A-DBSCAN algorithm (Arribas-

Bel et al., ����) and analysed the proportion of each of the supply chain stages in 

each cluster. I then summarised the counts of bird sightings, small advertisements, 

and pet home videos in a grid of hexagons with a �� km side length, added other 

variables (population density, distances to species ranges, mean prices asked in 

small advertisements) to the grid cells, and computed Pearson correlation coeffi-

cients between the variables (Figure �). Finally, I tested prices in the small adver-

tisements for spatial autocorrelation (Getis, ����) and compared the prices to those 

reported in an independent consumer survey (H. Marshall et al., ����b). 



41

Figure 7: The supply chain of Indonesia’s online songbird trade and its spaces and network. 
The places in which songbirds are spotted in the wild by birdwatchers, where they are advertised on 
online marketplaces, and where they are presented online as pets represent three non-overlapping 
spaces (panels b-d). These data, obtained from digital sources (see Data & Methods) allow new in-
sights on different actors in the supply chain network of the songbird trade (panel a, modified from 
Jepson et al., 2011). Especially noteworthy are the insights gained from online marketplace data 
(panel c, highlighted areas in red in panel a), which are significantly more comprehensive than tradi-
tional market surveys that typically focus on physical marketplaces.
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Ensuring data privacy 

When a conservation research project handles data sets that contain personal infor-

mation, special care has to be taken to not infringe on the right to privacy of any 

person whose information is or might be contained in the data. Almost any digital 

media data set contains identifiers of one kind or another that enable mapping an in-

dividual data record to a person (Chapter II). In addition to the legal obligations laid 

out in the European Union’s (EU) General Data Privacy �egulations (GDP�; EU Parlia-

ment and Council, ����) and similar laws around the globe, it is our moral duty as re-

searchers to ensure that our research does not result in physical or psychological harm to 

anybody (Brittain et al., ����; Ess, ����; Sieber & Tolich, ����). Being identified (possibly 

wrongly) and associated with the illegal trade in wildlife or poaching potentially entails dire 

consequences for a person or for groups of people (Duffy et al., ����; Lunstrum, ����). 

Many of the legally-required measures to ensure data privacy are of an organi-

sational nature or affect research projects at the conceptual stage (Bourka & 

Drogkaris, ����a). For instance, within the scope of the GDP�, the use of data has to 

be justified in a data management plan, and an appropriate legal basis has to be se-

lected (out of a list of six defined in the law). The GDP� applies to any data set that 

contains any EU citizen’s personal information, irrespectively of where the research is 

carried out, i.e., virtually any social media data. The data management plan further 

has to provide detailed information on all envisioned uses of the collected data and 

provide guidelines for the entire lifetime of a data set, including, for instance, a clear 

definition of the retention period after which data is permanently deleted, responsi-

bilities and access rights to the data, and safeguards to prevent data breaches. Careful 

planning is also necessary to fulfil the central principle of data minimisation, which 

requires that only data relevant for analysis must be collected or retained (EU Parliament 

and Council, ����). Data processing logs have to be kept, and possible data subjects (per-

sons whose information a data set contains) have to be offered accessible options to have 

their data removed and given account of which information is stored about them. 

Besides the administrative efforts that arise from allowing data subjects to query 

their data, potentially having to delete data rows can often be detrimental to research 

objectives and outcomes. However, research on people-nature interaction seldom re-

quire identification of individual people. In accordance with data minimisation prin-

ciples, data should be anonymised or pseudonymised. The former means to remove 

all identifiers from a data set, preventing anybody, including the researchers them-

selves, from associating a data record with a person. The latter means replacing iden-

tifiers with artificial or randomised identifiers (Bourka & Drogkaris, ����a; Hintze & 

El Emam, ����). If reference to the relationship between original and artificial iden-
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Figure 8: A data collection workflow, including data minimisation and pseudonymisation steps. 
(from the ERC Starting Grant 2018 research proposal “WILDTRADE”)
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tifiers is kept, such as using a table of one-way hashes, newly collected data can be 

merged with existing data sets (Figure �), thus enabling longitudinal data collection 

(Bolognini & Bistolfi, ����). Both of the data collection packages devised for and used in 

Chapter V by default pseudonymise data when it is downloaded (Fink, ����a, ����b). 

Anonymisation or pseudonymisation are not always enough to prevent identifi-

cation of the person to whom a record relates. If combined, indirect identifiers, such 

as age, gender, profession, or location of residence can potentially allow the re-iden-

tification of an anonymised data record. In certain circumstances, even location alone 

might suffice for re-identification. A useful concept in this context is k-anonymity 

(Samarati & Sweeney, ����). It allows a desired degree of anonymisation to be pre-

scribed and assessed: for a particular study, it might be sufficient to ensure that even with 

all indirect identifiers combined, re-identification attempts can only be narrowed down 

to groups of k persons or more. Tools to establish and assess k-anonymity in data sets 

exist, e.g., for Python/Pandas (Dewes & Jarmul, ����) and � (Templ et al., ����). 

As discussed in more depth in Chapter II, data privacy rules and the methods 

to implement them should not be perceived as standing in the way of research. Much 

more, they are tools that enable and strengthen ethical research on sensitive data in 

accordance with legal frameworks.
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Main findings & discussion

Case studies

Online sentiment can be used to identify conservation-related events
In Chapter  IV, I explored methods to detect events relating to the conservation of 

rhinoceros. Indeed, I found that such events triggered increases in both the senti-

ment and the volume of social media and online news (Figure � on page ��; Table � 

in Chapter IV). While the mean sentiment was slightly positive for Twitter over the 

entire study period, and pronouncedly positive for online news, on specific days, the 

sentiment registered as highly positive or highly negative. Similarly, the post count 

increased dramatically for events that were of importance to the public. For instance, 

on �� March ����, following the passing of Sudan, the last male northern white rhi-

noceros Ceratotherium simum cottoni, a sad event that rendered the subspecies bio-

logically extinct, mean sentiment plummeted, and daily post volume rose to the 

highest value of the entire study period. This event registered on both social media 

and online news. News reports from �� April ���� on the UK royals Prince Harry 

and his then-fiancée Meghan Markle visiting Botswana and seeing rhinoceros, on the 

other hand, could only be detected from online news, in which it caused a positive 

surge in sentiment and an increase in post volume. Similarly, a tweet by science 

celebrity Bill Nye from �� July ����, that referred to the extinction of western black 

rhinoceros Diceros bicornis longipes and was retweeted over ��� times, registered 

only in terms of Twitter sentiment but on none of the other metrics. The deaths of 

all the eleven critically-endangered eastern black rhinoceros Diceros bicornis 

michaeli that had been translocated to Tsavo National Park, Kenya a few weeks ear-

lier, could be observed in all four metrics of the time series. 

I compared all detected events to a manually-compiled list of all major rhinoc-

eros-related events in the study period. Indeed, the methods presented were able to 

identify all of them (cf. Table � in Chapter IV). 

I also found significant temporal cross-correlations between the four metrics 

(daily post counts and daily mean sentiment of online news and Twitter, see Figure � 
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in Chapter IV). Social media volume followed online news volume with a lag of one 

to two days and could potentially be explained by the common practice of sharing 

and promoting news articles on social media through which they are subsequently 

shared further and commented on by many users. 

Overall, the methods presented in Chapter IV can and should be used to implement 

reliable long-term, continuous and largely unsupervised monitoring of public interest 

for conservation-related topics. Such a system could help measure the reactions to con-

servation policies and thus provide feedback for fine-tuning new and existing policies. 

It could also be used to inform and direct fundraising campaigns, as certain causes and 

even certain species seem to be more important to the public than others. The meth-

ods presented and the insights gained with them also have the potential to become a 

valuable tool for conservation advocates who could use them to increase pressure on 

decision-makers by demonstrating broad public support for conservation issues. 

Online data can provide new insights into the 
Indonesian online songbird trade
In Chapter V, I investigated three stages of the supply chain of the Indonesian online 

trade in songbirds which were represented by data from three digital data sources. 

The analysis showed that the spaces of these three stages of the supply chain, namely 

supply, trade, and demand, did not overlap substantially (Figure � in Chapter V). Vir-

tually all spatial clusters that I was able to identify were dominated by one of the sup-

ply chain stages (Figure  � in Chapter  V). Especially noteworthy was the clear 

distinction between where wild birds occur and where birds were offered for sale. 

This might in part be an artefact of the available data possibly not fully overlapping 

with the species distributions. However, there are other plausible explanations: It 

could well be that the proportion of captive-bred specimens on the songbird market 

is higher than assumed. At the very least, it can be asserted that wild-caught birds must 

be transported over large distances to their point of sale. This could be a leverage point 

for intercepting the trade. It could also serve as an example of animal suffering with 

which some pet bird owners might be won over to more sustainable conduct. 

I further found that the spatial distribution of the small advertisements selling 

songbirds correlates with population density: songbirds are not only offered for sale 

in major cities but everywhere where people live. We might observe a democratisa-

tion of the songbird trade, in which pet owners on-sell their ‘second-hand’ bird to 

other pet owners, and in which established trade networks lose significance. The ar-

gument of a democratisation of the songbird market taking place is further supported 

by the fact that the prices in the online marketplace data were not spatially autocor-
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related, i.e., prices were randomly distributed and did not differ significantly between 

rural and urban areas. If online trade indeed shifts the trade away from physical mar-

ketplaces (Siriwat & Nijman, ����), established models of the songbird trade’s supply 

chain (Jepson et al., ����) and the typology of actors involved in wildlife trade 

(Phelps et al., ����) will need to be revised. 

Finally, I compared the asking prices in small advertisments advertising songbirds for 

sale with those stated by pet owners in a consumer survey, carried out earlier this 

year by H. Marshall et al. (����a, ����b). I found that the prices online were signifi-

cantly higher than those reported by pet owners (see Figure � in Chapter V). There 

are many plausible explanations for this difference: 

• the two datasets might contain different species (the consumer sur-

vey does not distinguish by species), 

• the asking prices might be inflated to leave headway for bargaining 

on the sellers’ side, or 

• the prices stated by buyers could be underestimated to understate 

the real costs associated with their hobby. 

Overall, in Chapter V, I could demonstrate that obtaining digital data from online 

marketplaces yields valuable information. It is substantially more cost effective than 

surveying physical markets and can be carried out continuously and covering larger 

areas. At the same time, it must not stand alone, but should be combined with the 

existing surveys and should be followed up with more in-depth explanatory mixed-

methods research (Creswell & Creswell, ����), that can give insights into the motiva-

tions of buyers and sellers, and their levels of awareness for biodiversity conservation 

issues. 

Digital media to study people-nature interaction

Emerging technologies have brought new opportunities to conservation science re-

search (Arts et al., ����; Di Minin, Tenkanen, et al., ����; Ladle et al., ����). The 

chapters in this thesis demonstrate the utility of digital media as a readily available 

data source and present innovative methods that can be used to study people’s inter-

actions with non-human nature. 

However during the research for this thesis, it has become apparent that many 

opportunities are still being left unexplored, and an enormous potential for more ad-

vanced analyses of digital media data exists. For example, most studies identified in 

Chapter  I are based on mapping georeferenced data from social media (Table  � in 
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Chapter I), for instance to measure visitation rates to protected areas (Heikinheimo 

et al., ����; Tenkanen et al., ����). ‘Where?’, however, is only one of many relevant 

questions that can be answered using digital media data (Di Minin, Tenkanen, et al., 

����). The move ‘beyond the geotag’ (Crampton et al., ����) has not been made by 

many contributions, but their number is increasing. Studies attributed to conserva-

tion culturomics (see Appendix S� in Correia et al., ����) have analysed the text 

content of digital media to assess, including the public interest in conservation-re-

lated topics, some using advanced methods such as topic modelling (Kulkarni & Di 

Minin, ����; Westgate et al., ����) or sentiment analysis (Hausmann et al., ����; 

Pickering & Norman, ����). Other studies have looked at the content and captions 

of images (Hausmann et al., ����; Väisänen et al., ����) and videos (Otsuka & Ya-

makoshi, ����). Despite the clear advances in artificial intelligence, such as the com-

puter vision and natural language processing methods presented in this thesis, manual 

observation, filtering, and classification of digital data will remain important for the 

near future. 

Digital conservation methodology is advancing rapidly, and innovative methods 

are continually being introduced to this fast-moving field. This should not draw at-

tention away from the numerous inherent issues with digital media data. The over-

whelming volume and unstructured nature (Kitchin, ����) pose technical challenges 

to handling digital media data that can be overcome with careful planning and the 

appropriate computing resources and skills. Collaborations with platform operators 

can help with access to otherwise inaccessible data, and the wealth of data not avail-

able via standardised APIs can often be tapped using web scraping techniques. Biases 

inherent to the way data are produced, represented and stored, and collected for re-

search are more difficult to overcome and need to be addressed when interpreting re-

sults. For instance, social media are potentially biased towards certain geographic 

regions and specific groups or types of users (Kemp, ����). In Chapter IV I found 

that only a limited number of social media posts and online news articles relating to 

rhinoceros originated from species range countries (compare also Figure �), and that 

the strongest reactions on social media originated from Western countries. In the 

same study, I also found that not all conservation-related events were equally repre-

sented in data from different data sources. Different events also triggered different re-

actions on the two metrics of the study, sentiment and daily post count. Whenever 

possible, multiple data sources and multiple indicators should be combined. 

Digital media data often constitute personal or sensitive information (Zimmer, 

����). In addition to an ethical responsibility to not cause psychological or physical 

harm (Zook et al., ����), the legal obligations associated with handling data have be-

come stricter, especially if they contain personal information. The data privacy re-
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quirements to data processors set forward in GDP� and comparable legislation in 

other parts of the world can lead to implementation challenges and cause additional 

administrative overhead. The practical guidelines presented in Chapter  II outline 

easy-to-implement strategies and tools to allow conservation scientists to conduct 

digital media data research that complies with high legal, ethical, and moral standards. 

Developing a thorough data privacy concept can provide added benefits and 

strengthen research: for instance, because it is mandatory to reflect on data collection 

and processing at an early stage of a research project, research questions and hypothe-

ses have to be formulated equally early, which in turn can lead to more focussed and 

streamlined research, and more robust results. 

Data-driven research tends to assume an exploratory approach, and then use 

abductive reasoning to explain the observed, often out of an implicitly positivist per-

spective (Kitchin, ����, ����). Sometimes, hypotheses are formulated ex-post to fit 

patterns in the data, which can lead to explanations’ robustness suffering. To over-

come this potential epistemological short-circuit, future studies should aim to com-

Figure 9: Tweets relating to rhinoceros. The map shows all posts to the Twitter microblogging plat-
form between January 2010 and December 2020 that contained the keyword ‘rhinoceros’ (or collo-
quial alternatives such as ‘rhino’) in any of 19 relevant languages. Black lines indicate range countries 
of Rhinoceros spp. according to the IUCN Red List (IUCN, 2020; extant status).
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bine exploratory research with an explanatory component, for instance, in a mixed-

method research design (Creswell & Creswell, ����), in which a data-driven explo-

ration is used to inform an in-depth qualitative study’s design. For this, we need to 

seek to extend the interdisciplinary character of digital conservation and conservation 

culturomics to not only include more computer scientists, linguists and geoinforma-

tion scientists, but also more sociologists, anthropologists, and ethnologists (Bennett 

et al., ����). That would also allow future research to take a closer look at the actors 

behind conservation-related activity on social media. In Chapter  IV, for instance, I 

suspected that a high proportion of conservation-related posts to Twitter were com-

posed by corporate actors, such as conservation NGOs. In a similar way, in Chap-

ter V, I might have observed what could be a democratisation of wildlife trade, but, 

with the methods at hand, could not investigate this suspicion further. To assess these 

and similar hypotheses, future studies with an appropriate sociological toolset should 

be carried out. Understanding people’s actions and motivations (�uths & Pfeffer, 

����) is a crucial precondition to implementing successful conservation policies 

(Bennett et al., ����). Digital media data offer unique opportunities to study them, 

but they need to be combined with other methods to facilitate comprehensive un-

derstanding of the mechanisms behind unsustainable behaviour. 

This thesis aims to be a building block in advancing the use of novel data sources and 

innovative methods that emerging technologies can offer to conservation. Digital 

media provide rich data to conservation science and practice, and the required tools 

to leverage their potential are being developed. With Chapters I and III, I provided 

an overview to help to understand this frontier topic for conservationists within 

academia and conservation practitioners. This overview then set the field for the two 

case studies (IV and V) and an essential contribution in the form of guidelines to 

ethical data privacy conduct (Chapter  II). Together, the chapters in this thesis can 

serve as a primer to digital media conservation: I identified potential threats digital 

media might constitute to biodiversity conservation, and assessed the potential of the 

opportunities they provide. 
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Digital conservation is evolving from a frontier topic to a set of methods that can 

help provide a ‘view from above’ for a variety of conservation topics and serve as the 

starting point for comprehensive, in-depth local studies. Data and methods of digital 

conservation and conservation culturomics can inform science and practice, direct 

conservation policies and actions, and provide feedback to them by assessing the 

public perception and interest. Openly available software, data, and methods, 

together with a culture encouraging open-access publication, keep the threshold low 

for other researchers and practitioners to access and implement methods developed 

in the field. For its advancement, however, true interdisciplinarity is required: to 

make sense of digital media data, researchers have to master skills from computer 

science, linguistics, geography, statistics, as well as the topic domain, biodiversity 

conservation, and possibly the humanities and social sciences. As the field is only 

forming, its ethics, epistemology and ontology have not been comprehensively 

discussed, and the discourse around the moral and legal dimensions of data privacy 

has only started. 

As a field, digital conservation is only unfolding. The options for digital media 

data analysis for conservation have not been used to their full potential. At the same 

time, on the exciting way ahead, yet-unidentified challenges and pitfalls have to be 

expected. We should be careful to avoid ignoring underlying issues and should not 

try to solve the biodiversity crisis with ‘techno-fixes’, only (Huesemann & Huesemann, 

����). We also need to establish ethical guidelines for using advanced data and methods 

(Williams et al., ����). 

Digital media data present an enormous potential to help understand people’s 

interactions with non-human nature and the motivations behind them. They are 

rich data sources to inform conservation policies that need to be implemented to 

slow down, halt, or reverse the biodiversity decline we are facing. If we want to 

have a realistic chance to avert the global biodiversity crisis, we need to make use 

Conclusions
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of all available options. We need to unleash the potential of digital media, embrace 

the possibilities they offer, and anticipate and counter-act the threats associated 

with them. 

The magnitude of the threats we humans pose to biodiversity is sometimes 

overwhelming, and our impact will be difficult to overcome. However, we have it in 

our hands to initiate change, and digital conservation provides the tools and the 

methods to identify the best opportunities to do so. Future research should 

concentrate on leveraging the enormous potential of advanced methods, such as 

automated content analysis, and on further improving the robustness of results by 

fostering interdisciplinary collaboration. 
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Introduction

Human activities are the main drivers of the ongoing rapid worldwide loss of biodi-

versity (Maxwell et al., ����). Understanding human–nature interactions is crucial for 

finding successful conservation solutions that help address the biodiversity crisis and 

support the wellbeing of the people (Bennett et al., ����; Venter et al., ����). Col-

lecting data on human–nature interactions such as protected area visitation or re-

source extraction is, however, time-consuming and requires more resources than are 

usually available (Waldron et al., ����). There is a need for new, efficient ways of col-

lecting relevant information on people, nature and their interactions.

The ongoing information age is characterised by an increasing volume of data 

generated by user activities in virtual networks (Castells, ����). Big Data, i.e., the 

massive quantities of digital information available provide new research avenues in 

various fields of science (boyd and Crawford, ����; Kitchin, ����a; �uths and Pfeffer, 

����). Digital conservation (Arts et al., ����; Di Minin et al., ����b; Ladle et al., 

����) is a sub-field of conservation science that uses novel data sources such as social 

media data and other large data sets to understand and potentially mitigate the biodi-

versity crisis. User-generated big data may offer cost-efficient ways for biodiversity 

monitoring (Hampton et al., ����), but more importantly, they allow studying hu-

man–nature interactions on an unprecedented scale (�uths and Pfeffer, ����).

Among other sources of big data, social media provide a rich source for studying 

people’s activities in nature and understanding conservation debates or discussions on-

line (Di Minin et al., ����b). Social media refers to ‘web-based services that allow indi-

viduals, communities and organisations to collaborate, connect, interact, and build a 

community by enabling them to create, co-create, modify, share, and engage with user-

generated content that is easily accessible’ (McCay-Peet and Quan-Haase, ����). In this 

article, we focus particularly on data from social networking sites, microblogs, and me-

dia sharing services, which support textual and visual content and geotagging. These 

sites include social media platforms such as Facebook, Twitter, Instagram, Flickr, and 

Weibo, where users share content either in private networks or publicly online.

CHAPTER I

Social media data 
for conservation science: 
a methodological overview
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Information gathered from social media provide new approaches to studying 

visitation patterns in conservation areas (Levin et al., ����; Tenkanen et al., ����; 

Wood et al., ����), preferences and activities of protected area visitors, and mapping 

cultural ecosystem services (Gliozzo et al., ����; �ichards and Friess, ����; van Zan-

ten et al., ����). Social media data have also been proposed as a source of information 

to monitor public reactions to conservation-related events (Lunstrum, ����; Mac-

donald et al., ����) and to understand the global trends in wildlife trade (Di Minin et 

al., ����, ����b). Spontaneously generated social media data differ from data collected 

in citizen science campaigns, where people actively contribute data for research in a 

structured manner (See et al., ����).

Computer science and related fields are currently making rapid advances in 

methods for social media analytics. These methods are generally adopted in conser-

vation science with a delay (Di Minin et al., ����; Sherren et al., ����). There are 

several studies using, for example, geotagged social media data in spatial analysis of 

human–nature interactions (Hausmann et al., ����; van Zanten et al., ����), but 

analyses combining different elements of social media data and advanced analysis 

methods remain scarce. Most of the previous studies that use social media data rely 

on manual content analysis, especially for visual content, and relatively simple spatial 

analyses (see literature review in the next section). Di Minin et al., ����, ����b have 

recently proposed and demonstrated the use of automated social media content anal-

ysis for tracking illegal wildlife trade, whereas Becken et al. (����) presented a case 

study analysing human sentiment towards the environment from social media. To 

leverage the full potential of social media data, conservation science would benefit 

from adopting methods for automated content analysis and combining these meth-

ods with advanced spatio-temporal analytics.

In this review paper, we present an overview of current analytical approaches to 

extract information from social media data for conservation science. Specifically, we 

(i) describe what kind of relevant information can be retrieved from social media 

platforms, (ii) provide a detailed overview of advanced methods for spatio-temporal, 

content and network analysis, (iii) exemplify the potential of these approaches for 

real-world conservation challenges and (iv) discuss the potential and limitations of so-

cial media data analysis in conservation science. The article aims to point out relevant 

tools and literature for those interested in using social media data in their research.
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Previous research using social media data

We carried out a systematic literature review to understand how social media data 

have been used in conservation science. This review updates the previous review by 

Di Minin et al. (����b) and provides an overview of current research and existing 

gaps in using social media data in conservation science. For details on how the litera-

ture review was carried out, see Supplement S�. �esults of the literature review are 

summarised in Table �. The search and selection of the literature resulted in �� pub-

lished journal articles, which we classified into three thematic categories, namely, 

‘people in nature’, ‘biodiversity monitoring’ and ‘online discussions’.

Most of the reviewed papers fell in the category ‘people in nature’ (n = ��) and 

focussed on spatial, spatio-temporal and content analysis of human–nature interac-

tions. Most of these studies used social media locations and timestamps as a proxy for 

human presence (Allan et al., ����; Fisher et al., ����; Ghermandi, ����; Hausmann 

et al., ����; Levin et al., ����, Levin et al., ����; Martinez-Harms et al., ����; Sonter 

et al., ����; Spalding et al., ����; Tenkanen et al., ����; Tieskens et al., ����; Walden-

Schreiner et al., ����) and social media content for understanding human experiences 

and activities in nature (Giovos et al., ����; Gliozzo et al., ����; Hausmann et al., ����; 

Heikinheimo et al., ����; �ichards and Friess, ����; van Zanten et al., ����).

Category and Textual Image Video
Subcategory Publications Spatial Temporal content content content

People in nature �9 �8 8 2 4 �

Activities/experiences 7 6 � 2 4 �

Human presence �2 �2 7 - - -

Biodiversity monitoring 7 4 � 4 3 3

Species observations 7 4 � 4 3 3

Online discussions 9 - 3 9 - -

Species on the internet 2 - - 2 - -

Online reactions to events 4 - � 4 - -

Media coverage of topics 3 - 2 3 - -

Column Total 35 22 �2 �5 7 4

Table 1: Summary of publications (n = 35) using social media data in conservation science. Category 
and subcategory indicate which topics were investigated and additional columns show which ele-
ments of social media data were used in the publications. The original publications and their classifi-
cations are provided in the Supplementary Material.
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‘Biodiversity monitoring’ articles (n = �) focussed on obtaining information 

about real-world species observations. These studies use different combinations of 

social media geotags, as well as text, image, and video content to retrieve information 

about species observations, often focussing on a single species and using manual data 

access methods (Campbell and Engelbrecht, ����; Di Camillo et al., ����; Dylewski 

et al., ����; Havlin et al., ����; �ocha et al., ����; Schuette et al., ����).

