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Abstract

Anthropogenic activities have imperilled not just global ecosystems, but also the
ecosystem services they proviadich are crucial for human livoods. To understand
these changes, there is a need for effective monitorindargespatial and temporal scales.

This thesis willbuild on two proposed solutions. First, citizen sciehckfined here as the
involvement of norprofessionals in scieifit enquiryi allows the crowdsourcing of data
collection and classification to expand monitoring in ways that are logistically infeasible for
ecologists alone. Second, motisansing camera traps can reduce the labour needed for
monitoring since they calpe deployed for long periods and provide continuous, relatively
unbiased observationB this thesis, | describe MammalWeb, a citizen science project in
northreast Englandvhere | enlisted the aid of the local community in wild mammal
monitoring. Motivaed by the current unevenness of survey effort and data for mammals in
Great Britain, MammalWeb involves citizen scientists in both the collection and
classification of camera trap images, a novel combination. This is a multidisciplinary project,
and in thefollowing chapters | will begin, in Chapter 2, with a detailed reflection on the
organisation of the MammalWeb citizen science project and approaches to evaluating its
performance. | observe that the majority of contributions came from a small suliseénf ¢
scientists. In Chapter 3, | develop an economical approach to deriving consensus
classifications from the aggregated input of multiple users, which is a crucial part of many
citizen science projects. This is followed in Chapter 4 by a case stualyaitnership |
initiated between MammalWeb and the local Belmont Community School, where we
empowered a group of secondary school students to not only aid in collecting data for
MammalWeb, but also design and deliver ecological outreach to their commuimgyis

now the template for a wider network of school partnerships we are pursuing. Chapter 5 will
examine common concerns around estimating species occupancy from camera trap dat:
including posthoc discretisation of observations and effects of misdata. | also develop

a resampling method to account for uncertain detections, a common issue when
crowdsourcing data classifications. | show that, through resampling, the estimated
parameters from occupancy models are robust against high uncertaingy underlying
detections. Lastly, Chapter 6 will discuss how my work on MammalWeb has laid the
foundation for a wider citizen science camera trapping network in thedibgdom and
avenues for future work. Importantly, |1 show that MammalWwiébken scientists have been
empowered to be more than Amobile sensor:

initiated ecological studies elsewhere.
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Chapter 1 - General introduction

1.1 Introduction

Global ecosystems are in the midst of rapid change and experiencing biodiversity loss a
rates comparable to mass extinction evéBtgchart et al. 2010, Dirzo et al. 2014hese
changes are heavily influenced by anthropogenic act{@tyrlett 2015, Svenning et al.
2016) and endanger ecosystem services crucial for human wellb@ijennium
Ecosystem Assessment 2005, Diaz et al. 2006, Perrings et al. .20h&a¥cale (both
temporal and spatial) of these changes challenge existing methods for ecological monitoring
and camera trapping has been proposed as a solution with greaigp(@eainton et al. 2015,
Steenweg et al. 2017 enable quantities of data to be colldcaeross wide spatial areas.
Even then, largscale ecological monitoring is costly and logistically challenging, and
citizen sciencd the process of involving neprofessionals in scientific enquify has
become a popular way to scale up data colleetimhclassification in ways ecologists cannot
achieve on their ow(Devictor et al. 2010, Amano et al. 2018he combination of citizen
science and camera trapping has been attempted in recent years with promising resull
(Swansoret al. 2015, McShea et al. 2015, Verma et al. 20¥6}ivated by the above and
a need for more comprehensive mammal monitoring in the United Kin¢Gooit et al.

2017) this thesis describes my research on implementing a citizen science camera trappin

programme in norteast England: MammalWebht{p://www.Mammal\\eb.org). In

addition to tangible outcomes that will be discussed throughout this thesis, MammalWeb is
novel for expanding the boundaries of citizen scientists where participants are not merely
passive sensors, but empowered citizens who partake in tahsro$ the gentific method.

This introductory chapter explores the general background to mammals, camera trapping
and citizen science and includes the motivations for the MammalWeb project. Chapters 2
through 5 describe my work on organising MammalWslonomically crowdsourcing data
classification; partnering with a local school to enhance engagement; and exploring the
potential of applying occupancy analysis to MammalWeb data. Chapter 6 is a general
discussion reflecting on wider lessons learned froamvhalWeb and their implicatisn

1.2 The need for ecological monitoring

Anthropogenic impacts on ecosystems are diverse and widespread. Iranalgsis of
global biodiversity loss, the majority of the 31 indicators studied showed steady declines
since 197(Butchart et al. 2010)These declines were coupled with increases in measures

of human influence such as invasive species, fish stock depletion, climate (Batulart
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et al. 2010)and increased land ugeley et al. 2005 Human impacts are often just as large

as natural processes, and the corresponding igned has received its own geological
epoch called the Anthropoce(torlett 2015, Svenning et al. 201®&) fact, the current rate

of biodiversity losss comparable to past mass extinction events and has been termed the
Adef aunat i on@rzoetfal.20M) s pl anet

Biodiversity loss mpacts ecosystem services, which are functions provided by
ecosystems that directly contributes to human livelihood such as food, water, air, or
recreation(Millennium Ecosystem Assessment 2005, Perrings et al. 200/l there are
concerns regardingtheovermp hasi s and moneti sation of ecosys
intrinsic value (Kinzig et al. 2011, Silvertown 2015)it is nevertheless clear that
anthropogenic impacts on ecosystems services can be detrimental to human w@&lbging
et al. 2006) For example, light pollution from urban areas affects not only ecosystems
(Longcore and Rich 2004, Gaston et al. 20i®)luding predateprey relationships
(Minnaar et al. 2014)but also the physical and mental wellbeing of humans living in that
space (e.g. Karatsoreos 2012)Sometimes, humawildlife interactions are mutually
beneficial, and in one examplegasystem engineers continued to maintain agricultural
structures even after the departure of the humans who built(eKey et al. 201Q)In
any case, there is a need for ecological monitoring to understand these complex interactions.
It is important to note that biodiversity conservation often focoesesare or endangered
species, but common speciefrom the saiga antelope, cod, to certain grass speces
also of ecological importancéGaston and Fuller 2008nd therefore they should be
monitored as well.

Considering the global scale of biodiversity loss, there is now extensive literature
examining the needof largescale monitoringYoccoz et al. 2001, Fischer et al. 2010,
Stephens et al. 201,5hcluding tke value of establishing lortgrm baseline dat@agurran
et al. 2010) practical advice for designing effective monitoring program¢heslenmayer
and Likens 2010, Sergeant et al. 2012, Schmeller et al. 2@18) frameworks for
consolidating these effor{¥os et al. 2000Q)

Methods for monitoring are diverse, such as direct counts, line tra(Satiterland 2006
p. 145) acoustic studie@Conway et al. 2004)dung countgEggert et al. 2003hair and
dung sampling for DNA(Piggott and Taylor 2003)erial surveygKrebs 1999) mark
recapture method®ollock et al. 199Q)and many other However, direct observations are
limited to animals occurring in sufficiently high density in habitats with high visibility; tissue
sampling requires expert lab work; aerial surveys are expensive and also limited by visibility;

mark-recapture studies aitimeconsuming and intrusive; and acoustic studies are mainly

2



applicable to animals with loud and distinct vocalisations. In contrast, the use of motion
sensing camera traps has been proposed as an effective method for large scale ecologic
monitoring (Steenweg et al. 201.7)n the following section, | will provide an overview of

the devéopment of camera trap technology and its ecological applications.
1.3 Camera trap ecology

1.3.1 History of camera trapping

Wildlife photography dates back to the beginnings of photographic technology itself. One
of the earliest attempts was in 1863 by the Germalodist Gustav Fritsch in South Africa
(Guggisberg 1977)During the expedition of thédMS Challengerfrom 18721876,
photography was used specifically for the study of wildlife such ashopker penguins
(Eudyptes chrysocomand albatrosse®{omediaspp.)(Kucera and Barrett 2011 p. 10)
Animal-triggered photography first appeared in 1878, when British photographer Eadweard
James Muybridge rigged a dozen cameras withsfagters to photograph a galloping horse
as it triggered trip wires, and showed that all four of a horse's feet are off the ground at certair
times (Guggisberg 1977, Kucera @nBarrett 2011 p. 10)Even at this early stage,
photography aided the study of basic biology, in this case animal locomotion.

The first of what may be considered fAcar
Shiras in the 1890&utler and Swann 1999, Kucera and Barrett 2011 p.\With a trip
wire and flash system, Shiras documented the diversity of North American wildlife, from
squirrels Sciurus carolinensjgo mooseAlces ateg. His works won the gold medal at the
1900 Paris World Exhibition and were published in National Geographic Mad&zioera
and Barrett 2011 p.10) Thi s tA ftlraasph Ipihgot ogr aphy o6 was u
world, and was given a detailed treatise by William Nedl9P6)

By the midtwentieth century, the use of camera traps in ecological studies had become
widespread. Advances included portable power sources such as car batteries and using
light beam as a triggefBuckner 1964) Cameras carried large 35 mm film gaaines
allowing hundreds of exposurg®\bbott and Coombs 1964)and some operated in
temperatures as low a35°C (Diem et al. 1973)Evenvideo cameras were used as early as
the late 1950s to take advantage of the large number of exp@Baszson 1959)

The subjects of camera trap studies were also diverse. In North America, Bu&6#r
used lightbeam triggered cameras to study mamofdf&ntoba including, snowshoe hares
(Lepus americanys red squirrels Tamiasciurus hudsonicus)and reebacked voles
(Clethrionomys gapperi Seydack(1984) estimated the population density for bushbuck
(Tragelaphus scriptys and tracked individal leopards RFanthera pardus and honey

badgersiellivora capensisin South Africa, all with portable camera traps deployed in 100
3



ha survey blocks. Bird@Cowardin and Ashe 1965, Temple 19T#em et al. 1973pnd
Mediterranean monk sea{bliby and Jeffery 1987, Kucera and Barrett 2qd 15)were
studied, as were pollinators in Austral@arthew and Slater 1991)

Camera traps were instrumental in the documentation of rare, endangered, or even
presumeeextinct animals. Karanth{d995)seminal camera trap study on tigdPauithera
tigris) in India not only provided insight into the ecology of this elusive carnivore, but also
led to advances in the camera trap sampling desigl@mndstream population estimation
(Karanth and Nicbls 2002, Karanth et al. 2004)n the Atlantic Forest of Brazil, the
distribution of the critically endangered biféaded capuchin monkeyCébus
xanthosterngswas characterised with camera tr@idgerulff et al. 2004) In another case,
the Viethamese saol®g$eudoryx nghetinhenyis dubbed t€be(BGailavayi an uni
2012)and previously only described by bone fragments, was rediscovered with camera traps
(Whitfield 1998)

1.3.2 Contemporary camera traps

Modern camera traps take digital photos and generally fall into two catefonasn et
al. 2011) nontriggered and triggered.

Non-triggered cameras either take time lapse photography or videos, and have been used
for studying animal behaviour and bird ne&sitler and Swann 1999By definition, they
eliminate false triggers or cases whére trigger threshold is too high, but require more
power, and reviewing the captured data is tooasuming(Swann et al. 2011 p. 31)
However, nortriggered cameras have proliferated as webcams for realtime monitoring of
animals not only for research, but also educational(#senal Cameras 2014, MacRae
2014)

Triggered cameras were traditionally activated mechanically by trip wires or pressure
pads(Swann et al. 2011 p. 31and now commonly use active or passive infrared triggers.
Active infrared cameras are triggered when an animal passes through a continuous beam
from a transmitter to receiver, mudke an invisible trip wire. These systems are very
sensitive, but are more complicated to set up, have a narrow detection zone, and are known
for frequent false triggersSwann et al. 2011 p. 32)

Passive infrared triggered camera traps are by far the most common. Typically
comprising two adjacent sensors that read background temperature, these cameras are
triggered by the temperatuohange detected as an animal passes in front of the sensors
(Swann et al. 2004 Practically all commercial models come in agée unit (as opposed to
those with trip wires or an external power source), and are therefore easier to set up by just

tying them to a tree or mounting on a tripod and arming them. While the size of detection
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zones varies, they can generally monitor a mwader area than active infrared units. The
cost of commercial camera traps ranges from less than US$100 to more than US$50(
depending on feature set. ATrigger ti meo,
the camera shutter, is a crucial ddesation. Fast moving animals such as leopards may
require trigger times as fast as 1/4 seconds to acquire an image of the whole animal. Othe
components to consider may include (1) housing, (2) software and recording options, (3)
power source, and (4plhting options.

Since camera traps operate without human intervention after deployment, they are ofter
left in the field for months at a time, which underscores the importance of selecting a model
with appropriate housing for the target environment. Sefiicweather proofing is critical
for deployments in high temperature and/or high humidity environments. Placing a pack of
silica gel within the camera housing, which changes colour from blue to red when moistened,
IS a good detector of water intrusi@@wann et al. 2011 p. 34\ppropriate camouflage is
desirable to reduce visibility of the camera and the possibility of interferitigwiidlife.
Security measures are important to prevent theft and vandalism by humans, and also damac

from animals. Most manufacturers such as RECONYXpé://www.reconyx.com/and

Cuddeback Https://www.cuddeback.coin/provide optional metal enclosures, cabling

systems, and password software locks for these purposes.

Modern commercial camera traps offer a plethora of software and recording features,
such as image resolati adjustment, audio and video recording, on board memoryitouilt
GPS, environmental data logging, time lapse options, or sensitivity settings. These feature:
may comprise a large part of the camera trap's cost, so it is important to consider which one
are needed while balancing flexibility with cost when planning a project.

Electrical power outlets seldom exist in the field, and the majority of passive infrared
camera traps operate on battery power (though most can be plugged into an outlet). Alkaline
or lithium batteries are commonly used because of their low cost and uniform power output,
but are not reusable and create waste. Rechargeable batteries may be a better option, sir
they are cost effective in the long run, and recent varieties such a&t-mietathydride
(NiMH) or lithium ion batteries provide good performance.

lllumination is another important factor if night time photography is planned. Strobe flash
can provide colour images, but may disturb animals and may be of particular concern for
behavioural studie@Negge et al. 2004, Swann et 2011 p. 38, Meek et al. 2014 frared
illumination (approximately 850 nm) reduces the possibility of startling an animal, and
recently manufacturers have released fAbl

light emitting diodes (LEDs) whichay further minimise disturbance.
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The advantages of using camera traps for ecological monitoring over other methods such
as direct observation, tagging, or indirect tracking are that they do not disturb the subject
animals, can operate on their own fanggperiods without human intervention, and provide
an auditable, unbiased dataset which can be reviewed by other rese¢Buolars etal.

2011 p. 29)

The fAiset and forgeto nature of camera traps i
one of the greatest risks to their use. When deployed in remote locales, equipment failures
might go unnoticed for months, potentially an entire field seéSamnn et al. 2011 p. 29)

Most factors contributing to camera malfunction can be alleviated, however, through the
selection of appropriate adels (e.g. ones with weather proof housing), careful planning,
and skilled set up. Additionally, theft or vandalism of field research equipment, including
camera traps, is well document@ancroft 2010) Fortunately, simple solutions such as
personal messages left on field equipment can reduce vand@lenm et al. 2013)This is

in addition to the use of security devices such as security (dsisk et al. 2012pr

manufacturer provided metal enaloss.

1.3.3 Ecological applications of camera traps

These benefits have contributed to the wide and varied used of camera traps in ecological
research. In one review of more than 100 papers (Cutler & Swann 1999), camera traps were
found to be used for studyingst predation, feeding ecology, nesting behaviour, animal
activity patterns, population parameters, and the presence or absence of species. One
exception is ectothermic animals, which proved to be a challenge for infrared camera traps
to detect since thethermal signature often matches that of the backgré@ndfiandy et
al. 2013)

Methodologies for ecological monitoring with camera traps are diverse. Giicdézel,
they are effective for species inventories and measuring ricfifasier et al. 2008, Si et al.
2014) Camera traps can also be used for distance sanfplavge et al. 2017)If individual
identification is possible, manecapture techniques have been adapted for camera traps and
used extensively to monitoearnivores with unique fur patterfisaranth 1995, Karanth and
Nichols 2002) For most species, however, individual recagnits difficult, and one of the
most widely used techniques in this case is occupancy modelling. At its most basic level,
occupancy is defined as the probability of the target species being present at a site
(MacKenzie et al. 2002)and is useful when absolute abundance is otherwise difficult to
establish or not regeed. Occupancy is valuable when monitoring elusive species since it
accounts for imperfect detection (missed detections of a species when it is present) and

techniques have been developed to optimise survey effort as -otfrédetween the number
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of sites surveyed and the duration of those suryEggert et al. 2003, Mackenzie and Royle
2005, Bailey et al. 2007)n addition, the standard occupancy model has been extended to
multispecies studies, including interactions between spéstegimetz et al. 2013nd tying
community dynamics to human activifgurton et al. 2012)Another important method is

the random encounter model (REM), which provides a means of estimating abundance fron
camera trap data without individual recognitigowcliffe et al. 2008)and is based on
physial theory regarding rates of collision between gas molecules and its comparisons to
animal movemeniHutchinson and Waser 2007Accompanying methods have been
developed to estimate two critical terms in REM, the zone of detection around a camera
(Rowcliffeetal.2011) and t he t ar get (Rewldfecet ad 2066)RER v € M1
has been successfully applied, such as for estimébn densities in Tanzan{&usack et

al. 2015) Concurrent with the development of camera trap ecological monitoring is the
proliferation ofsoftware toolgYoung et al. 2018)from image tagging and management
(Krishnappa and Turner 2014, Ilvan and Newkirk 2016, Niedballa et al. 2016, Nakir et
2017, Gerum et al. 201%) R packages for occupancy modell{fiske and Chandler 2011)

or rarefaction analysi@isieh etal. 2016)

As the popularity of camera traps grows, there is an increasing need for open standard
on data sharingHamptonet al. 2013, 2015, Forrester et al. 2Q1&nd collating or
coordinating studies to achieve large scale monitdiugton et al. 2015, Steenweg et al.
2017) Examples of largscale camera trapping efforts include the Global Biodiversity

Information Facility (GBIFhttps://www.gbif.org) or the Tropial Ecology Assessment and

Monitoring Network (TEAM; http://www.teamnetwork.ordy/ Camera trap data from the
TEAM network has been incorporated into the Wildlife Picture Ifd€xdé Br i ewhicl2 0 1 0

was used for measuring proportional change in occupancy for mammals from Mongolia

(Townsend et al. 2014 Costa RicdAhumada et al. 2013).argescale camera trapping
results in large image datasets, and ecologists are increasingly turning to crowdsourcing
and more broadly, citizen scienteto meet the challenge of classifying these images
(Steenweg et al. 2017)

1.4 Citizen science

Since the first use of the term in the 1990@win 1995) the definition of citizen science
most commonly used today is the process of involving-professionals in scientific
enquiry(Cohn 2008, Silvertown 2009, Bonney et al. 2008hile not the focus of th thesis,
it should be noted that the definition of citizen science can be(fRednik et al. 2015pand
major scientific discoveries were sometimes not made by those professionally employed as
researchers. Indeed, Albert Einstein was a patent examiner and Gregor Mendel was a
7
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Augustinian frar when their nowwell-known scientific contributions were made
(Silvertown 2009, Resnik et al. 201%)we use the currently popular definition of involving
nonprofessionals in science, then an earlyneple of citizen science was the annual
Christmas bird count held by the National Audubon Society in the United States since 1900,
with over 60 million birds counted to dgtsilvertown 2@9). In fact, avian ecology has one

of the longest histories of citizen science involvement, with thousands of annual participants
collecting data since the mRD" century via the North American

(https://mww.pwrc.usgs.gov/bsand United Kingdom Https://www.bto.org/volunteer

surveys/bbgbreeding bird surveys. This crowdsourcing of data collection is one of the most
common forms of ecological citinescience, and covers diverse themes from tracking
invasive insect¢$Pocock and Evans 2014nuran call survey@Veir et al. 2005)mapping
coral reefgLoerzel et al. 2017, Lucrezi et al. 2018y plant phenologgTansey et al. 2017)
Crowdsourced dataoliection has also been employed in other scientific fields from
astronomyWillett et al. 20130 meteorologyHennon et al. 2014)
In addition to data collection, citizen scientists also aid in data classifi¢kioamala et
al. 2016) It began in the late 1990s with astronomy projects such as NASA Clickworkers
(http://nasaclickworkers.com/classic.php o r t he SETI @Ho me Avol unt ee

project(Anderson et al. 2002)n recent years, crowdsourced data classification has become
a larger part omainstream scientific discourse, likely due to the rapid development of digital
tools which eased participatigNewman et al. 2012and the requirement by many funding
agencies for researchers to incorporate public outreach in their(@ibr&rtown 2009) A
particularly successful example is Foldittps://fold.it) where citizen scientists are players

in a game of modelling protein structuf€ooper et al. 201Gnd the results of which have
aided the design of antiretroviral dru@&hatib et al. 2011b)There are now several om
citizen science platforms such as ZoonivdideMaster et al. 2D4) or Scistarte(Cavalier

et al. 2014 )providing lists of projects volunteers can browse, participate in, or even fund.
The current statef-the-art is using usecontributed classifications to train machine learning
and artificial intelligence algahms for purposes ranging from protein fold{kdpatib et al.
2011a) subcellular microscopfBullivan et al. 2018)to voice recognition (e.g., the Mozilla

Common Voice projectjtips://voice.mozilla.orf).