‘Online discussions’ articles (n = �) focussed on understanding the discussions 

around and diffusion of nature-based content on the internet. Based on text analysis 

related to the topic or species of interest, the studies analysed media coverage of con-

servation-related events and news (Hawkins and Silver, ����; Macdonald et al., ����; 

Papworth et al., ����), online reactions and discussions in relation to events and man-

agement actions (Ebeling-Schuld and Darimont, ����; Greer et al., ����; Lunstrum, 

����; Wu et al., ����), and the analysis of species-specific information in online me-

dia (Jarić et al., ����; Willemen et al., ����).

What data are available?

Characteristics of different social media platforms
Social media allow people to share and exchange content in online networks (Kaplan 

and Haenlein, ����). Various social media platforms enable users to share posts con-

taining text, images and video, and users can like, share and comment on each other’s 

posts, forming a network of users and content. Personal profiles and posts can be either 

private or public, depending on the platform and the user’s settings (Lange, ����). 

Many social media platforms allow users to geotag their posts, which makes social me-

dia data analogous to other types of geographic information (Sui and Goodchild, ����). 

While ‘social media’ is a broad concept (Kaplan and Haenlein, ����), here we focus 

specifically on social networking sites and content communities such as Facebook, 

Twitter, Instagram, Flickr, and Weibo, which are likely to contain relevant informa-

tion for studying human–nature interactions (Di Minin et al., ����b).

Facebook is by far the most popular social networking site in the world, mea-

sured by the number of monthly active users (Table �). Only in �ussian-speaking 

countries, platforms VKontakte and Odnoklassiniki, and in China, QZone, are more 

popular than Facebook (vincos.it/world-map-of-social-networks/). Twitter and Instagram 

are widely popular in different parts of the world, especially in Europe, the Americas, 

and India. While the photosharing site Flickr is not as popular measured in number 

of users, it is often used for sharing nature-related content (Di Minin et al., ����b), 

and it has been widely used in research for studying nature recreation and cultural 

ecosystem services (see references in Table �).
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Information about the platform user base is a key element when accounting for 

platform-specific biases and population biases in social media analysis (�uths and Pfeffer, 

����). Social media usage varies among different population groups, but detailed sta-

tistics are difficult to obtain globally. In the U.S., as an example, social media are pop-

ular in all age groups, but young adults (��- to ��-year-olds) are more likely than 

other age groups to use social media (Kemp, ����). Surveys conducted in Finnish and 

South-African national parks support the same finding. Specifically, younger visitors 

to national parks are more likely to share their nature experiences in social media 

compared to older visitors (Heikinheimo et al., ����), while women post their expe-

riences online more likely compared to men (Hausmann et al., ����). The lack of 

detailed statistics makes it challenging to estimate representativeness of the data in 

different spatial contexts, for example, within a specific national park.

Social media platforms differ in the type of content people share on them (Ka-

plan and Haenlein, ����; Thelwall, ����). Media-sharing platforms such as Flickr and 

Instagram are rich in visual content and related text descriptions and comments, 

while microblogs such as Twitter consist primarily of short text content with embed-

ded images and links to other online content. Photo-sharing platforms seem to con-

tain more content about people’s activities and on-site observations, whereas 

microblogs might be more focussed on discussions around specific topics. General 

purpose social networking sites such as Facebook may contain a mixture of different 

content types. Despite these platform differences, people might share the same con-

tent across multiple platforms. For example, many geotagged tweets originate from 

Instagram (Heikinheimo et al., ����).

Data acquisition
There are different approaches to acquire social media data ranging from manual 

searches to programmatic access to data (Batrinca and Treleaven, ����; Lomborg and 

Bechmann, ����). These approaches vary in required skill level of the analyst and the 

volume of data acquired. For instance, manually browsing through social media 

groups is time-consuming but requires little computational skill, while obtaining data 

using automated tools typically requires technical knowledge about the interface, 

programming skills, and an appropriate computing infrastructure for continuous data 

storage. Below, we examine the main data acquisition approaches in more detail.

Application Programming Interfaces (APIs) provide a defined set of methods 

for interacting with social media platforms in a programmatic way. Social media plat-

forms often provide an API through which third parties such as application develop-

ers and researchers can interact with the platform automatically, which makes APIs 

an efficient tool for researchers (Lomborg and Bechmann, ����). There are two pre-
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vailing architectures for APIs: streaming APIs (Joseph et al., ����) and �EST (represen-

tational state transfer) interfaces (Massé, ����). Streaming APIs continuously deliver 

newly posted messages, e.g., on a specific topic in a read-only format. �EST interfaces 

are used by requesting specific data from the API, allowing more flexible queries, also 

back in time. Using an API often requires a so-called access token or application key, 

which the platforms use to track and limit API usage. The process of acquiring access 

to an API varies among platforms (see notes in Table �). Paying for improved API ac-

cess is an option on some platforms, for example, on Twitter. Companies may alter 

which data are accessible through their API (Lomborg and Bechmann, ����), and re-

strict or eliminate API access at any given time (Freelon, ����). See an example of 

changes in Instagram data quality in the Supplementary material (Supplement, S�).

Several data analysis software packages contain functionalities for viewing, re-

trieving and analysing data from social media APIs. There are both proprietary tools 

and free and open-source solutions, which serve the purpose of collecting content 

from different social media platforms. For example, the ecosystem valuation software 

InVEST calculates the average annual number of photo-user-days based on geolo-

cated Flickr photographs as a proxy for nature recreation (Wood et al., ����). TAGS 

(Hawksey, ����) is an open-source extension to Google Spreadsheet to continuously 

collect Twitter data based on selected keywords, while COSMOS is a standalone 

software that can be used to collect and analyse Twitter data with an easy-to-use user 

interface (Burnap et al., ����).

There are also other options for social media data acquisition. The purchase of 

data from an authorised data vendor has several advantages such as little to no manual 

work and programming effort, and the availability to access time series of historical 

data. Costs may limit the practical usefulness of this approach in conservation science. 

Web scraping, or web crawling, is an approach for downloading and extracting data 

from web pages using an automated script. In comparison to APIs, web crawlers can 

only access the public web, while APIs may provide access to content that requires 

authentication (Lomborg and Bechmann, ����).

There are various limitations when using computational tools for querying data 

from social media platforms (Brooker et al., ����). While social media as such are 

subject to limitations and bias (boyd and Crawford, ����), additional gaps and quality 

issues may be introduced when acquiring the data computationally (Brooker et al., 

����). For example, an API might return only a subsample of the requested data due 

to rate limits and access levels, and the quality of this sample may be difficult to eval-

uate (boyd and Crawford, ����; Brooker et al., ����).

�egardless of the data acquisition method, the researcher is responsible for stor-

ing and analysing the data in an ethical and responsible way (Lomborg and Bech-
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mann, ����; Zook et al., ����). Each social media platform has its own Terms of Ser-

vice that define how data acquired from these platforms can be stored and used by 

third parties. Clearly, these conditions should be acknowledged when retrieving data 

for research purposes (Batrinca and Treleaven, ����). For example, web scraping of-

ten violates the terms and conditions of service providers, and researchers should un-

derstand the potential consequences of this violation (Freelon, ����).

Elements of social media data
The information content of a social media post can be broken down into several ele-

ments: user information (full name, username, number of followers, user-defined 

home location), content (text, image, sound, video), timestamp (time when content 

was shared), geotag (automatic or user-defined location for the post), and comments 

and likes by other users (Figure �).

Figure 1: Elements of a typical social media post viewed on a mobile device. 
Adapted from Poorthuis et al. (2016).
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Text content is a core element of a social media post. Textual content often 

consists of short messages and captions that may include hashtags, emojis and exter-

nal links. Additional text content is present in the comments related to the post. It is 

important to acknowledge that users post text in different languages and that a single 

post can contain text written in multiple languages (Hiippala et al., ����). The lan-

guage used in social media is often a spoken language containing abbreviations, emo-

jis, hashtags and sarcasm. Twitter posts (tweets) are primarily textual, but tweets may 

also include interactive links to other external media (image, GIF and video, web-

page). The length of a tweet is currently limited to ��� characters (��� characters 

prior to November ����). In contrast, Instagram and Flickr are primarily platforms 

for visual content – each post is an image or video that may be supplemented by a 

textual caption. Additional text content is present in the comments related to a post.

Image content often contains photographs taken by the user but may also con-

tain memes, infographics and other types of visualisations. The user may have applied 

a filter to the content, which changes the colours and brightness of the image. Based 

on manual content analysis of social media images shared in national parks, users of-

ten share content related to biodiversity, landscape, and various human activities 

(Hausmann et al., ����; Heikinheimo et al., ����). In a Finnish national park, users 

shared more content related to people and human activities (Heikinheimo et al., 

����), while in Kruger National Park, South Africa, most of the analysed content 

was related to charismatic biodiversity (Hausmann et al., ����). The type of shared 

photographs also varies between platforms. Flickr was used more extensively for 

sharing biodiversity-related content, while Instagram was relatively more used for 

sharing content about social aspects of the visit (Hausmann et al., ����).

Geographic information is another relevant element of a social media post. Lo-

cation information might reveal the exact location where the post was shared. Users 

might also geotag or mention places they want to discuss, without actually having 

been there (e.g., ‘I wish I could travel to #YellowstoneNationalPark!’). A geotagged 

social media post contains latitude and longitude coordinates in its metadata. How-

ever, the spatial accuracy of these coordinates depends on the user and the platform 

(Hochmair et al., ����). For example, in Flickr, a post can have the exact coordinates 

automatically derived from the camera device, or the user can add spatial location to 

a post using a webmap application. In Instagram, users geotag their content by se-

lecting a place name from a pre-defined list of locations (such as, ‘Kruger National 

Park’ or ‘The Dolomites’) and hence, the geotag location approximates the actual lo-

cation where the photo was taken (Figure �). Consequently, micro-scale (e.g., trail-

level) spatial analysis is not always meaningful even with geotagged data (Wu et al., 

����). Only a small portion of all social media posts are geotagged, but the small por-
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tion is compensated by the vast volume of social media data (Poorthuis and Zook, 

����). In addition to coordinates, geographic information is also shared using place 

names and hashtags within the textual content of a post.

Timestamps in social media data reflect the date and time when the user sent a 

post online, or when a photo was taken. Timestamps provide useful information on 

temporal patterns of observations and activities. For example, temporal changes in na-

tional park visitor patterns can be analysed based on social media timestamps (Tenkanen 

et al., ����) (see also Box �). Combined with content analysis techniques, timestamps 

may reveal public reactions to events and the time-lags for these reactions, for example, 

regarding the conservation of a specific species (see Box �). Accuracy of the timestamp 

and the appropriate temporal scale of the analysis depend highly on the user who gen-

erated the data. Users might not post content immediately when an event happens, but 

only much later when, e.g., with good internet connection. It is also common to post 

old memories on social media, to reshare old content with the hashtag ‘#throwback-

time’ or ‘#tb’, or to talk about future events, making the timestamp of posting less rele-

vant. Additionally, the sporadic nature of social media posting may hinder very detailed 

temporal analyses. If the temporal patterns are regular (for example, repeating weekly 

patterns in national park visitation), the data can be aggregated over longer periods of 

time to extract meaningful temporal patterns (Figure �).

Figure 2: Locations of social media images are not always accurate as shown in an example from 
Kruger National Park. The map shows Instagram (lighter) and the sports where the photos were 
taken (darker). Images and GPS data by authors.
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Figure 3: Timestamps in social media posts allow analysis of temporal patterns of people or pub-
lic attention. The sporadic nature of data does not always allow a high level of detail, but aggregation 
may help. Light grey lines demonstrate how increasing temporal granularity of inspection influences 
the number of observations per time unit: (a) shows the monthly visitation pattern, which is lost 
when the same data are inspected on a weekly (b) or a daily (c) basis. In the finest scale examina-
tion, many days are left with zero users. Aggregation of data may help to overcome this problem if 
temporal patterns are repeating (dark grey lines). Here, data have been aggregated over two years 
for monthly (d), daily (e) and hourly (f) averages. The example is based on Instagram data for Nuuk-
sio National Park in Finland for the years 2014 and 2015. 
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The user profile of a social media account holder contains varying degrees of 

information about the user. Username, profile picture and a short description (‘bio’) 

available in the user profile can reveal different background characteristics about the 

user (Table �). Some platforms allow users to add information about their home lo-

cation/place of residence with a varying accuracy (Facebook, Twitter, and Flickr), 

while other platforms lack this information (e.g., Instagram). User profile informa-

tion combined with content and spatial locations of posts has been used to infer fur-

ther information such as age, gender, nationality, household type, and origin of the 

user (Longley et al., ����). While these pieces of information are seldom accurate, 

they may provide relevant information on who posts what and when in social media 

(Di Minin et al., ����b) and how the preferences, activities, opinions or spatial pat-

terns differ among different groups of people.

Language
Nationality/ (mother Profession/ Social Status/ Lifestyle/ Place of Societal

Age Gender Origin  tongue) Occupation Income Type Personality �esidence Influence

User name •• ••• •
User profile ••• •••
image

User ‘bio’ • • • • • • • •
description

User-
place of •••
residence

User spatio-
temporal •• •• •• •••
mobility

Image and 
textual •• ••• •• •• •• •
content

Social 
network • •••
information

Further Longley Longley Longley Hiippala Sloan et al. Sloan et al. Schwartz Hawełka Bakshy
reading et al. et al. et al. et al. (20�5) (20�5), et al. et al. et al.

(20�5), (20�5), (20�5) (20�8) Preoţiuc- (20�3) (20�4) (20��)
Sloan et al. Schwartz Pietro et al.

(20�5) et al. (20�5)
(20�3)

Table 3: Different approaches for deriving information on users. ••• = useful data, •• = poten-
tially useful data, • = sometimes useful data. 
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How to analyse the data?

Overview of social media analysis workflow
Extracting meaningful information from social media data is an iterative process (Fig-

ure �) that often follows a typical data mining workflow (Han et al., ����), in which 

a researcher needs to consider questions ranging from the acquisition and storage of 

data in an efficient and safe manner, to cleaning, filtering, transforming and enrich-

ing the data into a format that can be used to conduct the actual analyses.

Social media data, like big data sources in general, are characterised by large 

volumes of data, internal variability, varying veracity and high velocity of accumula-

tion (Kitchin, ����a). Applied research often benefits from making big data small 

(Poorthuis and Zook, ����), i.e., extracting only relevant data for further analysis. 

Filtering is indeed needed as social media may contain data generated by bots, mean-

ing automated data generation algorithms, and advertisers, and the data may be inac-

curately georeferenced, purposefully sarcastic or contain merely a circulating meme 

or a funny cat video. Hence, cleaning and filtering the data are two of the most cru-

cial steps in any social media data analysis workflow (Di Minin et al., ����; Varol 

et al., ����). Transforming the structure and format of the data (for example, spatial 

and temporal aggregation, Tenkanen et al., ����) and enriching the data with rele-

vant metadata (for example, language identification, Hiippala et al., ����) might also 

be necessary before the actual analysis. At every step, but particularly when drawing 

conclusions on the results, a critical assessment of the results is needed. The results 

should be compared with other available information, if possible. Those interpreting 

the results should also be reminded about the biases, not to assume that social media 

reflects all behaviours of people.

In the following sections, we focus on one step of this iterative data mining 

flow: the analysis. We describe contemporary methods for spatio-temporal analysis, 

content analysis and network analysis in the context of social media data mining.
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Figure 4: Main steps in social media data analysis and a checklist of questions to consider in dif-
ferent steps. See Supplementary Material (S7) for detailed processing steps related to the practical 
analysis examples presented in Boxes 1-4.



70

Ch�pter I: Soci�l medi� d�t� for conserv�tion science

Spatio-temporal analysis
Spatio-temporal analyses of social media data take advantage of the geographic infor-

mation and timestamp elements of social media posts. Gathering spatially and tempo-

rally explicit data on human activities has become widely available through the use of 

smartphones. Smartphones record their locations both for the mobile network oper-

ator services, as well as through mobile applications such as social media (Kitchin, 

����a; Sui and Goodchild, ����). The data collected by mobile devices are used as 

proxies to understand the changing distributions of people, i.e., dynamic population, 

but also to study the movement patterns of people (Frank et al., ����; González 

et al., ����; Järv et al., ����). At large, there are two main groups of spatio-temporal 

analysis approaches that are useful for social media data analytics, location-based and 

person-based analysis (see Box �).

Location-based approach

A location-based (or place-based) approach is a relatively straightforward way of 

analysing the spatial patterns of social media posts and users using standard spatial 

analysis approaches from plotting the points on a map to calculating density surfaces 

or aggregating data over spatial units. Location-based approaches have been used, for 

example, to assess the presence of people in protected areas or to identify hotspots of 

human–nature interactions (Levin et al., ����; Tenkanen et al., ����). Such informa-

tion may be complementary to official visitor statistics (see Box �). Statistical models 

with ancillary data allow us to explain the variation in social media posts/user densi-

ties with various environmental variables, to gain understanding of, for example, 

landscape values or visitation preferences of people (Hausmann et al., ����; van Zan-

ten et al., ����; Yan et al., ����). Longitudinal location-based analyses are useful 

when studying the temporal variation in protected area visitation or ‘dynamic popu-

lations’. Such variation is difficult to track with conventional data collection methods 

(Tenkanen et al., ����; Wood et al., ����). Combinations of spatio-temporal and 

content analysis approaches for social media data have been used to study spatial dis-

tribution of species observations (Willemen et al., ����), landscape values (van Zan-

ten et al., ����), human activities in nature (Heikinheimo et al., ����), and 

sentiments and semantics related to a place (Hu, ����; Liu et al., ����).



Box 1: Assessing National Park Visitor Movements - Case Study from Kruger National Park, South Africa. 

Figure B1: a) Location-based visualisation of Instagram posts reveal hotspots of human–nature interaction on the roads 
of Kruger National Park. Person-based analysis of visitors in Kruger NP also indicate: c) visitor routes within the park, or 
b) the potential origin of social media users who visited the park. 

Background: Nature-based tourism generates important revenues to support conservation and man-

agement in protected areas. Understanding the mobility patterns of protected area visitors is crucial 

for developing conservation strategies both for local management as well as global marketing.

Case example: Kruger National Park (KNP), South Africa, is a popular wildlife-watching destina-

tion, attracting both national and international tourists. Tourists actively share their experiences on 

social media during their visit. Spatial and temporal patterns of geolocated social media posts may help 

reveal visitors’ country or region of origin. Inside the park, geolocated posts may reveal hotspots for 

human–nature interactions, as well as areas that may be exposed to potential pressure on biodiversity 

such as crowdedness. In Figure B�, we present examples of spatial analyses of park visitors based on 

social media data: Where are the hotspots of human–nature interaction in the park, what kind of tra-

jectories do tourists have in the park, and where do the visitors come from? 

Method: To identify the most popular roads within Kruger National Park (KNP), we retrieved geolo-

cated Instagram posts (n=��,���) inside the park boundaries for the year ����. These data were matched 

with the closest road segments (using spatial join) making it possible to detect the roads with the highest 

social media activity. We analysed trajectories of visitors by drawing a line between subsequent social 

media post locations for each user account. These locations could be clustered to identify the common 

travel itineraries within the park. To obtain information on the countries of origin of the visitors in 

KNP, we traced back all locations globally between ���� and ���� (n=���,���,���) for each user having 

posted within KNP in ���� (n=�,���). These were visualized using a Sankey diagram.

�elated readings: Hausmann et al. ���� and supplementary material.
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Person-based approach

A person-based approach, which focuses on human mobility at the individual level, 

requires much more challenging and advanced methods compared to location-based 

analyses (Järv et al., ����; �ashidi et al., ����; Wang et al., ����). Person-based spatio-

temporal analysis can provide more in-depth knowledge about people’s actual move-

ments and the places they have visited, for example, trips between different national 

parks (Figure �; Hawełka et al., ����; Heikinheimo et al., ����; Huang and Wong, ����). 

Additionally, comparing the location information of the post and the location pro-

vided by user’s profile data may reveal global scale mobility patterns (Hawelka et al., 

����; Levin et al., ����). Advanced analyses of visited locations and movement trajec-

tories over a prolonged time period may benefit from additional human mobility 

analysis methods. These methods include anchor point modelling (Ahas et al., ����) 

to reveal origins of social media users, space-time prisms (Neutens et al., ����) to 

evaluate potentially reachable locations within a national park, and sequence align-

ment (Shoval and Isaacson, ����) to reveal visitation frequencies between locations 

and national parks. Further, linking an individual’s mobility pattern with the content 

of social media posts over a prolonged time period can provide additional informa-

tion on visitors’ background (see Table �), their potential visitation preferences, and 

actual experiences. It could be possible, for example, to classify visitors as different 

tourist types such as eco-, adventure, culture and leisure tourists based on geotagged 

posts in previously visited locations.

Hence, person-based analysis is useful for profiling protected areas based on vis-

itors and visitation features, and for monitoring needs for nature conservation based 

on mobility trajectories within and between protected areas. Not the least, this 

knowledge is essential for developing managing and marketing of protected areas 

(Sevin, ����), especially where visitor monitoring systems do not exist.

Content analysis
Social media content analysis refers to a collection of qualitative and quantitative meth-

ods for systematically describing the content that users post on social media platforms. 

Quantitative analyses of social media content remain scarce in conservation science, and 

previous studies have relied mainly on time- and resource-consuming manual content 

analysis (Eid and Handal, ����; Hausmann et al., ����; Hinsley et al., ����). However, 

research on artificial intelligence is making rapid progress in analysing and understand-

ing visual and textual content, which has enabled computers to classify species in pho-

tographs, to identify patches of forests in satellite images and to evaluate the emotions 

expressed by social media users. Many of these advances emerge from an approach to 

machine learning known as deep learning, which uses artificial neural networks that 
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can learn to perform tasks without human supervision, given the networks are pro-

vided with numerous examples of paired input data (e.g., an image) and the desired 

output (e.g., a label for an object in the image)(Goodfellow et al., ����; LeCun et al., ����). 

The following sections describe the advances brought about by deep learning in the 

fields of computer vision and natural language processing, which provide methods for 

analysing visual and textual content on social media.

Computer vision methods for visual content analysis

Computer vision is a broad, interdisciplinary field that studies the automatic process-

ing and understanding of images. Visual content available on social media platforms 

such as photographs posted on Flickr, Instagram and Twitter can be analysed using 

computer vision methods. Visual content can be analysed, for example, to monitor 

species and ecosystems, as well as the threats they face. Computer vision methods can 

be used to identify species automatically for monitoring purposes (Norouzzadeh et 

al., ����), to detect which species or wildlife products are being illegally traded on 

Figure 5: A chord diagram - an aspatial visualisation of a spatial analysis – presenting person-
based spatiotemporal visitation patterns between South-African national parks. The visualization 
shows the number of users who have posted content in different national parks in South Africa 
during 2014 in the case of visiting more than one park. The diagram also reveals which parks attract 
the same visitors. For example, Table Mountain and Kruger are often visited by the same people, 
while Kruger and Augrabies Falls are seldom combined.
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social media (Di Minin et al., ����) or to identify cultural ecosystem services (Lee et 

al., ����). Deep learning has achieved state-of-the-art results for challenging com-

puter vision tasks such as classifying the contents of photographic images (�awat and 

Wang, ����), finding objects and identifying their outlines (He et al., ����) and gen-

erating descriptions of entire images or their parts (Johnson et al., ����; Karpathy and 

Fei-Fei, ����; Zellers et al., ����) (see Boxes � and �).

Natural language processing methods for textual content analysis

Natural language processing (NLP) is a field that studies the computational process-

ing of all natural languages such as English or Swahili. Natural language processing 

methods can be used to analyse textual content on social media platforms such as In-

stagram captions or Twitter posts. Applications of NLP methods in conservation sci-

ence have been rare but hold much potential for extracting useful information from 

textual content (Becken et al., ����). NLP methods allow, for instance, automatic 

language identification, sentiment analysis (e.g., negative posts related to crowdedness 

in a national park or the killing of ‘Cecil’ the lion) and named entity recognition for 

extracting the names of locations, organisations, individuals and species mentioned in 

social media posts. These NLP tasks have benefited from recent advances in repre-

senting natural language using a technique known as word embeddings (Bojanowski 

et al., ����; Mikolov et al., ����; Peters et al., ����). Word embeddings use neural 

networks to map words to vectors of real numbers, which can then be used as input 

data for downstream NLP tasks. However, applying NLP methods to social media 

content remains challenging due to the use of non-standard spellings, abbreviations, 

creative language and multiple languages within a single post (Carter et al., ����; 

Hiippala et al., ����). NLP models are typically language- and domain-specific, 

which means that a model trained using English Wikipedia articles is likely to pro-

duce poor results when applied to data collected from social media platforms.

Combining visual and textual content analysis and current challenges

Social media users typically express themselves using combinations of visual and tex-

tual content such as a photograph and its caption. Accounting for this phenomenon, 

known as multimodality, is an emerging topic in automatic content analysis (�a-

machandram and Taylor, ����). These combinations can improve the performance of 

tasks such as sentiment analysis, as the combination of photograph and caption may 

prove more informative for determining the sentiment of a social media post than 

the photograph or caption alone (You et al., ����) because the relevant information 

can be distributed across both visual and textual content. The same holds true for 

identifying species or human activities in social media posts. Captions may provide 



Box 2: Automated Content Detection from Social Media Images.

Figure B2: A comparison of results for instance segmentation (left) and  dense captioning (right) for two pairs of images. 
Instance segmentation shows promising results for detecting objects, even if they are only partially visible or overlap each 
other, which enables, for example, counting the number of objects such as individuals of a certain species. Dense caption-
ing provides richer descriptions, which may be used for searching image contents but lacks accuracy for object detection. In 
both cases, the results are limited to the classes and descriptions present in the training data: the model cannot detect ob-
jects that are not present in the training data. For more examples, see the Supplementary Material, S4.

Background: Observations by nature enthusiasts contribute to species monitoring worldwide. In ad-

dition to citizen science platforms designed specifically for this purpose, there is an increased interest 

in using social media for collecting information about nature observations and human–nature interac-

tion. Extracting relevant information from high volumes of social media data often requires auto-

mated content analysis, but note: it is advisable to check the platforms’ terms of use before applying 

these methods.

Case example: We show how two commonly used content analysis methods, dense captioning and in-

stance segmentation, can be used to identify species or human–nature interactions in social media im-

ages. We demonstrate the differences between the methods by applying them to the same images. Dense 

captioning, which combines computer vision and natural language processing, detects visual regions of 

interest in the images and generates a linguistic description for each region. Instance segmentation lo-

cates objects in images and estimates their outline. This information can be used to count objects and to 

filter visual content for further processing such as more detailed species classification. The two ap-

proaches produce different types of content recognition, as shown with the examples. 

Method: Dense captioning uses a pre-trained neural network with a VGG�� backbone, trained and im-

plemented by the authors (Johnson, Karpathy, & Fei-Fei, ����). Instance segmentation uses a pre-trained 

deep neural network, namely, Mask �-CNN (He, Gkioxari, Dollár, & Girshick, ����) with a �esNeXt 

X-���-��x�d-FPN backbone, as implemented in the Detectron library (Girshick et al., ����).



Box 3: Temporal Variation of Visitor Activities in Protected Areas.

Figure B3: Instagram posts mentioning popular activities (skiing, hiking and biking), 
and the most characteristic seasonal elements (snow and autumn colours) in Pallas-
Yllästunturi national park in Finnish Lapland. 
The posts reveal the seasonal and long-term trends that are expensive to monitor with 
visitor surveys. For skiing (a) and hiking (b), the seasonal trends are clear and they match 
with the phenological changes in the landscape. Biking is an emerging activity that has 
been growing in popularity during the recent years. It has caused management chal-
lenges but at the same time new opportunities for people to visit nature. The growth in 
the popularity of biking is clearly observed from social media content (c). 
The graphs (a-c) are based on the text content only. Photos (d)-(f) provide examples of 
visual content from the national park. Photos labelled using dense captioning (d, f) and 
instance segmentation (e) demonstrate on how these techniques could contribute fur-
ther to content analysis (see Box 2 and the Supplementary material for more examples).

Background: �ecreational activities in protected areas provide people access to cultural ecosystem services 

such as physical recreation and sense of place. However, the activities of visitors may cause direct or indirect 

disturbance to the environment. Inspecting the content of social media data in space and time provides in-

creased understanding of activities and their relationship, e.g., to the phenological stages of nature. 

Case example: Pallas-Yllästunturi in Lapland is the most visited national park in Finland. The park visi-

tation is extensively monitored through visitor counters and systematic visitor surveys, repeated every 

five years. The surveys reveal that hiking and skiing are the most popular activities in the park, depend-

ing on the season. Social media data provide complementary information about the activities in the 

park, as it allows the analysis of the activities of people over time. This information is useful for under-

standing temporal trends in activities, the relationship of these trends to changes in nature and for detect-

ing emerging activities (Heikinheimo et al., ����). Here, we demonstrate how social media text and 

imagery capture the temporal fluctuation of activities in different seasons. 

Methods: We used Instagram posts extracted within a ��-km buffer zone around the Pallas-Ylläs Na-

tional Park between January ���� and April ���� (N=��,���) (Heikinheimo et al. ����). We searched for 

all posts mentioning skiing, hiking and biking, and related environmental conditions (snow and autumn 

colours) in the most popular languages (English, Finnish) using a simple keyword search. 

Further readings: Heikinheimo et al. ���� and Supplementary Material.
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detailed information on the species or activity, whereas the computer vision model 

may recognise only the broader class to which they belong.

One drawback of using deep learning is the need for high volumes of training 

data for learning models that generalise well on unseen data. These training datasets are 

missing from conservation science and additional efforts will be needed to create them. 

This effort can be supported by deep learning, particularly for time-consuming tasks 

such as segmenting objects in images (Maninis et al., ����), which reduces the re-

sources needed for creating domain-specific, tailored datasets for conservation science. 

Shortcomings in data volume may be alleviated using a technique known as transfer 

learning, which involves learning representations on larger data sets and fine-tuning 

them to different downstream tasks such as classification (Weiss et al., ����). Pre-trained 

models and training data exist for various computer vision tasks (Deng et al., ����; 

Krishna et al., ����; Lin et al., ����), whereas word embeddings and other language re-

sources are now available for a large number of languages (Grave et al., ����).

Social network analysis based on likes, comments and followers
Network analysis is a common methodology in computer science, and it has also 

been applied in ecology and social sciences (Cumming et al., ����). Social network 

analysis is an approach for mapping and measuring the relationships between people, 

groups, and discussion topics as well as the dissemination of ideas (Wellman, ����). 

Technically, a social network consists of a set of nodes and links that connect these 

nodes to each other (Marin and Wellman, ����). In social media data, nodes can be 

individuals, posts or topics that are linked through online interaction such as likes, 

followerships, friendships, comments or shares (Figure �).

Forming a social network makes it possible to understand how individuals in-

teract with each other; how strong the social ties are between individuals; how ideas, 

values and opinions spread in the network; and how different communities form 

around specific topics or opinions (Chamberlain et al., ����; Crandall et al., ����; 

Croitoru et al., ����; Grabowicz et al., ����; �eihanian et al., ����; Takhteyev et al., 

����; Zhang et al., ����). Social network analysis could provide new information for 

applications such as understanding the relationships among users and sellers of 

wildlife products (Di Minin et al., ����b), identifying influential actors in a conserva-

tion debate (Miller, ����), or evaluating the influence of social networks when esti-

mating the economic value of tourism and biodiversity (Spalding et al., ����). Of the 

various analytical approaches developed for social network analysis, community de-

tection and centrality analyses may have the highest potential for such conservation-

related questions.
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Community detection approaches can be categorised broadly into topology-

based and topic-based community detection approaches (Ding, ����). The topology-

based community detection algorithms such as the Link clustering method (Ahn et 

al., ����), Clique Percolation method (Palla et al., ����), or BIGCLAM (Yang and 

Leskovec, ����) use information about social connections such as friendship, follow-

ership or communication between users to cluster nodes into distinguishable groups. 

Topic-based community detection aims at grouping and separating individuals into 

specific communities based on the topics that are discussed, or sentiments or opin-

ions about a specific topic. Topic-oriented community detection (Zhao et al., ����) 

combines natural language processing techniques with clustering and community de-

tection algorithms that can reveal communities that are interested in specific topics 

such as a species or a protected area. Sentiment modelling can further reveal if the 

communities address a specific topic positively or negatively (see Box �). Various 

centrality measures such as betweenness centrality, degree centrality or eigenvector 

centrality (Landherr et al., ����) make it possible to identify key nodes from the so-

cial network such as opinion leaders or key informants of a social group that can be 

useful for targeting conservation marketing.

Figure 6: Social media data make it possible to form a social network of a user based on combination 
of follower information, likers and commentators. It is also possible to form a social network around 
a post or topic by generating the network based on users who liked or commented on the post.



Box 4: Assessing Public Sentiment for Conservation - Case Pangolin.

Figure B4: The volume of Twitter messages relating to the keyword ‘pangolin’ changes over time, with users reacting to 
awareness campaigns, conservation events or similar news items (a). 
Sentiment analysis of the content of the posts allowed us to track positive, neutral or negative attitudes. 
The variation of the sentiment over time (b) can be used to identify prevailing topics and link them to specific events (c). 
World Pangolin Day (17 February 2018) accounts for a clear spike in both volume and sentiment.

Background: Big data mining approaches can be used to follow and analyse debates around conserva-

tion (Di Minin et al. ����b; Ladle et al. ����). Social media content analysis may reveal the volume of 

online discussion but also the sentiment users express in response to species or events and how these 

change over time. Understanding the sentiments of people towards conservation of species or protection 

of areas is important for developing conservation strategies and communication. 

Case example: Pangolins are the most trafficked mammal species in the world. Awareness campaigns 

on social media have raised attention about the critical conservation status of the species. Social media 

content and sentiment analysis shows how much and with what sentiments social media users have 

posted about the species. With improved knowledge about public opinion, awareness campaigns can be 

made more effective, and public support for the conservation of the species can be increased. 

Method: We collected Twitter posts (tweets) mentioning Pangolin in one of �� relevant languages from 

February to May ����, using the platform’s API. We then used the sentiment classification framework of 

Webis (Hagen et al., ����), which is optimized for short text length such as in tweets, to identify the sen-

timent (positive, neutral, negative) of all posts. Finally, we calculated a mean sentiment of all tweets posted 

in one day by assigning ‘positive’ messages a value of �.�, ‘negative’ messages –�.�, and neutral �.�. This 

results in a value in the interval [–�.�, �.�] to describe the mean sentiment for each day in the dataset. 
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Discussion and conclusions

Most possibilities are still unexplored
Digital innovation, particularly social media analysis, has brought new research av-

enues to conservation science (Arts et al., ����; Di Minin et al., ����b). In this paper, 

we have presented concrete data acquisition and analysis approaches that might bene-

fit conservation scientists interested in using social media data as an input for their re-

search. We focussed on social media data retrieved from social networking sites and 

content communities (Kaplan and Haenlein, ����), where users can share textual and 

visual content and geotag their posts. The methods presented for spatio-temporal 

analysis, content analysis and network analysis can also be applied to other types of 

data such as Wikipedia and other digital corpora (Ladle et al., ����), camera trap im-

agery (Norouzzadeh et al., ����) and various kinds of citizen-science data.

There is a rapidly growing body of literature presenting different use cases of 

social media data in conservation science (see Table �). Most of the published re-

search examples have used social media for studying human–nature interactions from 

a place-based perspective, for example, using social media as a proxy of visitation in 

natural areas (Sonter et al., ����; Tenkanen et al., ����). Indeed, most of the existing 

studies are based on mapping georeferenced social media data (Table �). However, 

there is potential to move ‘beyond the geotag’ (Crampton et al., ����) and to leverage 

the potential of more advanced social media analysis techniques also in conservation 

science. Applying more sophisticated analysis methods and examining several ele-

ments of social media data together, from spatially and temporally tagged content to 

information on users and their networks, can provide new information about human–

nature interactions, particularly from the perspective of people. Ultimately, social me-

dia provide information on people’s behaviour (�uths and Pfeffer, ����), and human 

dimensions of environmental issues, which are essential to understand for successful 

conservation actions (Bennett et al., ����).

Big but small social media data
Social media data are generally referred to as ‘big data’ (Crampton et al., ����; 

Kitchin, ����a), and the volume of user-generated data worldwide is overwhelming. 

However, the amount of data needed in an analysis can be reduced significantly if 

one is interested only in a specific topic or a specific region (Di Minin et al., ����; 

Poorthuis and Zook, ����). The data are generally rich in terms of visual and textual 

content and variable across topics and languages (Hiippala et al., ����). Despite the 

evident noisiness of these data, social media content has been found to contain rele-

vant information for studying human–nature interactions, from relatively local to 

global scale (Hausmann et al., ����; Heikinheimo et al., ����; Levin et al., ����). 
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Overall, social media data seem most useful for studying relatively broad areas that are 

frequently visited by people (Tenkanen et al., ����) or topics that are popular among 

social media users. On limited spatial and temporal scales, the content may become 

too sporadic for meaningful analysis (Figure �).

Data quality remains a challenge in any social media analysis workflow (boyd 

and Crawford, ����; Longley et al., ����). Data extracted from social media can be 

heavily biased towards specific user groups and geographic regions (Kemp, ����). So-

cial media users tend to share more positive and likeable content online, instead of 

negative experiences, causing a positivity bias in the content (�einecke and Trepte, 

����). Photos and text are often meant to entertain rather than document and hence 

their value, e.g., for biodiversity monitoring is varying. Despite the biases, social me-

dia content has been found to reflect surveyed preferences and activities of national 

park visitors in South Africa and Finland (Hausmann et al., ����; Heikinheimo et al., ����), 

and social media usage rates correlate with official visitor statistics in popular nature 

destinations in different parts of the world (Tenkanen et al., ����; Wood et al., ����).

In addition to inherent biases in social media data, computational data acquisi-

tion methods may introduce additional problems to the retrieved data (Brooker et al., 

����). Most platforms offer only limited datasets and metadata to researchers, and the 

sampling algorithms for platform APIs remain unknown (Joseph et al., ����). Textual 

content in social media is rich in information but difficult to analyse due to its vari-

ability. For example, detecting sarcasm when analysing online sentiment is challeng-

ing, particularly as posts are written in tens of different languages. Specific words in 

one language may have completely different meanings in other languages or they 

may refer to different things even within one language. As an example, geotagged 

posts about tigers may be found from Africa simply because people post about drink-

ing Tiger brand beer.

Social media can also serve as a platform to citizen science campaigns, espe-

cially regarding studies related to biodiversity monitoring (see Table �). For example, 

researchers can encourage interested citizens to post animal sightings in a special in-

terest group on social media (Campbell and Engelbrecht, ����; �ocha et al., ����), or 

using a specific hashtag. Using popular social media platforms in active data collec-

tion campaigns may engage wider audiences in the data collection efforts and could 

save time from developing separate applications.

If possible, it is important to compare the patterns observed from social media 

with other data sources gathered with more traditional means of data acquisition 

such as surveys and statistics (see examples in Hausmann et al., ����; Heikinheimo et 

al., ����; Tenkanen et al., ����), to assess the quality of the data and to understand 

who and what the data represent. Social media data are created spontaneously by the 
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users, and while this spontaneity generates a bias to the data, it is also a source of in-

formation revealing what and where people consider worth posting about.

Access to data and privacy issues
In conservation science, researchers have traditionally relied on their own data collec-

tion or data collected by conservation authorities, NGOs or active citizen scientists. 

These data are increasingly available online with clear licensing and well-described 

APIs (Di Minin and Toivonen, ����). Social media data sources differ from this, as 

the platforms are first and foremost profit-making companies with business interests. 

Companies may, without prior notice, change the usage rights to the data, data 

structure, or access to APIs (Freelon, ����; Lomborg and Bechmann, ����), with 

consequences to data availability and quality (see Supplement S�). It may be chal-

lenging to keep up with ongoing changes in the APIs and use rights, as the changes 

are seldom openly documented. This limitation is problematic particularly for longi-

tudinal research projects and monitoring, and it challenges the reproducibility of re-

search (Lomborg and Bechmann, ����). If planning for long-term data collection 

from social media, it is good to acknowledge the risk of discontinuity of the platform 

or data access.

One way to overcome the access challenges is an increased direct collaboration 

between researchers and the companies. At best, the broader research community of 

digital conservation could establish collaboration platforms with the social media 

companies. With established collaboration models and infrastructures in place, the 

administrative work related to contracts would be reduced and analyses could be run 

within the safe environments of social media platforms without breaching privacy 

fences. This kind of collaboration could be very helpful in, for example, investigating 

illegal wildlife trade on social media (Di Minin et al., ����b).

Moreover, new mechanisms could be established so that social media users are 

able to actively donate their data for research purposes via the platforms. Using auto-

mated content recognition techniques, Instagram has already prompted users not to 

share content that is abusive to animals. What if next time you post a picture of an 

animal or a plant in your favourite social media platform, you would receive a 

prompt: ‘Looks like you are sharing a nature observation. Would you like to share 

this post for research use?’, allowing you to save a copy of your post to a research 

database. The newly implemented European Union directive GDP� supports this, as 

it obligates companies to store their data in a format that is portable, i.e., machine 

readable by other applications.
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Future directions
In a workshop organised at the European Conference for Conservation Biology on 

�� June ����, we asked expert participants (n = ��) to identify new research avenues 

for applying social media data in conservation science (see Supplement S�). Brain-

storming resulted in novel ideas for biodiversity monitoring, visitor mapping, as well 

as understanding values and sentiments – similar topics emerged from our literature 

review. The majority of suggestions concentrated on gathering new knowledge on 

people’s values and appreciation related to biodiversity, either in certain locations or 

related to certain species, or more broadly to understand nature-centred societal dis-

courses. Social media data were also seen as a platform for active communication by 

individuals and organisations; a channel for nudging people towards more biodiver-

sity-aware lifestyles.

We foresee significant advances in assessing these topics by using automated 

multimodal (text, image, video and audio together) content analysis. �apid advance-

ments in image recognition, natural language processing and other applications of 

machine learning provide possibilities to use social media data more comprehensively 

(see Box �). Mining opinions and sentiments and other techniques linked to conser-

vation culturomics (Ladle et al., ����) become more accurate through improved 

training of algorithms to interpret correctly, e.g., sarcastic expressions or content in 

multiple languages. Advanced content analysis methods used together with spatial 

and temporal analytics may allow, for example, monitoring of public conservation 

discourses (Becken et al., ����), investigations of illegal wildlife trade (Di Minin et al., 

����, ����b), identifying emerging opportunities and threats for biodiversity conser-

vation in protected areas, or analysing return on investment of biodiversity campaigns.

When interpreting results based on social media data analysis, researchers must 

carefully consider ethical issues, minimise potential harm and aim at fairness (Zook et 

al., ����). Privacy issues and data anonymisation should be considered even if using 

publicly shared content. The potential biases should be borne in mind not to acciden-

tally suggest that the data reflect the opinion or behaviour of the entire population. 

Overall, social media data are best used with other data sources to gain a full and dy-

namic image on a conservation issue, for the benefit of people and biodiversity.
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Supplementary material
to Chapter I

S�. Literature review

We conducted the literature search from the web of knowledge database on ��th of Octo-

ber ����. The search targeted published journal articles (excluding conference proceedings 

and book chapters) matching different combinations of search keywords ‘social media’, 

‘social networking’, ‘conservation’, ‘species’, ‘nature’, ‘ecosystem’, ‘protected area’: 

TOPIC: (
("social media" OR "social networking*")
+ "conservation" AND (

"species" 
OR "nature*" 
OR "protected area" 
OR "Ecosystem" 
OR "Biodiversity"

)
)

The search resulted in �� studies out of which � were excluded due to their recorded 

publication type (conference proceedings and book chapters). Details of �� publications 

were downloaded from which we inspected the title and abstract in further detail. If 

needed, we also checked the introduction, methods and results of the papers in order 

to detect how social media had been used in the particular paper. Out of the search re-

sults, we excluded review papers, and papers where social media data were not, per se, 

analyzed but for example only discussed in relation to disseminating research findings. 

For each publication, we recorded social media platform(s) used, type of analysis car-

ried out (spatial, temporal, content) as well as the broad topic of the study. In total, �� 

papers included social media data analysis and were included in the final summary. 

A detailed list of reviewed papers, and the related classification is available for download 

in a separate spreadsheet file at ars.els-cdn.com/content/image/1-s2.0-S00063207183176
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S2. Workshop description

Workshop entitled ‘Exploring the advances in using social media data for conserva-

tion science’ (Toivonen et al. ����) was organised at the �th European Con gress of 

Conservation Biology (ECCB) in Jyväskylä, Finland on Tuesday, June ��, ����. 

There were �� participants in the workshop, in addition to the organising team. 

The discussions in the workshop aimed at �) brainstorming about research topics in 

conservation science where social media data have some potential and �) sharing 

contextual and technical knowledge on using social media data among the 

participants. Participants self-organised into four groups of �-� people for discussions. 

The guiding question for the discussions was: ‘Which research topics could be 

addressed using social media data?’. All groups reported their findings using a digital 

affinity mapping tool (edu.flinga.fi). The organisers grouped the notes under emerging 

topics (Figure S�), and selected topics were further discussed among all workshop 

participants. In general, the identified topics were related to environmental 

monitoring, visitor monitoring, understanding people’s values and sentiments, and to 

communications and the spreading of information online. The final result of the 

workshop discussion is presented in Figure S �.

Figure S1: Result of the discussion at the ECCB 2018 social media workshop. 
Participants were asked to think which research topics, in the context of conservation science, could 
be addressed using social media data.
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S3. Example of changes in Instagram API – Case Instagram

Changes in the Instagram API are a good example of challenges with data quality 

and data access. In the early years of ����s it was possible to retrieve data with very 

accurate coordinate information from the platform API. Later, after the acquisition 

of Instagram by Facebook in ����, accuracte geotagging of photos was discontinued, 

and geolocation of posts was enabled trough “Facebook places”, points-of-interests 

which represent the centroid of a known location such as a shop or a town. These 

changes decreased the location accuracy of data acquired from Instagram API (Fig-

ure S�). Later, Instagram API experienced major changes in June ����, when access 

to data through the API was majorly restricted. The Cambridge Analytica scandal in 

May ���� resulted in further changes in privacy settings and API access in Instagram, 

and other social media platforms. Instagram announced that the platform API would 

be gradually deprecated until ����, and replaced with Instagram Graph API (read 

more at: instagram.com/developer/).

Figure S2: Instagram posts extracted via Instagram API from Kruger national park in 2014 
and in 2016. Spatial accuracy of the post locations has changed from GPS locations to predefined 
Facebook place locations. In June 2016 the API was closed. 
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Figure S3
Winter photo from a ski track

 in Pallas-Ylläs national park, Finland
 processed with dense captioning

Figure S4
Winter photo from a ski track

 in Pallas-Ylläs national park, Finland
 processed with instance segmentation

S4. Supplementary information for Box 2

Box � provides examples of two contemporary content analysis techniques: Dense 

captioning and instance segmentation. Supplementary figures S� through S�� provide 

additional examples that demonstrate the differences between these two content 

analysis approaches. The images have been chosen to represent common social media 

content on human–nature interaction and activities in nature in national parks in 

South Africa and Finland. 
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Figure S5
Winter photo from a bike path in

 Pallas-Ylläs national park, Finland,
 processed with dense captioning

Figure S6
Winter photo from a bike path in

 Pallas-Ylläs national park, Finland
 processed with instance segmentation
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Figure S7
Snow-shoeing in

 Pallas-Ylläs national park, Finland
processed with dense captioning

Figure S8
Snowshoeing in

 Pallas-Ylläs national park, Finland
processed with instance segmentation
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Figure S9
Hiking in Pallas-Ylläs national park, 

Finland
processed with dense captioning

Figure S10
Hiking in Pallas-Ylläs national park, 

Finland 
processed with instance segmentation
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Figure S11
Elephant spotted on a game drive in 

Kruger National Park, South Africa
processed with dense captioning

Figure S12
Elephant spotted on a game drive in 

Kruger National Park, South Africa
 processed with instance segmentation
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Figure S13
Zebras on a pasture in South Africa

processed with dense captioning

Figure S14
Zebras on a pasture in South Africa

 processed with instance segmentation
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Figure S15
Walking safari encounter with a giraffe, South Africa

processed with dense captioning

Figure S16
Walking safari encounter with a giraffe, South Africa

 processed with instance segmentation
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Figure S17
Mountain and small glacier and leaves with

autumn colours in Norwegian Lapland
processed with dense captioning

Figure S18
Mountain and small glacier and leaves with

autumn colours in Norwegian Lapland
 processed with instance segmentation

No objects have been identified
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S5. Supplementary information for Box 3

The graphs in Box � represent the monthly proportion of social media users men-

tioning the selected topic. Topics were detected using keywords in Finnish and Eng-

lish (Table S�). Data collected inside Pallas-Yllästunturi National Park in Finnish 

Lapland (Located between ��.� and ��.� N, ��.� and ��.� E). The source data are 

further described in (Heikinheimo et al., ����). It is possible to observe temporal 

trends in human activities and the environment already based on the textual content, 

however, image content contains significantly more information about people’s activ-

ities and the observed nature. Figures S��-S�� compare manually classified content 

and text search results from �,��� Instagram photos posted within a ��� m radius 

from the national park. Manual content classification is described further in Heikin-

heimo et al. ����.

Topic Search term

Hiking hike|hiking|vaellus|kävely|vaeltaa

Autumn colors ruska|autumn colors

Biking bike|fatbike|pyörä|pyora

Skiing ski|hiiht|laskettelu|cross-country|suksi|sukset

Snow snow|lumi|lumen|lunta

Table S1: Search terms. 

Figure S19: Proportion of social media content related to hiking for each month based on a text 
search and manual image classification. 
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Figure S21: Proportion of social media content related to skiing for each month based on a text 
search and manual image classification. 