Many data classification projects involve processing images, and they cover diverse
subjects. An early webased project, Galaxy Zg&chawinski and Lintott 2014jnvolved
an online community in clasgihg stellar objects from telescope images. For ecological
studies, there are successful projects on Zooniverse such as Invader ID for identifying non

native marine invertebrates ht{ps:/ivww.zooniverse.org/projects/serc/invadd)y or
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Rainforest Flowers categorising images of flowers

(https://www.zooniverse.org/projects/tomomi/rainforstvers). Outside of Zooiverse,

and with the rapid proliferation of cheap digital photography equipment such as mobile
phones, even those with little scientific training can study the biodiversity of their

surroundings. One notable example is iSpoipE://www.ispotnature.orjy/ where citizen

scientists share photos they took of local wildlife and collaboratively identify and map them
(Silvertown et al. 2015)A morerecent project is BeeWatch, an online platform where
citizen scientists submit and identify photos of bumblebees, and is notable for automated
feedback that improves user accuracy and engaggwenter Wal et al. 2016Yhere is
even research based on ecological data de
(Richards 2014)

Perhaps most relevant to this thesis are citizen science projects involving the deploymen
and collection of camera traps such as the eMammal project in the United(Bieteea
et al. 2014) or the classification of animals from the obtained images such as Snapshot
Serenget{Swanson et al. 2019y Instant Wild(Verma et al. 2016)it has been argued that
citizen science is an important tool in addressing the challenges ofslzalgeecological
monitoring(Devictor et al. 2010, Conrad and Hilchey 20Afnano et al. 2016and camera
trapping projects such as those mentioned above could play a cruciBtedaweqg et al.
2017) However, up to the time of my thesis research, there was no ongoing wildlife camera
trapping project where citizen scientists were engagedadth the collection and
classification of data. In addition, theskof humamature interactions in heavily developed
landscapes dubbed the dext i (Bogdaand Gastanf201®)ixgseang e n ¢
reasm for involving nonprofessional ecologists in ecology and conservaiBuhuttler et
al. 2018) It is with these considerations in mind that | now introduce MammalWeb, the

citizen scence project which is the focus of this thesis.

1.5 The MammalWeb project

The popular Zooniverse citizen science platform is based in the United Kingdom, which
has a long history of citizen science and popular interest in natural history. At the beginning
of the 20" century, there were already 500 local natural history societies with almost 100,000
members across the couniiMicintosh 1986) Ther thorough records of natural history
provide a baseline from which one coul d
and led to the formation of the governmsopported Biological Records Centre in 1964
(Pocock et al. 2015 he Biological Records Centre currently coordinates the collection and
archiving of biodiversity data from over 80 recording schemes, which is fed into the National
Biodiversity Netwak (NBN; http://www.nbn.org.uk/ and the Global Biodiversity
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Information Facility (GBIF; https://www.gbif.org). Over the past decade, Open Air

Laboratories (OPAL,; http://www.opalexplorenature.o)g/ a network of academic

institutions led by Imperial College London, has organised national citizen science
biodiversity and environment surveys with great suc¢Pswies et al. 2016, Lakeman
Fraser et al. 2016)n addition, ornithologyfocusectitizen science projects are very popular.
In addition to the annual Breeding Bird Survey organised by the British Trust for
Ornithology (BTO), there is also the Nest Records Scheme (NRS), whose citizen scientist
collected records since 1939 have providadable insight into long term ecological change
(Crick et al. 2003)ncluding the discovery that bird edmying has become earlier each year
as a result of climate chang@@rick and Sparks 1999)

In contrast with birds, data availability and survey effort for wild mammals are uneven
across the UKBattersby and Greenwood 2004, Croft et al. 200ne aim of my research
is to tackle this problem through developing a novel method for assessing the diversity and
di stribution of Britainds wild mammal s, one wh
focus not just for their ecological importan@erger et al. 2001, Coté et al. 2004, Gill and
Morgan 2010) but also their economic and cultural significarfbarboutin et al. 2003,
Wardle and Bardgett 2004¢onflict with hunan activities(Bruinderink and Hazebroek
1996) ard disease transmissiqgAndern and Trewhella 1985, Cassidy 2012, Stokstad
2017)

| have contributed to a significant degree to the production of MammalWeb, an ongoing
project which partners with citizen scientists across reatit England (centred around
County Durham) to deplogamera traps for monitoring wild mammals. The project begun
as a collaboration between our research group at Durham University and the Durham

Wildlife Trust (https://durhamwt.con)/ citizen scientists can choose totapate as one or

both roles of data collectors (ATrapperso) or
projects such as eMamn{dcShea et al. 2015 rappers are loaned (or can bring their own)
camera traps and trained to deploy them following a standard protocol. They submit the

camera trap images collected to our web platfanitp{(//www.MammalWeb.org/where
registered Spotters collaboratively classify them using an interface similar to that of
ZooniversgSwanson et al. 2015)ut designed to process entire sequences of images taken
in quick succession. Since launching this prbjea mid-2015, more than 250,000 camera
trap images have been submitted to MammalWeb from 234 sites mostly in theamsirdi
England. In the following section, | will outline the structure of the rest of this thesis with

the summaries and aims of eatfapter.
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1.6 Thesis structure and aims

1.6.1 MammalWeb organisation

In addition to the challenges of largeale ecological monitoring, the MammalWeb
project was also faced with the task of recruiting, training, and sustaining a group of local
citizen scientists tawonduct effective camera trapg. In Chapter 2, | will describe the
organisation of MammalWeb from ppgojectlaunch tests within Durham University; the
logistics of initial and ongoing recruitment of citizen scientists; orchestrating the offline and
online infrastructure of the project; metrics of project growth in terms of user activity; and

reflections on evaluating project outcomes in terms of sustained engagement.

1.6.2 Economical crowdsourcing for camera trap image classification

As discussed above, thelhave been successful online citizen science projects which
crowdsource data classifications including those for ecological monitoring. However, for
projects that are more localised or monitoring less charismatic fauna, the demand for
crowdsourced classdations (such as those for camera trap images) might surpass supply.
On the MammalWeb website, our interface for classifying images is built such that the same
sequence of camera trap images is shown to multiple Spotters. In Chapter 3, | develop
novel mehod for deriving consensus classifications from aggregated Spottés fopeach
Image sequence via a logistic regression model. | discuss how these consensus classificatiol
fit into an algorithm for prioritising which images to show classifiers, sdider uses for

citizen sciencéased wildlife monitoring.
1.6.3 School students conducting, contributing to and communicating

ecological research & experiences of a school-university partnership

One goal of MammalWeb is to engage citizen scientists on ari@tes, rather than the
simple crowdsourcing of data collection. As part of that effort, | obtained funding from the
British Ecological Society (BES) to pilot a partnership with our local Belmont Community
School. This entailed working with a group of @edary school students so that they were
not just MammalWeb citizen mmtists, but also ecological ambassadors who deliver
ecological outreach to their community. Chapter 4 describes this part of the MammalWeb
project and discusses the lessons learnguiiioing citizen science with education, including
impact on the students which was documented in a profelgiorade video.

1.6.4 Handling uncertain detections and discretising data in camera

trap-based occupancy modelling
Much of the effort sincédaunching MammalWeb in 2015 has been organising citizen

scientists, ensuring sustained monitoring across time and space, and economically workin
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with our userbase for crowdsourced data collection and classification. There is now a need
to investigate thanalytical tools with which we can use MammalWeb data. As noted earlier

in this chapter, there are various methods for analysing camera trap data, of which occupancy
is a frequently estimated parameter when direct measurements of abundance are not
necessar. Modelling occupancy requires a dataset comprised of detection atudtemtion

records from surveys conducted across sampling siteswaitl@gion of interest. For citizen
science projects that crowdsource data classification, uncertainty is intoithicehese
detections due to inaccuracies inherent across classifiers. In Chapter 5, | begin with
simulations to examine this issue along with two others common to camera trapping studies:
How to discretise continuous camera trap observations into wisdetection eves for
occupancy; and the impact of missing data on the accuracy of estimated occupancy. | then
explore the incorporation of uncertain detections into occupancy modelling through a

resampling approach.

1.6.5 General discussion

In the final chapter, | will put my work on the MammalWeb project in the wider context
of citizen science and ecological monitoring. Specifically, | will focus on lessons learned
that can beapplied to sustaining citizen science engagement (such as the gamifying citizen
science, partnering with libraries and museums, and further discussion on how to evaluate
project outcomes), managing the crowdsourcing of data classification (such as &A@ test
of different online user experiences and developing machine learning algorithms), and
making ecological inferences from the results (such as the current limitations of, and ways
to improve upon, the occupancy modelling I did, and the potential of kesidgm encounter
models). It concludes with a reflection on how MammalWeb is taking citizen science from
a centralised to distributed topology where citizen scientists are empowered to do their own

research and communicate results.
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Chapter 2 - MammalWeb organisation

2.1 Introduction

Ecosystems across the world are experiencing rapid biodiversity loss strongly related to
human activitiegButchart et al. 2010)The defaunation of the plan@&irzo et al. 2014has
adverse impacts on ecosystem services, which are importantufoan livelihoods
(Millennium Ecosystem Assessment 2005, Diaz et al. 2006, Perrings et al. .20&1b)
understand these changes, there is a need fordaade ecological monitorin@ischer et
al. 2010, Stephens et al. 2018)f the solutions proposed, two are of particular interest in
this chapter (and this thesig)he use of motioisensing camera traBurton et al. 2015,
Steenweg et al. 201,7and saling up their reach by involving citizen scientig®@smala et
al. 2016, Steenweg et al. 201Ifdeed, this has been attempted where citizen scientigs ha
helped professional ecologists deploy camera fflslgShea et al. 2019r classify images
(Swanson et al. 2015)n the Unitel Kingdom, there is a long history of citizen science
projects for ecological monitorinfPocock et al. 2015)including the highly successful
annual Breeding BirdSurvey and Nest Record Scherfeeg., Crick and Sparks 1999)
However, the monitoring effort for wild mammals remains ung@oft et al. 2017)

In this chapter, | will describe the organisatiord ananagement of the MammalWeb

citizen science projectftp://www.MammalWeb.ordg/which | have been piloting since

2015. This project enlists the help of citizen scientists in the collection and classification of
camera trap data (a rare combination), with an aim to develop a model shaaide for
largescale monitoring of wild mammals in Britain while engaging citizen scientists on a
level beyond the collection and classification of data. In the following sections, | will provide
an overview of MammalWeb including the recruitment argnisation of citizen scientists;

the online infrastructure of our web platform; and data outputs for downstream analyses and
archiving. | believe documenting the organisation of citizen science projects is important but
not well represented in literatyrand the contents of this chapter will be of value to other
citizen science practitioners.

In addition, | will explain the metrics used to measure project growth and citizen science
engagement since the inception of MammalWeb through the end of 2018ndlbdes
guantitative analyses on i mpacts to those
outreach events, talks, media coverage, competitions, or newsletters. | also explored the
temporal patterns of this data in the form of a weekend vergekday comparison.

Qualitatively, | will characterise the email correspondence between us and citizen scientists
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to derive practical recommendations on how to better understand participant needs to guid
project development.

This chapter concludes with @&sdussion on the results of those efforts, possibilities for
i mproving project evaluation, and i mpr ove

implementing or could in the future.

2.2 Methods
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Figure 2.1. MammalWeb project organisatioitizen scientists were recruited from Durham University,
members of the Durham Wildlife Trust, and local schools. They could be one or both of Trappers, who deploy
camera traps, and Spottergho classify images MammalWeb. The web platform is hosted on the Amazon
Web Services (AWS) Elastic Compute Cloud (EC2) with interfaces for camera trap image upload (Trappers
page) and classifications (Spotter page). This is tied into image storage orER¥fi® Block Store (EBS)

while image classifications and other data are stored in a MySQL server on the AWS Relational Database
Service (RDS). We provide an expert classified
classifications could be aallated from user classifications. These consensus classifications are used for
downstream analyses and submission to public data repositories.

Before MammalWeb, there was a shitm trial organised in early 2014 where 30
students from Durham Universityere recruited to deploy camera traps. These students, in
groups of three, were lent Reconyx HC500 camera traps for monitoring wildlife on
university grounds. Through informal dialogue with the students, we derived qualitative
guidance for MammalWeb, suels that camera traps deployed in the area need to have their
batteries replaced and images downloaded at least once a month, or experience with th
logistics of organising engagement meetings.

With this initial experience, we launched MammalWeb aslboration between us at
Durham University with the local Durham Wildlife Trust. Partially funded by a United

Kingdom Heritage Lottery Fund (grant Number: R B6474) and my PhD scholarship
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from Durham University, we began a fgttale rolout of the projecto those living in or

near County Durham, England. In the following sections, | describe the process of recruiting

Mammal Web <citizen scientists, the roles of da
(ASpotterso), the pr ogtractute, anddhie damlowputs fomthi§ s onl i n.
process. The relationship between these project components is visudfigpde?.1. This

section concludes with a degion of the quantitative analyses performed on participant

engagement metrics to gauge impacts from intervention events and temporal patterns.

2.2.1 Initial recruitment

Since its inception, the MammalWeb project has relied on citizen scientists for two tasks,
the capture and classification of camera trap photos. Each citizen scientist can participate in
one or both roles, which are called Trapper and Spotter, respec¢Higlye 2.1).

Our first recruitment drive for Trappers and Spotters was in May 2015 when we
advertised MammalWeb to members of the Durham Wildlife Trust and the Durham
University community. Within the University, we posted a call for citizen scientisisgh

the internal Dialogue Signposts htips://www.dur.ac.uk/dialogue/signpojts/and

Greenspace sustainability newslettershitps://www.dur.ac.uk/greenspake/ These

newsletters should reach all with a University email address. In these postings, we noted that

anyone could participats a Trapper, Spotter, or both.

2.2.2 Trappers

At Durham University, we received 45 respongeshe initial call for participanfshe
majority of which were staff members in ranademic roles. Email was the primary means
of communication with this group.tfained the Universitpased citizen scientisterough
two engagement meetings in June 2015. During each mekbeganwith a presentation
on the operation of camera traps and its application to ecological monitoring where
emphasised the importance of closely following the camera trapping proeeel
supplementary material secti@rb below. Each Trapper could select their own monitoring
sites if they folloved the protocolThetrainingsessions alwayincluded hands on tutorials
where all participants could try setting up a camera trap and ask queSt@yswere
remindedthat for MammalWeb, a camera trap deployment is defined as any recorded time
period during which a Trapper set up a camerattrédgke photos. This meawesen if there
was no wildlife presence at a site and subsequently no photos were obtained, this still counted
as a valid deployment. This is important because the absence of detection during a
deployment is itself useful dafauch as for estimating occupancy, e.g., MacKenzie et al.
2002) and the length of a deployment is a measure of survey.&fdhe end of the meeting,

each citizen scientist was lent a casngap and the appropriate locking mechanism. The
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cameras included 20 Browning Strikeforce B5C17 Reconyx HC500, two Reconyx
HC600, two Little Acorn LH5211A, two Scoutguard SG5581B, and two Bushnell
NatureView Cam HD. Citizen scientists could alsge any camera traps they own to
participate. For those who couldndét atte
original call, we met with each individually and provided the same training.

The Durham Wildlife Trust loaned camera traps to 4%fmembers whose primary
means of communication was also email. Thilisee of those attended group training
sessions held at the Durham Wildlife Trust office in their Rainton Meadows reserve. The
rest were trained through individual visifBhe trainingprocess was the same as that at
Durham University as described aboV¥ée camera traps loaned by the Durham Wildlife
Trust include Bushnell Nature View, Bushnell Nature View Live, Bushnell HD Trophy, Ltl
Acorn (Ltl 6310 MC), and Minox DT&50. The MammalVéb project proved popular, and
there was a waiting list for camera traps from the Durham Wildlife Trust during the two
years examined in this chapter.

In addition to email, communication to citizen scientists was done through social media

platforms includng Twitter (@ MammalWebon https://www.twitter.con) and Facebook

(https://www.facebook.com/MammalWgb

From email commnications with the Trappers, we learned that once they have identified
a deployment site, it was best to first set up the camera trap for just a few days and check i
If the photos obtained were level and taken at the desired angle, then the camveralttap
be deployed for dbnger time, usually up to a month

At the end of each deployment, we edRrappers to upload their camera trap photos to
the MammalWeb website. Each registered Trapper on MammalN#staccess to a
dedicated page where theguld define camera trapping sites and upload phdtagufe
2.2).
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Camera sites

Site Name

SBBS Little High
Wood

Ustinov woods

near Josephine
Butler allotment

woods near my
house
Durham Botanic

Garden stream

Rainton
meadows 1

Rainton
meadows 2

[New site]

=+ Add site

Figure 2.2. MammalWeb Trapper page for citizen scientists to define camera trap sites and upload photos.

oS grid
reference

NZ 27802
412799

NZ 26918
40527 9

NZ 27213
40263 9

NZ 08 379

NZ 2728
40729

NZ 3258
4865 @

NZ 3282
48629

NZ 2761
41479

Habitat

woodland - low density
forest less than 80%
canopy cover

woodland - low density
forest less than 80%
canopy cover

woodland - low density
forest less than 0%
canopy cover

grassland - dominated by
grasses

woodland - low density
forest less than 80%
canopy cover

torest - high density forest
more than 60% canopy
cover

forest - high density forest
more than 80% canopy
cover

woodland - low density
forest less than 80%
canopy cover

Purpose of
Study

Private use

Private use

Private use

Private use

Private use

Private use

Private use

Private use

Camera
Type
Reconyx

HC500

Reconyx
HC500

Reconyx
HC500

Reconyx
HC500
Reconyx

HC500

Reconyx
HC500

Reconyx
HC500

Can you/the
camera see
water?