Figure S20: Proportion of social media content related to snow for each month based on a text 
search and manual image classification. 
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S6. Supplementary information for Box 4

The graphs and screenshots in Box � illustrate the practical value of sentiment analy-

sis of social media data for conservation research. The data used in the example are 

Twitter status messages (Tweets), collected over a period of four month, February to 

May ����. All messages contain the keyword ‘Pangolin’. Posts in another language 

than English were excluded from the analysis.

To identify the sentiment, we used the framework presented in Hagen et al. 

(����), for which the authors combined the previous years’ SemEval’s best Twitter sen-

timent detection approaches (Mohammad et al., ����, Günther and Furrer, ����, Proisl 

et al., ����, and Miura et al., ����). In Zimbra et al. (����)’s evaluation of ‘The State-

of-the-Art in Twitter Sentiment Analysis’ this approach received the highest score in 

classification accuracy (average across five categories of content, Table �, p�:��).

Month Number Mean
of posts sentiment

February 85,28�  0.33

March 34,504 -0.�3

April 28,�09  0.0�

May 34,824 -0.02

Table S2: The counts and mean sentiment of posts as visualised in Box 4, grouped by month. 
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Date Number Mean
of posts Sentiment

February 3 580 0.02

4 �,846 -0.0�

5 3,�78 0.00

6 �,653 -0.0�

7 �,229 -0.04

8 �,084 0.02

9 �,749 0.05

�0 �,004 0.03

�� 897 0.03

�2 �,096 0.0�

�3 �,403 0.0�

�4 �,27� 0.05

�5 955 0.0�

�6 �,637 0.04

�7 �8,827 0.03

�8 ��,597 0.30

�9 �6,7�9 0.85

20 7,404 0.8�

2� 3,464 0.72

22 �,683 0.26

23 �,058 0.2�

24 �,�79 0.�6

25 9�4 0.07

26 �,062 0.05

27 �,066 0.04

28 726 0.03

Date Number Mean
of posts Sentiment

March � �,259 0.04

2 76� 0.00

3 839 0.�2

4 829 0.00

5 739 0.0�

6 658 0.06

7 78� 0.03

8 988 0.02

9 �,040 0.00

�0 986 0.0�

�� 725 -0.04

�2 �,244 -0.��

�3 884 0.02

�4 645 0.03

�5 �,257 0.56

�6 9�6 0.03

�7 644 0.03

�8 765 0.04

�9 725 0.02

20 767 0.0�

2� 834 0.0�

22 �,550 0.04

23 �,069 0.0�

24 �,595 -0.03

25 �,�84 -0.08

26 938 -0.04

27 4,�36 -0.78

28 2,72� -0.67

29 �,�08 -0.�5

30 974 -0.05

3� 943 0.06

Table S3: The counts and mean senti-
ment of posts as visualised in Box 4 

Table S3, continued. 
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Date Number Mean
of posts Sentiment

April � �,099 0.04

2 76� 0.03

3 668 0.03

4 662 0.04

5 655 0.�5

6 600 0.05

7 658 0.07

8 63� 0.03

9 687 0.08

�0 546 0.07

�� 853 -0.0�

�2 722 0.03

�3 645 0.0�

�4 657 -0.03

�5 �,625 -0.�3

�6 802 -0.�5

�7 869 -0.08

�8 98� 0.00

�9 808 0.03

20 7�5 0.03

2� 976 -0.0�

22 �,078 0.05

23 �,025 0.02

24 �,68� 0.43

25 960 0.25

26 �,��7 0.04

27 �,59� 0.0�

28 �,444 0.0�

29 �,795 -0.42

30 798 -0.07

Date Number Mean
of posts Sentiment

May � 650 0.09

2 637 0.0�

3 67� 0.0�

4 �,076 0.0�

5 706 0.00

6 629 0.02

7 989 0.00

8 �,��0 -0.0�

9 746 -0.04

�0 658 -0.0�

�� �,308 -0.53

�2 �,23� -0.55

�3 82� -0.23

�4 �,�02 0.0�

�5 2,955 0.�9

�6 2,867 0.�8

�7 �,243 0.�0

�8 �,4�7 0.03

�9 �,325 0.09

20 754 0.05

2� 987 -0.�0

22 �,436 -0.02

23 �,236 0.02

24 �,436 0.03

25 9�3 -0.08

26 �,406 0.0�

27 869 0.02

28 �,262 -0.38

29 903 -0.��

30 75� -0.03

3� 730 -0.07
Table S3, continued. 

Table S3, continued. 
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S7. Example analysis pipeline for Boxes �-4

QUESTION

DATA 
ACQUISITION

DATA 
STORAGE

FILTERING

TRANSFORMA-
TIONS AND 
ENRICHING

ANALYSIS

CRITICAL 
ASSESSMENT

WHERE ARE THE VISITOR HOTSPOTS IN 
KRUGER NATIONAL PARK (BOX 1)?

• Instagram was considered as the most appropriate 
platform based on earlier studies. 

• Data were acquired from API using location based, 
pointwise query covering Kruger National Park (for 
details, see Hausmann et al. 2018, supplementary ma-
terial, page 2). 

• Data stored (81 379 posts) in postgresql database 
table 

• Attributes stored: userid, timestamp, geotag and 
medialink.

• Removed duplicates from the data
• Selected posts located inside the park border (the 
original query returned data from the minimum 
bounding rectangle of the park)

• Social media point data were projected to UTM 
coordinate system to match the road network data.

• Point-wise social media data were joined with road 
network data in a GIS software QGIS and the number 
of posts per road segment was counted

• The result was visualised in QGIS to detect the 
hotspots. 

• Spatial accuracy of Instagram data reduces the 
reliability of the result. 

• Post density does not necessarily correspond to user 
density (people may post several images from one 
location) or visitor density (not everyone posts).



110

Ch�pter I: Soci�l medi� d�t� for conserv�tion science (Supplement�ry m�teri�l)

QUESTION

DATA 
ACQUISITION

DATA 
STORAGE

FILTERING

TRANSFORMA-
TIONS AND 
ENRICHING

ANALYSIS

CRITICAL 
ASSESSMENT

ARE THERE ANIMALS IN THE IMAGE 
AND WHAT ARE THEY? (BOX 2)

• Flickr was chosen because many images are shared 
with a license allowing their further use. 

• Sample images were acquired via the Flickr API; 
first the metadata (geotag, timestamp, image link 
and license information) and then the actual image 
file. 

• The metadata was stored in postresql database and 
the images as separate jpg files. 

• Interesting example images were chosen manually. 

• Image size was reduced for faster processing. 

• Automated content analysis was made using for all 
images using two pre-trained models: Instance seg-
mentation and Dense captioning. The methods were 
implemented in the Python programming language. 

• Human analyst verified the validity of the result.
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QUESTION

DATA 
ACQUISITION

DATA 
STORAGE

FILTERING

TRANSFORMA-
TIONS AND 
ENRICHING

ANALYSIS

CRITICAL 
ASSESSMENT

WHAT ACTIVITIES ARE REPORTED IN A NATIONAL PARK 
DURING DIFFERENT SEASONS (BOX 3)

• Instagram was considered as the most appropriate 
platform based on earlier studies. 

• Data were acquired from API using location based, 
pointwise query covering Pallas-Ylläs National 
Park. 

• Data stored (19,939 posts) in postgresql database 
table 

• Attributes stored: userid, timestamp, geotag, text 
and medialink.

• Removed duplicates from the data
• Selected posts located inside the park border 
(the original query returned data from the 
minimum bounding rectangle of the park)

• Simple text search with keywords was used to label 
posts into activity or phenology categories. 

• Data was aggregated to monthly counts based 
on the timestamp. 

• Each activity and phenological phenomena was plotted 
on a timeline and compared with each other. Analyses 
were done with Python language. 

• Comparison to other data sources and local expert 
knowledge is crucial (see Heikinheimo et al. 2018). 
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QUESTION

DATA 
ACQUISITION

DATA 
STORAGE

FILTERING

TRANSFORMA-
TIONS AND 
ENRICHING

ANALYSIS

CRITICAL 
ASSESSMENT

WHAT IS THE ONLINE SENTIMENT WHEN DISCUSSING 
ABOUT PANGOLINS (BOX 4)

• Twitter was chosen as it is common platform for 
online discussions and expressing opinions. 

• Twitter API: keyword search in 20 languages for 
tweets mentioning pangolin on a global level. 

• Data stored (182,718 posts) in postgresql database 
• Attributes: tweet id, timestamp, text

• Too short tweets were removed. 

• Language was detected. Only English texts on 
Pangolin were chosen for further analysis. 

• Sentiment analysis: tweets were classified into pos-
itive, neutral, and negative using the Webis senti-
ment classification framework. The method was 
implemented in the Python programming language.

• Temporal analysis: sentiment over time

• Comparison of the results with real-world events 
(Figure B4c) and critical evaluation of who the 
tweets represent. 
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S8. Link to analysis code

The analysis code related to the boxes can be found in this online repository:

https://github.com/DigitalGeographyLab/some-conservationscience

Additionally, we have started discussion in StackOverflow to encourage researchers in 

conservation science to share knowledge on existing tools and scripts for social media 

data analysis. You can find a link to the discussion forum via the github repository.
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ated with using social media data in research include accidental and pur-
poseful misidentification that has the potential to cause psychological or 
physical harm to an identified person. To collect, store, protect, share, and 
manage social media data in a way that prevents potential risks to users 
involved, one should minimise data, anonymise data, and follow strict 
data management procedure. Risk-based approaches, such as a data pri-
vacy impact assessment, can be used to identify and minimise privacy 
risks to social media users, to demonstrate accountability and to comply 
with data protection legislation. We recommend that conservation scien-
tists carefully consider our recommendations in devising their research 
objectives so as to facilitate responsible use of social media data in con-
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investigations of illegal wildlife trade online.
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CHAPTER II

How to address 
data privacy concerns when 
using social media data 
in conservation science

Introduction

Digital data sources are increasingly leveraged to help address the biodiversity crisis 

(Arts et al., ����; Di Minin et al., ����b; Ladle et al., ����) because they provide a 

wealth of information on how humans interact with nature. Conservation cultur-

omics is a field of conservation science in which such interactions are investigated by 

analyzing the content of and the general public’s engagement with (e.g., page views 

and Google searches) large bodies of digital text (Ladle et al., ����). Thus far, such 

investigations have involved analyzing seasonal patterns of interest in nature across 

species and cultures (Mittermeier et al., ����); examining relationship between mea-

sures of public interest and internet salience of protected areas (Correia et al., ����); 

and assessing the association between societal and research interests in taxonomic 

groups (Jarić et  al., ����). Conservation culturomics has expanded to include a 

broader range of digital data sources, including user-generated information from so-

cial media (Correia et al. ����). Arguably, social media data represent the most com-

prehensive and widespread source of information about people and their interactions 

with nature that can be used to help address the biodiversity crisis (Di Minin et al., 

����). Besides text, social media data also include images, videos, and audio, all of 

which provide different yet complementary insights on such interactions (Toivonen 

et  al., ����). Additional metadata (if publicly available) include geotagged location, 

time, language, users who commented on posts, liked or reposted posts, user identifi-

cation, and country of origin. Toivonen et al. (����) reviewed the use of social media 

data in conservation science. 

Similar to other research involving people (Brittain et al. ����), researchers us-

ing social media data need to carefully consider traditional ethical principles of hu-

man-subject research (Ess, ����; Toivonen et al., ����). A key area of ethical concern 

with the use of social media data in scientific research is whether such data should be 

considered public or private (Zimmer, ����). Because social media users agree to a 

set of terms and conditions of a platform, it may be argued that their publicly avail-
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able data should be considered equally publicly available for use in scientific research. 

However, not all social media users may be aware they agreed to terms and condi-

tions of social media platforms, and not all platforms allow the use of their data for 

scientific research without separate agreements (Zimmer, ����). Obtaining informed 

consent from social media users whose data are the subject of a research investigation 

is a way to address this issue. However, gaining informed consent is virtually impossi-

ble when data from hundreds of thousands of social media users are used (Ess, ����). 

Therefore, it is of foremost importance that all identifiable content of social media 

users be removed to protect user privacy. Protecting privacy becomes especially cru-

cial when researching sensitive topics that may pose risks (e.g., embarrassment, repu-

tational damage, or prosecution) to the social media users. A key aspect of social 

media data analytics is, therefore, how to consider legal aspects and avoid risks to and 

ensure privacy of social media users during data preprocessing, analysis, publication, 

and sharing. 

Given the relatively new and emerging context of social media data use in con-

servation science (Di Minin et al., ����b; Toivonen et al., ����), there are yet no clear 

guidelines to help ensure data privacy concerns are addressed when carrying out re-

search. Because advanced methods are being devised and used for automated content 

analysis of social media data (Di Minin et al., ����, ����; Toivonen et al., ����), there 

is need to carefully consider privacy concerns related to collecting and analyzing such 

data. We devised some guidelines that conservation scientists can use to support their 

decisions for ensuring data privacy concerns are fully considered and the European 

Union’s (EU) General Data Protection �egulation (GDP�) is complied with when 

using social media data. We focused on GDP� because it is the most recent and ex-

haustive legislation that promotes strict requirements when using individuals’ per-

sonal data that could place considerable constraints on use of social media data in 

scientific research and because it applies to the handling of any data set that contains 

records of people in the European Union (i.e., potentially almost any social media 

data set). With the growing importance and strictness of data privacy in other legisla-

tion, such as Brazil’s Lei Geral de Proteção de Dados Pessoais, California’s Consumer 

Privacy Act, Japan’s Act on Protection of Personal Information, and India’s Personal 

Data Protection Bill, the scope of this article potentially goes beyond GDP�. We 

considered how safeguards, including technical and organisational measures, could be 

put in place that allow safe use of social media data in conservation science. Specifi-

cally, we determined how researchers can use a data protection impact assessment 

(DPIA) to detect risks in the use of social media and identify strategies to address 

these risks. We also considered how a data management plan (DMP) can be used to 

ensure data privacy of social media users, from data collection to data sharing. We 
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then examined some of the current limitations of and future work needed to maxi-

mise the use of social media data in accordance with privacy and ethical considera-

tions. Throughout the article, we refer to a real-world example: collecting social 

media data to investigate illegal wildlife trade online. Our guidelines should not be 

considered definitive because the terms of use of social media data change frequently, 

but rather they can be used to guide critical thinking about how to approach research 

questions when using social media data in conservation science. 

Legal foundations of using social media data

Personal data have been protected legally since the first negative impacts on individu-

als arose (Warren & Brandeis, ����). Consequently, processing of personal data is reg-

ulated and protection of personal data has become a fundamental right, either from a 

right-to-privacy perspective or as a separately formulated right to protection of per-

sonal data (Tzanou, ����). This means that when personal data are processed, it in-

terferes with a fundamental right of a person and needs to be adequately protected 

and justified. The choice of data source and mode of data collection do not interfere 

with these fundamental rights (e.g., purchasing data from commercial vendors does 

not shift legal responsibilities). 

There are a variety of legal data protection requirements that need to be con-

sidered in processing of personal data for research. The first element to consider is 

whether the information constitutes personal data or not––and this will ultimately 

determine whether data protection laws need to be applied. Personal data are essen-

tially any piece of information that relates to an identified or identifiable natural per-

son (Council of Europe, ����, Art �(�) EU Parliament and Council, ����, Art �a). 

This means that any data that is not clearly anonymised (e.g., traffic congestion, 

weather, and statistical data per age group) may constitute personal data. It is personal 

data because the data provide directly identifiable information that connects, for ex-

ample, to a person’s name or residence, or because the information may enable the 

identification of an individual through other means. The GDP� states that in order 

‘(t)o determine whether a natural person is identifiable, account should be taken of 

all the means reasonably likely to be used, such as singling out, either by the con-

troller or by another person, to identify the natural person directly or indirectly’ (EU 

Parliament and Council, ����, �ecital ��). 

To determine whether a set of data constitutes personal data, it is important to 

consider whether the data can be used to distinguish a person. If a person can be dis-

tinguished from others and recognised as an individual, for example, through a 

unique identifier, the set of data should be considered personal data. ‘Without even 
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enquiring about the name and address of the individual it is possible to categorise this 

person on the basis of socio-economic, psychological, philosophical or other criteria 

and attribute certain decisions to him or her since the individual’s contact point (a 

computer) no longer requires the disclosure of his or her identity in the narrow 

sense’ (Article �� Data Protection Working Party, ����). Even when the data set is 

pseudonymised, which means the identify of a person and the set of information are 

kept technically separate so that it is not possible to identify an individual directly, 

those data are still considered personal data. This applies also when data from another 

controller need to be used for reidentification. Consequently, when data used in con-

servation science contain data that are attributable to an individual person that may be 

recognised or even identified, it needs to be considered personal data and thus the rules 

of GDP� apply. This is the case irrespective of the source of the information, which 

means that even if the data were collected from publicly available sources, such as public 

social media channels, data protection laws need to be applied in full. 

Another relevant element for processing of research data is the sensitivity and 

classification of data. European Union data protection law distinguishes among � cat-

egories: anonymised and nonpersonal data, personal data, and special categories of 

personal data. Although anonymised data fall out of the scope of protection, which 

means research can be done without considering European data protection laws, spe-

cial categories of personal data can be processed only if that is explicitly allowed in 

the GDP�, and it requires additional safeguards and control mechanisms. Special cat-

egories of personal data are ‘… data revealing racial or ethnic origin, political opin-

ions, religious or philosophical beliefs, trade union membership, and the processing 

of genetic data, biometric data for the purpose of uniquely identifying a natural per-

son, data concerning health or data concerning a natural person’s sex life or sexual 

orientation’ (EU Parliament and Council, ����, Art. �). In the example of investigat-

ing illegal wildlife trade, careless use of sensitive data could, for example, lead to inad-

vertently portraying an ethnic group as more involved in illegal activities than others, 

which in turn may be used to legitimise conservation-related violence (Lunstrum, 

����). Also ‘personal data relating to criminal convictions or offences’ requires special 

legal authorisation (EU Parliament and Council, ����, Art. ��). Therefore, conserva-

tion research data that can be classified as personal or sensitive data fall into the full 

scope of data protection law, irrespective of pseudonymisation. 

Personal data always need to be processed lawfully, fairly, and transparently. The 

purpose of the processing needs to be limited. The data need to be minimised to 

what is really needed for a specific purpose and is accurate; to be stored only for a 

limited amount of time; to be stored securely; and to be handled confidentially 

(EU Parliament and Council, ����; Tikkinen-Piri et al., ����). Lawful processing of 
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research data can be achieved by using a valid legal basis under the GDP�. Article � 

sets forth six lawful bases for personal data processing, namely, consent, contractual 

relation, legal obligation, vital interests of data subjects, public interest, or legitimate 

interest of the controller. In case the processed personal data are sensitive, the pro-

cessing is prohibited unless specifically listed conditions are fulfilled in addition to 

having a valid legal basis for processing. 

Legal bases for processing personal data

In a research context, processing of personal data could rely on several legal bases, de-

pending on the circumstances. First, with a subject’s consent, the data can be pro-

cessed. This requires a person to express freely, specifically, and unambiguously that 

they wish to participate in the research and have their personal data processed. Data 

subjects also need to be adequately informed and allowed to withdraw consent at any 

time, after which all data processing needs to stop immediately (EU Parliament and 

Council, ����, Art. �(��), �(�-�)). In many research contexts, this is problematic be-

cause the consent withdrawal would apply as well to pseudonymised data, which 

poses a technical challenge, and data deletion from a set of research data may com-

promise the research results. What needs to be considered in this regard is that con-

sent for personal data processing does not necessarily need to be the same as the 

consent required for participation in research studies from an ethical approval per-

spective (Ess, ����). Other obligations (e.g., provision of all information or access to 

one’s own data) also do not depend on consent as such. 

Another legal basis that can be used for processing data in research contexts is 

legitimate interest. Legitimate interest means that a controller can process personal 

data when the controller’s interests override the rights, freedoms, and interests of the 

data subject (EU Parliament and Council, ����, Art. �(�)f). This means that a con-

troller needs to conduct a balancing exercise, following strict requirements, to show 

that the research’s interests outweigh the data subjects’ rights and freedoms. In the 

context of research, legitimate interest could be used as a legal basis for personal data 

processing if there is a concrete and legitimate interest for the research and strict safe-

guards are applied. Article �� Data Protection Working Party, ���� (pp. ��f) provides 

examples of how legitimate interest could be a valid legal basis in research scenarios. 

However, legitimate interest, as a legal basis, must not be used when the processor is 

a public authority. 

Where the controller is a public authority, and this has been interpreted by 

some legislation to apply to publicly funded universities, personal data could also be 

processed in the public interest. In Finland, for example, the national data protection 
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law has amended the GDP� so that public interests in Art. �(�)e can be used for re-

search purposes if the processing is ‘proportionate to the aim of a public interest pur-

sued’ (Finnish Ministry of Justice, ����, Section �[�]). In this concrete case, the law 

also allows for restriction of data subjects’ rights (such as right to access or rectifica-

tion) under concrete conditions. If the collected data were to include information 

about potentially criminal activity, such as in the case of investigating illegal wildlife 

trade from social media platforms, the legal basis for processing such data would be 

Art �� GDP� and could also be justified for research purposes in the Finnish Data 

Protection Act §�.�(�). 

The GDP� includes mechanisms that allow for the use of personal data for re-

search purposes more generally. For example, the principle-of-purpose limitation is 

less strict when it comes to the use of data for research purposes (Art �(�)b GDP�). 

Additionally, the GDP� allows national laws to derogate from specified data subjects’ 

rights under specific conditions (Art ��(�)), and the obligations to individually in-

form data subjects about research data processing may not be strictly applied in cases 

where this would pose a disproportionate effort. Although the GDP� allows for some 

derogations for the use of personal data and even sensitive personal data for scientific 

and research purposes, personal data will never be outside the scope of the GDP�, 

and fundamental rights and freedoms of data subjects will always be protected. �e-

search data should always be minimised, anonymised, or pseudonymised, and strict 

data protection and security safeguards need to be applied for each research project.

�isks and mitigation strategies

After recognising the legal basis for using social media data in research and having ac-

cessed data accordingly, researchers should identify and mitigate potential risks to so-

cial media users. Identifiers (e.g., user names or geotagged locations) in both the 

social media content and the associated metadata allow for identification of social 

media users. Social media data potentially contain sensitive information, which when 

shared could place subjects at risk of criminal liability (e.g., in the case of selling 

wildlife products, such as rhinoceros horn, illegally on social media platforms) or be 

damaging to the subjects’ employability or reputation (e.g., in the case of the dentist 

who killed Cecil the lion). In general, the (accidental or purposed) identification of 

individual persons by a researcher could result in physical or psychological harm to 

them. In the case of research related to illegal wildlife trade, for example, a potentially 

wrongly identified person might face criminal prosecution, public humiliation, or 

other threats (Lunstrum, ����). 
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Figure 1: Example of minimisation and pseudonymisation of data from a social media platform 
application programming interface that complies with the European Union’s General Data Protection 
Regulation requirements concerning users’ privacy.
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Possible mitigation strategies to help decrease impact and likelihood of these 

risks to individual persons should aim at employing data protection safeguards, such 

as data minimisation and pseudonymisation (Figure  �). Following data protection 

safeguards allows the realisation of fundamental ethical principles, such as respecting 

privacy and human dignity, avoiding harm, and respecting autonomy and the right of 

self-determination (Sieber & Tolich, ����). The best practices set forward by the Eu-

ropean Union Agency for Network and Information Security are centered around 

‘data protection by default’ and consequently call for ‘data protection by de-

sign’ (Bourka & Drogkaris, ����b). 

Data minimisation refers to collecting and storing only the portion of data re-

quired to answer a research question. In Figure �, for example, the Twitter applica-

tion programing interface (API) provided �� data fields, but only � fields were 

retained for conservation research purposes (minimisation panel). Besides being an 

effective risk-mitigation strategy, data minimisation is a core requirement of GDP� 

compliance (EU Parliament and Council, ����, Art. �(�)c, ��(�)). If, after applying 

minimisation principles, the collected data still include identifiers, then such infor-

mation needs to be anonymised or pseudonymised (Figure  �, pseudonymisation 

panel). (Hintze and El Emam, ����, compare them.) 

Data pseudonymisation is the process in which direct identifiers (i.e., data fields 

reporting personal data) within a data record are replaced by artificial identifiers, or 

pseudonyms (Hintze & El Emam, ����; Bourka & Drogkaris, ����b) (Figure  �). 

However, a combination of other attributes of a record (quasi-identifiers) may allow 

reidentification of pseudonymised records. For instance, the identity of a person can 

be inferred from a data set that contains sufficiently precise information on the age, 

gender, profession, and home location. The concept of k-anonymity (Samarati & 

Sweeney ����) and tools implementing it (e.g., in the � package sdcMicro; Templ 

et al., ����) can be used to prescribe, establish, and assess the degree of anonymisation 

of a data set. For instance, privacy standards for a certain research project may be ade-

quately met by ensuring that even after combining all attributes of a record, reidenti-

fication attempts can only be narrowed down to groups of ���,��� persons or more. 

Pseudonymisation and anonymisation can be undertaken at various stages of a 

data processing workflow (e.g., at the data collection stage, before running analyses 

on the data, or before sharing data with third parties; Bolognini & Bistolfi, ����). 

Given the aforementioned practical impossibility of allowing data subjects control 

over their data, anonymising data at the data collection stage seems the most prudent 

approach. In general, anonymisation is preferable over pseudonymisation; the latter is 

required for longitudinal data collection (i.e., if further data related to the same sub-

ject need to be collected without knowing the identity of the subject) (Bolognini & 
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Bistolfi, ����). In some situations, such as for research that involves active participa-

tion of users, informed consent can be gathered with a reasonable effort with the 

help of toolkits, such as Apple’s �esearchKit (developer.apple.com/design/human-interface-

guidelines/researchkit/overview/introduction/). 

Another risk area is data security. Data may be stolen and used by a third party 

for potentially malicious activities (e.g., criminal or political). In the case of illegal 

wildlife trade, for instance, care has to be taken that data collected from social media 

are not misused by either criminal syndicates to identify where to illegally harvest 

species or by law enforcement to, for example, argue for the militarisation of conser-

vation (Duffy et  al., ����). Mitigation strategies should include technical measures 

against unauthorised access, training against social engineering, protection against 

malicious software, and encryption of data storage to prevent access if, for example, a 

handheld device is stolen. Collaborators, external data handlers, and employees 

should be carefully selected and instructed to avoid data theft by accident, neglect, or 

on purpose (Huth & Matthes, ����). Measures should also be taken against data loss 

and unintended data manipulation due to technical malfunction or human error. 

Unusable data or a lack in data completeness have the potential to affect individuals 

who might be identified wrongly. Further mitigation strategies include a broader set 

of technical and organisational procedures. For instance, narrowly defined terms of 

data storage (what is stored where in which format, by whom), data encryption, lim-

ited data access (Who has access to which level of detail of the data? Who imple-

ments and manages the data collection?), and limited data sharing help reduce the 

risk of data privacy breaches, as does comprehensive training in data handling and 

protection for project members and collaborators (European Commission, ����; 

Huth & Matthes, ����). Within university settings, the institution’s data protection 

officer takes the role of an independent control authority and is responsible for over-

seeing and advising on the data protection strategy and its implementation by the 

principal investigator to ensure GDP� compliance. 

Similar risks potentially arise from activities centered on research output. For 

example, an insufficiently redacted shared data set may put persons at risk of being 

identified, as would screenshots of social media posts in publications or presentation 

slides if elements such as name, location, and profile picture are not removed. Meth-

ods of deidentification exist (e.g., blurring faces, Gross & Sweeney, ����; and black-

ening all other identifiers). 

Legally, insufficient accountability of research procedures is considered a risk 

because it often goes hand in hand with insufficient data protection safeguards. The 

GDP� requires records of all processing activities be kept (EU Parliament and Coun-

cil, ����, Art. ��), and incomplete formal requirements for documentation can and 
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should be considered a risk. It is important to mention that researchers as controllers 

of personal data are accountable to ensure appropriate documentation and compliance. A 

consistent documentation of all steps of data processing is an appropriate strategy to es-

tablish a sound basis of accountability and reduce the overall risk of data privacy misuse. 

Tools for complying with data privacy requirements

Identifying risks and mitigation strategies is project-specific and requires the use of 

appropriate tools. A DPIA is the comprehensive collection and identification of all 

potential risks to privacy and freedoms of any person whose information is contained 

in a processed data set. This process culminates in a document detailing all potential 

impacts on the privacy of individual persons and an inventory of risk mitigation 

strategies and their effectiveness. For most research projects, thorough risk assessment 

will be a legal requirement, but it can, at the same time, constitute an intrinsic value 

for strengthening research objectives and thoroughly complying with ethical require-

ments, especially data privacy requirements.

Within the scope of GDP�, a DPIA is mandatory when data processing ‘is 

likely to result in a high risk to the rights and freedoms of natural persons,’ in particu-

lar when ‘new technologies’ are used (EU Parliament and Council, ����, Art. ��(�)). 

A DPIA must describe systematically the planned processing operations, detailing 

their purposes and goals and demonstrating legitimate interest; provide explanation 

of why a particular data processing operation is necessary and why its impact on per-

sons’ privacy is deemed proportional to its purpose; provide a detailed and compre-

hensive list of risks to the rights and freedoms of data subjects; and identify 

mitigation strategies to minimise each of the respective risks (EU Parliament and 

Council, ����, Art. ��(�)a-d). 

Several steps are required to carry out a thorough DPIA (Table  �). The first 

step is to compile a list of data subjects (i.e., persons whose records may be contained 

in the data to be collected). For each of these data subjects, all potential risks to their 

data privacy and personal life need to be identified. In the second step, the identified 

risks are assigned a risk level, taking into account their likelihood and impact. The 

risk level can be expressed, for example, as low, medium, or high. At this stage, it is 

likely that many of the identified data privacy problems will score high on this risk-

level scale. This is why, in a third step, risk mitigation strategies are identified. In the 

fourth step, the risk level is assessed after applying appropriate mitigation strategies. 

Selecting a mitigation strategy for each identified threat is the most crucial step, and 

an iterative approach to finding the most appropriate mitigation strategy for each risk 

factor is advisable. 
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�esearch projects that produce, collect, or process research data are typically required 

to maintain a DMP. A DMP is a document that describes how data are handled 

throughout the course of a project and after its end. It thus covers the full data life 

cycle of the project and includes information on data collection, data organisation 

(e.g., database creation), quality control, data documentation, data analyses, data shar-

ing (e.g., dissemination), and data retention (Michener, ����). A DMP is intended to 

be a living document in which information on data handling is updated to a finer 

granularity as a research project progresses. Data security and privacy aspects are im-

portant corner stones of a comprehensive DMP, and the DMP includes documenta-

tion of the organisational and technical measures put in place to ensure safe 

data-handling practices (European Commission, ����, Annex �). 

�isk level after
�isk Potential impact �isk level Mitigation strategy  mitigation

Individual may be person’s identity high redact account details low
identifiable from becomes connected and blur faces in screen-
social media posts to activities deemed shots of social media 
used as examples in negative, and they posts used as examples
presentation slides become subject to in presentation slides

harassment or legal 
actions.

Personal data may extranational authorities medium collected data are stored low
be transferred across may demand access to and processed on a safe 
international borders data that local legislation (e.g., institutional) 
and be subject to dif- requires one to restrict computer system 
ferent data protection access to; giving access in a local jurisdiction
standards to data could lead to legal 

actions against a person 
whose data are in one’s 
data set

Table 1: Example of a risk-assessment summary in a data protection impact assessment.
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Consequently, formulating a DMP and carrying out a DPIA can and should go hand 

in hand. A DMP, outlining the handling and processing of data at all stages of a re-

search project (Figure �), can be used as a tool to identify risks to data subjects, and, 

vice-versa, the risks and mitigation strategies identified in a DPIA represent a signifi-

cant and substantial section of a DMP. Both DMP and DPIA need be formulated be-

fore data collection starts and need to be updated if changes in data handling 

procedures occur (Bolognini & Bistolfi, ����). Online tools and templates exist to 

help draft both documents (Digital Curation Centre, ����; European Commission, 

����, Annex �; Commission Nationale de l’Informatique et des Libertés, ����), and 

institutional legal teams can assist in the process and finalise legally sound documents. 

Implementation challenges

The principle of data minimisation requires the data handler to store only the neces-

sary aspects of data and not hold them for more than the required time (Tikkinen-

Piri et  al., ����). However, the precise nature and structure of data are not always 

available before data collection starts. The structure of the data may be well-known 

when data are generated by the handler using digital applications developed in-house 

or through external sources, such as public or private APIs available for data collec-

tion. In these cases, it is possible to simply ignore irrelevant properties of data. How-

ever, in most cases, data are unstructured. One requires careful data preprocessing 

algorithms to format the data in a usable structure, but it is difficult to minimise data 

before analysis of all available data and before the necessary and unnecessary parts 

have been identified. This generates the necessity of formalising detailed procedure 

of how data minimisation can be implemented practically. More importantly, from a 

research perspective, the researcher may want to discover patterns and trends in data. 

Because it is not possible to predict from the outset which aspects of data may lead to 

certain patterns and trends, excessive data minimisation may hamper the process of 

discovery essential for the research work. 

When building predictive models, the efficacy of the model, apart from the 

model logic, depends not only on the quality of the data, but also on data-hungry 

models, such as deep neural networks, and on the quantity of data (Jain & Chan-

drasekaran ����; �edmon et al., ����). The process of model refinement usually has 

several iterative rounds of training and testing. It involves a combination of several 

steps, such as modifications in the data processing logic, changing the model archi-

tecture, or exploring the hyperparameter space (network sise, number of training it-

erations, learning algorithms, etc.; Li et al., ����). This creates the need for the data 

to be available for longer periods, and it is difficult to put a predefined limit on how 
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long data need to be available to the researcher. Because many of the insights ob-

tained from data analysis may be used in a way that affects society at large, through 

policy implementation or digital services, it is also an ethical responsibility of the re-

searchers to have high confidence in the conclusions reached through the data analy-

sis (Song et al., ����). This imposes certain statistical requirements on the data, such 

as good sample sises of all relevant features, comprehensive span of coverage of fea-

ture values, low noise, and low redundancy, for the data to be of an acceptable qual-

ity, avoid biases, and have a high reliability (Cai & Zhu, ����). This has direct 

Figure 2: An overview of possible data-processing stages documented in a data managment plan 
(API, Application Programming Interface).
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implications for how much data are needed to be gathered. In all cases in which a 

preemptive minimisation may not be possible, we recommend strong and robust pri-

vacy protection and data security methods as discussed above. 

�eflections

We provided guidelines on how to address some of the data privacy concerns related 

to using social media data in conservation science. A practical benefit of following 

the guidelines provided here is that it becomes mandatory to reflect on a study’s data 

collection and sharing practices at an early stage, which may affect research design, 

reduce efforts that might not lead to results, and sharpen the arguments presented. 

Our guidelines can also be applied beyond social media data, for instance, to the re-

sponsible use of citisen science data and camera trap images (Wearn et al., ����). Fu-

ture studies should also investigate the ethical impacts of using methods from artificial 

intelligence (Jobin et al., ����) to investigate human–nature interactions in conserva-

tion science. It is also important to highlight that our guidelines should be used to 

strengthen research, not hinder it, in accordance with legal frameworks. In this re-

gard, conservation scientists could reach out more to social media users so they can 

better understand the importance of sharing their data openly because this can help 

address the biodiversity crisis. 
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CHAPTER III

A framework for 
investigating illegal wildlife trade 
on social media 
with machine learning

Unsustainable harvesting is one of the major threats driving the global extinction cri-

sis (Maxwell et al., ����). Wildlife trade is a multibillion-dollar industry, in which 

thousands of animals, plants, and associated products are traded globally as food, pets, 

medicines, clothing, and trophies (Dalberg Global Development Advisors, ����). 

Wildlife trade escalates into a crisis when an increasing proportion is illegal and un-

sustainable and thus directly threatens the persistence of many species in the wild 

(�ipple et al., ����). High-profile species, such as rhinoceroses and elephants (Witte-

myer et al., ����; Di Minin et al., ����a), as well as many lesser-known species 

(�osen & Smith, ����; Phelps & Webb, ����), are threatened by illegal trade. Illegal 

wildlife trade is among the largest illegitimate businesses (Dalberg Global Develop-

ment Advisors, ����). Furthered by poverty, poorly monitored borders, corruption, 

and weak regulations and enforcement, illegal wildlife trade continues to grow (Dal-

berg Global Development Advisors, ����; UNODC, ����).

In recent years, the scale and nature of illegal wildlife trade has changed dra-

matically, and the internet has become a major market for wildlife products (La-

vorgna, ����). Although law enforcement has been partially successful in controlling 

illegal wildlife trade on major ecommerce platforms, the trade appears to have moved 

to alternative platforms, in particular social media (Yu & Jia, ����). Illegal wildlife 

trade on the dark web appears to be low (�oberts & Hernandez-Castro, ����). This 

may be partly because accessing the dark web and locating illegal wildlife products 

requires technical skills.

We propose a new research framework in which machine learning is used to investigate 

illegal wildlife trade on social media platforms (Figure �). The framework has three stages: 

mining, filtering, and identifying relevant data on illegal wildlife trade on social media.

User-generated content, including images, text, and videos, can be down-

loaded from several social media platforms, including Facebook, Twitter, Weibo, and 



Figure 1: Framework to (a) mine, (b) filter, and (c) identify relevant data on the illegal wildlife trade 
from social media platforms with machine learning. Photo in (c) is from Twitter. 
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Flickr, via an application programing interface (API) (see programmableweb.com/cate-

gory/social/apis?category=20087 for a full list). Application programing interfaces are 

publicly available, and researchers can independently collect global-scale data from 

the content made available by the social media company. Using APIs, researchers can 

access publically available data. Social media data collected via APIs are being used in-

creasingly in conservation (e.g., Di Minin et al., ����b), but automated classification 

is limited. Automated content classification can help filter out information irrelevant 

to illegal wildlife trade (e.g., ‘pangolin armoured vehicle’ as opposed to pangolin taxa, 

Figure �a) and render content classification cost-efficient.

Machine learning and its subfields and components (deep learning, neural net-

works, and natural language processing) can be used to identify verbal, visual, and au-

diovisual content pertaining to illegal wildlife trade (e.g., Di Minin et al., ����; 

Figure �b). Neural networks are often trained with a large set of labeled data and ar-

chitectures that contain multiple layers of neurons, which allow the networks to 

learn increasingly abstract representations of the data (Krizhevsky et al., ����; Liao 

et al., ����). However, to learn to associate inputs and outputs, such as images and 

their respective labels, neural networks require large volumes of human-verified 

training data. When provided with consistently labeled data and a clearly defined 

task, neural networks perform at a high level. Norouzzadeh et al. (����), for exam-

ple, used neural networks to identify, count, and describe the behaviors of �� species 

in the �.� million-image Snapshot Serengeti data set. The system they developed can 

automate animal identification for ��.�% of the data while still performing at the 

same ��.�% accuracy as that of crowdsourced teams of citizen scientists, saving 

>�  years of human labeling effort. Publicly available data sets, such as ImageNet, 

which includes �� million images classified in ��,��� classes, can provide initial train-

ing data for many species (Deng et al., ����). However, more specific training data 

are needed to identify specific wildlife products (e.g., pangolin scales or rhinoceros 

horn) to determine whether a wildlife product is being traded illegally, to account for 

the source of the specimens traded (e.g., captive bred or wild sourced) (Hinsley et al., 

����), or to discard scams. For this purpose, citizen scientists, as in the case of the 

Snapshot Serengeti data set, could be used to label images and associated text via 

platforms such as Zooniverse (zooniverse.org). Advances in machine learning com-

bined with rich training data sets may even allow detecting alternative code words 

used for selling wildlife products on social media.

Once the original information derived from social media is filtered and data 

sets are created (Figure �c), analysing data will improve understanding of the trends 

and patterns of illegal wildlife trade on social media. Because social media data often 

contain metadata for geographical location and a time stamp indicating when the 
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content was uploaded to the service, they can be used to analyse the spatiotemporal 

dynamics of illegal trade (e.g., the type and quantity of wildlife products traded, the 

nodes for trade routes, the types of routes that exist between trade nodes and how 

they change over time, etc.). Using this information in combination with other bio-

diversity knowledge products, such as the International Union for Conservation of 

Nature (IUCN) �ed List, can help determine whether the species or products are 

traded outside the species range or whether the species is coded as threatened on the 

IUCN �ed List (IUCN, ����). Furthermore, through social network analysis tech-

niques, information available on user profiles and the global connections between 

them can help identify the key exporter, intermediary, and importer countries. Fi-

nally, sentiment analysis can be used to identify and categorise opinions expressed in 

social media content, especially to determine users’ attitudes toward wildlife products. 

Such information, in turn, can inform campaigns for behavioral change. Sentiment 

analysis can also be used by law enforcement and security agencies to monitor rapidly 

developing situations.

Following the framework proposed in Figure �, Di Minin et al. (����) trained a 

deep neural network to determine whether Twitter posts with the word rhino in 

�� different languages contained images of rhinoceros species. With this approach, they 

were able to discard ��% of the images in tweets or in reference pages as not relevant. 

In another application, not from social media, Hernandez-Castro and �oberts (����) 

developed an automated system to detect potentially illegal elephant ivory items for 

sale on eBay.

Although the characteristics of social media data provide a great opportunity to 

track illegal wildlife trade, there are still challenges and caveats (e.g., spatial inaccuracy 

and unreliable data related to scams, etc.) associated with using social media content 

for research purposes (Di Minin et al., ����b; Tsou, ����). In addition, scientists and 

practitioners have the ethical responsibility to minimise potential harm to people 

who share illegal wildlife trade content on social media platforms (Zook et al., ����). 

For example, the privacy policy and terms of use of each social media platform 

should be followed strictly and only publicly available social media data used. The 

anonymity of social media users should be respected and their privacy protected by 

anonymising the data so that it cannot be linked to any personal information, such as 

names or phone numbers. �eceiving, storing, processing, and applications of social 

media data should strictly follow all data security and privacy requirements (e.g., the 

European Union General Data Protection �egulation) of the country where re-

searchers are based. Another problem is that a wealth of relevant data on illegal 

wildlife trade is currently not open to research via APIs. For this reason, manual ob-

servation, filtering and classification of content, particularly to assess whether content 
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pertains to legal or illegal trade, remains important (Hinsley et al., ����; Eid & Han-

dal, ����). Still, openly available data, which can be downloaded through the APIs, 

represent an important sample of all available social media data. Our framework can 

be applied within the safe environments of social media platforms without breaching 

privacy fences.

Our proposed methods and analyses are relevant for the implementation of the Con-

vention on International Trade in Endangered Species of Wild Fauna and Flora 

(CITES; e.g., Decisions ��.�� and ��.�� at the Conference of the Parties ��). Given 

the pressing issue, creating partnerships between CITES parties, social media compa-

nies, and scientists working on artificial intelligence will help create the conditions 

(e.g., by accessing full social media data in full respect of privacy) that will make in-

vestigation of the illegal wildlife trade on social media possible. Our framework, with 

differences in related to how data can be downloaded, can also be applied to other 

online platforms.
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Abstract
Studies assessing online public sentiment towards biodiversity conserva-
tion are almost non-existent. The use of social media data and other online 
data sources is increasing in conservation science. We collected social me-
dia and online news data pertaining to rhinoceros, which are iconic species 
especially threatened by illegal wildlife trade, and assessed online senti-
ment towards these species using natural language processing methods. 
We also used an outlier detection technique to identify the most prominent 
conservation-related events imprinted into this data. We found that tragic 
events, such as the death of the last male northern white rhinoceros, Su-
dan, in March 2018, triggered the strongest reactions, which appeared to 
be concentrated in western countries, outside rhinoceros range states. We 
also found a strong temporal cross-correlation between social media data 
volume and online news volume in relation to tragic events, while other 
events only appeared in either social media or online news. Our results 
highlight that the public is concerned about biodiversity loss and this, in 
turn, can be used to increase pressure on decision makers to develop ade-
quate conservation actions that can help reverse the biodiversity crisis. 
The proposed methods and analyses can be used to infer sentiment to-
wards any biodiversity topic from digital media data, and to detect which 
events are perceived most important to the public.

Authors
Christoph Fink 1,2,*

Anna Hausmann 1,2

Enrico Di Minin 1,2,3

1 Helsinki Lab of Interdisciplinary Conservation 
Science, Department of Geosciences and 
Geography, University of Helsinki, Finland

2 Helsinki Institute of Sustainability Science 
(HELSUS), University of Helsinki, Finland

3 School of Life Sciences, University of 
KwaZulu-Natal, Durban, South Africa

DOI: 10.1016/j.biocon.2019.108289



137

CHAPTER IV

Online sentiment
towards iconic species

Introduction

Large amounts of information, including nature-related content, are created and 

shared daily on social media and other digital platforms. Digital conservation is the 

field of conservation science that uses text, visual and audio-visual content mined 

from digital sources to investigate human–nature interactions (Arts et al., ����; 

Di Minin et al., ����; Ladle et al., ����). Conservation culturomics, for instance, uses 

quantitative analyses of word frequencies in large corpora of digital texts to study 

people’s engagement with nature (Ladle et al., ����). Analysing human–nature inter-

actions from digital data can help identify opportunities to support biodiversity con-

servation and mitigate threats (Di Minin et al., ����)

Digital media data is, however, typically extensive in volume and its texts con-

tain mostly unstructured information. The texts are composed in natural language, 

and often use colloquial language, dialect terms or abbreviations. This makes it diffi-

cult to effectively identify and extract relevant information (Li, ����). In recent years, 

increased computational resources and a cultural change towards more open web ser-

vices has made it comparably straight-forward to collect data and compile general 

metrics (e.g. information on volume and use) for assessing public interest for biodi-

versity (see e.g. Mittermeier et al., ����). These metrics, however, are limited in pro-

viding insights on the actual content and meaning of the collected information. 

Increasingly, machine learning methods are being used to automatically detect and 

identify user-generated text and visual content pertaining to human–nature interac-

tions (Di Minin et al., ����b, ����, ����b). 

Natural language processing (NLP) is a sub-field of computer science in which 

methods are being developed to understand and synthesise language, for instance dig-

ital texts (Chowdhury, ����). Sentiment analysis and opinion mining are natural lan-

guage processing methods used to assess the attitude expressed in a text (Liu, ����; 

Pang and Lee, ����). Popular applications include the assessment of the public’s atti-

tudes and appreciation (e.g. for commercial brands) from user-generated content 
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(e.g. from reviews and comments; Pang and Lee, ����). However, such technique is 

still underutilised in conservation science (Toivonen et al., ����), especially in studies 

that aim to assess people’s attitudes towards and opinions on species and their reac-

tions to events related to their conservation (Drijfhout et al., ����). Previous studies, 

which did not use natural language processing methods, have assessed how conserva-

tion issues are depicted in television and movies (Mitman, ����), in news media (Ja-

cobson et al., ����; Muter et al., ����), in online search patterns (Nghiem et al., 

����), and social media (Büscher and Igoe, ����; Hawkins and Silver, ����) Previous 

studies have also investigated media responses to conservation events that are known 

to have caused large public responses, and the spatial and temporal characteristics of 

these responses (e.g. the killing of Cecil the lion, Macdonald et al., ����; and the 

largest ivory destruction event to date, Braczkowski et al., ����). To our knowledge, 

no previous study has attempted to automatically detect, identify and describe such 

events by investigating the reaction of the public and its change over time, using sen-

timent analysis (Drijfhout et al., ����).

In this study, we investigated how sentiment analysis of social media and online 

news content can be used to monitor and study the reactions of the public to the 

conservation of iconic species. Our goal was to analyse spatio-temporal variation in 

volume and sentiment of text content pertaining to rhinoceros species on Twitter 

and in online news and assess which events triggered significant reactions, and were 

meaningful to the public. We focused on rhinoceros species because they are highly 

charismatic (Leader-Williams and Dublin, ����), three (black rhinoceros Diceros bicor-

nis, Javan rhinoceros �hinoceros sondaicus, and Sumatran rhinoceros, Dicerorhinus suma-

trensis) out of five species (including white rhinoceros Ceratotherium simum and Indian 

rhinoceros �hinoceros unicornis) are critically endangered (IUCN, ����), and all five 

species are listed in Appendix I of CITES (CITES, ����) since they are highly threat-

ened by illegal wildlife trade. �hinoceros are in the focus of on-going conservation 

efforts (e.g. anti-poaching initiatives) and at the center of a public debate on policy-

making (Di Minin et al., ����a). In South Africa, the number of rhinos killed illegally 

for their horn has increased an alarming ��,��� % over less than a decade and contro-

versial measures, such as legalising the trade in horn, have been proposed to stop 

poaching (Di Minin et al., ����a), sparking both positive and negative public reac-

tions and extensive discussions on the media, which can be tracked using online data 

sources. Specific objectives were to (i) automatically classify sentiment of text content 

on Twitter and online news; (ii) assess spatio-temporal variations in volume and sen-

timent of posts; and (iii) identify which events triggered the biggest reactions.
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Methods

Data collection
We selected two data sources representative of social media and online news. Twitter 

is a short-message platform, which has been in operation since ����, and has around 

�� million active users internationally (Statista, ����). The service allows users to post 

��� character long messages (��� before September ����), and is one of the most 

prominent online outlets for political statements and debates, and opinion leading 

(Park, ����). Twitter is often chosen as a primary source of information to study po-

litical opinion building on social media. Webhose is a service offering a News Feed 

API (application programming interface) providing ‘comprehensive […] coverage of 

news articles’ (webhose.io/products/news-feeds/). We devised a data collection frame-

work to continuously retrieve new posts pertaining to the keywords ‘rhinoceros’ or 

‘rhino’ from the APIs of Twitter (basic search API) and Webhose, and perform senti-

ment analysis on all data (cf. Figure A.� in Appendix) . We chose to focus on the 

year ���� for the present study as many events that might have triggered reactions by 

the public happened over this time period. The entire data set for ���� contained ��� 

��� Twitter posts and �� ��� online news items. The average daily volume amounts 

to ���.��±���.� Twitter posts and ���.�±���.� online news items.