No water

No water

No water

No water

No water

No water

No water

No water

Camera

Height (cm) Notes

65

65

65

65 camera trap
number 16

50

50 Camera trap
3

40 Camera trap
2

30 camera trap
3

Photos
uploaded Upload
770 &
Upload
4113 L
Upload
642 L
Upload
0 &
Upload
894 L
Upload
702 &
Upload
276 &
Upload
0 L
Upload

Edit

Edit

Edit

Edit

Edit

Edit

Edit

Edit

Edit

When reaching this page for the first time, a registered MammalWeb Trappktsee

an empty table. Their task when preparing photos to upload would be defining a camera trap

sitewith the following attributes:

T

Site Nameé' This is a unique name forthedlp per 6 s

from others.

record

and

OS grid referenceé The user can use an embedded Google Maps view (reachable

by clicking on the red pin icon) to specify the location of their camera trap at this

site. It is recorded as an eigligit United Kingdom Ordnance Survey Grid

Reference. Alternatively, there is a text box with which the usememually

enterthegrid referenceat up to terdigit resolution

Habitati A list of habitat types for the Trapper to choose from. This refers to the
s able 2lufor the listg s

accompanying definitions shown to users, and corresponding habitat types in

came a

trapos

other classificabn systems.

Purpose of StudyT h i s

cit

i zen

scientists)

mme d i

i st

ate

ncl u

or

des

Apart

of

Aprivate

sci

other camera trapping research projects wish to contribute to MammalWeb.

W i

t hi

0]

useo

ent

Camera Typd For specifying the brand and model of the camera trap(s) used at

this site. This list is occasionally updated when participants use camera traps that

are not already on it.
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T
T

Can you/the camera see watérThis is for the Trapper to indicate vther a
permanent body of water (stream, riveond,or ocean) is visible in the camera
trapos field of view.

Camera Height (cm) Distance between the camera trap and the ground.

Notesi Any additional notes by the Trapper.

Once defined, each site will lsbown as a row in the Trapper page table.

Table 2.1. MammalWeb habitat types and corresponding types in other classification systems.

Habitat Definition LCM 2007 LUCS BTO Breeding
classes categories Bird Survey
forest High density forest Broadleaved Forestry and  Woodland
>60% canopy woodland; woodland
cover. Coniferous
Woodland
woodland Low density forest Broadleaved  Forestryand  Woodland
<60% canopy woodland; woodland
cover. Coniferous
Woodland
scrubland Dominated by Heather Rough Scrubland
shrubs, i.e. small tc grassland and
medium woody bracken;
plants <8 m high. Natural and
seminatural
land
heath A kind of scrubland Heather, Rough Heathland and
characterised by  Heather grassland and bogs
open, lowgrowing grassland bracken;
woody plants < 2 ir Natural and
high. seminatural
land
grassland Dominated by Improved Rough Seminatural
grasses. grassland; grassland and grassland/Marsh
Rough bracken;
grassland; Natural and
Neutral seminatural
grassland; land
Calcareous
grassland
marsh A wetland Fen, Marsh anc Natural and Semtnatural
dominated by Swamp seminatural grassland/Marsh
herbaceous, i.e. land
nonwoody phants.
bog A wetland with Bog Natural and Heathland and
few/no trees, some seminatural bogs
shrubs, with lots of land

peat accumulation.
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Habitat Definition LCM 2007 LUCS BTO Breeding
classes categories Bird Survey
swamp A forested wetland. Fen,Marsh and Natural and Seminatural
Swamp seminatural grassland/Marsh
land
rocky Lots of bare rocks Inland rock Natural and Inland rock
with little seminatural
vegetation. land
coastal Right on the coast, Salt water; Natural and Coastal
beach. Supralittoral seminatural
rock; Supra land; Water
littoral
sediment;
Littoral rock;
Saltmarsh
riverbank  Right on the Freshwater Natural and Waterbodies
riverbank. seminatural
land; Water
farmland  Pasture, etc. Arable and Agricultural Farmland
horticulture land
garden Like a backyard Urban; Residential Human sites
garden, probably  Suburban
right next to a
residence.
park Recreational place. Urban; Leisure and Human sites
Suburban recreational
buildings
residential Houses, Urban; Residential Human sites
apartments, etc.  Suburban
commercial Stores and offices. Urban; Offices Human sites
Suburban
industrial  Factories and Urban; Industry Human sites
warehouses. Suburban

After a camera trap deployment, a MammalWeb Trapper will upload photosthe
t he

camer a

trap

by

clicki

ng on

AUpl oado

button

This button takes the user to a page where they must enter the start and end timestamps of

the deployment. These timestamps represennwine camera tragvas set up and taken

down, and are not for when the first and last images were taken. After entering the

deployment time period, the Trapper can then upload the camera trap photos. Since the

deployment time is a critical measure of sampling effort, theagpimechanism checks the

timestamps of the uploaded photos fall within the deployment period. Photos taken outside

of that time (if any) are rejecteahd would require manual revieifter uploading photos,
the corresponding entry for that site will disptlie number of photos uploaded for it thus

far.
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Approximately once every hour, the MammalWeb system will process new uploads and
group photos into sequences. For MammalWeb, sequences are defined as photos wit
timestamps within 10 seconds of each othgpidally, this means that photos taken with a
camera traps burst mode will fall within the same sequence. When registered users classif
I or ASpodi MammalWeb photoghey are shown an image sequence, by default, randomly
drawn from the global pool, arade encourage to classify an entire sequence before moving
to anotherWe believe that this design is of convenience to users since adjacent images

within the same sequence may provide contextual information which aids classification.

2.2.3 Spotters

MammalWeb dizen scientists can also be Spotters by classifying the wildlife depicted
in contributed camera trap images. Anyone with Internet access can register to be a Spotte
anddondét have to be respadicipdrgasnt s t o t he i ni

After logging in,the user is presented with basic statistics on the total number of photos
on MammalWeb, the number which the user has classified, number of animals classified,
and the number of species they represent. Before proceeding, if the user has uploaded photc
they can choose to classify those first.

The MammalWeb Spotter pag€idgure 2.3) is dominated by a camera trap image
sequenceandomly selected from the global poojJori f speci fi ed when
uploaded photos. This photo is always part of a sequence which the Spotter can move
through with the navigation buttons (fASt
above it(Figure 2.3). As of April 2018, in response to Spotter feedback, the interface has
been updated such that arrows for moving backwards and forwards through a photo sequenc
are located on the two sslef an image, and the user only needs to provide a classification
for the entire sequence rather than its individual constituent photos.
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What do you see?

You uploaded this!

Nothing @  Human # G Start @ Previous Next®  Next sequence @
20}_‘:{—(_)5—09 4 3

s ‘.;. g
HCS500 HYFERF IRE
31/38

No classification yet

Figure 2.3. MammalWeb Spotter page for classifying camera trap pbejoences

On the right is a threpage list of species the Spotter can choose from. For MammalWeb,
a fAspeciesdo could mean an namedi svmadlula |l r csdeercti ¢e,s, 0
ADon6éto Kannodw i Ot her 0. Once the Spotter has iden
photo, they would click on the corresponding button in this Tibis will open a popup
window with example photos and a brief description of the animathis window, the
Spoterwill then specify the number of individuals of the species that are present, and their
sex and age (juvenile or adult). Note that for cases where there is more than one
Acombinationod of sexes and ages of edtfhe s ame s
classify them separately. For example, if there is one adult female roe deer and two juvenile
roe deer in a photo, the user needs to click o
one AAdul to AFemal ed, and ]Jtohewiotthh efirUntkon o winddi csaet x
animalscurrentlyclassified for the image are listed on the bottom of the page.

Once a Spotter has <classified al/l ani mal s i n
to the next photo in the sequence. Because the photosgn@se are taken closely together,
the list of animals classified in one image will carry over to the next. This way, if there are
no changes in the composition of photos, the S
they reach the end of the seqoen

The presence of the fiNexto and APreviouso but
and forth through a sequence. While an individual photo may be difficult to classify (due to,
for example, motion blur or only part of an animal beitgjble), conextual information

provided by adjacent photos can aid classification.
22



At any point, the wuser can click on fANe
another sequence. While this can be done even before all images in the current sequence &
fully classified, we encourage Spotters to complete a sequence before moving to another.

Photosequencesvith classifications are not removed from the global pool and will be
presented again to other Spotters. This way, we can accumulate multiple classifications pe
photo (and sequence) from which to calculate consensus classifications as described in th
next chapter.On 7 December 2018, MammalWeb was updated so that sequences without
any classifications are prioritised for classification.

There are two additional buttons with a
a photo is fAbloamkd ddnd egconthai lBponter can
as such. This immediately takes the user to the next photo in the sequence without needin
to click ANexto, but the fANothingo cl assi
Theumddno button behaves the same way, ex
taken out of the global pool of images so that they will natigglayedagain for privacy.

2.2.4 Ongoing recruitment

MammalWeb was promoted several times during the span of thecprohis included
academic conferences such as the annual meetings of the British Ecological Society, the
Ecological Society of America, the Society of Conservation Bigltigg European Citizen
Science Association, or the Ecological Society of Germangiri, and SwitzerlandNon
academic outreach events included activitideal events Belmont Community Fair and
Celebrate Science in March 2016 and October 2017 designed by school students with
support from a British Ecological Society Outreacha@r MammalWeb also had a
dedicated tent for outreach during the June 2016 Glastonbury music festival in Somerset
England.

During the period covered in this chapter, we held two competitions to stimulate Spotter
engagementn April-May 2017, we held a ecopetition for the most photos classified that
month and best photo uploadedhere winners received camera traghe second
competition was in November 2018, where each classification counted as one entry in a priz:
draw for vouchers redeemable on the ralietailerAmazon

The project was also promoted through social media during this time, and we
disseminated printed flyers to local schools and wildlife groups. From these efforts, the
number of MammalWeb Spotters continued to grow. And when we werecteshtay
prospective MammalWeb Trappers, we would train them individualfier the initial
recruitment period, we also partnered watlocal schooin northreast England to not only

involve students as Trappers and Spotters, but also as ecological auhobsads their

23



community as a way to take citizen science engsé
level as postulated by Hakl&2013) This will be discussed in Chapter 5.
2.2.5 Online infrastructure

The onlineinfrastructureof the MammalWeb projeds hosted on Amazon WeBervices

(AWS) (Figure 2.1). The primary usefacing frontend atittp://www.MammalWeb.org/

was built on top of the open source Joomla! 3(#Fte Joomla Project Team 201&ntent
management system (CMS), and includes the Trapper and Spotter pages previously
described. This is run fronon instance of the AWS Elastic Compute Cloud (EC2)

(https://aws.amazon.com/exAPhotos uploaded through the Trapper page are stored in an

AWS Elastic Block Store (EBSh{tps://aws.amazon.com/epfilesystem attached to the

EC2 instanceAll data, including photo metadata, user information, camera trap sites,
deployment information, and photo classifications are stored in a MySQL 5.6 database
(MySQL AB et al. 2015)Figure 2.4) running on the AWS Relational Database Service
(RDS) (https://aws.amazon.com/rjignd administered with phpMyAdmin 410.20(The
phpMyAdmin Project 2015)

24


http://www.mammalweb.org/
https://aws.amazon.com/ec2/
https://aws.amazon.com/ebs/
https://aws.amazon.com/rds/

(Tbble: Animal ) [mbh: Options \ fm: Uploaded \
O anmal id  opion, i Columns:
animal_j . | . id
phOtOJ + shuc » m_
* person_id = option_name .
* Species . . deploymert date
: g;gder * article_ld Y. » collection_time
» number \. u I )
» timestamp
\ 4 ™
Table: Uploadverify
Columns:
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(vierprow ) | - Smectamp /T"”” s"."“""“’“\
Columns: \. / mre
* Photo_id » database
» filename » table
-+ upioad_fiename ™~ + restriction
» dimame Table: Site » code
> upload_id Columns: * hame
: site_ld . g_ld . mdyname
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» contains_human - d » viewtables
* uploaded - homs - *  heiptext
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Figure 2.4. Primary tables in the MammalWeb MySQL database. Coloured columns are those shared by more
thanonetableThe @A Opti onso table stores values that oth
such as the list of species on the Spotter pagestaflhabitat types on the Trapper photo upload page.

When a MammalWeb Trapper uploads camera trap photos to a defined site, the
ti mestamps of when the photos weFigureR24ken
are recorded in the database and associated with the photos. There are mechanisms to che
that each uploaded file is indeed an image, and each photo is renamed to its checksum (e.
c09038f027c64eleb2dc6d37964734.jpg) in addition to being assigned a unique photo ID
and sequence I D (Aphot o _i doAcheskdumissagiegca@& n c
data (in this case, an alphanumeric string of characters) computationally derived from a file
to uniquely identify itWi t h checksums acti ng a,duplicdte nge
uploads can be identified and prevented. A sequence is defined in MammalWeb as all photo
taken within 10 seconds of each othErnis was designed as a convenience forti8pg so
that by viewing images taken together, contextual information (such as the movement of ar

animal between images in the sequence) will aid classification.
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When classifying photo sequencdise Spotter page pulls photos from thebgl pool
which ae stored on the EBS filesystefm Spotter can also choose to classify their own
photos first) Metadata collected with each classification from the Spotter, pageding
speci es, sex, age, and number of i nadd vi dual s ({

Ati mestampd in the database) are stored in the
2.2.6 Analyses and data archiving

2.2.6.1 Analysing citizen science engagement
As described above, we have been promoting the MammalWeb project through various

channels since launch. To understandthpiact s of t hese Aintervention
science engagement, | collated the history of MammalWeb interventions of the following
types: blog posts, competitions, events (such as outreach events or festival presences), news
coverage, email newsletserand public talks. For each intervention, | derived three
engagement metrics from the MammalWeb MySQL databake number of new users
registered, number of active Spotters, and the median number of sequence classifications per
Spotter (all three aregp day)i for a period spanning from five days before to five days after

the intervention. | then calculated the proportional change in these metrics before and after
each intervention. This was based on the mean of the classifications metric and $wemns of t
two Spotter metrics across the fiday before and after periods. For example, if the mean

of the median daily classifications per Spotter was 4 before and 6 after an intervention, then
the proportional change would lpe T p®. Therefore, each interveah event would

have one set of corresponding proportional changes in the three metrics. Of the interventions,
the two competitions in 2017 and 2018 lasted more than a day, and their start times were
used for the purpose of this analysis. | also creatgaap of 10 nonntervention events
randomly selected such that their before and after periods would not overlap with any other
intervention. Proportional changes in the three metrics were also calculated for this group.
For each group (all interventionsichthe nornterventions group, total seven groups), |
performed a onsample Wilcoxon signed rank test with a null hypothesis of the data being
centred around 1.0 (i.e., no proportional change before and after an event).

The two competitions we held (froh April to 15 May 2017, and from 12 to 26
November 2018) were substantially longer than other interventions, none of which lasted
more than a day. Therefore, | conducted a separate analysis using the raw, daily values of
the three metrics group into thdsem during the competition and the periods foeys and
before the competition. The length of the before and after periods were chosen to minimise

possible overlap with effects from other interventions. Here, | performeevsar tw
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sample Wilcoxon siged rank tests (null hypothesis of no difference) between the three
groups of data to explore possible changes in engagement resulting from the competitions.

The final quantitative analysis was an exploration of temporal patterns in the three
engagement ntecs. This was done by grouping them into weekend and weekday categories
where they were also compared with the -seonple Wilcoxon signed rank test (null
hypothesis of no difference).

In addition to the above, and because email has been the primarnyffoommunication
because us and MammalWeb citizen scientists, | qualitatively reviewed the history of our
email correspondence. | will characterise the primary types of these email exchanges an
extract practical lessons learned on the broader impact winhddWeb and considerations

for running citizen science projects in general.

2.2.6.2 Gold standard and consensus classifications
Each camera trap photo (except those wi

shown to multiple Spotters for classification. Thissag$ a voting system from which we
can calculate consensus classifications on a sequence level. @mfelantconsensus has
been reachetbr a sequence, all of itonstituenfphotoscould beretired from the pool so
that Spotter effort can be focused those needing more classificatioi$e potential
benefits of implementing this retirement schemaissussed in the next chapter.

To determine what constitutes sufficient confidencecamsensus classifications, we
require expert classifications in atidn to those by the citizen scientists. We did this through
a combination of classifying photos as Spotters on MammalWeb and classifying photos
downloaded manually. Photo sequences with consensus classifications that have confidenc
levels above a set dshold (e.g., 99%) can then be considered individual (though not
necessarily independent, as discussed in Chapter 5) observations of wildlife. This is the se
of data used for downstream analyses and archiving in public data repositories (see Chapte
3).

2.2.6.3 Data archiving and accessibility
All camera trap photos on MammalWeb are shared under the Creative Commons

Attribution-ShareAlike 4.0 license hf{tps://creativecommons.org/licensesAa/4.0).

Chapter 3 describes the data that has been submitted to r@plosstories, which includes
t he UK©6 s Environment al Re RtC) dMorth 1East or r

(http://www.ericnortheast.org.uk/home.h)méand the Open Science Framework (OSF;

https://osf.io).
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2.3 Results

Since its inception in May 2015, MammalWahs involved community members in
north east England in monitoring local wildlife. This section describes measures of the
projectds gr owt lerma of engggemerit with oitezen caentistbased on
data as 081 DecembeR018. | will also pregnt analyses of impacts from intervention events
on three of those metrics: the daily median number of sequence classifications per Spotter,
the number of new users registered, and number of active Spotters. Possible temporal
patterns were also examinedanmely weekend versus weekday differences in the three
metrics.Ecologically meaningful measures are based on consensus classifications, which

will be addressed in Chapters 3 and 5.

2.3.1 Project growth

Therewere489 activeusers registered on the MammalWeb witehss of the end of 31
December 2018f which101wereTrappers who tauploaded camera trap images at least
once Figure 2.5). Most Trappers (>50) registered durthe first six montk of the project.
While user growth has slowed since 20itthas been steadiycludinga major uptick in late
2018 comprised mainly of new Spottefhis uptick was concurrent with the second
competition held among MammalWeb particitgan

500

= Total users
400 =« Trappers

200

Cumulative registered users

100

2015-07 2016-01 2016-07 2017-01 2017-07 2018-01 2018-07 2019-01
Date

Figure 2.5. Registered MammalWeb users over time. Solid line is total number of users (Spotters and Trappers),
dashed line is number of Trappers.

MammalWeb Trappers have uploadegi318 photo sequencesf which 83,755 have
been classified at least ondadure 2.6). The growth insequencebkas been largely steady
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throughout the project. This is matched by the growth in the numiseqaencethat have

been classified at least anavhich is steady at abot@%b (Figure 2.7). The large swings in

the proportion of classified photos before 2016 is likely due to the relative dearth of photos
in thesystem at that time.

Of note are two large step increases in the number of sequences uploaded (and associat
decrease in proportion classified) in July and November 2018. The first was a contribution
of images of the Highland Red Squirrel Project by ltheversity of the Highlands and
Islands based in Scotland, and the second was due to the incorporation of images from
systematic camera trap survey of County Durham conducted by us during the summer o
2018.

The proportion of sequences classified incedasharply at the end of 2018. This
coincided with an upgrade of the MammalWeb backend infrastructure (on 7 December 2018
where sequences that have not received any classifications are now prioritised for Spotters

100000

= Sequences uploaded

= Sequences classified

75000

50000

Number of sequences

25000

2015-07 2016-01 2016-07 2017-01 2017-07 2018-01 2018-07 2019-01
Date

Figure 2.6. Photo sequences the MammalWeb database by time. Solid line is number of contributed
sequencedgotted line is the number that has been classified (Spotted) at least once.
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Figure 2.7. Proportion of MammalWebequencethat have been classified (Spotted) at least once.