Sentiment analysis
The sentiment of a text means the overall attitude expressed in a text. Typically, sen-

timent is reported as the membership to one of the classes ‘positive’, ‘neutral’, or 

‘negative’, and is assessed on the literal meaning of a text. The sentence ‘�hinoceros 

are amazing creatures’ expresses a positive sentiment, ‘It’s a shame what we do to 

these animals!’ expresses a negative sentiment. Most recent models are trained on 

large datasets of texts that were categorised manually. They report a probability of 

membership to each of the classes for each text by assigning sentiment values to 

words and combining these values following complex grammatical, syntactical and 

contextual rules (see Hovy, ���� for more details). Such models replicate the percep-

tion of the human operators who created the manual classification. Both models 

used in this study, VADE� (Hutto and Gilbert, ����) and Webis (Hagen et al., ����), 

are openly accessible, pre-trained models for sentiment analysis.

We restricted sentiment identification to posts that we could identify to be in 

English language. We did this by (i) cleaning the text of all emojis, hashtags and user 

names, (ii) tokenising (i.e. splitting into meaningful pieces, i.e. sentences and words) 

the text using the spacy Python module for natural language processing (Honnibal 

and Montani, ����), (iii) using FastText (Joulin et al., ����) to identify the language 
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of the text, and (iv) extracting posts for which English language was predicted with 

an accuracy higher than ��%, a threshold chosen iteratively, and discarding the rest.

Since sentiment analysis models learn from manually classified data, it is impor-

tant to ensure training data and analysed data are similar in length, style and type of 

text. The different nature of the data sources required the use of different sentiment 

analysis algorithms for social media and online news data. The sentiment of online 

news text was assessed using VADE� (Hutto and Gilbert, ����), a leading general-

purpose sentiment analysis tool. For Twitter data, characterised by short text lengths 

and extensive use of colloquial language, we used the highly specialised Webis senti-

ment evaluation tool (Hagen et al., ����), which reached the highest classification ac-

curacy for Twitter posts in an evaluation of ‘the state-of-the-art in Twitter sentiment 

analysis’ (Zimbra et al., ����). Both tools report the sentiment of a text in the classes 

positive, negative, or neutral.

The decision to use VADE� for online news and Webis for Twitter posts was 

further confirmed when we carried out an evaluation of classification accuracy on a 

gold standard data set of ��� manually classified posts of each data source. For classifica-

tion tasks, accuracy is commonly reported using precision, recall and f-score values 

(Chinchor, ����), with the latter two being estimates of completeness and sensitivity, 

respectively. Across all classes (positive, negative, neutral), Webis sentiment classification 

for Twitter posts reached a precision of �.��� (recall �.���, f-score �.���), and �.��� (re-

call �.���, f-score �.���) for online news. VADE�, in contrast, reached a precision of 

�.��� (recall �.���, f-score �.���) for online news, and �.��� (recall �.���, f-score �.���) 

for social media posts. For detailed per-class accuracy measures see Table �.

Identifying main events in data
We calculated daily sums and mean sentiment, on a range of [-�; �] between 

negative and positive, for social media posts and online news text separately. We then 

used an outlier detection technique to identify events that diverged from the overall 

pattern in both volume and sentiment. We used Python �.�.� and SciPy �.�.� to 

identify outliers, which were defined as greater than Q3 + (1.5 × IQR) or lower than 

Q1 − (1.5 × IQR), where Q� and Q� are the first and third quartile, respectively, and 

IQ� is the interquartile range. We then identified the main topic for each outlier by 

(i) ranking social media posts by popularity (re-tweets, likes), (ii) manually identifying 

prevailing topics from news items’ headlines, and (iii)  carrying out a manual web 

search confined to the date of each outlier. Finally, we calculated pairwise temporal 

cross-correlations between all four time series using a custom Python implementa-

tion, equivalent to �’s ccf function (see Figure A.� in Appendix for its source code).
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Geographical distribution and daily variation
To give an overview of the global geographical distribution of social media posts and 

of daily temporal variation, at local time, we mapped this data by time zones, result-

ing in a combined map and chart. As the Twitter API does not provide the local time 

of posts, we inferred this information by using a post’s georeference or, if not avail-

able, the location specified in the user’s profile information. This is the most precise 

time zone information available across all posts. Using time zones as a reference unit 

allowed us to avoid some of the common pitfalls concerning accuracy, precision, and 

completeness of georeference data attached to social media posts (see Graham et al., 

����). We calculated sums per time zone and local hour of the day and plotted this 

data using matplotlib �.�.� on Python �.�.�. We then used QGIS �.�.� to visualise the 

reported locations of georeferenced posts. Time zones were rounded to full hours to 

make the figure more accessible.

Sentiment
Identification Class

Data source Algorithm (sentiment) Precision �ecall F-score

Twitter Webis positive 0.800 0.909 0.852

neutral 0.824 0.700 0.756

negative 0.805 0.868 0.836

avg/total 0.809 0.826 0.8�4

VADE� positive 0.600 0.8�8 0.692

neutral 0.024

negative 0.478 0.868 0.6�6

avg/total 0.368 0.843 0.654

Online news Webis positive 0.800 0.�05 0.�86

neutral 0.043 0.286 0.074

negative 0.707 0.527 0.604

avg/total 0.5�7 0.306 0.288

VADE� positive 0.745 0.92� 0.824

neutral

negative 0.868 0.836 0.852

avg/total 0.806 0.879 0.838

Table 1: Sentiment classification accuracy measures.
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�esults

The global distribution of social media posts pertaining to rhinoceros species, and its 

diurnal variation per each time zone, is illustrated in Figure �. The map (Figure �a) 

shows that rhinoceros and rhino seem to be topics especially prevalent in (i) Western 

Europe – in particular the United Kingdom –, the United States, and Australia, and 

(ii) in some rhinoceros range countries in Africa (South Africa, Kenya) and Asia (In-

donesia, Malaysia). This corresponds to the absolute counts of posts per time zone 

(Figure  �b) which show a majority of posts originating from the UTC (United 

Kingdom), -� to -� (North America), +� (Indonesia) and +� (Western Europe) time 

zones. There is local variation in the daily temporal patterns (Figure �c): post counts 

were higher during daytime hours almost universally across all time zones. The vol-

umes in Asian, African and European time zones peak in the afternoon, while the 

American time zones see a maximum late in the morning. Globally (Figure  �d), 

most social media content is posted in the afternoon, while the minimum value is 

reached during night time. Online news data exhibit a similar pattern, see Figure A.� 

in Appendix for a map of the global distribution of online news items pertaining to 

rhinoceros and rhino.

Specific events appear to have triggered increases in both volume and mean 

sentiment of social media and online news (Figure �, full list of identified events in 

Table �). The mean sentiment over the entire time series was slightly positive 

(�.���±�.��� on a scale [-�; �]) for Twitter, and pronouncedly positive (�.���±�.���) 

for online news data. On �� March ����, following the passing of Sudan, the last 

male northern white rhinoceros (Ceratotherium simum cottoni), the previous day, the 

volume of tweets exceeded the average by more than five times; the count of news 

items published was the highest of any day in the entire research period. For this 

event, mean Twitter sentiment was highly negative. On �� April ����, the volume of 

online news increased strongly, together with its mean sentiment deflecting consider-

ably towards positive, related to press reports on UK royals Prince Harry and his then 

fiancée Meghan Markle’s visit to Botswana. The event did not affect Twitter posting. 

On �� July ����, media reports of the death of critically endangered black rhinoceros 

(Diceros bicornis michaeli) translocated to Tsavo National Park, Kenya, caused the val-

ues of both sentiment and volume of online news to increase significantly. On �� July 

����, Twitter sentiment was exceedingly negative, all other characteristics remaining 

within average values, in relation to a post that was retweeted ��� times and referred 

to the extinction of the western black rhinoceros (Diceros bicornis longipes). Mean sen-

timent is also high for a prolonged period of time in the second half of June (Figure 

�), due to a social media campaign by the Indian Ministry of Tourism that partly fo-

cused on Indian rhinoceros (�hinoceros unicornis).
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Figure 1: Social media posts pertaining to rhinoceros species: (a) global distribution, (b) distribution 
over time zones, (c) daily variation per time zone, at local time, and (d) global average daily variation. 
The shades of the bars in (c) and (d) represent the time of the day (use (d) as a legend), the size of the 
bars show the count of posts in a particular hour of the day and are scaled relatively to the maximum 
value of a series. Data sources: Twitter API, Natural Earth Data.
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Figure 2: The daily counts and mean sentiment of Twitter posts and online news items pertaining to 
rhinoceros species from March to July 2018. Data was obtained from the Twitter and webhose.io appli-
cation programming interfaces (API). Outliers were calculated by categorizing values > Q3 + 1.5 IQR 
and < Q1 – 1.5 IQR as outliers, where Q1 and Q3 are the first and third quartile and IQR is the inter -
quartile range.



Outliers in

Twitter Twitter online news online news
Date volume sentimen volume sentiment Event

March 2-5 ↑ New-born white rhinoceros
in zoo in the Netherlands

�6 ↑ Trump wildlife protection 
board defends trophy hunting

20 ↑ ↓ ↑ �eactions to the death of 
Sudan, the last male 
northern white rhinoceros

2�-23 ↑ …

April 4 ↑ Baby rhinoceros ‘defends’ 
mother from vet

30 ↑ ↑ Prince Harry and Meghan 
Clark visit Botswana

May 7-9 ↑ Woolly rhinoceros found in 
Siberia

�7 ↑ White rhinoceros pregnant 
through artificial 
impregnation (San Diego Zoo)

June 2 ↑ Tweet addressing the Prime 
Minister of India, expressing 
pride in the survival of the 
one-horned rhinoceros in 
Assam

�0, �3-�6, ↑ @IncredibleIndia tourism 
23-26, campaign video mentioning 
29, 30 one-horned rhino

�2 ↑ …

23 ↑ (no distinct event identifiable)

July 5 ↑ CNN: in-vitro fertilization for 
‘hybrid rhino’

6 ↑ Poachers mauled to death by 
lions in Sibuya game reserve, 
South Africa

�3 ↑ Eight out of eleven recently 
translocated rhinos reported 
dead in Tsavo National Park, 
Kenya

�5 ↓ Bill Nye: ‘I aint been the same 
since west african black rhino 
went extinct’

27 ↓ Negative remark about insects 
‘except rhinoceros beetles’

30 ↑ ↓ ↑ ↓ Negative remark about 
insects ‘except rhinoceros 
beetles’ (Twitter), 
first post-Mugabe elections in 
Zimbabwe (online news)

Table 2: Events identified from social media and online news data in Figure 1.
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We also carried out temporal cross-correlations of the four time series (Fig-

ure �). We found a strong cross-correlation between Twitter volume and online news 

volume (Figure �a), at lags �, -�, -� (i.e. news items posted at the same or the two 

previous days as a tweet). The mean sentiment of the two data sources correlates 

above �.�� confidence interval (Figure �e). Twitter sentiment correlates at a highly 

significant level (�.��) with Twitter volume (Figure  �f). The sentiment of online 

news shows a significant negative correlation with its volume (Figure  �c). Twitter 

sentiment and online news sentiment both show a significant negative correlation 

with the volume of the respective other data source (Figure �b, �d). The sentiment 

of the two data sources shows a significant positive correlation (Figure  �e). High 

temporal correlation between the post volume and the mean sentiment means ‘the 

more posts, the less neutral the sentiment expressed’, potentially confirming that in-

creases in posting volume are triggered by major events rather than by many minor 

events together.

Figure 3: Temporal cross-correlation of social media and online news content pertaining to rhinoc-
eros species. Data obtained from Twitter and webhose.io application programming interfaces (API). 
The x-axes represent a lag in days (0 = same day), y-axes the cross-covariance between the respective 
column and row. The blue dashed lines show confidence intervals of 0.95 and 0.99, respectively. 
Explanation on how volume and sentiment were assessed is available in the Methods. 
Note that a high temporal correlation between volume and sentiment can be interpreted as ‘the more 
posts, the less neutral the sentiment’.
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Discussion

In this study, we examined reactions towards events related to rhinoceros conserva-

tion on Twitter and online news. In comparison to previous similar studies looking 

at the online discourse around the conservation of a threatened species (see e.g. Har-

rington et al., ����), our approach allowed us to identify the sentiment attached to 

public reaction, and proved to be more reliable in identifying conservation-related 

events. We found that it is especially negative events, such as the local extinctions of 

two sub-species of rhinoceros in Africa, which caused substantial public reaction, 

both in terms of total number of posts and articles, and sentiment expressed therein. 

In contrast, positive events seem to be underrepresented. For instance, the initially 

positive media coverage of the translocation of rhinoceros to Tsavo National Park in 

Kenya did not register as an outlier in our data, and was drastically overshadowed by 

the reactions to the later failure of the operation. Certain events, on the other hand, 

appear to be platform-specific and are, for instance, shared on social media or online 

news only. In line with Braczkowsky et al. (����), we found that the strongest reac-

tions on Twitter originate in Western countries and not from within rhinoceros 

range countries. This might be partly due to the presence of prominent conservation 

non-governmental organisations (NGOs) in these countries (but this requires more 

research in the future, for instance by looking separately at the temporal patterns of 

the social media accounts of the most important NGOs). The largest part of Twitter 

status messages referring to rhinoceros and rhino was posted during working hours, 

which might indicate a strong interest in the species and their conservation (warrant-

ing a break from work to post), or a sisable share of corporate actors involved in the 

discourse, such as active marketing campaigns by NGOs. While social media data and 

online news come with a certain degree of uncertainty (e.g. data sparseness and rep-

resentativeness; Toivonen et al., ����) we argue that the methods presented here can 

be used to follow conservation related events on all digital data sources that make 

data openly available.

Different types of events triggered different reactions. The differences can be 

found not only between ‘traditional’ online news and social media, but also between 

a data source’s volume and its mean sentiment. The volume – a simple count per 

unit of time – represents a quantitative measure of the attention an event receives; the 

sentiment – a complex estimation of feelings and opinions expressed in a (written) 

text – in turn measures the quality, or intensity, of this attention. It is also the corre-

lation between post volume and mean sentiment (i.e. the more posts the less neutral 

the sentiment) that allowed us to identify influential events. Mean sentiment, in fact, 

would deflect towards neutral if the increase in post volume were to derive from 

multiple topics. 
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Depending, among other things, on its perceived severity and urgency, its gen-

eral scope, and the ‘emotional value’ attached to it, a given conservation event might 

be identifiable from one of sentiment or volume only. We argue further that the 

magnitude of a conservation-related event and societal importance can be estimated 

from the combined reading of both measurements. For instance, the reactions to Su-

dan’s (the last male northern white rhinoceros) death, arguably the most significant 

widely publicised events related to rhinoceros conservation in ����, triggered reac-

tions both in terms of volume and sentiment, both on social media and in online 

news. In contrast, Prince Harry’s visit to Botswana was only loosely connected to 

rhinoceros conservation and was not picked up by social media at all. These results 

reinforce the importance of using multiple data sources in digital conservation (see 

e.g. Cooper et al., ����).

While the research design aimed to measure public interest in and engagement 

with a broader area of biodiversity conservation, the main event found in the data of 

this study is the biological extinction of a subspecies and reactions to it. Our results 

appear to confirm that societal groups of a European descent might be feeling most 

affected or guilty about extinctions (Ladle and Jepson, ����). Cultural-geographical 

differences might also explain the low number of tweets and news items from 

African and Asian rhinoceros range countries. Still, other factors, such as different in-

ternet or media usage patterns (use of other social media platforms or lower repre-

sentation in our dataset of other online media outlets) might be drivers of these 

geographical differences. In general, social media data – and to a certain extent on-

line news data – are subject to issues of representativeness, data collection biases and 

‘echo chambers’ (groups of users with similar world views reinforcing and reproduc-

ing common narratives) that amplify certain discussions and elevate them over others 

(Driscoll and Walker, ����; Tufekci, ����). Attention has to be paid to the georefer-

ence of digital data, which can lack in accuracy, precision and completeness (Graham 

et al., ����). We aggregated data to time zones and countries to avoid these pitfalls. 

Future research should also consider the effects of such biases on assessing the public 

reaction to conservation topics. 

We found significant correlations between time series of daily counts and daily 

mean sentiment. Daily Twitter volume seems to follow daily online news volume. 

This might well be explained by the common practice of news articles being pro-

moted, shared and distributed on social media, which also explains the significant 

correlation between tweet volume and the respective previous day’s online news vol-

ume. The fact that online news sentiment is showing a similar correlation to Twitter 

volume as to online news volume suggests that online news content is largely cov-

ered by Twitter content. Twitter sentiment, on the contrary, shows an inverse corre-
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lation for the two data sources’ volumes, suggesting that Twitter might provide con-

tent that online news do not provide. The strong negative correlation between on-

line news’ volume and sentiment, in turn, lead us to speculate whether news outlets 

are more readily picking up negative news items than positive ones, or that ����’s 

predominant rhinoceros-related news items might have been of a negative nature. In-

deed, the most reported events were the biological extinction of a sub-species with 

the death of the last male northern white rhinoceros, and the failed translocation of 

the critically endangered black rhinoceros to Tsavo National Park, Kenya. 

Conclusion

We demonstrated that natural language processing techniques, established in other 

fields, can be successfully used in conservation science. The temporal variation of 

public sentiment and of the volume of content pertaining to a topic can be used to 

identify events, which trigger public reaction, and assess the polarity of such reaction. 

The two data sources used in this study, social media and online news, complement 

each other, and should be used jointly when possible. Overall, our results can be used 

to help develop enhanced strategies for the conservation of rhinoceros species that 

consider reactions of the general public, for instance in support of fundraising activi-

ties to prevent species’ extinctions (certain causes might seem more important to the 

public than others). Identifying such reactions could also be used to increase pressure 

on decision makers to develop adequate conservation strategies and to allocate ade-

quate resources for conservation, by demonstrating how broad and assertive public 

support for a cause is. The magnitude of the public outcry after Sudan’s death is a 

clear example. Similar strategies have been observed to be successful, for instance, in 

persuading politicians to pledge for climate change engagement (Anderson, ����). 

The results also highlight that public reactions are currently missing from peo-

ple in rhinoceros range countries, who bear the highest costs of rhinoceros conserva-

tion. While this result is not surprising, it is highly relevant, and its effects might be 

attributed to a digital divide and to different online platforms being used in different 

parts of the world, highlighting that future studies should focus on better assessing 

reactions from rhinoceros range countries. 

While the methods were applied here to assess public sentiment for iconic 

species, they can be used for any other biodiversity-related content, although more 

research is needed in respect to topics exhibiting a lower base-line of public interest, 

and in respect to topics covering broader taxonomic groups. To our knowledge we 

were able to identify all major events related to rhinoceros conservation over the 

study period. However, this might prove more challenging for less prominent topics 
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or for less charismatic species. The same methods can be used to measure the effects 

of outreach campaigns and education programs, to gather feedback on conservation 

tourism (e.g. reactions to changes in regulations or infrastructure), or to measure re-

actions to policy changes. Conservation managers and authorities could also more 

easily react to online ‘conservation violence’, such as the outright open calls for mili-

tarised violence against poachers and the demands to deny poachers Human �ights 

as described by Lunstrum (����), if they were made aware of such posts in a timely 

manner. Our study shows that we have the capacity to do real-time monitoring of 

sentiment for species or places of conservation importance, e.g. protected areas. 

Combined with existing conservation culturomics methods, such as for assessing dig-

ital salience (e.g. web page counts, Correia et al., ����) and measuring public interest 

(e.g. Wikipedia page views, Mittermeier et al., ����), this approach can provide a 

deeper understanding of the impact of conservation campaigns (for fundraising or 

policy-making), and of societal support for conservation actions. Our automated sys-

tem can be used to collect and analyse data continuously and to detect changes in 

public opinion in near real-time, providing continuous guidance to conservation 

managers and policy makers, who can react quicker and more pro-actively, targeting 

social media campaigns and press releases to address the prevailing concerns of the 

public. 
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Supplementary material
to Chapter IV

Figure A.1: The workflow of the data collection and processing framework.

Figure A.2: Posts on online news pertaining to rhinoceros species. Online news data was obtained 
from the Webhose application programming interface using a custom Python 3.7.2 implementation 
(see Methods); these data contain information on the country the news outlet publishing a news item 
is based in; sums per country were calculated using PostgreSQL 11.2/PostGIS 2.5 and visualized 
using QGIS 3.4.4. Data sources: Webhose, Natural Earth Data.
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import numpy
import scipy.signal
import scipy.stats

def ccf(x, y): 
    ccf = scipy.signal.correlate(
        x - numpy.mean(x),
        y - numpy.mean(y),
        method="direct"
    ) / (numpy.std(x) * numpy.std(y) * len(x))

    ci95 = scipy.stats.norm.ppf((1 + 0.95) / 2) / math.sqrt(len(x))
    ci99 = scipy.stats.norm.ppf((1 + 0.99) / 2) / math.sqrt(len(x))
    return (ccf, ci95, ci99)

Figure A.3: Custom Python 3.7.2 (SciPy 1.2.1, NumPy 1.16.2) ccf function used for calculating 
temporal cross-correlation between volume and sentiment of social media and online news content. 
Adapted from stackoverflow.com/questions/53959879/how-do-i-get-rs-ccf-in-python.
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Fink, C., Toivonen, T., Correia, R.A., Di Minin, E. 
Mapping the online songbird trade in Indonesia 
Under review (minor revisions) in Applied Geography.

Abstract
Wildlife trade, when unsustainable, can be an important threat to biodiversity 
conservation. In this contribution, we explored the use of digital data to investi-
gate the online market for songbirds in Indonesia, where keeping pet songbirds is 
a deeply rooted cultural practice. We examined the spatial characteristics of three 
dimensions of the songbird trade using data from online sources: birdwatchers’ 
sightings as a proxy for the supply of the songbird market, small advertisements 
from an online marketplace platform, representing the trade itself and its trans-
actions, and videos by pet songbird owners to represent the demand side of the 
songbird market. We found that, geographically, these three stages of the song-
bird supply chain did not overlap, which potentially hints at the roles extended 
transport networks and commercial captive breeding play for the songbird trade. 
The trade was not confined to major cities but spread out through the country, in-
dicating both a possible democratisation of the trade (i.e. a larger group of sellers, 
and consumers selling to consumers) and an opportunity to observe previously 
covert parts of the trade. We further found that the asking prices on online mar-
ketplaces were significantly higher than the prices stated in an independently car-
ried out consumer survey, and discuss possible reasons. Data from digital sources 
can give rich insights into the spatial, temporal and taxonomic structure of wildlife 
trade, can help understand the motivations of buyers and sellers, and can help di-
rect wildlife trade towards a more sustainable fashion. Our methodology toolbox 
that allows automatic and continuous monitoring of online marketplaces and in-
cludes data preparation and cleaning, and follows the highest standards of data 
privacy principles, is openly available. 
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CHAPTER V

Mapping 
the online songbird trade 
in Indonesia

Introduction

Keeping songbirds as pets is a deeply-rooted social and cultural practice in Southeast 

Asia, in particular on the Indonesian islands of Java and Bali, (Jepson, ����; H. Marshalll 

et al., ����a). A central notion of this practice is an appreciation for the perceived 

beauty and exoticism of birds’ songs (Chng et al., ����), which culminates in songbird 

singing competitions at local, regional, and national levels (Jepson et al., ����). Master-

ing bird husbandry and breeding is a highly valued cultural technique (Jepson, ����). A 

recent household survey found that ��% of households kept birds, and estimated that 

�� million cage-birds are kept on Java, alone (H. Marshall et al., ����a). Another 

household survey a decade earlier had found that ��.�% of Indonesian households 

owned a pet bird and that birds were the most popular pets (Jepson and Ladle, ����). 

The cultural practice of bird-keeping has taken on dimensions that manifest a 

threat to the survival of many highly sought-after species (Jepson and Ladle, ����; 

Lee et al., ����; Harris et al., ����). There are clear indications that rarity (e.g. Criti-

cally Endangered species) is a sought-after characteristic when pet owners choose a 

species (Harris et al., ����), thereby putting threatened species at an even higher risk 

of extinction. In the centre of this ‘Asian songbird crisis’ (Lee et al., ����), itself part 

of a larger biodiversity crisis throughout Southeast Asia (Sodhi et al., ����; Di Minin 

et al., ����a; Butchart et al., ����) and at one of the epicentres of an unsustainable 

global wildlife trade (Maxwell et al., ����), is a thriving pet market for songbirds 

(Bergin et al., ����; Chng et al., ����; Leupen et al., ����; Shepherd et al., ����) that 

serves a predominately urban audience (Jepson and Ladle, ����; H. Marshall et al., 

����a). Many specimens are still wild-caught even if they could potentially be bred in 

captivity (Chng et al., ����a; Jepson and Ladle, ����). Most species are protected by 

national regulations and international agreements (CITES, ����; Ministry of Envi-

ronment and Forestry, �epublic of Indonesia, ����; Chng et al., ����a), and many are 

classified in the IUCN �ed List as threatened (‘Vulnerable’, ‘Endangered’ or ‘Criti-

cally Endangered’, IUCN, ����a). This renders the trade in many species illegal and 
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potentially unsustainable, but sellers continue to openly display such animals in mar-

kets (Nijman et al., ����). This indicates insufficient enforcement of existing regula-

tions, hints at a lack of awareness for animal welfare in the public and uncovers the 

deep roots of the associated cultural practices. 