Since inception, th&01 MammalWeb Trappers have deployed camera trapatites
(Figure 2.8). They are primarily in north east England, but also include relatively distant
locations from southwest England to northern Scotlandhese deplayents have

accumulated 23,778ays of observations, which @verage produced 13 sequenceper

day.
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Figure 2.8. Most MammalWeb camera trap sites (black det®near County Durham, England.
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2.3.2 Spotter efficiency

Of the 83755 camera trapphoto sequencesn MammalWebwith at least one
classification, the median number of classificationk (igean: 1.99interquartile range:-1
2; maximum: %). Notably, 5.8% of classifiedsequence3,505 sequencgshave two or

267 133 96
8 9 10
Figure 2.9. Cumulative proportions of aihoto sequencebat have been classified a certain numbeinodés

or less. The number over each bar is the numbseaiencavhich have been classified that many times. Red
vertical dashed line indicates th&.8% of all classifiedsequenceblave been classified twice or less.

less classificationdgure 2.9).

1148 565
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o
o
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o
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Cumulative proportion of all classified sequences
o
o

0.0

The majority of MammalWeb Spottetave contributed relatively few classifications
while a small number have classified at a high intensity. This can be measured by the
quantity and frequency of their contributions. Over he#&%) of registered Spotters have
classified 100 or lessequenes while 7% have classified over 100Bigure 2.10). In terms
of frequency, 8% have classifiedequencesn seven or less different days but a small but

active mirority (6%) have classified photos on 30 or mg@Ffgure 2.11).
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Figure 2.10. More than half§9.6%) of MammalWeb Spotters have classified <§8quencewhile a minority
(7.5%) have classifiect1000.
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0.83 of users

Spotted on <=7 days

Number of Spotters

0.06 of users

50 Spotted on >=30 days
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Figure 2.11. Most (8%) of Spotters have classified on <7 days, while 6% have classified on 30 or more.

From 2015hrough2018, the monthly number of Spotters who contributed classifinati
varied ketween8 and55, plus an exceptionally high numberldf4 during November 2018
(Figure 2.12). Notably, the highest intensés (up to 147classifications/dagpotter n
November 2016 occurredwhen relatively fewSpotters logged ifNovember 2016 and
September 2017)
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Figure 2.12. Monthly classification intensitynjedianclassifications/day/user) and numberSgotters who
classified each month (solid line).

2.3.3 Trapper efficiency

The mediarcamera tragleployment duration i days (nean 15.8 daysThe monthly
mean deployment duration varies betw@band 18.9 days, appears to have decreased
through 2017 but havsince increased consideralfiygure 2.13).

2015-07 2016-01 2016-07 2017-01 2017-07 2018-01 2018-07 2019-01
Date
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-
o

o

Figure 2.13. The monthly meacamera tragleployment durations for MamatWebTrappers
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The number of Trappers who have uploaded photos decrd@gede(2.14) from the
peak of 3in October 2015 tsix in November2017. This is matchedyla small but overall
decrease in the number @dmera trapping sites from which they uploaded phdimgife
2.15). However, the number of uploads per Trapper incredisedg the same periodhese
measures suggest that the number of monthly active Trappers has gone down, but those who
remain upload pHos more frequently even if their mean deployment durations are shorter.
This trend has reversed since the beginning of 2018. The larger number of camera traps sites
November 2018 was due to the upload of photos from our systematic survey across County

Durham during the summer of that year.

= Number of Trappers

20

Mean uploads per Trapper

10

Number of uploads per Trapper

2015-07 2016-01 2016-07 2017-01 2017-07 2018-01 2018-07 2019-01
Date

Figure 2.14. Monthly upload frequency per Trapper (uploads/month/user, grey bars) and number of Trappers
who uploaded photos each month (solid line).
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Figure 2.15. Themonthlynumber of camera trapping sites monitored by Trappers overTmdarge number
of sites in November 2018 were from our systematic survey conducted earlier that year.

2.3.4 Effects of intervention events

For this analysis, | grouped MammalWeb intervention events since project launch until
the end of 2018 into seven types (number of each type in parentheses): blog posts (8
competitions (2), public events (7), news coverage (7), email newsletters (1@ylzed
talks (26). Data on the number of people reached for each intervention was not available
And as described, | added a Aatervention type of 10 randomly selected time periods
which did not overlap with any other intervention event.

Relative to inérvention events and regardless of their type, the randoAntemention
group was consistently lower across all three engagement metrics (proportional change ir
the mean number of new users, number of active Spotters, and median number o
classificatiors) (Figure 2.16). However, this difference was not statistically significant.

While the distribution of the three metrics were mostly above 1.0 for all intervenpies, ty
none of them were significantly so except the median number of classifications in response
to blog postsi{ T8t o)uExceptionally, the median of the mean number of active Spotters
was less than 1.0 in the news coverage group.

Also of note is that allypes of interventions had a generally positive effect on the mean
number of new users except for newsletters. The distribution of the other two metrics were

more varied across intervention types and showed no clear pattern.
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Figure 2.16. The distribution of three engagement metrics (before and after ratios of mean number of new
users, mean number of active Spotters, and median number of classifications; data folded from daily values for
five days before and five days after an interventfoom randomly selected time periods (which do not overlap

with those of interventions) were consistently lower than that of intervention events regardless of type. None
of the distributions were significantly different from 1.0 except median classifisain response to blog posts
(onesample Wilcoxon signed rank tegt, T8t 6)u

The number of active Spotters and their median number of classifications were visibly
higher during the two competitions in 2017 and 2018 but not the number of new users
(Figure 2.17). Of the pairwise comparisons between all groups, only the number of Spotters
were significantly higher than before the beginning of the second competjtiom@rt ¢)p
Notably, the rate at which new users registered did not change and even decreased for the

period immediately following competition two.
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Figure 2.17. Engagement metrics increased significantly dydompetitions except the daily number of new
users.

When these metrics were compared on weekdays versus weekends, the median numb
of classifications increased for weekend dayp (18t p X (Figure 2.18). The other

measures did not differ significantly in this case.
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Figure 2.18. The volume of classifications increased during weekendsgample Wilcoxon signed rank tes
n 18t p)gbut not the number of new users or active Spotters.

2.3.5 Email interactions with citizen scientists

After recruiting citizen scientists, we maintain contact with them in ways fromtdace
face engagement meetings, Twitter, Facebook, or email. Hev#l focus on emalil
correspondences as it has been the most consistent way in which we have communicated
with participants, and they primarily consist of the following types.

First, a large volume of emails we receive were from those expressing iriterest
becoming MammalWeb Trappers or Spotters. This was especially true earlier during the
project (2015 and 2016) when our social media presence was smaller. We were also
contacted by school teachers (mostly from primary schools) who learned about
MammalWebthrough contacts with the Durham Wildlife Trust. An obvious gap in data
revealed when reviewing these emails is that we did not explicitly record how each
prospective citizen scientist heard about MammalWeb.

The second type of emails were feature requestthe MammalWeb website, and they
were heavily focused on the Spotter page user experience. This feedback led directly to a
more sequenetcused interface where buttons taking the user forwards and backwards
through a sequence are placed directly ensies of an image, and simplifying the process

so that classifications apply to the entire sequence instead of its constituent photos.
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The third group of correspondence was about technical issues, mostly centred arounc
camera trapping. This could includeestions on the specifics of deploying camera traps,
such as clarifying the definition of a deployment, whether images depicting humans (or
empty images) should be removed before upload, and other details. This process wa
important in refining the ingfictions we give to new Trapper during initial training. Existing
Trappers also provide feedback on the online Trapper page user experience, such as a des
to more easily their camera trap deployment sites and manage the data and images associa
with each upload. At this time, we have not had the resources to act on most of this feedback

Lastly, we receive atioc feedback from citizen scientists regarding notable or surprising
observations and spiff projects. For example, MammalWeb Trappers alertetbuhe
presence of nonative raccoons and coatis in nedhast England, and with their help local
authorities were able to track and capture those animals. We were also struck by citizen
initiated science such as independent camera trapping survegd gauirrels in Galloway,
Scotland and otters in Durham. In addition, we receive emails with general praise of the

MammalWeb experience such as:

féespecially |l oved the squirrel fight a
Or, from a Spotter willing to baléentified as Julia:

AFirstly, I can say what a delight and
species | have seen are normally so fleeting in the wild, and | have never so
much as glimpsed a live badger. Ever. So these sometimesiplageguarded
insights have been wonderful. Hard to choose favouritgsrhaps the family
groups of deer, or the stoats6 interact )|
apologise. Despite approaching the spotting conscientiously and armed with
references, | very muchaieto my embarrassment that | am guilty of
mi si dentification of grey partridges

Notably, no emails of complaint or negative feedback were received.

There were fewer emails outside of the above categories, but given the reec2018®)
partnership with a local network of schools (described in Chapter 4), we now engage in
considerably more email contact with teachers on how to integrate MammalWeb into the

classroom.

2.4 Discussion

In this chapter, | described the process$anihching and maintaining the MammalWeb
citizen science project. In its current state, the organisation of the project and its online
infrastructure achieves our aim of enabling citizen scientists to contribute and classify
camera trap images of local wifé. Because of this success, other -U&sed wildlife

organisations, including NatureSpytifs://www.naturespy.orjy/ Scottish Wildcat Action
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(http://www.scdtishwildcataction.org/ or the University of the Highlands and Islands

(https://www.uhi.ac.uR/have now partnered with us to expand this camera trapping network,

which ties into our gdaof large scale citizen saiee monitoring of wild mammals. In
addition, as will be discussed in Chapter 4, we have successfully piloted a partnership with
a local schoolStudents at Belmont Commitya School were not only involved as citizen
scientists who deployed camera traps,dlsb empowered as ecological ambassadors who
delivered outreach to their community. is now expanding into a wider network of schools
mediated through the Great North Museum: Hancock in Newcastle

(https://geatnorthmuseum.org.gk/For the rest of this discussion, | will focus on the

implications of the measures of project growth, the quantitative and qualitative analyses on

engagement metrics, and a need to formally evaluate project outcomes.

2.4.1 Tracking project growth and sustainability

The MammalWeb citizen science project has experienced stable growth from 2015
through2018 in terms of the number of phosequencesontributed by Trappers, and the
number osequenceslassified by SpotterOur reach has expanded by the inclusion of other
conservation projects such as the Highland Red Squirrels Project which corresponds with
the increase in uploaded photos in autumn 2018. Recently, members of the MammalWeb
team, throgh a partnership with the Great North Museum: Hancock in Newcastle, met with
representatives from a network of 50 local schools. We are now actively building on our
experience engaging one school (described in Chapter 4) and developing a partnership
stratgyy with these schools. All of this will continue the growth of MammalWeb and aid in
sustaining it.Effective monitoring requires a sustained effort, which in Mammal\geb
analogous 0 mai ntaining a Aminimum viabled popul ati
investigating avenues for growth. Howevdespite the aftementioned successgeveral
challengeshe sustainabilityof MammalWebhave become evident.

First, we are reliant on a core group of Trappers for camera trapping. These citizen
scientists contbute photos to MammalWeb at a high intensity, ibat any given timé
they deploy their cameras at a small number of sites, limiting the spatial and temporal
coverage of the prTh¢implidatiorss ofrthcs for occopancyapalysi§ f or t .
will be discussed in Chapter 5.

A similar pattern can be seen in MammalWeb Spotters, where most classifications were
contributed by a small group. And while the proportionsefjluencesvith at least one
classification has been stalaled increased near thedeaf 2018 relatively fewsequences
have more than two classifications. This makes calculating consensus classifications, and

the downstream analyses which rely on theraredifficult.
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Theseobservationmar e i n | ine with whatci@mse poestse r v
(Sauermann and Franzoni 201t can be overcome with enhanced, sustained engagement.
On the MammalWeb Spotter page, we have implemented a button to take the user back t
the beginning of an image sequence. This simple change greatly eased navigation within .
sequence, and was ond the mostrequested features from user feedbaCkher
improvements to the Spotter page include an easier way to navigate between images withil
a sequence via left and right arrows on the currently shown image, and that the Spotter onl
needs to provideroclassification for the whole sequence instead of for its constituent images
individually (both implemented since April 2018\nother effective example was the
MammalWeb competition in MareApril 2017 for best uploaded photo and the most
number of clagfications by a Spotter. This likely led to ttégh monthly classification
intensity (median 12&lassifications/dagpottej during that time

Since October 2016, we have partnered with the Smart Earth Network

(http://www.smartearthnetwork.co)na conservation neprofit organisation, and the web

development firm Monterai(https://www.monterail.cony)/to revamp the MammalWeb

website with an improved user expeger(UX) including interactive data visualisatioAs.
new AExpl oreo page f eat ur i nmlatedcameratrapsrasdc t |
observations is now being test&fe hope this form of dynamic feedback can not only

sustain motivation but also atit new participants.

2.4.2 Evaluating project performance

To track growth and maintain the sustainability of MammalWeb, there is a need to more
formally study engagement metrics. In this chapter, | attempted this with the data available
through the end of 2018.

For the three metrics used here (the number of new registered users, number of activ
Spotters, and median number of classifications), their proportional change before and afte
intervention events welieeven if not statistically significarit visibly greater than 1.0 and
considerably higher than that of randomly chosen periods outside of interventions. One
limitation of this analysis is that the length of the before and after periods for an intervention
(five days) was arbitrarily chosen. A separatesislis needed to optimise the period length,
which may also be a function of the type of intervention. Many interventions also overlap in
time, and interactions between events and types of events will need to be modelled (as wil
be described below). Theumber of active Spotters and volume of classifications were
visibly higher during the two competitions in 2017 and 2018. Strikingly, while the daily rate
of new user registrations did not differ significantly from before and after competitions, the

cumulaive number of new Spotters increased considerably during the second competition.
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With our current knowledge, | believe this is because the reach of MammalWeb
communications (email, Twitter, and partner organisations) have grown greatly since the
first conpetition. And while it was not statistically significant, classification rates were not
maintained after the end of the competitions. To sustain engagement, we will need a better
understanding of <citizen sci entadlasstfictionsmot i vati o
on weekends is reasonable given that users will likely have more disposable time to invest
during days off. Future work should investigate temporal patterns on other levels, from
diurnal to seasonal. A detailed understanding of these patteill aid the timing of
intervention events to maximise impact.
Email correspondence suggests that our interventions and outreach were at least partially
successful in recruiting and motivating citizen scientists. In addition to the positive feedback,
same participants actively provided suggestions on the user experience, and questions
regarding the technicalities of camera trapping were valuable data on which we based
improvements to the new Spotter and Trappebaarding process. Emails indicate that
MammalWeb citizen scientists were engaged with their local environment in ways they
previously would not have, and this is consistent with existing research on the need and
benefits of such engagement in | i(Sppatandof t he fie
Gaston 2016, Schuttler et al. 2018lowever, shortcomingof how we manage
communications were also revealed. First, we did not explicitly track how MammalWeb
participants learned of the project and reached their level of engagement. We should, as part
of a standard communications protocol, always ask for tfaenmation in all correspondence.
Second, for most of the duration of the project, emails to us were often directed to our
personal email accounts rather than the official MammalWeb email. As a result, it was
exceedingly difficult for me to collate Mammalweéd s emai | hi story for the
Starting in mid2 0 1 8, w e have actively promoted Ma mma

communication including the emaihfo@mammalweb.organd the Twitter account

@MammalWeband began sorting incoming email into several categories such as technical

support, feedback, or school correspondence. T
they were positively impacted by the Spottiegperience, there was concern about the

accuracy of classifications. This highlights the importance of managing data quality

(discussed in Chapter 3) and providing feedback to users in realtime to reinforce engagement.

This feedback could take the formanitomatically generated messages about accuracy and

positive reinforcement, achieved through natural language generation algartmmder

Wal et al. 2016) Finally, | noted dack of specifically negative feedback or complaints

received through email. | hypothesise that such sentiments may be present, but users are
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more hesitant in actively communicating them. This is another reason for a more active
approach to understandinmur userbase through surveys or focus groups, as will be
discussed later in this section.

The types of interventions examined in |
media activity, such as that on Twitter. By the end of 2018 @théammal\WebTwitter

account has posted 907 Tweets which accumulated more than 1,000 likes from 523 follower:
These Tweets were not included in the current analyses because they occurred on more thi
half of the days across¥mma |l Web 6s project | ifetime anc
the before and after analysis performed on other types of interventions would not be practica
Rat her than considering Tweets as f0insterv
(from Tweets to refweets, likes, or followers) can be considered as passive engagement
based on outreach and dissemination of information.

Passive engagement takes on other forms such as visitors to the MammalWeb websit
(who may not register as usensgwsletter readers or audiences gtenson outreach events
and talks. Within the MammalWeb framework, | believe this is an intermediate level of
engagement between interventions and scientific engagement, the latter being defined as tt
direct participéion in citizen science. That is, many people engaged on this passive,
intermediate level may be the recipient of outreach and stay informed on MammalWeb but
not proceed to capturing or classifying photos. Therefore, there are two possible paths tc
citizen science from interventions to scientific engagement: Those who directly become
Trappers or Spotters, or a subset of the passively engaged group who later decide to active
participate.

Even with the analyses described above, sustaining the growth of M¥ein requires
a more nuanced understanding of (1) how the two pathways to scientific engagement are
related to interventions, (2) possible interaction effects between interventions in close
temporal proximity, and (3) lag times between interventions agdgement metrics, which
may be especially true for Trappers as there may be substantial time between a successf
intervention and uploading photos. These understandings can be achieved through bot
guantitative and qualitative means.

Quantitatively, a mdelling approach could be utilised in addition to the current method
of deriving proportional changes in engagement data folded into those before and after
interventions. For example, a generalised linear mixed effects model of the Poisson family
can be fited to engagement metrics such as the number of active Spotters. This model woulc
include fixed effects such as the type of intervention (newsletter, talks, news coverage, etc.)
week of day, or the total number of registered users at the time of irtteryeand random
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effects may be the intervention events and the dates on which they occurred. Importantly,
generalised linear models can be used to discern interaction effects as well. In addition, more
quantitative data should be gathered other than hiee tengagement metrics on which
intervention impacts were examined. For interventions, useful data that can also be terms in
this model may include the number of people reached and other measures of breadth of reach.
In the future, we should also expligitrecord relatedi that is, noAndependenti
interventions, such as blog posts and media coverage associated with a public talk. This
information can then be a grouping variable included as an additional term in the model.

It will also be beneficial tomplement web analytics for the MammalWeb website.
Analytics software can be easily integrated with our existing IT infrastructure, and it records
data such as the number of website i mpressions
web platform. For exmple, analyses could be performed on the proportion of website
visitors who browsed past the landing page and tried classifying photo sequences on the
Spotter page. Privacy is of paramount importance, and proprietary services for web analytics
such as Gagle Analytics need to be studiously avoided. Instead, a fully open source solution
I inherently open to external scrutiny and under our conirabuch as Matomo

(https://matomo.org/or Open Web Analyticshftp://www.openwebanalytics.cojrshould

be adopted. Social media analytics are also available for most platforms including those used

by MammalWeb such as Twittethi({ps://analytics.twitter.cop/and others including

Mastodon lattps://github.com/tootsuite/mastodapi).

For qualitative research, | believe there are two approaches which are applicable to
MammalMeb and other citizen science projects. The more straightforward approach is the
deployment of surveys to those (1) directly reached by intervention events, (2) engaged on
the passive level (such as newsletter subscribers or Twitter followers), aniM@Bacttters
or Trappers. At the first stage, the survey should assess changes in knowledge about
MammalWeb and behaviour (such as interest in staying informed versus deciding to actively
participate as a citizen scientist). Surveys on the second staggacknchanges in
engagement and act as reminders for those surveyed to participate. For Trappers and Spotters,
we could learn about their motivations (which can inform the design of future interventions)
and receive feedback on user experience. Thipecesly useful considerinigas suggested
by email correspondende negative feedback is often not expressed unless specifically
solicited. At all stages, surveys should ascertain how participants reached that level of
engagement (e. g.abadwHto wMalmma lyWeub oh,e arWhy di d you
Twitter ?0, or AWhy did you decide to become

organising focus groups and applying the Q methodology. This method has been used
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extensively to meas uropiniosstoa biedivarsitydcensesvationb e |
(Sandbrook et al. 2011, Rastogi et al. 2013, West et al. 2016, Hamadou et al.R016)
methodology is a qualitative technique for characterising patterns in subjective perspectives
held by a group of interviewees on a given tqfitephenson 19757 his isdone by asking
interviewees to sort a group of statements regarding a given topic, on a numbered grid, ir
order of how much they identify with eac
into a factor analysigsuch as that implemented in the R package gmethod, Zabala 2014)
which clusters the opinions into shared framings of the topic in question. This is a more
intensive but comprehensive method for exploring the needs and motivaifons
MammalWeb citizen scientists, and may be especially important in understanding the
temporal changes, with substantial lags after interventions, in Trapper activity such as tha
described in the results section. This method can also help exploreféhendiés between
the few, but very active fisuper userso w
users who contribute relatively little. To my knowledge, Q methodology has not been used
in a citizen science context and would be a novel avemdarther exploration.

However a citizen science project is executed, it needs robust measures of growth anc
performance. The results presented in this chdpiecluding those on project growth,
Spotter and Trapper efficiencand the analyses on quidaiive and qualitative data
showed practical lessons learned which can be generalised to other citizen science project
andhighlight the challenget® be overcome

On a broad | evel, perf ormance measurem
indicabr s0) have been devel opasnéntes 20@&/ pbuitliey hawae! | y
not been successfully and widely applied to citizen science (or ecology and conservation)
initiatives. Instead, aomprelensive evaluation framework for citizen science was recently
proposed by Kieslinger et gR017) It was built upon an extensive review of evaluations
for past <citizen science projects, broad
criteria for Responsible Research and Innovat{@Vickson and Carew 2014)This
framework proposes evaluation critaralong three dimensions: scientific, citizen scientist,
and socieecological/economic. Each criterion includes specific questions to guide the
evaluation of a project. T&framework would be useful for MammalWeb to identify gaps
in the monitonng of performance and outcomes.

In summary, with the ongoing recruitment of citizen scientist Trappers and Spotters, the
MammalWeb project has demonstrated stable growth with respéuee influx of camera
trapping data (photos). An analysis on user engagement showed that the majority of

contributions came from a minority of users, and that we are challenged to sustain a core
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group of citizen scientists who can provide wide a repriegive temporal and spatial
coverage for effective mammal monitoring. These challenges could be overcome with
thoughtful, sustained engagemé&ninformed by reflection on quantitative and qualitative
insights from the analyses described abbwehile implementing a more comprehensive

citizen science evaluation framework.

2.5 Supplementary material

The following is the camera trapping guidelines provided to each MammalWeb Trapper

during the original engagement meetings and individual training in 2015:

When operating the camera trap, please:

1 Turn the cameraff before inserting or removing the memory carfdilure to do
so will corrupt valuable data!

1 Double check that the time and date are correctly set on the catherttame and
date format may be different depending on camglease be extra careful!

1 Set the camera to takieree photo®very time it is triggered.

When picking a location for your camera trap, please:

1 Avoid places with lots of human activitythe camera might be stolen, and we
don't want countless photos of people walking by!

1 Ensure the camera’s field of view is unobstructed, and corigtdeg plant growth.

1 Make sure you attachdhcamera to something substantial like a tree trunk or fence
post that will not wave around in the wind.

1 Set the camera between 30 and 40 cm above giiotimsl is usually sufficient to
photograph animals of all sizes, but please make a judgement babedspecific
circumstances of your locatio8arefully record the height of your camera

1 Do not place the camera too close to a track, hole, or fence. It should be at least 2 to
3 m away from where animals are likely to pass.

1 Angle the camerparallel to the ground. You might need to wedge a stick or small

rock behind the top of the camera.
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1 Do not angle the camera upwards!
1 Avoid pointing the camera directly east or west so it won't get glare from the sun.
1 Don't place the camera on the bank of a beck or that may flood the cameras
are watefresistant against rain but not submersion!
Once you have set up the camera, before you leave please:
1 Confirm fully charged batteries are used.
1 Confirm the memory card is empty.
1 Confirm the camera is active, and @ i motion test or walk test mode.
1 Make sure all fastenings are tightly closed so water/moisture don't get in.

1 Ensure the camera is fully secured/locked whenever possible.

=

Carefully record the exact time and date when you deployed the camera. This is
likely notwhen the first photo gets taken.
When you check on your camera, please:
1 Take fully charged batteries and an empty memory card with you, So you can swap
them on the spot and you won't have to make two trips.
1 Double check that the time and date ailecorrect on the camerathetime and
date format may be different depending on camglease be extra careful!
1 Carefully record the exact time and date you checked the camera and changed the
memory card/batteries. This is liketptwhen the last pilo was taken.
When downloading photos to your computer and uploading them to MammalWeb,
please:
1 Delete photos from the memory caaftler they have been transferred to your
computer.
1 Format your memory card regularly, but make sure you get ghhbs first!
1 Upload a maximum of a couple hundred photos at a time. Youpiaad more,
but it might slow down your computer.
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Chapter 3 - Economical crowdsourcing for

camera trap image classification

Please note that this chapter (with the exception of this paragraph) has been published in
the journal Remote Sensing in Ecology and Conservation. Full citafieing, P-Y., S.
Bradley, V. T. Kent, R. A. Hill, G. C. Smith, M. J. Whittingham, J. Cokill,rawley, and
P. A. Stephens. 2018. Economical crowdsourcing for camera trap image classification.
Remote Sensing in Ecology and Conservatia@l: 10.1002/rse2.84

3.1 Abstract

Camera trapping is widely used to monitor mammalian wildlife but creates large ima

datasets that must be classified. In response, there is a trend towards crowdsourcing image
classification. For highprofile studies of charismatic faunas, many classifications can be
obtained per image, enabling consensus assessments of the images cBotanore locZ]

scale or less charismatic communities, however, demand may outstrip the supply of
crowdsourced classifications. Here, we consider MammalWeb, @oal project in North

East England, which involves citizen scientists in both theucapind classification of
sequences of camera trap images. We show that, for our global pool of image sequences, the
probability of correct classification exceeds 99% with about nine concordant crowdsourced
classifications per sequence. However, theregh kariation among species. For highly
recognizable species, spedgecific consensus algorithms could be even more efficient;

for difficult to spot or easily confused taxa, expert classifications might be preferable. We
show that two types of incorreatlassificationsi misidentification of species and
overlooking the presence of animalsave different impacts on the confidence of consensus
classifications, depending on the true species pictured. Our results have implications for data
capture and clagication in increasingly numerous, loZatale citizen science projects. The
speciegpecific nature of our findings suggests that the performance of crowdsourcing
projects is likely to be highly sensitive to the local fauna and context. The genefality o
consensus algorithms will, thus, be an important consideration for ecologists interested in

harnessing the power of the crowd to assist with camera trapping studies.

3.2 Introduction

For several centurie€reenwood 2007, Ratcliff 2008¢itizen science projects have
engaged nafprofessionals in the scientific procg8onney et al. 2014)While ecological
research has spearheaded the development of citizen gddécigason et al. 2010, Bonney

et al. 2014)there are successful projects across a variety of disciplines from meteorology
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(Hennon et al. 2014jo astronomy(Willett et al. 2@3). Typically, these initiatives
crowdsource data captufiee. volnt eer s as A s e n s odataaassificatmm d c |
(interpreting collected data) or, occasionally, a combination of (kaibmala et al. 2016)

Some may even include citizen scientists in data analfsdday 2013)

In the field of ecologytechnological developmengslewman et al. 2012nd increasing
recognition of the need for monitoring over large spatial and temporal $€Calesad and
Hilchey 2011, Stepheng al. 2015)have led to a proliferation of ecological citizen science
projects(Kosmalaet al. 2016) Concurrent with this is growing concern oveplunteed
skill and the resultant quality of dai@ohn 2008, Dickinson et al. 2010, 2012, Lukyanenko
et al. 2016)Data capture can be improved through iterative protocol refinement or intensive
training (Kosmala et al. 2016)n one case of commun#panaged resource monitoring,
regular followdp training for volunteers enabled them to produce data of quality comparable
to that collected by professional scientif@snielsen et al. 2014)

For data classification, quality can begraved by aggregating inputs from multiple users,
especially when processing large datasets. For example Snapshot Serengeti is an ecologic
research project utilizing crowdsourced classifications to identify the contents of images
taken by motion sensingamera traps deployed in Serengeti National Park. Researchers
attracted over 2800 online volunteers who, within 3 days, cast one mifiiaies for what
they thought was in the camera trap photos, equivalent to processingreontt8backlog
of imageqSwanson et al. 2015Foreach photo, a consensus classification was determined
from votes cast by an average of 27 volunteers. They were then validated against almos
4,000 Agold standardimages, classified by experts, to show that consensus classifications
typically had an accacy exceeding 97%%wanson et al. 2015, 2016)

The considerable success of Snapshot Setiangght be due, in part, to projespecific
factors. These include: (1) the presence in images of highly charismatic and diverse African
megafauna which are novel to largely European and American audiences; (2) the low image
to volunteer ratio (approxini@y 1.2 million images for 2800 volunteers, or ~43:1); and

(3) the longestablished platformh{tps://www.zooniverse.orpon which the project was

hosted, with a large and dedicated international userbase.

In contrast, many citizen science projects focus on less charismatic faunas in areas o
lower species diversity. Despite their lower diversity, focal communities may include species
of conservation concern, as well as species that are locally common aefbrthemportant
contributors to ecosystem functi¢Beider et al. 2001, Gaston and Fuller 2008)e local

relevance and lower charisma of these studies might make it harder to mobilige a lar
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international userbase. As a result, it may be necessary to determine image contents with
fewer user classifications by crowdsourcing more economically.

An example of this is MammalWeb, a project in North East England that pilots the
approach of involnng local citizen scientists in monitoring mammals with camera traps.
Participants engage in both data capture and data classification (camera trapping and
classification of images) as defined by Kosmala €2all6) MammalWeb has a high image
to classifier ratio (~550:1) and monitors mammals that are less diverse and may be
considered less chammtic (Lorimer 2007)than their African counterparts. Preliminary
indications from the pilot period are that the deployment of camera traps by MammalWeb's
citizen scientists can yield useful data. Exdes include the identification of a raccoon
(Procyon lotoj, an invasive nafpative species, subsequently trapped adtbreed by the
United Kingdom's (UK) Department for the Environment, Food and Rural Affairs (DEFRA)
and the contribution of thousandsrew mammal records to the Environmental Records
Information Centre (ERIC) for the North East of England.

Using data collected in the MammalWeb study, we investigated economical approaches
to aggregating user input into consensus classifications. THiglet analysing speciés
level variations in the number of classifications (including different combinations of correct
and incorrect classifications) needed to achieve consensus at various confidence levels, and
differentiating between two types of incastelassifications: misidentification of a species
or missing the presence of an animal altogether.

Relative to applying a generic consensus algorithm to all images, we showed that images
of certain species could be retired more rapidly becauseo(igensus was achieved with
fewer classifications or (2) referral to expert classification may be preferable. Since
MammalWeb combines data collection and classification in one citizen science project, we
also examined whether this increased engagemeatted the accuracy of classifications.

3.3 Methods

3.3.1 Project background and citizen scientist recruitment

MammalWeb focuses on North East England, addressing a general dearth of mammal
monitoring in an areéCroft et al. 2017with a relatively limited faung14 wild mammal
species cf. 40 in the Snapshot Serengeti data base; Swanson et alB2bA&gn March
2015 and March 2018, we recruited 79 citizen scientists across the regiond(esatned
County Durham) to deploy camera traps for the MammalWeb project. They consisted mainly
of Durham University staff and members of the Durham Wildlife Trust (a locak non

governmental organization focused on environmental conservation, education and
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engagement). Recruiting and training citizen scientists from local community groups such
as the Durham Wildlife Trust is comparable to projects such as eMafRoradster et al.
2017) Many paticipants were retirees, and most reported curiosity about local wildlife as
their motivation for joining. A small number of contributors were local primary and

secondary school teachers using camera traps in their teaching.

3.3.2 Camera trap data capture and classification

After training the citizen scientists to use a standard protocol, they were lent camera traps
(primarily Browning Strikeforce, Reconyx Hyperfire and Bushnell cameras) and self
selected sites on which to deploy them. During deployment, allreameere set to burst
mode and would typically take three images in quick succession per trigger. By default, most
cameras included a 30 second pause before the next trigger. Volunteers uploaded the

camera trap images to the MammalWeb website (/www.MammalWeb.org/ and also

submitted metadata such as the deployment time period, location, make and model of camel
trap and height of camera above ground.

Anyone with an Internet connection can register on Maedlto classify images (i.e.
to be afSpottep), including those who deployed camera traps and uploaded photos (i.e.
fiTrappersy). Spotters were recruited through the same channels as Trappers, plus at public
events and schools. Spotter classification éffaried from tens to thousands of images.
Consequently, to characterize the distribution and skewness of classification intensity by
individual Spotters, we calculated the proportions of those who classified fewer than 100
images and greater tha/@@0 images. We also determined the relative contribution from the
top 10% of Spotters in terms of classifications.

Uploaded camera trap photos taken less than 10 seconds apart were grouped int
sequences, which typically (c. 84% of sequences) consisted oféledrttages taken in one
burst (indeed, 94% of sequences are of length 2 or 3). The contextual information provided
by adjacent images in a sequence should aid classifications that would otherwise be
problematic $upplementaryigure 3.6). Therefore, MammalWeb's classification interface
is such that thénext phot@ button takes a Spotter to the next photo in the sequence rather
than to another randomly selected one in the global pool of imagpglémentaryigure
3.7). By goirg backwards and forwards through a sequence, Spotters may show greatel
accuracy in classifying the animals depicted since there is a greater chance of at least on
clear image within the sequence. Users were encouraged to proceed only after they hav
classfied all images in a sequence. Upon clickiiliext sequenay they were shown a
randomly selected sequence from the global pool (or, optionally, the user's own pool of

uploaded photo sequences).
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The classifications for each image in a sequence were aggdeigto the classification
for that sequence. For example a tAreage sequence where the images are sequentially
classified agblanko, firabbi andfigrey squirred will have firabbit and grey squirrels its
classification. We treated each sequendb@base unit of animal detection, and all analyses
for classification accuracy and consensus classifications were conducted at the sequence

level.

3.3.3 Determining classification accuracy

We determined the accuracy of MammalWeb citizen scientists and asbessdde
nature of a classificatioin correct and incorrect may influence the calculation of a
consensus. This was done by comparison witjodd standardset of classifications created
by us, consisting of 10,483 sequences433,images).

We calculagd the probabilities of a user classification being correct for each species. For
incorrect classifications, we examined, for each species, the proportions of classifications
that were for another species or for the absence of any animal. With this idorme also
constructed a confusion matrix breaking down cases of mistaken identifications by species,
and calculating falsegative (missing the presence of a species) andfjalstve (stating
a species is present when it is not) rates.

We alsocompared classification accuracies of citizen scientists who deployed camera
traps and uploaded image¥ (appers) and those who did not. Within the Trapper group,
we also investigated whether they were more accurate when classifying their own images
veras those uploaded by others. Both comparisons used generalized linear mixed effects
models, with a binary response (correct or incorrect), spotter type (spotter or trapper, or

uploader or other trapper) as a fixed effect, and spotter identity as a raffelcim e
3.3.4 Evaluating consensus classifications

For consensus classifications, we determined the following for each sequéyitefit ot a |
classificationso), the total nuwmbédpresemnidque ¢

the number of unique classifications indicating spesisspresent in one or more photos

within the sequenca) ; ( Aot her o) , hidue classificativresrindicating that
species not including are present in the sequenéey ibl ank o) , the number C

classifications indicating that the sequence is devoid of animals. The total number of

classifications for a sequence is thi¥s: 05 U © . These numbers allowed us to
determine the number of classificatldgdns indica
and the number indicadj nligy, i6t).3We thénsused this ( fiabsen

information forfour separate analyses.
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First, using all sequences in our gold standard set that were identified as containing
speciess, we asked what proportion of classifieftSgotters) agreed with this designation

0 R Y

This parameter, which we designageRx§) (the probability that speciesis correctly
identified in a sequence), serves as a crude indicator of which species are typically most (o
least) readily identified within our focal fauna. For each gold standard sgeeuesalso
examined classifer so i ncorrect classifications to
that were misclassifications (given By ) versus failed detections (given By). This
comparison serves to indicate how the potential for classifiers to overlook dassify
varies among species.

Second, we used binary logistic regression to assess how the presence of a species in .
image sequence is related to the number of classifications indicating its presence and absen
We conducted this analysis both for th# data set (across all species) and then separately
for different species. Specifically, we determined whether the number of classifications
indicating presence)(;) and absencé(;, U ; 6 ) of a given species (or no species at
all) in asequence was related to its true presence in, or absence from, the sequence. Th
model can be representedag D 0 ;6 , whereVsjis a binomial indicator that species
sis truly present in\(sj= 1) or absent from\ ;= 0) sequencpe(and the error has a binomial
distribution). Where multiple species have been identified to occur in sequémee may
of course be multiple species in the image. This would not be a problem, as both users an
gold-standard classifiers can classify mukigpecies in any image (and so, for two species
a andb that occur in sequengemt 0y 0 ¢°Y). Far more commonly, however,
where multiple species have been identified to occur in seqyennoe or more of those
species has been designateckiror. Here, using the entire data set would include non
independent data points (because, where spacisl b are both identified as being in
sequencg, even though only one of them is actually in the sequence, mqd8 0
O i is necessily the converse of modeby DU ; 6 ;). To avoid this issue, we created
1,000 random bootstrap samples of the data set, stratified by sequence, in which al
sequences were represented only once. We analysed each bootstrap sample as descril
above, and report mean and standard deviatiortseeofAkaike information criterigAICs;

Akaike 1974) Analyses of the (bootstrapped) full data set suggested strong support (basec
on AIC scores; see Results) for an influence of tistuped species on the relationship

between confidence in classifications an@ndo . To determine the effect of this variation
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among species, we analysed data on the more commonly occurring species using only the
subset of sequences for whicheatst one user has indicated the presence of the focal species.

Third, we investigated whether, for a given spedda sequencg, the impact on
confidence of classificati dnpdfféroffomthatdfer speci e
b1 an klss e( finfea® a This\amalysis recognises the fact that species differ in both
their detectability and their recognisability; thus, classifications representing confusion over
a specieso identity might r eduffeentexdentfto dence i n
classifications suggesting that no animal species occurred in the sequence. This analysis used
binary logistic regression, as described above; this time, the focus was on comparing the

performance of the modeb; DO U 6 with that of the simpler modeby D

~

Op O f.