The motivations behind acts of unsustainable use of wildlife typically are com-

plex and multi-faceted (Hinsley and ’t Sas�olfes, ����). When use of wildlife is 

rooted in traditional cultural practices, demand reduction strategies must be carefully 

informed and targeted, and convey truthful, not overly simplified, messages (Dang 

Vu and Nielsen, ����). Trying to counter use of wildlife that is rooted in cultural 

practices with law enforcement is not a sustainable pathway and has proven unsuc-

cessful (Challender and MacMillan, ����). To help direct the songbird trade and the 

associated cultural traditions towards more sustainable models, detailed knowledge 

about all aspects of the trade are crucial. 

The songbird trade in Indonesia has been investigated using different methods. 

Market surveys have looked at the trade from a species-specific perspective (Beastall 

et al., ����; Bergin et al., ����; Leupen et al., ����; Nijman et al., ����; Shepherd et 

al., ����), or with a geographical focus (Aloysius et al., ����; Chng et al., ����a; 

�entschlar et al., ����), some combined with expert interviews (Harris et al., ����), 

or focussing on the trade’s impact on wild populations (Harris et al., ����). Con-

sumer surveys have shed light on the demand side of the trade (Chng et al., ����; 

Jepson and Ladle, ����; H. Marshall et al., ����a; �entschlar et al., ����), and analy-

ses of seizure data assessed the extent of illegal trade and the degree of law enforce-

ment success (Leupen et al., ����). Increasingly, online studies based either on 

questionnaires (Siriwat and Nijman, ����) or on manually monitoring social media 

groups (Gunawan and Noske, ����; Iqbal, ����; Leupen et al., ����; Nijman et al., 

����; Siriwat, ����) are being carried out. Other studies have sketched the possible 

actors and networks of a supply chain of the Indonesian songbird trade (Jepson and 

Ladle, ����) and illegal wildlife trade in general (Phelps et al., ����).

Most studies are characterised by an enormous organisational effort and a high 

workload that yield but a snapshot in time and space. Scholars have been calling for 

cost-effective ways to monitor bird markets (Chng et al., ����; Harris et al., ����), 

for instance as an early warning system that would allow enhancing direct field mon-

itoring of especially threatened species (Harris et al., ����). Chng et al. (����) warn 

that, while regular monitoring is crucial to uncover market dynamics and species 

composition, traditional methods of market surveying might arouse suspicion among 

traders. Similar to other illegal trade in wildlife, a large portion of the market in 

songbirds has moved online; this move online might be further accelerated by the re-

strictions imposed against the current global COVID-�� pandemic. The illegal mar-
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ket in ivory, rhino horn and similar wildlife commodities saw a shift to social media 

(e.g. Facebook, WhatsApp; see Yu and Jia, ����), these channels also play an impor-

tant role in the pet bird trade (Siriwat and Nijman, ����). Automated identification 

of online content can help support long-term monitoring efforts to study the supply 

chain of wildlife trade and the actors involved (Di Minin et al., ����b, ����).

Our objectives were to explore the utility of digital data to investigate the sup-

ply chain of the Indonesian songbird trade and its spatial and temporal characteristics, 

and to develop a methodological toolbox and toolchain for automatic continuous 

monitoring, that make use of novel methods from computer vision and computa-

tional linguistics. We collected data from three sources that represent different stages 

of the supply chain: sales posts on an online marketplace, bird sightings reported to a 

birdwatchers’ platform, and home videos of pet bird owners posted to a video plat-

form. We then used spatial statistics to investigate the spaces of three stages of the 

supply chain of the Indonesian online trade in songbirds, represented by the three 

data sources, and analysed the marketplace’s asking prices. We expected locations re-

lated to pet songbirds and to the trade in songbirds to be found throughout the 

country with a pronounced emphasis on urban areas (cf. H. Marshall et al., ����a; 

Jepson et al., ����), and locations of wild bird sightings mostly confined to the 

species ranges reported in the BirdLife International and Handbook of the Birds of 

the World (����) and on the IUCN �ed List (IUCN, ����b). Further, we antici-

pated prices to be higher in more densely populated places, where higher demand 

would be expected, and at roughly the same levels to those reported in H. Marshall 

et al. (����b).

Data & Methods

Focal species
As a case study to introduce our framework, we selected three species of songbirds that are 

especially vulnerable to the pet trade in Indonesia and other countries in South East Asia. 

The straw-headed bulbul (Pycnonotus zeylanicus) is severely threatened by 

trapping for trade (Lee et al., ����). The endemic Javan pied starling (Gracupica jalla) 

is among the most sought-after birds on the Indonesian songbird market (H. Marshall 

et al., ����b; Chng et al., ����a), and there is doubt over the continued existence of 

wild populations (Birdlife International, ����). The white-rumped shama (Kittacincla 

malabarica) is the most frequently mentioned single species in H. Marshall et al. 

(����a, ����b)’s consumer survey. Its beautiful song and colourful appearance make it 

a popular species in singing competitions (Jepson and Ladle, ����; Leupen et al., 

����). For a detailed description of the focal species, see Supplementary Material. 
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All three species are listed as highest priority species in the Conservation Strategy 

for Southeast Asian Songbirds in Trade (Lee et al., ����). All three species can be bred 

in captivity and are reportedly being captive-bred commercially (Lee et al., ����; Eaton 

et al., ����; Chng et al., ����; Jepson and Ladle, ����). It is not clear, however, whether 

commercial breeding is more than a smokescreen to conceal the real extent to which 

birds found on markets originate from wild-caught populations (Eaton et al., ����). 

Data sources
Query keywords

We used Wikipedia’s wikidata database to obtain scientific names, English and In-

donesian common names, including alternative spellings, for the three focal species. 

We then conducted a pilot data collection phase of seven days, after which we semi-

automatically identified additional keywords in the text content of small advertise-

ments, video metadata and comments. We used NLTK (Bird et al., ����) to extract 

n-grams (bi- and trigrams), i.e. words that frequently occur in combination, and list 

their counts, then carried out manual internet searches to evaluate the usefulness of 

the �� most common n-grams. The resulting list of keywords (Table �) selects a set of 

advertisements, videos and comments for download that pertains to the focal species 

of this study.

Table 1: Query keywords for data collection. 

Javan pied starling white-rumped shama straw-headed bulbul

javan pied starling white-rumped shama straw-headed bulbul

gracupica jalla copsychus malabaricus pycnonotus zeylanicus

jalak suren jawa kucica hutan cucak rawa

jalak uren jawa cucakrawa

cangurawak

barau-barau

Small advertisements (OLX.com.id)

OLX is an online marketplace for small advertisements, operating in various coun-

tries around the globe. On its Indonesian page (olx.com.id), we found listings advertis-

ing songbirds for sale, amongst them protected species (see below). Listings include 

photos, asking price and location. 

We developed a tool, olxsearch (Fink, ����a), to download data and metadata 

on small advertisements published on the OLX online marketplaces. It downloads 

the text and image content, as well as date, location, duration of publication and the 
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advertised retail price by scraping the marketplace’s web page. Because of the nature 

of web scraping, we could only retrieve advertisements that were online during the 

data collection period that lasted from �  February to ��  July  ����. Overall, this 

amounted to a raw data set of �,��� small advertisements containing �,��� photos. 

Video metadata and comments (YouTube)

There is a significant number of videos of songbirds posted to online video plat-

forms, e.g. YouTube (youtube.com). Often, the price or value of an animal is discussed 

in the comment section underneath a video posting. 

We developed a tool, metatube (Fink, ����b), to download video metadata and 

comments from YouTube. The software package saves the downloaded data in a rela-

tional database that allows relating comments to videos and vice versa. The YouTube 

application programming interface (API), which metatube uses, allows retrieving all 

videos and all comments that are online at the time of retrieval. The data we down-

loaded spans from �� June ���� to �� July ����, and comprises of ��,��� videos, and 

��,��� comments related to them. 

Birdwatchers’ sightings (eBird)

eBird (ebird.org, Sullivan et al., ����) is an app and website for birdwatchers that al-

lows them to report their sightings and share them with other enthusiasts and with 

scientists conducting research on birds. Data from eBird (Sullivan et al., ����) can be 

downloaded from the project’s web page after registration, if it is used for a specified 

range of applications, such as scientific research. Data on some species, including the 

three focal species of this study, are treated with a higher level of confidentiality, for 

instance, to protect threatened species from being easily located by poachers. To ob-

tain data on such species, researchers must undergo manual review. We obtained a 

total of ��,��� reports of birdwatchers’ observations of the three study species, which 

date from � March ���� to �� January ���� (the majority of observations have been 

reported since ����). 
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Data preparation
The different data sources required a different level of pre-processing (Figure �). While 

bird observation data required only file format conversion, both marketplace data and 

video metadata required extensive data preparation. In particular, we had to i) identify 

marketplace advertisements that did not offer a bird for sale and discard them, ii) extract 

geographic locations from video descriptions, iii) separate videos that were likely to re-

late to an act of sale from videos that were presenting a pastime activity, and iv) assure 

we honoured ethical and legal data privacy principles (Di Minin et al., ����).

Extracting geographic locations from text content (videos)

Only a small part of digital data sources provide metadata that directly refers to a geo-

graphic location. For instance, photos on Flickr and short messages on Twitter can 

be georeferenced, i.e. tagged with a coordinate pair and thus linked to a location. 

Not all users decide to enable this feature, and many platforms’ APIs do not return 

precise coordinates, but rather the name of a nearby place (Toivonen et al., ����). 

Data from YouTube, i.e. video metadata and comments, typically do not contain ei-

ther kind of information. However, many of the video titles, descriptions, and com-

ments contain place names. This allowed us to use Geographic Information �etrieval 

techniques (GI�, Jones and Purves, ����). Our method comprised of two steps: first, 

we identified and extracted place names using Named Entity �ecognition (NE�) 

tools. NE� is a natural language processing method to extract names, including 

names of geographic places, from text (Leidner and Lieberman, ����). NE� tools are 

readily available for all major languages, but mainstream tools do not cover the In-

donesian language. Instead, we used NE�G�IT, a NE� model for the Indonesian 

language developed by Fahmi et al. (����), that is trained on data from Wikipedia arti-

cles, and for which the authors report an F� score of �.�. Second, we georeferenced the 

identified geographic place names, i.e. added a geographic coordinate pair to each place 

name. We used Geocoder (Carriere, ����) with a custom instance of the Nominatim 

(nominatim.org) gazetteer, based on OpenStreetMap data (data snapshot from 

� March ����), and selected the highest rank match as returned by the gazetteer. 

Separating sales from hobby videos

All videos for which we downloaded metadata relate to the three focus species of the 

study. However, some videos are presenting or celebrating bird-keeping as a hobby, 

while others are openly or covertly offering an animal for sale. In the comments be-

low many videos, viewers speculate over the market value of the bird shown, indicat-

ing their interest in a transaction. For this study, we consider both videos selling a 

bird and videos with a discussion of a possible price to be data points relating more 
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Figure 1: Data collection and pre-processing workflow. The figure shows the principal steps of data 
preparation and the tools, techniques and methods used in each step. Data from eBird do not require 
any pre-processing other than format conversion. Data scraped from online marketplaces (OLX.co.id) 
and video metadata (YouTube), in contrast, require substantial pre-processing, see Data & Methods.
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to the trade in songbirds, and all other videos to relate more to pet-keeping. To sepa-

rate the one from the other, we matched them against a list of keywords that pertain 

to sales-related posts (Table S.� in Supplementary Material). We compiled the list in 

an iterative and recursive process: we searched the description of videos suspected to 

offer birds for probable keywords, added them to the initial keyword list, then evalu-

ated a sample of the (new) search result set to eliminate keywords producing a large 

number of false positives. 

Identifying birds in advertisement photos

Many place names or names of objects contain species names. The descriptions or ti-

tle of some of the small advertisements posts matched bird species names, even 

though the advertised merchandise was not a bird. To filter out other sales items, we 

used a �esNet�� model (He et al., ����) trained on ImageNet data (Deng et al., 

����) to identify the content of photos attached to each post. We examined the top 

five predictions for each photo of each post and kept every post, for which at least 

one photo was predicted to contain a hyponym, i.e. a linguistic sub-category, of bird. 

We chose this path of matching hyponyms, because, similar to people, ImageNet fre-

quently fails to identify exact species, but reliably identifies on a higher taxonomic 

level. In some instances, ImageNet failed to identify a bird due to the visual domi-

nance of its cage, which is why we considered images showing a cage to advertise a 

bird for sale (ImageNet does not have a category cage, but identifies cages as one of 

the visually similar categories prison, shopping_cart or shopping_basket). We 

used NLTK (Bird et al., ����) to identify hyponyms and Keras (Chollet and others, 

����) for image identification. 

Data privacy

Working with digital data requires diligent measures to protect the right to privacy of 

any person that is potentially contained in any data set used (Di Minin et al., ����), 

both in order to fulfil national and supranational data protection laws, such as the 

European Unions’ General Data Privacy �egulations (GDP�), and to live up to ethi-

cal standards for research. Measurements that are both effective and easy to imple-

ment are data minimisation, i.e. discarding all data that is not strictly required for 

analysis as early as possible, and pseudonymisation, i.e. replacing original identifiers 

with randomised identifiers so a data record cannot be traced to the person to whom 

it relates (Di Minin et al., ����). We carried out both data minimisation and 

pseudonymisation, However, an indirect identifier remained: the location of a seller 

might enable to identify them, their customers, or, worse, wrongly identify someone 

uninvolved in the songbird trade. To protect people’s right to privacy, we masked the 
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precise locations of small advertisement posts. Per Kounadi & �esch’s (����) recom-

mendations, we followed the concept of k-anonymity. K-anonymity refers to ensuring 

that any attempt to identify a person from a given data set would result in a result set of 

at least k persons. Here, we selected k = ��,���, which means each data record has to 

be masked in such a way that it cannot be narrowed down to less than ��,��� people.

Since geolocation is the only attribute in our data set that refers to personal in-

formation we were able to use population density data (Gridded Population of the 

World version �, Doxsey-Whitfield et al., ����) to translate this location to a random 

location within a circle containing a minimum population of k = ��,��� inhabitants. 

We carried out this masking operation using PostgreSQL/PostGIS, and kept multiple 

records from the same location together (at a new, masked location), in order to cor-

rectly depict multiple advertisements from the same location. We chose not to mask 

the locations of bird observations as they do not represent personal information, nor 

the locations of videos, since they contain only approximate geolocation.

Spatial correlations
To investigate the spatial correlation between the links of the songbird trade supply 

chain, and the influence of population density and distance from species ranges on 

the trade, we summarised the counts of small advertisements, pet home videos and 

birdwatchers’ observations in a grid of hexagons of �� km side length. We calculated 

the mean asking price of small advertisements contained in each cell and the popula-

tion density estimate for ����, as reported in the Gridded Population of the World 

data set (Doxsey-Whitfield et al., ����). We also computed the distances of each 

small ad, pet home video and bird observation from the species range of the respec-

tive species as reported by the IUCN red list (IUCN, ����b). Then we used SciPy 

(Virtanen et al., ����) to calculate Pearson correlation coefficients between the vari-

ables, which had to be log-transformed to be normally distributed. 

Spatial clusters and their composition
We then used A-DBSCAN (Arribas-Bel et al., ����) to cluster all locations of bird 

observations, online marktplace  advertisements and per owners’ videos. Since DB-

SCAN algorithms generally are sensitive to a correct estimation of its parameters ε 
and minimum number of points (Schubert et al., ����), we estimated optimal param-

eters in a separate step. For this, we iterated over a range of appropriate values for 

both parameters, and assessed goodness-of-fit and indicators of cluster completeness 

and coverage, and settled for ε = �� km and a minimum number of � points per clus-

ter (see Figure S.� in the Supplementary Material). 
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After clusters were formed, we looked at the composition of each cluster by 

plotting the share of cluster members originating from each of the three input data 

sources in a ternary chart using Matplotlib (Hunter, ����) and python-ternary 

(Harper et al., ����).

Prices and price distribution
The marketplace data contained information on the asking price of advertised birds. We 

used PySAL-esda (�ey and Anselin, ����) to compute global Moran’s  I values to test 

prices for spatial autocorrelation, both for each species individually and for all species 

combined. As we were dealing with point data (and thus no other neighbourhood rela-

tionships could be established), we used weights based on a kernel density tree. 

We also compared the prices found in online marketplace data with those re-

ported in a recent consumer survey (H. Marshall et al., ����a), and tested the signifi-

cance of the difference in prices using Welch’s t-test.

�esults

After all data preparation steps we retained a total of ��,��� data records, of which 

��,��� refer to sightings of wild birds, �,��� to the trade in songbirds, and ��� to 

owning pet songbirds (see Table �). The data is imbalanced concerning species and 

categories: for instance, the Javan pied starling is referred to in �,��� records relating 

to trade but has only been sighted by birdwatchers seven times. In contrast, we found 

only ��� posts offering white-rumped shama for sale, while birdwatchers spotted it 

�,��� times. The three data sources exhibit distinct spatial patterns (Figure �). 

Table 2: Number of posts collected, by data source and species.

species
related to data source Javan pied starling straw-headed bulbul white-rumped shama sum

observations eBird 7 3,325 9,988 �3,320
pets YouTube 94 3� 3 �28
trade OLX �,866 �33 243 2,242

YouTube �39 88 �8 245

sum 2,�06 3,577 �0,252 �6,�75



165

Figure 2: The supply chain of Indonesia’s online songbird trade and its spaces and network. The 
places in which songbirds are spotted in the wild by birdwatchers, where they are advertised on online 
marketplaces, and where they are presented online as pets represent three non-overlapping spaces 
(panels b-d). These data, obtained from digital sources (see Data & Methods) allow new insights on 
different actors in the supply chain network of the songbird trade (panel a, modified from Jepson 
et al., 2011). Especially noteworthy are the insights gained from online marketplace data (panel c, 
highlighted areas in red in panel a), which are significantly more comprehensive than traditional mar-
ket surveys that typically focus on physical marketplaces.
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Spatial correlations, spatial clusters and their composition
We found a highly significant (at a p-value < �.��) positive correlation of �.��  be-

tween population density and the number of small advertisements for songbirds on 

the online marketplace platform. The number of small advertisements correlated at a 

significant level (p < �.��) with the number of pet owners’ home videos (�.��) and 

the mean asking price (�.��). There were no other significant correlations in our data 

set (Table �, Figure �)

A-DBSCAN identified �� spatial clusters, out of which �� consisted entirely of 

data points relating to birdwatchers’ observations of wild birds. The remaining clus-

ters were composed of a mix of observation, trade and pet data, but were still domi-

nated by one of these categories (Figure �). 

It is a most striking result that the activity spaces of the supply (represented by 

bird sightings), the transactions (represented by online small advertisements) and the 

demand (represented by pet owners’ videos) of the songbird trade do not overlap 

(Figure �b). Equally noteworthy, trade correlates well with population density and 

(less strongly) with consumer demand (Table �, Figure �). Charting the collected data 

in maps supports both results (Figure �b-d), with the most wild birds observed on 

Borneo (Kalimantan) and the Malayan peninsula, sales posts situated in eastern and 

central Java, and data related to pet-keeping in central Java and on Bali (cf. Figure � 

in Leupen et al., ����).

Table 3: Spatial correlation between different indicators. We summarised the counts of small 
advertisements, pet home videos and birdwatchers’ observations in a grid of hexagons of 10 km side 
length, calculated the mean asking price of small advertisements contained in each cell and the 
population density estimate for 2020, as reported in the Gridded Population of the World data set 
(Doxsey-Whitfield et al., 2015). We also computed the distances of each small ad, pet home video 
and bird observation from the species range of the respective species as reported by the IUCN red 
list (IUCN, 2020b). The Pearson correlation coefficients were computed using SciPy 1.5.2 (Virtanen 
et al., 2020)
Asterisks *, **, and *** refer to p-values at 0.1, 0.05, and 0.01 levels, respectively. 

number of
observations mean

population number of small number of pet of birds in asking
density advertisements home videos the wild price

number of small 0.55***
advertisements

number of pet 0.�3 0.35**
home videos
number of 
observations of 0.06 -0.25 0.50
birds in the wild

mean asking price 0.�� 0.24** -0.�7 0.73

mean distance to 0.�2 0.�4 -0.0� 0.86 0.47
species range



Figure 3: Spatial correlation between different indicators. We summarised the counts of small 
advertisements, pet home videos and bird watchers’ observations in a grid of hexagons of 10 km side 
length. We then calculated the mean asking price of small advertisements contained in each cell and 
the population density estimate for 2020, as reported in the Gridded Population of the World data 
set (Doxsey-Whitfield et al., 2015), and plotted the correlations between these variables and 
calculated Pearson correlation coefficients.

The most striking indication visible in this figure is the correlation between population density and 
the number of small advertisements posted (Panel (b), a Pearson correlation coefficient of 0.55 at a 
p-value of 0.01, see also Table 3). This correlation suggests that online trade in songbirds occurs 
where people live, rather than where wild birds are observed (also compare panel (h)). It further 
suggests that the online trade provides a more equally distributed service across the country, as 
opposed to a more traditional trade in songbirds that concentrates on few markets in major cities, 
with the further distribution networks out of view of researchers. 
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Figure 4: Composition of (spatial) clusters. For each spatial cluster obtained using A-DBSCAN, the 
plots show the ratio of cluster members between the three data categories wild songbirds, trade in 
songbirds, and pet songbirds. Panel b) excludes clusters that contained data points of only one 
category. Even then, each cluster is clearly dominated by one category, indicating that the three data 
categories are found in different places.
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Prices, and price distribution
Prices on online marketplaces were not spatially autocorrelated, i.e. they were randomly 

distributed, with a global Moran’s  I value of �.��� at a significance level of p < �.���. 

Grouped by species, global Moran’s  I was �.��� for Javan pied starlings (N = � ���, 

p < �.���), �.��� for straw-headed bulbuls (N = ���, p < �.��), and �.��� for white-

rumped shamas (N = ���, p < �.��). 

We found that the asking prices for songbirds as advertised on the marketplace 

platform were significantly higher than the prices reported by bird owners in the 

consumer survey carried out by H. Marshall et al. (����a) (cf. Figure �). After remov-

ing outliers from each data set (prices lower than Q25 – (1.5 × IQR) or greater than  
Q75 + (1.5 × IQR), where Q�� and Q�� are the first and third quartiles, respectively, and 

Figure 5: Prices for songbirds as found on an online marketplace and in a consumer survey (H. Marshall 
et al., 2020b). Before plotting the data, we discarded outliers in both data sets (see Data & Methods). 
See Figure S.3 in the Supplementary Material for a figure with outliers included. Prices are reported in 
Indonesian rupiah (IDR). 
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IQ� the interquartile range), the median prices were ���,���±���,��� ID� (online 

marketplace, approx. �� EU�) and ���,���±���,���  ID� (consumer survey, approx. 

�� EU�), respectively. A Welch’s t-test indicated the difference between the prices 

from the consumer survey and the online marketplace data is highly significant at a 

p-value < �.���. 

Prices were not spatially autocorrelated but rather distributed randomly. The 

prices we observed were significantly higher than the prices reported in a recent con-

sumer survey. 

Discussion

In this study, we explored the use of digital data to assess the trade in songbirds in In-

donesia, especially in online marketplaces. To our knowledge, our contribution is the 

first to collect a continuous time series of all sales posts on a marketplace platform in 

an automated manner, and relate these data to observations in the wild, and to data 

pertaining to pet ownership. It is thus the first contribution to investigate multiple 

steps in the supply chain of the online trade in songbirds. From our exploratory re-

sults, we were able to draw some preliminary conclusions:

A critical innovation of our approach is that our data contain spatial informa-

tion. This enabled us to investigate the songbird trade’s inherent spatiality. We exam-

ined the spatial characteristics of three dimensions of the songbird trade: the wild 

population of birds, representing (part of) the supply of the songbird market, small 

advertisements from an online marketplace platform, representing the trade itself and 

its transactions, and videos by pet songbird owners, representing (part of) the demand 

side of the songbird market. We found that the spaces of these stages of the online 

songbird trade’s supply chain do not overlap extensively. Particularly, the clear distinc-

tion between where wild birds are observed and where birds are offered for sale re-

quires further critical attention. On the one hand, this might indicate that the supply 

for the songbird market indeed comes from (local) captive-breeding, rather than from 

wild populations, reducing the pressure on the latter. On the other hand, it might be 

indicative of extended networks involved in the distribution of captured birds to 

points of sale. Of course, it could also be that the distribution data available for the 

analysis did not fully cover the distribution of the species in the wild. Understanding 

this part of the supply chain network, and especially its dependency on means of 

transport, might offer leverage points for intercepting the trade, but digital data do 

not seem to be able to lift the curtain on it. That none-withstanding, the descrip-

tions and images collected can help direct future research. 
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The spatial distribution of small advertisements correlates with population den-

sity. Songbirds are offered for sale where people live. Their trade is spread out 

through the country, and is equally accessible to people in cities and in the country-

side. This might mark a degree of democratisation of the trade, in which a second-

hand market between pet owners is enabled, and in which the established trade net-

works are losing significance (cf. also Siriwat and Nijman, ����). Whether travelling 

salespeople and other distribution networks are being replaced or rather comple-

mented, and whether that, in turn, means a change in trade, demand and off-take 

from wild populations, is to be further analysed. A democratised online trade that is 

not bound to physical marketplaces might further mean that research has to refine its 

models of the songbird trade’s supply chain (Jepson et al., ����) and the typology of 

actors involved in illegal wildlife trade (Phelps et al., ����). 