Fourth, we determined the rate at which we can retire sequences of species from the pool
of sequences to be classified, given a target confidence threshold. This was based on two
sources of informi#on. Specifically, we used B)(from our first analysis as an estimate of
the probability that any new classification would be for the pictured species. We also used

fitted models of the fornb; DO ;0 j to estimate the number of classificats needed
('Y) to achieve a given level of confiden@eFor a given number of classifications indicating
absence of a species in a sequedce ( Tipktio ), it is possible to identify the number of
classifications fipg)whichhwouldsbp required t® give the desiredn c e (
confidence that the species is present:
YrnDOf 05
The probability that this combination of classifications will be obtained is then:

OFI UFl'r - 5 h

010 0ii s " Oii fp Dl
h

The average number of classifications needed before a sequence containing a given
species can be retired from the pool for classification is then given by the average sum of
Asj+Psjford mipltio , weighted by the probability withlvich each is obtained, plus
the probability that none of these criteria are satisfied, multiplied by the number of
classifications we would accept before removing the sequence from the classification pool.
We can then compare the implications of differapproaches and target confidence
thresholds for the speed at which sequences can be considered classified.

All data processing, analyses, and modelling was conducted in R(R.£bre Team
2017)with the packages dplywickham et al. 2017)ggplot2(Wickham 2016) lubridate
(Grolemund and Wickham 2011ine4(Bates et al. 2015nd EnvStatgMillard 2013)
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3.4 Results

As of 7 March 2018, MammalWeb citizen scientists had cumulatively deptayadra
traps at 261 unique sites in North East England fa238camera trap days. This yielded
173315 images uploaded to our website. Since project inception, 265 Spotters (including
those who deployed camera traps, i.e. Trappers)cbattibuted, via the MammalWeb
website, 243125 classifications of the content of 1944 images (4@09 sequences). For
the images with at least one classification, the median number of classifications was 2 (IQR:
1i 3, maximum: 33). The majority of clafisations were submitted by a small number of
Spotters gupplementaryrigure 3.8). More than half (58.9%) of MammalWeb users (n =
156) classified less than 100 phqgtesereas 11.3% of the users (n = 30) each classified
more than D00 photosgupplementaryrigure 3.8). The top 10% of Spotters (n = 27, 15 of

whom were Trappers) otributed 84.9% of all classifications.
(A) (B)
Badger (n = 1745) Brown hare (n = 66)1

Domestic cat (n = 907) 1 Rabbit (n = 391)4

Pheasant (n = 805) Domestic cat (n = 44)

Woodpigeon (n = 546) 4 Waoodpigeon (n = 30)
Magpie (n = 278) Domestic dog (n = 28) 1
Grey squirrel (n = 2471) 4 Stoat or Weasel (n = 14) 1
Domestic dog (n = 372) 4 Horse (n = 18) 1
Roe Deer (n = 4828) 4 Roe Deer (n = 369)4

Red fox (n = 1004) 4 Red fox (n = 77) 1

Harse (n = 193) 4 Badger (n = 78)1

Rabbit (n = 3188) | Hedgehog (1 = 138) 1

Blackbird (n = 858) 4 Magpie (n = 18)

Hedgehog (n = 682) 4 Pheasant (n = 44)4

Stoat or Weasel (n = 65) 1 _ : Blackbird (n = 122)
Small rodent (n = 1277) 4 _ E Grey squirrel (n = 184)
Brown hare (n = 113) _ : Small rodent (n = 494)
L
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Proportion Proportion

Figure 3.1. (A) Proportional accuracy of submitted classifications across the whole pool of sequences with
gold standard classificationSample sizesn] representite number of classifications provided for sequences

in which the gold standard indicates that the named species is present. Vertical lines show (from left to right)
80, 90 and 95% accuracy across all classifications of these sequences. (B) Proportioosrretti
classifications (classifications indicating absence of the true species in a sequence) that were for another speci
(green) or the absence of any animal (blue). Vertical line is 50%. Samplergiaes the number of incorrect
classifications.

At the sequence level, 21 species have been classified in our dataset. For most of th
species in sequences with a gold standard, >90% o¥useded classifications were
correct Figure 3.1A). Badgers Neles meleswere recognized by more than 95% of
classifiers and only four species were correctly classified by <80% of users. Species vary
markedly in whether incorrect classdions are due to missing the presence of an animal
(6 ) or mistaking it for another species {) (Figure 3.1B). For instance, most of the
erroneous classifit@ns of sequences containing brown hatep(s europaeysvere due
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to mistaken identification (59 out of 66 incorrect classificatidfigure 3.1). In contrast,

96% of misclassifications of small rodents (a shared designation in MammalWeb for species
of <500 g in body mass, principally raBattus norvegicysmice Apodemus sylvaticiend

Mus musculusand volesMicrotus agrestiswere due to them b&g missed altogether (473

out of 494 incorrect classifications where small rodents were present according to the gold
standardTable 3.1).

Table 3.1. Shaded cells are true positive rates representing the probability of a user classification being correct
given an image of a certespecies. False negative rates are the inverse (including stating there is nothing when
an animal is present), and false positive rates are how often a species is identified when it is not there. Numbers
of classifications are in parentheses. E.g. Fogbes] there are 1,680 user classifications indicating their
presence of which 0.8% are incorrect (false positives). There are 1,745 classifications where badgers are truly
present, of which 95.5% were correct identified (true positives), and 4.5% wheredteenot identified (false
negatives).
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© ) [s9} ~ ~ [s9] 0 ~ < @ ~ o
5 e B 58 3 € 8 ¥ g 5 & B S
° ~ = o = = @ o N oy ™ 5
= < - g 5 8 g ®» S 3 v £]7%
IS - = £~ T < S N x 3 o > 9
175} Q Qo 8 7] ] 7] = (@] [a) : [ o
e o) S = > o) @© Q b T c @
- T & & © BB &£ § B & £ B =
User classifications © m [oa) e (0] T o o o 04 () =z L
Badger (1680) .955 .003 .001 .001 .001 .000 | .008
Blackbird (773) .858 .001 .000 001 .001 000 .001 .003| .048
Domestic cat (886) .001 .951 001 .007 .001 | .026
Grey squirrel (2379) .001 .005 .001|.926 .003 .004 .012 .002 .004 | .039
Hedgehog (578) .001 .006 .001 .798 .002 .008 .001 | .059
Pheasant (773) .945 .002 .001 | .016
Rabbit (2905) .002 .003 .003 .019 .002  .877 .003 .002 .001 .002| .037
Red fox (968) .002 .001 .008 .000 .001 .923 .003 .002 .001| .042
Roe Deer (4513) .002 .002 .000 .003 .004  .932 .003| .012
Small rodent (836) .001 .001 .016 .003 .001 .613 .004 | .063
Nothing (7770) .035 .124 .026 .065 .161 .046 .063 .058 .054 .370 .975| .203
False negative rate .045 142 .049 .074 .202 .055 .123 .077 .068 .387 .025
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Figure 3.2. Of the citizen scientists who classified at least 10 sequences, (A) those who deployed camera trap:s
(30 fAiTrappers, 13446 classifications) were marginally more accurate at image classification than those who
did not (10ZXSpotters, 12100c | assi fi cati ons) but this effect was
= 0.32, relative to a model that did not account for the Spotter type). (B) There was strong support for the
finding that 26 Trappers whoals si f i ed i ma g eJploaderd,2578 clagsificatodsgvaere Mére
accurate than Trappers who classified imagy upl oaded b y Otleet Trapperi 1G136p p e r
classifications) (@@AI C = 66. 28, model weight = 1
type). Inboth panels, each data point represents a different individual; point size reflects relative numbers of
classifications. Boxes and whiskers summarize predicted accuracy levels across individuals (line across eac
box indicates the median and the box bauries indicate the interquartile range, IQR; whiskers identify
extreme data points that are not more than 1.5 times the IQR on both sides; dots are more extreme outliers).

Among Spotters, those who also deployed camera traps and uploaded iphrajysas)
were slightly more accurate in their classificatidrigre 3.2A). In addition, Trappers were
more accurate when classifying images they had obtained than tHosdagpby other
Trappers Figure 3.2B).

Analyses of the data across species showed that both the number of classification:
indicating presence and the number indiggtabsence of a species provide important
information about the probability with which that species is actually in a sequégoeg
3.3). On the global level, whensingle classification has been submitted indicating a sygecies
presence, it is about 95% likely that the species in question does appear in the sequenc
Predictably, more classifications for the species being present increase the likelihood that i

is there, whereas more classifications for its absence have the oppositeFaffiec 8.3).

57



1.0 -

0.8 -

0.6 -

0.4 -

0.2+

Probability correct + 1se

0.0+

A

WNERFLO

1 23 456 7 8 9 101112

Classifications for presence (P)

Figure 3.3. GlobaHevel relationship between the number of classifications for the predéhaed absence

(A) of a given species in a sequence and the probability that it is indeed in the sequence. Solid lines show the
mean relatioship (over 1000 bootstrapped samples) between the probability (predicted by the fitted model)
that a species is present in the sequence and the number of classifications for thatPpéaied (orange

line), 1 (blue line), 2 (green line) and 3 (raémk) classifications indicating the species is abs&nhtRolygons

around the lines show + me&i across the bootstrapped samples. Dashed horizontal lines show probabilities

of 0.975 and 0.99. Corresponding dashed vertical lines show the number dfcalthess for the species

required to give a confidence of 97.5%.
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Figure 3.4. Speciedevel relationship between the number of classifications indicating the presgrmed(
absenceA) of a given species, and the probability that it appears in a sequence. Solid lines show the mean
relationship between the probability (predicted by the fitted model) that a species is present in the sequence
and the number of classifications for that@ps, for O (orange line), 1 (blue line), 2 (green line) and 3 (red
line) classifications indicating the species is absent. Polygons around the lines show SEn&mshed
horizontal lines show probabilities of 0.975 and 0.99. Corresponding destieal lines show the number of
classifications for the species that are required to give a confidence of 97.5%.

The above analysis is based on a model of the fognD 0 ; 6 . However, models
that included, also, the pictured specig9 és a fixed factor, outperformed the simpler
mo d e | ( Al GD =19.99. &€onsgeflyently, we also analysed the relationship
between image contents and numbers of classifications for individual species. Twelve
species (includingnothingd, or blank B), that is where no image in the sequence contained
an animal) appeared in more than 200 gold standard sequences and so were analysed at
species level. For the different species, there was marked variation in the meaning of
different combinations of clasghtions indicating presence and abserigguie 3.4). In

particular, some designations (e.g. small rodents) require larger numbers of classifications
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for their presace to confer confidence in their appearance in the sequence & 3 for

97.5% confidence), but classifications for their abseAfen@ke relatively little difference
(Figure 3.4). Other species, such as badgers, need few classifications for their presence to
instil confidence that they are truly present but small numbers of differing classifications
substantially undermine that confidenéegire 3.4). Notably, increases in the number of
classifications indicating that the sequence confaiothingd do not materially increase the
likelihood of consensus being corre€igure 3.4). Even with 5 classifications indicating

that the sequence contafimothing), the level of confidence does not rise above 97.5%. Any
dissenting classifications, indicating that therésigsmething in the sequence, have a very

high impact on confidence that the sequence is indeed devoid of animals.

Badger Blackbird Domestic cat
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Figure 3.5. Implications of distinguishing between different types of classifications indicating that a species is
absent Q). For some typically highly detectable species, such as the badger, classifications suggesting that no
animal is present in the sequencéfglse negativas B) are more damaging to confidence than are
classifications suggesting that the pictured species is some other spfdsesfositive§, O). For visually
distinctive species, such as the grey squirrel, thearsevis true. For species that are seldom overlooked or
misclassified, classifications indicating their absence count equally, regardless of whether they are for other
species or no animals at all.
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Models for individual species differed when separatingsifecations for absenceé\)
into those for other specie®) and those for no animalB8)((supplementaryigure 3.9).

For eight species, doing so produced a hétigported modelk(pplementaryrable 3.2).
Coefficient values suggest the relative reduction in confidence resulting from classifications
for no animals B) and thosefor other species ) (supplementaryFigure 3.10).
Classifications for other specie®)(have a particularly strong effect on confidence for
badgers, red foxes, andmestic catsKigure 3.5 andsupplementaryrigure 3.10).

Globally (without egard to specific species), 42.9% of sequences can be retired with
97.5% confidence after four classifications and a further 21.4% of sequences could be retire
after sevenqupplementarylable 3.3). At the 99% confidence level, 34.7% of sequences
can be retired after five classificatiorssipplementaryable 3.3). The implication of these
analyses is that, on average, 7.2 classifications would be needed per sequence to retire the
with 97.5% confidence, while an average of 9.1 classifications are required for 99%
confidence. If algorithms for sequamretirement are sensitive to the species most likely to
be pictured, 88.1% or more of sequences containing highly recognizable species, such a
badgers, could be retired after just two classifications (with 97.5% confidence)
(supplementarylable 3.4). However, less recognizable species would need many more
classifications to instil confidenceypplementaryable 3.4). For example, only about 85%
of sequences classified as small rodents can be retired at 97.5% confidence even after s
classificationsgupplementaryrable 3.4).

3.5 Discussion

There is a trend for citizen science projects to crowdsource data classification. The
guestion of how proliferating projects can obtain confident classifications from a finite group
of contributors suggestlsdt more economic ways of utilizing user input would be beneficial.
Data from the MammalWeb project suggest that individual classifiers are typically highly
accurate and that a reliable consensus could be reached with approximately nine
classifications pesequence. Moreover, we show that greater economy could be obtained by
treating different species separately, and by discriminating between classifications that
conflict over the identity of the pictured species, and classifications suggesting no species i
present. Here, we discuss our results and their implications for crowdsourced image

classification, increasing the classification rate and Bogde mammal monitoring.

3.5.1 Implications for crowdsourced image classifications
The majority of MammalWeb's camze trap image classifications originated from
relatively few contributorssupplementaryigure 3.8), a pattern common among scientific

crowdsourcing effort¢§Sauermann and Franzoni 201%hat the top 10% of MammalWeb
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classfiers (fiSpotterg) contributed 84.9% of all classifications is comparable to the average
of 79% from a survey of seven projects on the Zooniverse citizen science platform
(Sauermann and Framai 2015)

Notably, Spotters who alsoel ped to depl oy camera traps (AT
more accurate in their classificatiofdgure 3.2A). This might beassumed to occur because
citizen scientists involved in both the data capture and classification stages of the project are
engaged to a higher levéHaklay 2013)than those involved only in classification.
Alternatively, it could reflect the fact that many Trappers are nature enthusrastshey
were recruited from a local natdpased organizatio{similar to Forrester et al. 2017)
However, the data show that this differenceesiprincipally because Trappers were more
accurate in classifying images captured by themseRigsire 3.2B). This is possibly due
to direct access to those images on their own computers, where they can be scrutinized to a
greater extent than on our website. It is also possible that these Tragpsimply more
familiar with the fauna at sites where they deployed camera traps, although the vertebrate
biota across North East England shows limited spatial variation.

We showed that the accuracy of voluniZentributed classifications is generalligi
(Figure 3.1). With only one classification indicating the presence of a species, the likelihood
is about 95% that the species is indeed presémiie 3.3). For a given sequence where the
species present is known, tgesitive rates are generally high, which also suggests high
accuracy Table 3.1). In spite of this accuracy, to confer higher confidence in consensus
classifications, multiple classifications are required per sequence. Specifically, without an
algorithm that distinguishes tveeen species, sequences in our dataset can be retired from
the classification pool after an average of 7.
9.1 classificat i supgeméntadrable@.Gisen that thereisssonye)  (
evidence that different types of classifications against the presence of a species may carry
different weight (and, in particular, that classifications for the radesef any species of
interest are generally less damaging to confidence than classifications for a different species;
Figure 3.5), more elaborate approaches accountfor the nature of dissent might
substantially improve these figures.

For some species, the number of classifications can be substantially reduced (e.g. 97.5%
confidence with just two classifications indicating the presence of a b&dgere 3.4); for
other species, however, larger numbers would be required and an early transfer to expert
classification might be preferableupplementaryable 3.4). Speciedevel differences were
also evident when differentiating the impacts from misidentification (i.e. theffalsive

identification of a species) or mistakenly stating thatamemal was present (i.e. false
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negative) Figure 3.5, supplementarf{igure 3.10 ,andTable 3.1). A good example of the
complications around false positives is given by brown haresfdthd that brown hares

are relatively poorly recognized in our dataset. In fact, they are commonly confused with
rabbits Qryctolagus cuniculys the more frequently occurring lagomorph in the region.
Although our analyses suggest that the majority glisaces containing rabbits could be
removed after only three or four classifications (depending on the desired confidence level),
this overlooks the possibility that brown hares might be of more interest, would need many
more classifications to compel caddnce, and could be overlooked if apparent rabbit
sequences are retired rapidly. More data would be required to assess this problem, especial
in relation to the specific probability with which hares are classified as rabbits (and the
resultant probabily that a sequence could achieve consensus on a rabbit being pictured,
even if a hare is the actual subject).

With these analyses, we illustrated the importance of considering (1) the entire
combination of classifications for the presence and absencspsgcées when calculating
consensus classifications, and (2) the potential usefulness of a Zpaxds approach to
doing so rather than applying a single algorithm to the entire dataset. An additional benefit
is that even though an animal may be maréess evident in different images, achieving
consensus for a sequence would let us retire all of its constituent images without needinc
consensus on each one.

One finding that might be very general to crowdsourced classifications is that far more
classifcations are required to classify with confidence a sequence having no subjects of
interest, than to classify with confidence a sequence that does contain animals. Indeed, fivi
or more uncontested classifications suggesting that a sequence is devoichts eneeded
to impart 97.5% confidence in that designatibig(re 3.4). That contrasts with the other
species considered iRigure 3.4, which require between two and three uncontested
classifications to give high confidence that they are actually present. As we noted above,
more efficient algorithms forcrowdsourcing reliable classifications should probably
discriminate between the weight attributed to disagreements over whether a species i

present and disagreements over the identity of a pictured species.

3.5.2 Increasing the classification rate

Our analysesuggest that a higher ratio of classifiers to images will be necessary before
MammalWeb can be expanded and expected to contribute to timely and informative
ecological analyses. In particular, our analyses suggest that, without distinguishing species
at least four or an average of 7.2 classifications will be required per sequence for 97.5%

confidence in consensus. In the first 120 weeks of the project, we accumulated new
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sequences at a rate of approximately 370 per week, and new sequence classifications at
rate of approximately 1,324 per week; this yields a ratio of approximately 3.6 classifications
per sequence. This suggests that one option to ensure that classifications keep pace with
accumulating image data is to increase our classifier pool bya fa#capproximately 2.5,

relative to the number of camera trappers. At present, we have approximately 3.5 classifiers
to every trapper, so this would need to increase to approximately 9:1. Such an increase
should inform any efforts to extend the reachh&f MammalWeb project and can be built

on existing work that seeks to understand citizen scientist motivations and to promote their
continued involvemeniEveleigh et al. 2014, Jennett et al. 2016, Wald et al. 2016, Everett
and Geoghegan 2016)

One alternative to increasing the relative size of the classifier pool is taragedigher
classification effort from existing users. Spe@gecific algorithms for sequence retirement
could be problematic in this regard. For example some of the more recognizable species in
our dataset are also some of the more charismatic. ¥ tbexguences are removed more
rapidly than others, the dataset could rapidly become biased towards less charismatic species,
more indistinct photos and images devoid of animals. Preliminary evidence from Snapshot
Serengeti suggests that moderate numbersagfes devoid of wildlife can actually increase
classifieengagement, by ensuring the relative rarity and novelty of wildlife im@mser
et al. 2015) In contrast, MammalWeb participants routinely cite an#resg images (about
41% of all sequences, based on gold standard classifications) as antiadestassification.

It would be useful to investigate the source of this difference in the reported impacts of blank
images on motivation. This may be related to the charisma of the animals being monitored,
whether a project involves citizen scientigtshioth data capture and classification, user
interface design or inaccuracies in Zelporting.