We found that asking prices were not spatially autocorrelated, which supports 

our argument that what we observe might be a democratisation of the songbird 

trade. The trade seems to spread out into the countryside rather than concentrate it-

self in a few established markets in major cities (cf. Siriwat and Nijman, ����), with-

out an apparent effect on prices. It is conceivable that that has been the case before 

internet trade, owing to a traditional network of distributors and traders. However, 

we argue that a publicly observable online trade might well facilitate monitoring, 

compared to intricate distribution networks, the intermediary actors of which po-

tentially overlap with various other legal and illegal networks.

Finally, we found a significant difference in online marketplace asking prices 

and prices stated in a consumer survey (H. Marshall et al., ����a; Figure �). This 

might be attributable to a different set of species in the two datasets (the consumer 

data set does not distinguish by species), a prevalence to ask for higher prices to leave 

a bargaining margin on the side of sellers, or, on the buyers’ side, a tendency to un-

derestimate and understate the costs associated to a hobby, such as bird ownership. 

Higher asking prices might also account for the additional costs of a possible delivery 

to the transaction meeting point. Hobby breeders or pet holders selling ‘second-

hand’ birds might overestimate the commercial value of their merchandise. Further 

investigation will be necessary to constitute the causes of the observed price differ-

ences. With our findings in mind, future research should be careful to remain aware 

of the likely overestimation of prices derived from online data sources. 

Digital data come with biases but offer unique opportunities
Data from online platforms is subject to some biases that are not as severe in data that 

is collected using more established scientific methods. Toivonen et al. (����) as well 

as Wilkins et al. (����) and Ghermandi & Sinclair (����) discuss shortcomings and 
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biases with a focus on social media data used for conservation science research. Most 

of their conclusions are equally applicable to our data sets. The data from YouTube 

suffer from noisiness and are likely biased towards certain user groups and geographic 

regions. In all likelihood, positive messages are more emphasised than negative ones 

(�einecke and Trepte, ����). Crowdsourced citizen-science data is subject to many 

biases (Johnston et al., ����), with factors such as accessibility, expected biodiversity 

and species charisma influencing which species citizen scientists report from where 

(ibid.). Our eBird data set exhibits an imbalance between species; only seven records 

represent the Javan pied starling. This is most likely because the former subspecies of 

the Asian pied starling Gracupica contra has only been recognised as a distinct species 

recently (Birdlife International, ����; Craig et al., ����) and because birdwatchers 

possibly do not always report subspecies. Considering that in the marketplace data 

the Javan pied starling is the species advertised for sale most often (Table �), the low 

number of sightings is a valuable finding in itself. It seems to support the notion that 

rarity as such is a highly sought-after quality of songbirds (Harris et al., ����). The 

data from the online marketplace platform OLX seem to suffer from fewer inherent 

biases, the predominant one being a bias towards an Internet-savvy, likely younger 

and more affluent population. Given that songbird pet-ownership rates are signifi-

cantly higher in urban communities (H. Marshall et al., ����a, ����b), this bias 

might not weigh as heavy but rather constitute a focus onto a likely target audience. 

Clear strengths of using online digital data sources to explore and investigate conser-

vation issues are the temporal and spatial extent, coverage, resolution, and continuity 

of such data (Correia et al., ����). Even though data access and precise data formats 

may change over time (Toivonen et al., ����; Di Minin et al., ����b), online data 

provide a previously unavailable opportunity for cost-efficient long-term monitoring 

of human actions that relate to conservation topics (Fink et al., ����). In contrast to 

market surveys, online data do not relate to specific points in time and space (cf. Fig-

ure � in Chng et al., ����b), but can cover longer periods and larger areas without 

the significant costs associated to traditional surveys, something that has been called 

for in the case of the Indonesian songbird trade (�entschlar et al., ����). The breadth 

of online data, together with a modern toolbox of advanced statistics and artificial in-

telligence, can help distil observations down to the essential vantage points for nudg-

ing people towards more sustainable lifestyles. 

Future research should broaden the thematic and methodological scope
Our study is limited by its small number of focal species, and by the temporal win-

dow of our data collection. Both can be easily overcome. The challenge of long-

term data collection is mainly organisational. Very long-term data collection, such as 
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the one by Nijman et al. (����) that spans decades, might also require progressive ad-

justments to the data scraping algorithms. The limitation to a few species is due to 

the exploratory nature of our study. Experimental changes to our data collection 

workflow showed promising data yield also for other species, such as the rufous-

fronted laughingthrush (Garrulax rufifrons), and for broader search terms such as 

‘burung’ (‘bird’). A significant effort of any similar study will be to compile, expand, 

and test a suitable set of keywords. 

Despite some biases that are typical for digital data sources (Toivonen et al., ����; 

Kitchin, ����b), the advantages of using big data gathered from online sources are clear: 

data from online marketplaces provide detailed product descriptions, photos of the 

traded goods, asking prices and a location – without the effects an observer has on the 

observation and on the observed phenomenon in a traditional market survey (cf. Chng 

et al., ����). Data relating to pet ownership, while not providing absolute numbers, give 

a good account of the relative popularity of different species, at different times, and in 

different places. Finally, data on animal sightings, such as, for instance, birdwatchers’ ob-

servations, document actual locations of individuals of a species at a specific time, and, 

for certain applications, might offer advantages over species range maps. The insights 

gained in this study can be readily transferred to tap other data sources and investigate 

the trade in other species. 

This study is using Euclidean, cartesian space as a reference framework, and as-

sumes a positivist, ‘realist’ perspective (Schuurman, ����). We acknowledge that our 

analysis cannot appropriately grasp certain aspects such as the motivation of consumers 

and poachers, and the social and cultural functions of the songbird trade. �ather, our 

study forms the starting point for research that goes beyond the ‘view from above’. It 

should be followed up with more qualitative research, to form an explanatory mixed-

methods study (Creswell and Creswell, ����), that offers an in-depth investigation of 

buyers’ and sellers’ motivation and their level of awareness to biodiversity conservation 

issues to identify critical pivot points for a change in consumer demand. 

Conclusions

In this study, we found trade in endangered songbirds on a traditional online market-

place platform, where it is tolerated presumably due to its deep cultural acceptance. Us-

ing web scraping tools, it was considerably easier to collect data from this platform than 

it would have been to collect similar data from (likely closed-access) social media 

groups. We argue that this form of online trade could turn out a blessing in disguise for 

conservation science: If the trade in endangered songbirds takes place on online mar-

ketplace platforms that are easy to monitor, conservation scientists, practitioners and 
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policymakers have a readily accessible data source that can give rich insights into the 

spatial, temporal and taxonomic structure of such a trade, understand the motivations 

of buyers and sellers, and outline possibilities to move an illegal wildlife trade into more 

sustainable spheres even if it is a long-held and deeply-rooted cultural practice. Trade 

platforms might become valuable partners, for example, to alert potential buyers to the 

biodiversity conservation issues at hand or to establish certification schemes to transi-

tion to a more sustainable trade. Our proposed methods can be expanded to other plat-

forms and species to investigate online trade in wildlife. 
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to Chapter V

Focal species

The wild populations of the straw-headed bulbul Pycnonotus zeylanicus (Figure S.�a) 

are severely affected by trapping for trade (Lee et al., ����). While there are claims of 

successful commercial captive breeding, the extent to which birds on the market 

originate from breeding facilities remains unclear, and the pressure on wild popula-

tions high (Lee et al., ���� ). The straw-headed bulbul appears to be extinct or near-

ing extinction in most areas of its former range, including the Indonesian islands of 

Java, Sumatra and Kalimantan (Bergin et al., ����; Eaton et al., ����). The IUCN 

�ed List lists the bird as critically endangered (Birdlife International, ����), and its 

trade is ‘technically illegal’ following Indonesian law (Bergin et al., ����). Chng et al. 

(����) suggest the straw-headed bulbul as an indicator species for continuous moni-

toring. Harris et al. (����) found that the species’ value on the songbird market in-

creased tremendously over the last three decades.

The Javan pied starling Gracupica jalla (Figure S.�b) is among the most sought-

after birds on the Indonesian songbird market (Chng et al., ����b; H. Marshall et al., 

����a), and severely threatened by trapping for trade (Eaton et al., ����). The Javan 

pied starling is endemic to Indonesia, and extinct or possibly extinct in most of its for-

mer range which spanned from eastern Sumatra over Java to Bali (Birdlife Interna-

tional, ����a). The IUCN �ed List lists it as critically endangered (ibid.), but its 

national protection status was revoked after songbird-keepers lobbied against it (Chng 

et al., ����). The IUCN �ed List species range maps now report it as extant/resident in 

an area of only � ��� km² (IUCN, ����a), which is smaller than London. The Javan 

pied startling now is ‘practically invisible’, despite having been reported as ‘common’ as 

late as ���� (Eaton et al., ����). The bird is bred commercially(Jepson and Ladle, ����; 

Eaton et al., ����; Chng et al., ����), but private breeders are believed to mix species 

and subspecies without regard to its genetic purity (Eaton et al., ����).

The white-rumped shama Kittacincla malabarica (Figure S.�c) is the most fre-

quently mentioned single species in H. Marshall et al.’s consumer survey (����a, 
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����b). Its beautiful song and colourful appearance make it a popular species in 

singing competitions (Jepson and Ladle, ����; Leupen et al., ����). Population num-

bers have plummeted over the last decades (Leupen et al., ����). The white-rumped 

shama’s status is least concern despite several subspecies being under severe threat, 

presumably because of its large range (Birdlife International, ����b; Leupen et al., 

����). Even though it is not technically a protected species, the trade in wild-caught 

individuals is practically illegal in Indonesia, as no quotas are defined (Chng et al., 

����; Leupen et al., ����). White-rumped shama are commercially bred (Putranto et 

al., ����), but birds offered for sale are often wild-caught individuals (Jepson and La-

dle, ����).

Figure S.1: Focal species. a) straw-headed bulbul Pycnonotus zeylanicus, b) Javan pied starling 
Gracupica jalla, c) white-rumped shama Kittacincla malabarica. Photos from small ads encountered 
on the marketplace platform OLX.co.id, see Data and Methods.
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Keywords for identifying YouTube videos soliciting a sale

~* '\+?[0-9 .:-]{9,}'
~ 'SMS'
~ 'WA'
~* ' telp[: ]'
~ 'Rp[. ]*[0-9 .]+'
~ 'IDR[. ]*[0-9 .]+'
~ '\$[. ]*[0-9 .]+'
~* ' price '
~* ' harga '
~* ' sale '
~* ' di ?jual '
~* ' offer '
~* ' cheap '
~* ' murah '
~* ' expensive '
~* ' mahal '
~* ' buy '
~* ' membeli '
~* ' pay '
~* ' membayar '
~* ' cash '
~* ' tunai '
~* ' OVO '
~* ' DANA '
~* ' LinkAja '
~* ' Jenius '
~* ' iSAKU '

Table S.1: Keywords for identifying YouTube videos soliciting a sale. These keywords are regular 
expressions evaluated in PostgreSQL against title and description of every video, as well against all 
comments to a video. Lines starting with a tilde (~) match case-sensitive, lines starting with a tilde 
and an asterisk (~*) match case-insensitive. The list was obtained manually, iteratively and recur-
sively: we searched the description of videos suspected to offer birds for probable keywords, added 
them to the initial keyword list, and evaluated a random sample of the result set of using this ex-
tended keyword list to eliminate keywords producing a large number of false positives.
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Cluster parameter estimation

Figure S.2: Cluster fitness: Since DBSCAN algorithms generally are sensitive to a correct estimation 
of its parameters ε (in case of spatial problems a Euclidean distance) and minimum number of points 
(Birant and Kut, 2007; Schubert et al., 2017), we estimated optimal parameters for the spatial clus-
tering (see Data and Methods). For this, we iterated over a range of appropriate values for both pa-
rameters, and assessed goodness-of-fit (the clusters’ silhouette, cf. Rousseeuw, 1987; Wolf et al., 
2019) and indicators of cluster completeness and coverage (number of clusters, number of unclus-
tered features, mean cluster size), and settled for ε = 14 km and a minimum number of 6 points per 
cluster.
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Prices of songbirds (including outliers)

Figure S.3: Prices for songbirds as found on an online marketplace and in a consumer survey 
(H. Marshall et al., 2020b). Unlike for Figure 5 in the main manuscript, here, we did not discard outliers 
before plotting. Prices are reported in Indonesian rupiah (IDR). 
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Digital conservation is a fast-moving field that has been seeing a rapid development 

of its methods. There is a general strive for using open data, provide access to col-

lected data sets, and sharing methods in an accessible and easily usable way (e.g. in 

source code repositories such as GitLab, gitlab.com, or GitHub, github.com). All of 

these help ensure that studies are reproducible and that other studies can benefit from 

new methods. 

A large part of the software used in academic research and especially in data-

driven research is distributed under open-source licenses (�aymond, ����; Stallman 

and Gay, ����), among other things the Python (van �ossum and Drake, ����) and � 

(� Core Team, ����) languages. At the core of open-source software philosophy is 

the freedom for users ‘to run, copy, distribute, study, change and improve [...] soft-

ware’ (Free Software Foundation, ����). These principles align well with the customs 

of open science that I outlined above.

For the studies presented in this thesis, I followed the common practice of using ex-

isting software packages and modules when they were fit for the purposes of my re-

search. On a few occasions, I had to develop new functionality that went beyond 

adapting and modifying parts of existing software. In particular, I developed new 

Python modules to 

• use the Webis sentiment analysis framework (Hagen et al., ����) 

in a more flexible manner,

• download metadata from the YouTube Data API (Google, n.d.), and

• scrape data from the OLX online marketplaces that exist in many 

countries. 

Appendix: 
Software published 
as part of this thesis
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It is important for me to make my research output, and especially the developed 

methods and tools available to other researchers and to colleagues in conservation 

policy and practice. Accordingly, I released the Python modules developed as part of 

this thesis under an open-source license. The following pages contain summaries of 

their functionality and introductions to their usage. 

python-webis

python-webis (Fink, ����) is a Python wrapper around the Java implementation of the 

Webis Twitter sentiment evaluation framework presented by (Hagen et al., ����). 

Dependencies
The module is written in Python 3 (van �ossum and Drake, ����) and depends on 

the Python modules PyJnius  (github.com/kivy/pyjnius/), pandas  (pandas.pydata.org) and 

emojientities (pypi.org/project/emojientities/).

On top of that, a Java �untime Environment (jre) is required, plus a matching Java 

Development Kit (jdk). python-webis was tested using Java �, but other versions might 

work just as well. OpenJDK works fine. 

Installation

• using pip or similar: 

    pip3 install webis

• O�: manually:

• Clone the source repository: 

        git clone https://gitlab.com/christoph.fink/\
        python-webis.git

• Change to the cloned directory, and install the package using setup-

tools: 

        cd python-webis
        python3 ./setup.py install

Usage
Import the webis module. On first run, python-webis will download and compile 

the Java backend – this might take a few minutes.
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Then instantiate a webis.SentimentIdentifier object and use its 

identifySentiment() function, passing as arguments 

• a list of tuples 

([(tweetId, tweetText),(tweetId, tweetText), … ]), 

• a dict ({tweetId: tweetText, … }), or 

• a pandas.DataFrame (first column identifier, second text). 

The function returns a list of tuples ([(tweetId, sentiment), … ]), a dict 

({tweetId: sentiment, … }) or a data frame (first column id, second column senti-

ment) of rows of which it successfully identified the sentiment. The type of the re-

turn value matches the input data set. The tweetId values will be cast to the type of 

the first row’s tweetId.

By default, messages from the Java classes (written to System.out and 

System.err) are suppressed. To print all messages, pass a keyword argument 

suppressJavaMessages=False to the constructor of webis.SentimentIdentifier 

or the shorthand function webis.identifySentiment (see further down).

import webis
sentimentIdentifier = webis.SentimentIdentifier()

# list of tuples
tweets = [
    (1, "What a beautiful morning! There’s nothing better than cy-
cling to work on a sunny day."),
    (2, "Argh, I hate it when you find seven (7!) cars blocking the 
bike lane on a five-mile commute")
]

tweets = sentimentIdentifier.identifySentiment(tweets)
# [(1, "positive"), (2, "negative")]
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# pandas Dataframe
import pandas
tweets = pandas.DataFrame([
    (1, "What a beautiful morning! There’s nothing better than cy-
cling to work on a sunny day."),
    (2, "Argh, I hate it when you find seven (7!) cars blocking the 
bike lane on a five-mile commute")
])

tweets = sentimentIdentifier.identifySentiment(tweets)
#   sentiment tweetId
# 0  positive       1
# 1  negative       2

# dict
tweets = {
    1: "What a beautiful morning! There’s nothing better than cy-
cling to work on a sunny day.",
    2: "Argh, I hate it when you find seven (7!) cars blocking the 
bike lane on a five-mile commute"
}

tweets = sentimentIdentifier.identifySentiment(tweets)
# { 1: "positive", 2: "negative" }

python-webis can act as a context manager:

with webis.SentimentIdentifier() as s:
    tweets = s.identifySentiment(tweets)

webis.identifySentiment() is a short-hand for initialising a SentimentIdentifier 

object and calling its identifySentiment() method:

tweets = webis.identifySentiment(tweets)



185

Di�it�l Conserv�tion

Metatube

Metatube (Fink, ����a) is a Python module to download metadata (including com-

ments and likes) for YouTube videos relating to a search query. It uses the Youtube Data 

API v3 (Google, n.d.). Metadata is saved in a PostgreSQL (postgresql.org) database.

Metatube is conceived in a fashion that it pauses retrieval once the API’s daily 

quota is reached (the default as of this writing is ��,��� requests per day) and waits 

until quota refill. If interrupted, metatube will, upon restart, first fill gaps in the 

download history, then continue downloading ‘into the future’. Once caught up to 

within ten minutes of the current time, metatube exits. 

Dependencies
The module is written in Python 3 (van �ossum and Drake, ����) and depends on 

the Python modules dateparser  (dateparser.readthedocs.io), psycopg2  (psycopg.org), 

PyYaml (pyyaml.org) and �equests (python-requests.org).

Installation

• using pip or similar: 

    pip3 install metatube

• O�: manually:

• Clone the source repository: 

        git clone https://gitlab.com/christoph.fink/metatube.git

• Change to the cloned directory, install the package using setuptools:

        cd metatube
        python3 ./setup.py install

Configuration
Copy the example configuration file metatube.yml.example to a suitable location, 

depending on your operating system:

• on Linux systems: 

• system-wide configuration: /etc/metatube.yml 

• per-user configuration: ~/.config/metatube.yml O� 

${XDG_CONFIG_HOME}/metatube.yml 
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• on MacOS systems: 

• per-user configuration: ${XDG_CONFIG_HOME}/metatube.yml 
• on Microsoft Windows systems: 

• per-user configuration: %APPDATA%\metatube.yml 

Adapt the configuration:

• Configure a PostgreSQL connection string (connection_string), 

pointing to an existing database 

• Configure an API access key to the Youtube Data API v� 

(youtube_api_key). 

• Define search terms (search_terms) 

All of these configuration options can alternatively be supplied as command line ar-

guments to metatube (see Usage) or as a config dict directly to the constructor of 

YoutubeVideoMetadataDownloader. Command line options (see metatube --help) 

or config dict both override config file.

Usage
Command line executable

metatube \
    --postgresql-connection-string "dbname=metatube" \
    --youtube-api-key "abcdefghijklmn" \
    "how to build a tallbike"

Python

Import the metatube module. Instantiate a YoutubeVideoMetadataDownloader, op-

tionally supply a config dictionary. Then run the instance’s download() method.

import metatube

# config from config file
downloader = YoutubeVideoDownloader()
downloader.download()

# config from config file, overriding `search_terms`
downloader = YoutubeVideoDownloader({
    "search_terms": "Critical Mass Vladivostok"
})
downloader.download()
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# entire config from dictionary
downloader = YoutubeVideoDownloader(
    {
        "youtube_api_key": "opqrstuvwxyz",
        "connection_string": 
            "dbname=metatube host=server1 user=bicyclelover123",
        "search_terms": "dashcam bicycle commute albuquerque",
    },
    pseudonymize=False
)
downloader.download()
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Appendix: Softw�re published �s p�rt of this thesis

• Argentina 

• Bulgaria 

• Bosnia 

• Brazil 

• Colombia 

• Costa �ica 

• Ecuador 

• Egypt 

• Guatemala 

• India 

• Indonesia 

• Kazakhstan 

• Lebanon 

• Oman 

• Pakistan 

• Panama 

• Peru 

• Poland 

• Portugal 

• �omania 

• San Salvador 

• South Africa 

• Ukraine 

• Uzbekistan 

Dependencies
The module is written in Python 3 (van �ossum and Drake, ����) and depends on 

the Python modules BeautifulSoup (beautiful-soup-4.readthedocs.io), dateparser 

(dateparser.readthedocs.io), geocoder (geocoder.readthedocs.io), pandas (pandas.pydata.org), 

and �equests (python-requests.org). 

Installation

• using pip or similar: 

    pip3 install olxsearch

• O�: manually:

• Clone this repository 

        git clone https://gitlab.com/christoph.fink/olxsearch.git

• Change to the cloned directory, install the package using setuptools: 

        cd olxsearch
        python3 ./setup.py install

OLXsearch

OLXsearch (Fink, ����b) is a Python module to download listings from the small ads 

platform OLX in the following countries:
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Usage
Import the olxsearch module. Then instantiate an olxsearch.OlxSearch object, 

supplying a country and a search_term as arguments. The object’s listings prop-

erty is a generator providing access to each advertisement listed on the platform that 

matches the supplied search term. Its listings_as_dataframe property is a 

pandas.DataFrame containing all currently available advertisements. 

import olxsearch

olx_search_argentina = olxsearch.OlxSearch(
    "Argentina",
    "Yerba mate",
    pseudonymize=False
)

print(next(olx_search_argentina.listings))
# {'id': '1102114778', 'title': 'YERBA MATE SECADERO X 500 GRS.', 'descrip-

tion': 'YERBA MATE SECADERO \nPAQUETE X 500 GRS. $70\nPACK X 10 UNIDADES 

VENTA MÍNIMA\nCALIDAD DE EXPORTACIÓN \nEXCELENTE RELACIÓN PRECIO * CALIDAD 

\nAPROVECHE ANTES QUE SE TERMINEN\nCOMUNÍQUESE A NUESTRO WHATSAPP', 'creat-

ed_at': '2020-02-18T16:57:38-03:00', 'created_at_first': '2020-02-

18T16:57:02-03:00', 'republish_date': None, 'images': ['https://apollo-vir-

ginia.akamaized.net:443/v1/files/ns52s6zc369y2-AR/image'], 'price': (70.0, 

'ARS'), 'lat': -34.626, 'lon': -58.4}

# pandas DataFrame
olx_search_southafrica = olxsearch.OlxSearch(
    "South Africa",
     "Biltong"
)

listings = olx_search_southafrica.listings_as_dataframe
#             id                       title  ...        lat        lon

# 0   987d01ef57              Biltong slicer  ... -25.703179  28.178248

# 1   1c2cbc9cbe  Claasen Biltong Slicer exc  ... -28.549999  25.233299

# 2   a6c015a416               Biltong maker  ... -26.701476  27.092649

# ...

# 38  7127d4869b               Biltong snyer  ... -29.082081  26.148292

# 39  f7b36d2094  Biltongkas / biltong dr...  ... -25.712152  28.002048

# [40 rows x 10 columns]
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DATA FROM DIGITAL MEDIA ARE INCREASINGLY USED 
IN CONSERVATION SCIENCE. They help researchers 
and policymakers learn about the beliefs and values 
of people and their interactions with nonhuman 
nature, and observe relevant news and events on a 
global scale.

In the ongoing global biodiversity crisis, this 
know ledge becomes crucial. It is predominantly hu
man activities that drive plant and animal species 
into extinction and destroy sensitive ecosystems (on 
which our wellbeing and survival depend). Knowing 
about people’s environmental perceptions is an im
portant stepping stone in promoting a change away 
from unsustainable habits and a transition to more 
sustainable lifestyles. 

In this thesis, I explore, develop, and evaluate 
novel methods and approaches to unlock the new 
opportunities digital media offer to conservation 
science. The concepts and the openlyavailable tools 
can guide conservation scientists and practitioners, 
as well as researchers in other fields, and inspire 
them to use digital media data in their own work.
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