The importance of sequences devoid of animals is ckegure 3.4). Given the high
proportion (31.4% according to the gold standard) of blank sequences in our dataset (and
many other camera trap datasets), it is clear that the relatively low confidence with which
blank sequences can be classified will have a major impaitteoaverall speed at which
sequences can be retired without a spé&gpesific classification algorithm. Options for
reducing the proportion of blanks in the dataset include asking Trappénte are more
accurate at classifying their own imagég(re 3.2) i to pre&creen their data and remove
blanks before upload, or using an automated algorithm to do so (see further. below)

One further possibility for overcoming limitations t¢tassification effort is to use the
dataset to identify classifiers who have very high accuracy, giving a higher weighting to their

votes, or preferentially tasking them with classifying more difficult images. User skill level
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was accounted for in one dfd Bayesian consensus models by Siddharthan €0416)
requiring 3.2 classifications per image to achieve 91% confidence. Some crowdsourcing
platforms (e.g., van der Wal et al. 2016hclude automated checking and training
functionality with computefyenerated structured feedback for volunteers, which could help

to increase individual accuracy aratluce required numbers of classifications.

3.5.3 Implications for largeZcale mammal monitoring

In contrast to some other taxa, mammals have not been routinely monitored at a
community level in the UKBattersby and Greenwood 2004, Croft et al. 200R)er the
past two decades, mammals have been recorded by many of the volunteers who conduct tt
British Trust for Ornithology's (BTO) Breeding Bird Survey (BB®arris et al. 2016)
However, given the nocturnal habits and generally low detectability of many mammals, the
relatively short period dumg which the daytim#énly BBS is carried out means that many
species will be missed where they occur, and&ptzific changes could be highly subject
to stochasticity. Camera trapping would deliver a substantially richer picture of mammal
occurrence ingace and time and, ultimately, an approach like MammalWeb could be used
to monitor mammals at a national level. In spite of this, MammalWeb was deliberately
implemented at a local level to determine the feasibility of the approach. Our analyses
suggest thiathe approach taken by MammalWeb should be feasible with modest efforts to
increase the engagement or accuracy of existing classifiers, or the ratio of classifiers tc
images. The system could, consequently, be extendegt, at least given the current
approach, it would be important to increase recruitment of classifiers to a greater extent thar
recruitment of camera trappers.

More generally, mammal monitoring using camera traps continues to grow globally
(Rowcliffe and Carbone 2008nnd there are increasing calls for more systematic and
widespread approaches to the challef@genweg et al. 201L7Crowdsourcing image
classification is one solution to this challenge, and MammalWeb is one oalsghatforms
that engages citizens for wildlife image classification. Others include Instant(\icha
et al. 2016) Zooniverse(Simpson et al. 2014 eMammal(McShea et al. 2015)Spot
(Silvertown et al. 2015and BeeWatch{van der Wal et al. 2016While our findings
regarding accuracy for specifipexcies might not generalize to other platforms, the approach
to crowdsourcing classifications should.

There are several reasons why our approach might compare favourably to previous
algorithms, especially on a sped®gipecies basis. As previously dissed, our classifiers
are largely local to North East England and so are likely to be highly familiar with the small
number of species commonly occurring on camera traps in the area. This can be seen in tt
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high accuracy of their classificatiorsigure 3.1), especially from those who do the camera
trapping Eigure 3.2). Moreover, tassifiers on MammalWeb are shown entire sequences of
images, potentially benefiting from contextual information across the sequence. Whether
this provides a measurable benefit and, if so, to what extent, would be straightforward to
determine with a platfon that can easily be adjusted to show photos either individually or

in sequence. Overall, our requirement for as few as four classifications per sequence for
97.5% confidence (if an animal is present) shows greater achievable efficiency than
consensus atithms employed where efficiency is not a strong requirelf@manson et al.

2016)

Researchers frequently point to image classification as a major barrier to making best use
of their camera trapping data. As camera trapping increases in scope, the demand for citizen
scientists to assist witimage classification is also likely to increase. Whether supply can
keep pace with demand is unclear but it is likely that more and larger projects will compete
for a finite pool of classifiers, with projects focused on less charismatic or conseZyvation
relevant faunas struggling to meet demand. More refined approaches to training volunteers
and making use of their dafe.g., van der Wal et al. 2016hould help. In addition,
automated techniques to assist with image recognition may become necessary to alleviate
the classification challenge. This need will be even more pronounced as those running
camera trapping studies embrace more complex formsatysas, such as those requiring
animal speed and distance detectiBowcliffe et al. 2016, Howe et al. 201 Automated
solutions are starting to emerge but, so far, have been proprietagp@dtayomm), require
manual image pprocessingYu et al. 2013)or yield very high falséositive rategPrice
Tack et al. 2016)Whilst there is likely to be low transferability of spedkection
algorithms among studies, experience at MammalWeb provides a strong motivation for
change deiction algorithmgRadke et al. 20058imply to highlight (and remove) photos
unlikely to contain wildlife; as discussed above, this process could substantially reduce the
average number of clsifications required to retire sequences. Knowing the presence and
identity of wildlife within sequences could provide a dataset useful for training machine
learning algorithms that are under developnféhobom 2017, Norouzzadeh et al. 2018)

In summary, we believe MammalWeb has demonstrated the viability of a local citizen
scierce camera trapping project that can sustainably monitor wildlife. Importantly, we have
shown the benefits of considering species level differences when calculating consensus
classifications including the relative impacts from f#esitive and falséegaive
classifications. Our findings regarding the importance to retirement rates of reducing the

proportion offiblankd sequences in the dataset are highly likely to generalize across projects.
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Other differences from past citizen science projects, includvig\ing citizen scientists in
data capture and classification, the methods we used for crowdsourcing data classifications
and our insights into the use of sequelese! classifications to improve retirement rates of

photos, are also of value to futur@mitoring initiatives.
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3.7 Data accessibility

The data (crowdsourced classifications and gtdehdard photos) used in this article are
shared under the Creative Commons AttribufgirareAlike 4.0 license in this repository
(DOI: 10.176056sf.io/znm6Kk]: https://osf.io/znm6k/

The code used for analysing consenslassifications and producing the relevant figures

and tables is shared under the GNU GPLv3+ license in this git repository:
https://qgitlab.com/penyuan/consensus classifioat MammalWeb/

3.8 Supplementary information

Figure 3.6. A sequence of camera trap images taken in burst mode of a redulpe$ vulpes When shown

in isolation, the lefhand and middle images in this segae might achieve high levels of consensus regarding
their content. By contrast, the righind image would be hard to classify and might be subject to considerable
uncertainty regarding its focal subject.
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Table 3.2. Impact of separating classifications for absemjenfodel term into those for other speci€$ and
Positive @AI Cs (bold font)
andB terms is justified by the improved model fit.

blank B) .

model terms, AIC

Species P+A P+O+B Al
Badger 68.22 59.61 8.61
Blackbird 151.82 140.13 11.69
Domestic cat 57.52 52.97 4,55
Grey squirrel 348.5 320.61 27.89
Hedgehog 134 134.94 -0.94
Pheasant 65.79 66.84 -1.05
Rabbit 418.04 411.34 6.69
Red fox 122.1 96.05 26.05
Roe Deer 213.79 197.37 16.43
Small rodent 277.19 221.14 56.05
Wood pigeon 71.29 73.28 -1.99

indicate t@Gat i ncreasi

Table 3.3. Calculations for numbers of sequentesel classifications neededC) to achieve target
confidence level across the global pool of image sequences.

Target Classifications Needed Total Expected proportion
confidence  for absence ( A) classifications for classifications of sequences
threshold presence ( P) needed (CN)
0.975 0 4 4 0.429
1 6 7 0.214
2 7 9 0.149
3 9 12 0.072
Didn't match previous criteria 13 0.136
Weighted average number of votes 7.2
0.990 0 5 5 0.347
1 7 8 0.217
2 9 11 0.135
3 10 13 0.109
Didn't match previous criteria 14 0.192
Weighted average number of votes 9.1
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Table 3.4. Calculations numbers of sequeregel classifications neede€K) to achieve target confidence
level for commonlypictured species.

Target Classifications ~ Needed Total Expectgd
. . N L proportion
Species confidence  for absence classifications classifications of
threshold (A) for presence ( P) needed (CN)
sequences
Badger 0.975 0 2 2 0.881
1 2 3 0.108
2 3 5 0.009
3 4 7 0.001
Didn't match
previous criteria 8 0.0002
Weighted
average number
of votes 2.1
Blackbird 0 3 3 0.488
1 4 5 0.245
2 4 6 0.157
3 5 8 0.055
Didn't match
previous criteria 9 0.055
Weighted
average number
of votes 4.6
Domestic
cat 0 2 2 0.827
1 2 3 0.150
2 2 4 0.020
3 2 5 0.002
Didn't match
previous criteria 6 0.000
Weighted
average number
of votes 2.2
Grey
squirrel 0 3 3 0.679
1 4 5 0.217
2 5 7 0.069
3 6 9 0.023
Didn't match
previous criteria 10 0.012
Weighted
average number
of votes 3.9
Hedgehog 0 2 2 0.605
1 4 5 0.163
2 5 7 0.098
3 7 10 0.043
Didn't match
previous criteria 11 0.090
Weighted
average number
of votes 4.1
Pheasant 0 2 2 0.845
1 2 3 0.137
2 3 5 0.015
3 3 6 0.003
Didn't match
previous criteria 7 0.000
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Weighted
average number

of votes 2.2
Rabbit 0 3 3 0.618
1 4 5 0.234
2 5 7 0.089
3 6 9 0.035
Didn't match
previous criteria 10 0.025
Weighted
average number
of votes 4.2
Red fox 0 2 2 0.595
1 3 4 0.210
2 4 6 0.093
3 5 8 0.046
Didn't match
previous criteria 9 0.057
Weighted
average number
of votes 3.5
Roe Deer 0 2 2 0.818
1 2 3 0.156
2 3 5 0.020
3 3 6 0.005
Didn't match
previous criteria 7 0.001
Weighted
average number
of votes 2.2
Small
rodent 0 2 2 0.380
1 3 4 0.180
2 3 5 0.172
3 3 6 0.119
Didn't match
previous criteria 7 0.149
Weighted
average number
of votes 4.1
Target Classifications Needed Total Expectt_ad
. . A A proportion
Species confidence  for absence classifications classifications of
threshold (A) for presence ( P) needed (CN)
sequences
Badger 0.990 0 2 2 0.881
1 3 4 0.102
2 4 6 0.015
3 4 7 0.003
Didn't match
previous criteria 8 0.0003
Weighted
average number
of votes 2.3
Blackbird 0 4 4 0.384
1 5 6 0.257
2 5 7 0.192
3 6 9 0.078
Didn't match
previous criteria 10 0.089
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Weighted
average number

of votes 6.0
Domestic
cat 0 2 2 0.827
1 2 3 0.150
2 2 4 0.020
3 2 5 0.002
Didn't match
previous criteria 6 0.000
Weighted
average number
of votes 2.2
Grey
squirrel 0 4 4 0.597
1 5 6 0.254
2 6 8 0.095
3 7 10 0.035
Didn't match
previous criteria 11 0.020
Weighted
average number
of votes 5.2
Hedgehog 0 3 3 0.471
1 5 6 0.190
2 7 9 0.102
3 8 11 0.081
Didn't match
previous criteria 12 0.157
Weighted
average number
of votes 6.2
Pheasant 0 2 2 0.845
1 3 4 0.126
2 3 5 0.025
3 4 7 0.003
Didn't match
previous criteria 8 0.001
Weighted
average number
of votes 2.3
Rabbit 0 4 4 0.526
1 5 6 0.266
2 6 8 0.118
3 7 10 0.051
Didn't match
previous criteria 11 0.040
Weighted
average number
of votes 5.6
Red fox 0 3 3 0.459
1 4 5 0.243
2 5 7 0.128
3 6 9 0.071
Didn't match
previous criteria 10 0.099
Weighted
average number
ofvotes 5.1
Roe Deer 0 3 3 0.740
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1 3 4 0.212
2 3 5 0.041
3 3 6 0.006
Didn't match
previous criteria 7 0.001
Weighted
average number
of votes 3.3
Small
rodent 0 3 3 0.234
1 3 4 0.270
2 3 5 0.207
3 4 7 0.081
Didn't match
previous criteria 8 0.208
Weighted
average number
of votes 5.0
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Chapter 4 - School  students  conducting,
contributing to and communicating ecological
research 0 experiences of a school -university

partnership

Please note that this chapter (with the exception of this paragraph) has been submitted to
the journal School Science Reviews, received two positive peer reviews, and is undergoing
minor revisions. Full citationHsing, P-Y., L. Coghill, J. Ryder, M. Augt, S. Dooley, A.

Ellison, C. Fenwick, M. Garland, P. Humphrey, H. Proudlock, A. Robson, C. Steer, L.
Turnbull, R. Ascroft, and P. Stephens. 2018. Citizen scientists: School students conducting,
contributing to and communicating ecological researeRperiences of a schoalniversity

partnership. School Science Revigwmsreview.

4.1 Abstract

Started in nortkeast England in 2015, MammalWeb aims to improve our knowledge of
British mammals through the use of motere nsi ng ficamera trapso. Fun:
project is the involvement of local communities and individuals who act as citizen scientists.
They contribute to the collection and analysis of the camera trap photographic data. Here,
we jointly describe our experiences as a partnership between Belmont GaynSthool
and Durham University. School students became citizen scientists and ecological
ambassadors who took part in research and designed outreach materials for their local

community. We discuss what we learned and the resulting mutual benefits.

4.2 Intr oduction

Providing opportunities for school students to experience authentic science in an
academic research environment has been suggested to have positive (Hylaws et al.
2016) They include developing students6 | earning
proficiencies such as independencselfesteem, resilience, decistiomaking and
communication skill§European Union and SOCIENTIZE Consonrti 2014, Holman et al.
2016, Archer 2016) St udent s6 attitudes towards science
they become aware of STEM (science, technology, engineering, and mathematics) career
options, more consider pursuing a science cgkmres et al. 2016, Holman et al. 2016)
Such improvements are often more marked in students frontidreediy undefrepresented
groups(Jones et al. 2016, Holman et al. 2016 )xddition, althouly practical work in general

is not associated with any increase in science test s(@rganisation for Economic Co
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operation and Developent 2016, Hamlyn et al. 201 Higher science test scores have been
noted for students who reported doing more of their own design and execution of
experiments than for their peers who had not engaged in sudbdsekperimentatio@Jones

et al. 2016, Hamlyn et al. 2017A)s such, several organisations, including the Wellcome

Trust hitps://www.wellcome.ac.ul/ Nuffield Foundation

(https://www.nuffieldfoundation.ordy and Research in Schools

(http://www.researchinschools.oygadvoc#ée such independent research programmes. In

addition, a survey of 4,000 4B yearolds at statdunded schools in England identified that
58% would like to do more practical work (rising to 76% of thas a single science
programme) and 53% would be interested 1in h
(Hamlyn et al. 2Q7). This suggests that there is also an appetite among students for more
practical experiences.

Giving school students the opportunity to become citizen scientists, where they become
involved in the scientific process and actually contribute to resgigra means of enabling
people to become active participants in, andr@ators of, authentic scienflewin 1995,
Bonney et al. 2009, European Union and SOCIENTIZE Consortium 20ddged,
academic research is increasingly turning to citizen science for aid in data collection,
classificaton, or even analys€kKosmala et al. 2016 rowdsourcing data collection is just
one brm of citizen science, but it could be a way of involving people, making research more
democratic and potentially reducing the lag time between discovery and edeaipthe
Foldit project; Khatib et al. 2011)

Here, we present an example of school students as citizen scientists, who, through
collaborative partnership between Belmont Community School and Durham University
(both in Durham in nortieast England), contributed to real research while engaging their
local community in the science. Belmont Community School

(http://www.belmontschool.org.ukis a mixedsex, statdunded secondary school for-11

16-yearsolds, while Durham Universityn{tps://www.durham.ac.ukis a highlyselective

collegiate research university, consistently ranked in the top 10 in the United Kingdom (UK),
and top 100 worldwide.

North-east England has the lowest student participation in higher teslu@a the UK
(Higher Education Funding Council for EnglaB@17) and we wanted this partnership to
(1) expose students to reabrld science at a university and become aware of STEM career

options; (2) let teachers gain fiisand experience to reignite a passion for their subjects and

'n England and Wales, where students tak
combining Biol ®Pdiy,siChe mingdt rayc hameedvi ng one
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increase confidence aridhowledge when discussing real research in the classroom; (3)
allow researchers to crowdsource their science and broaden the impact of their work.

We believe our citizen science approach to a setowlersity partnership not only fulfils
those goals, budlso empowers studeritshrough enhanced science learning and outreach

i to be engaged citizens.

4.3 Citizen science ecological monitoring

The ecologybased citizen science project, MammalWeh(//www.MammalWeb.or),

was founded in 2015 by a team of ecologists in the Department of Biosciences at Durham

University and the local Durham Wildlife Trugit{ps://www.durhamwt.co.uk/ This was

In response to gaps in the monitgy of British wild mammalgCroft et al. 2017and as an
investigation into whether the success of citizen science surveys for other taxa (such as the

UK Annual Breeding Bird Surveyhttps://www.bto.org/volunteesurveys/bby/could be

replicaed for mammals.

Mammals are elusive and often nocturnal, making them difficult to track. As such, the
projectusesmotiece ensi ng fAcamera trapso to photograph
These cameras are set up and monitored by more than 70 citiretists, including
members of the public and schools. The citizen scientists upload the resultant images to the
online MammalWeb platform where anyone with an Internet connection can register to help
classify the animaldgure 4.1). As of March 2018, more th&b0000 images have been
submitted from 230 sites in the region, representing 42 cayeera of cumulative
monitoring. Of those, over 120,000 images havenbeassified at least once by the 273
active users on MammalWeb. We aim to aggregate input from multiple users for each image
into consensus classifications on which further ecological analyses can bdHsiagdet
al. 2018) These records are then also submitted to repositories including the Environmental
Records Informatin Centre for the Nortkast of England (ERIC Nordast:

http://www.ericnortheast.orgyk/ and so contribute to national

growing dataset could enhance understanding of our natur@deeby allowing analyses
of wildlife diversity and its changes across space and time, which is of critical importance

in light of rapid global environmental change.

80

d

(


http://www.mammalweb.org/
https://www.durhamwt.co.uk/
https://www.bto.org/volunteer-surveys/bbs/
http://www.ericnortheast.org.uk/

@& HOME ? ABOUT Q SPOTTER @ TRAPPER ¢ LOGOUT LEARN

Jsmmsl Web

What do you see?

You uploaded this!

Nothing @  Human & G Start @ Previous Next®  Next sequence ©
L VR = 11 o ecO
'

2
i

" - : sl
HCS00 HYPERF IRE
25/42

Figure 4.1. MammalWeb web interface faramera trap photo classification. Users choose from a scrollable
list of options representing which animals they think are in each image.

In addition to quantitative analyses, the data (in the form of classified camera trap photos)
collected by MammalWeltitizen scientists has led to civic engagement with tangible
management outcomes. For instance, Mr Roland Ascroft used camera traps on a reclaime
colliery site at New Brancepeth (in County Durham, England), gathering over 20,000 images
by the end of 2017n addition to submitting these images to MammalWeb, he found 12
species of land mammals including roe deeafdreolus capreolys Camerarap images
showed that roe deer are present yeand and reproduce on the site. The site has been
proposed as docal Nature Reserve, and the carreapping results can inform its
management.

On another occasion, a series of camera trap photos revealed the presence of a racco
(Procyon lotor which is not native to Britain) in nearby Sunderlaféy(re 4.2). Since
MammalWeb citizen scientists follow a specific camera trapping protocol that includes
careful recording of metadata (such as the precise date, time, and locatameria
deployments), the UK Department for Environment, Food and Rural Affairs (DEFRA) used
MammalWeb data to locate the raccoon and transferred it to a local zoo.

Through the partnership between Belmont Community School and MammalWeb, we
hoped that studésmwould experience contributing to tangible scientific outcomes like these,
and more importantly, take ownership of sharing this experience with their community.
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Figure 4.2. A nonnative raccoonKrocyon btor) as imaged by a motiesensing camera trap operated by a
MammalWeb citizen scientist.

4.4 Student citizen scientists

Several schools across England worked with MammalWeb researchers in deploying
camera traps and classifying photos. For example, the DuNikdtife Trust engaged with
several schools both at primary and secondary levels on the project and it was welcomed as
an extremely valuable method of engagement for the students in terms of the natural
environment and technology curriculum. However, iollaborating with Belmont
Community School, we were able to build a deeper, sustained relationship both for long
term ecological monitoring, and in providing distinct experiential learning opportunities to
a team of ten Year 9 students (aged14). The gal was to train, support and empower the
students as seed fAambassadorso who not only ¢
conducted their own ecological outreach within their community.

Throughout the academic year 2016, MammalWeb PhD studentYemHsing
(supported by Durham Universityéds outreach spe
School 6s science teacher and |-eeeklyviptstcti ti oner
the school. These aftschool, extrecurricular sessions were initiplfocused on widening
participation in the research, enabling the young people to gain an understandindjfef real
science, including basic training on the deployment of camera traps for wildlife monitoring
(Figure 4.3). Students were encouraged to consider factors including locatieuy setd
security, developing ownership over the trapping. In tandem, they researched local wildlife
and investigated alreaebaptued images on the MammalWeb platform. Support from a
British Ecological Society Outreach Grant

(https://www.britishecologicalsociety.org/funding/outreaghnts) enabled the team to
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visit a range of potenti al camera trappi
broaden the studentsd exposure to nature.
Meadows Nature Reserve (County Durham) where, diucihe students took control and
ownership of camera trap deployment. Other field trips included one to camera trapping sites
at the Durham University Botanic GardeAstimeline of the above activities are shown in
Table 4.1.

Table 4.1. Timeline of work with Belmont School students.

Dates Activity

11 October 2015 Outreach Grant received from the Britihological Society.

Late 2015/ end of spring Bi-weekly visits to Belmont School to work with student Mammal\

2016 citizen scientists. Camera trap deployments occurred near the school
this time.

19 March 2016 Studentdesigned MammalWeb aretology outreach activities delivered
the local Belmont Community Easter Fair.

47 5 July 2016 Field visits to the Durham Wildlife Trust Rainton Meadows nature res
and the Durham University Botanic Garden.

Mayi July 2017 Multiple visits to Belmoh School for further camera trapping. Filming
camera trapping work at Rainton Meadows (Jiudaly 2017).

September 2017 Designing outreach activities for Celebrate Science Festival.

24 October 2017 Delivered outreach at Celebrate Science Festival.

Figure 4.3. Student citizen scientists deploying motisansing camera traps in Rainton Meadows nature
reserve.
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4.5 What the student citizen scientists learned

This section is an edited account writtenthg student§ who are ceauthors of this
articlei regarding their experiences deploying camera traps at the Rainton Meadows Nature

Reserve where they obtained approximately 1,000 wildlife photos.

4.5.1 Finding a location for camera traps
During the first visitto Rainton Meadows, we scouted the reserve for suitable locations
for deploying our two camera traps. To make sure scientifically useful photos can be
obtained for MammalWeb, we set the following criteria for the environment in which we
position the camartraps:
1 Avoid places with substantial human activity which could disturb the monitoring
and since thefts of cameras were known to occur.
1 Consider which animals we were likely to observe in the area.
T Ensure the camerads f i oliagkordofvbranchesv i s not o
We selected a location in the woods near a stream and not viewable from the pedestrian
paths. Animal tracks and remains were spotted nearby including bones, faeces, tracks and
bird eggs. The cameras needed to be low to the growadige we believed most mammals
here are small and the cameradés | i mited range
camera is water resistant, we placed it under the canopy of trees to minimize exposure to the

elements.

4.5.2 Setting up a camera traps
Cameraraps require a strong and freestanding object to attach to (usually a tree or fence
post). In our case this was a strong tree about 3 m from a stream. Considering the height of
the animals likely to be in the environment, we placed our camera tragsejast knee
height.
To test the camerasd positioning, we initial!l
mode, a small red light on the camera flashes when an object moves in frord of it
identifying when a picture would be taken. Once satisfied withe camer as 6 angl es
armed them to take real photos. We then attached the cameras with a cable lock to the tree
trunk.
The camera traps we used (Reconyx HC500) employ an infrared motion sensor that
triggers when an animal passes by. Upon each triggeset the camera traps to take three
i mages in qguick succession (Aburst modeodo). The
and is ready to take more pictures. We left the camera for three weeks between 13 June and
04 July 2017.
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4.5.3 Expected findings

During the period of research in the weeks leading up to 13 June 2017 (the day in which
the camera traps were set at Rainton Meadows), we used information from previous
sightings and our knowledge of the type of environment found there (relating to tre habit
certain species require to live) to predict what types of animals we would be able to
photograph. Some examples of the species we predicted to find were: r@ppitelagus
cuniculug, deer, hedgehog&(inaceus europaesgrey squirrels §ciurus caolinensig,

and small rodents (e.g. rats, mice).

4.5.4 Collecting the camera traps

Upon collecting the cameras we uploaded their images onto a computer in order to
observe our findings. We were delighted to discover that a large amount of animals had beel
photogaphed, some of which were predicted beforehand. Multiple photos of rabbits,
hedgehogs and grey squirrels were captured on both of the cameras as well as some birt
(Figure 4.4). In addition, we were excited to find that multiple images of a red fox cub
(Vulpes vulpeswere taken on several different occasidrigifre 4.4). Even though it was
known that red foxes lived in Rainton Meadows, it was surprising to find them captured on
camera. The data can be used to predict the paths of the foxes, what timesettiegsa
routes and the activity they may be partaking in at these times.

201/7=07=01 5:10:13 PM M 3/ - » 18°C _201/7-06=14 1 AM M 1/3

HCS00 HYPER
2017-06-20

Figure 4.4. Animals observed with camera traps set up by Belmont Community School students. Clockwise
from top left: Rabbitgrey squirrel, red fox, and hedgehog. These photos have been uploaded to MammalWeb
for classification by other citizen scientists. The greyscale images were taken at nighlighi@enditions
using the camerabés infrared fl ash.
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4.6 Students as ecological am bassadors

Crucial to the project was the ambition to encourage the students to become ambassadors
for their research, engaging their own community. As such, latersafteol sessions
focused on facilitating ecblagicabautteack. mhissodokapl anni ng
studentled approach with school and university staff facilitating the process through a series
of games, activities and training sessions that encouraged the students to develop their
communication skills, taking considéera on of di fferent O6audienceso,
engagement techniques.

The students decided to concentrate engagement efforts in three areas: (1) the
development and delivery of interactive activities suitable for community events; (2) the
developmat of educational materials for schools and public; and (3) the production of a
short video to illustrate the project.

Commencing with the Belmont Easter Community Fair in March 2Bifufe 4.5), the
team (in sekdesigned-shirts) ran a stall of activities aiming to engage visitors about their
MammalWeb research and findings about local wildlife. The students demonstrated camera
trapping and got people involved itassifying images on the MammalWeb platform. They
found that an ani mal Apooo identifying game (w
from the British Ecological Society) was particularly successful in engaging people of
different ages, whilst their ammal Easter egg hunt absorbed younger children and their
peers. The team adapted their activities and have since contributed to several community
events including engaging over 2,000 people i1
Celebrate Science festivin October 2017Rigure 4.6). In addition to demonstrating the
use of camera traps and running the poo game at this festival, the students debuted an activity
theydeveloped where participants learned about animals through using stamps representing
their tracks. Evalwuation from the festival hi gl
visitors naming it as their favourite activity, and multiple commentsstaty t hat it was fAg

to see young people who are so knowledgeabl e a
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Figure 4.6. Studet ecological ambassadargaging visitors at the Celebrate Science festival in October 2017.

87



With support from the British Ecological Society, we worked with a local professional
filmmaker todocument these experiences, as well as illustrating the MammalWeb citizen
science project to a wider audience. The resultaninib@ite video is shared in full
(https://vimeo.com/23756527)5and 1.5minute versias (ttps://vimeo.com/237771257/

under the Creative Commons Attributi@mareAlike 4.0 license

4.7 Lessons learned from citizen science collaboration

between schools and universities

The core group of ten studentdo worked on the project were initially motivated by a
general interest in wildlife and a desire to see them in their natural habitat. After nearly two
years of working on MammalWetelated outreach activities, the key outcomes reported by
this group ofstudents were:

1 Considerable surprise about the diversity of wildlife that they were previously
Aobliviouso to.

T Excitement about participating in outdoors
outside the classroomo.

7 Satisfaction from contributing to @al and orgoing citizen science project with
broad impact.

1 Enjoyment from doing the above in their local community.

Through conversations with Mrs Julie Ryder, teachers at Belmont School noted:

1 Involvement in the Mammal Web project has raised pupil avesenf the
valuable contributions young people can make to research. The increased
understanding of the distribution of animals in the local area has been shared with
the school and the families of those involved, spreading the information through
the locd community and well beyond the core group of ten students.

1 Links made with Durham Universitly allowing pupils to work alongside and
contribute to research has opened up the idea of education beyond school and
the prospect of studying science at uniitgrs

1 The pupils involved developed a real teamwork approach to solving problems,
andshowedthat they are confident leaders and are able to interact with adults and
students across the school and the wider community.

1 Pupils have an increased enthusiasmpusue scienceelated subjects beyond
school, having broadened their experience of science related work. They feel

confident to take an active part in a range of community projects.
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T

Involvement in projects linked with Durham University is a vital pathefextra
curricular provisionthey can provide for our students. Opening a window of
opportunity fortheir students to work with the universityesucialif theyare to

increase the aspirations thieir students.

From the perspective of researchers athiam University:

T

Crowdsourcing the collection and processing of data is just one form of citizen
scienceandit is very helpful to researchers whose time and resources are limited.
When ecologists work with multiple schools, they can expanddographical
reach of their surveys. Also, if there is bimyfrom teachers, then school partners
can sustain ecological monitoring over longer periods of time when compared to
individual volunteers, building lorterm capacity.

Citizen science projects guas MammalWeb through education, outreach, and
empowering citizen scientisis demonstrate the broader impact of research at
universities.

In the WK, universities are subject to evaluation by the Research Excellence

Framework (REFhttps://www.ref.ac.uB/with broad implications for funding.

Citizen science projects allow scientists to demonstrate the impact of their
research outsideacademia which is one of the criteria in REFRwhilst
simultaneously collecting iportant research information.

Durham University has a stated goal of working more closely with the local
community. MammalWeb is a successful case study of how Durham University
researchers have achieved this with local citizens and students by joiningghe
co-creators of science.

Working in partnership with young people and teachers provides a different

perspective on the research, opening up new ideas and opportunities.

The project required a dedicated team to coordinate, and did experience delays anc

changes from the initial plans. From our experiences, we would advise the following if

embarking upon a similar project:

T

Identify dedicated key contacts from the school and the universigny
universities have outreach specialists which a teacher can contact to initiate this
process.
Take time to understand each other and get to know what everyone wants to
achieve. Be honest and understand what can be achieved, including discussinc
barrias and limitations such as time, staffing, budget and resources (and possible
solutions/ways to minimise).
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1 Agree how to communicate and maintain regular contact. Keeping each other
updated and informed of changes to staffing and activities ensures that the
programme can be adapted to suit all parties.

{1 Carefully consider time implications. Running something like this does take
additional time. We deliberately arranged our activities as an alternative science
club in order to reduce time/work pressures, aedugre able to prprovide all
documentation (e.g., risk assessments) to facilitate field visits.

1 Be aware of scheduling issues. The time pressures and academic schedules of
schools and universities do not always align. Include substantial buffer time to
deal with delays.

1 Be flexible. New opportunities can arise (such aspauticipationin the Easter
fair) and unforeseen circumstances (such as sickness) can hamper involvement.

1 Think carefully about the how the project is set s important that thetudents
can take ownership of the project and feel confident and empowered to contribute
to discussions and take action (within the limits of the project). It is important to
emphasise regularly that the project is a collaboration between all participants
that it involves reatesearch and is not just a classroom exercise, and that their
input is key. All involved adults should be made aware and supported with this
too to prevent a more didactic approach, which alters the group dynamic and can
impede fullparticipation.

1 For both the students and the wider group of citizen scientists contributing to
MammalWeb, a major motivator is that they are conducting ecological research
directly connected to their communities. This suggests that for a-dasaje
reseach project to involve schools, it is important to investigate and emphasise
local relevance in order to sustain interest.

71 Do consider what additional partners could contribute. For example, the British
Ecological SocietfBES) grant enabled the externabis by the school group
(which we were not able to fund internally), but the BES was also keen to support
through additional resources and training opportuniti@sgyanisations like
Research in Schools also promotes the integration of academic research i

primary and secondary education.

4.8 Conclusion and future plans

We believe the MammalWeb citizen science project exemplifies the fruitful partnerships
that can be formed between schools and universities. The mutual benefits and, in particular,

the observeimpact on the students as active, motivated, more confident learners, are felt to
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outweigh the time and organisational commitment required. The students are already
working on developing the project further and the school has activated new programmes fol
oo her groups with different organi sation
presented at international conferences of the European Citizen Science Association, th
British Ecological Society, and the Ecological Society of America. Insightsdj&iom the
crowdsourcing of data collection and classificati@ve beerpublished in peereviewed
ecological journalgHsing et al. 2018)In addition, MammalWeb has made contact with
interested schools in other areas of the UK and is working with the Great North Museum
Hancockin Newcastle, England on a schools outreacimpeship. We hope to develop the
learning from this project into a wider educational network for ecological monitoring to fill
the current gap in knowledge. Any school or teachers interested in this can contact us (emalil

info@mammalweb.ofgand potentially borrow a camera trap for use with their students.

One challenge to tackle is how to integrate-meaild sciencé such as the MammalWeb
citizen science projedt into the formal school curriculum if aftechool, extacurricular
activities are infeasible or not desired. This may involve a deeper discussion between
researchers and teachers on where and how that science can fit in. In the case c
MammalWeb, we believe it has the potential to complement the biology dumcand
possibly numerical skills (e.gstatistics) if data analyses are done as well. Through
understanding the design of camera traps and MammalWeb platform there are also importar
technology and computing aspects to this work. We are currently gewghactivity guides
for educators with this in mind.

This partnership has also prompted broader contact between other schools and Durhar
University. For example, the Ustinov Global Citizenship Programme at the University ran
an engagement event betweestgoaduate researchers and local teachers to develop joint
programmes for school pupils. This has already led to several Masters and PhD student
(with subjects from psychology to social sciences) visiting those schools to engage young
learners in the cuttg-edge research being conducted at Durham University. The benefits of
initial partnerships may thus be far reaching.

On the technical side, we are developing enhancements to the MammalWeb web platformn
to improve the user experience. One is the addifiornt@ractive data visualisations allowing
anyone to explore how observed wildlife ¢
feature allowing, for example, teachers to filter for and manage the photos and classifications
contributed by their sdents. These features will be introduced from-fgtel 2018.

We hope the MammalWeb case study can serve as a template for implementation of othe

successful schoalniversity partnerships.
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Chapter 5 - Handling uncertain detections and
discretising data in camera trap -based

occupancy modelling

5.1 Introduction

Reliably estimating animal populations is a key component of ecology and conservation
(Kéry and Royle 2015)This often involves measures of abundance which are time and
labour intensive to obtain, and may require the individual identification of animals (e.qg.,
mark-recapture methods). For terrestrial mammals, measakingdance can be difficult,
since they are frequently elusive and nocturnal, and occur at low densities.

Occupancy is a measure defined as the proportion of an area or group of sampling site
in which a species is present (also defined asptiobability that a site is occupied)
(MacKenzie et al. 2002)The process adstimating occupancy is based on repeated surveys
across multiple sites of interest where each survey determines the presence or absence o
target species. Occupancy can be useful when determining species richness and distributio
or as a surrogate fabundance for many research questions, such as when investigating
changes in a population, or the relationship between populations and spatial or tempora
covariateqge.g., Ahumada et al. 2013, Burton et al. 2015, Rovero and Spitale 2016, Rich et
al. 2017) Occupancy models account for the imperfect detection of a species, defined as its
probability of det e cstte gwan its(peesencé ar ethee aovarates |
(MacKenzie et al. 2002, 2003)Vhile the goabf many studies is to estimate occupancy,
detectability is itself sometimes of biological interest with regards to factors such as changes
in the physiological states of the animals, seasonal changes in behaviour (e.g., hibernatior
when an animal is preace but hard to detect), or as a function of clini@téllera-Arroita
et al. 2010)

Data from camer&rap surveys are frequently used for occupancy stBieton et al.

2015, Steenweg et a2017) This is because camera traps are-imvasive and can be
deployed with relative ease across multiple sites and for long durations. It is generally
assumed that the presence of a species can be confirmed as soon as a photo of it is captur
while its absence can be ascertained if no photos are obtained during the survey. Combinin
cameratrapping withoccupancy estimation is especially useful for monitoring terrestrial
mammalgMcCallum 2013, Burton et al. 2015, Rovero and Spitale 2016, Rich et al. 2017,
Bowler et al. 2017) This is because occupancy analysis does not require individual

recognition of animals (which is highly problematic for many mammals), long caraera tr
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deployments can detect rare or elusive species, and occupancy analyses considers the
possibility that an animal is not detected when present (which addresses the common
assumption that nedetection means absence when camera trapping).

Citizen science mjects have seen rapid growth as of late where, in their most common
form, the collection and classification of data are crowdsourced teprudessionals
(Silvertown 2009, Bonney et al. 2009) has the potential to tackle largeale ecological
monitoring needg¢Devictor et al. 201Q)and there are now several citizen science camera
trapping projects targeting mammé&vanson et al. 2015, McShea et al. 2015, Forrester et
al. 2017) MammalWeb is one such project where | partnered with local communities near
County Durham, England to deploy camera trap surveys to tmomild mammals. As
reported in Chapter 3, MammalWeb citizen scientists have, as of March 2018, classified
about 116,000 images out of 250,000 collected over more than 15,000 camera trap days
across 261 sites in the region. The MammalWeb project is eotdbhvolving citizen
scientists in both data collection and classification, while empowering them to design and
deliver outreach (Chapter 4) or even start their own ecological surveys (Chapter 6).

Since MammalWeb began in miD15, the majority of my wér has foased on
recruiting and organising the citizen scientists to carry out camera trap deployments. In
addition, | built on past work on crowdsourcing image classifica{insanson et al. 2016)
and developed a model which computes the probability a species is present in an image from
aggregatinguser classificationgHsing et al. 2018)These efforts have alreadyoguced
tangible conservation outcomiesuch as the capture of roative species or informing the
planning of a local nature reservéhere is a need to further explore the analytical tools to
which we can apply these consensus classifications. Anatpertant result is that we have
taken citizen science participation to a higher level not just through school partnerships, but
also members who have started their own ecological studies elsewhere in the country. Since
MammalWeb data is essentially deteatihistories (absence and presence) for all the sites
at which citizen scientists have deployed camera traps, in this chapter | will attempt to
address issues arising from usingwmalWeb data for occupancy analysis. They include
how to discretise cameraap data into discrete sampling occasions and the handling of
missing data in detection histories. Most importantly, | will explore the potential of utilising
consensus classifications (as discussed in Chaptea3nhaasure of uncertain detection, an
important topic when modelling occupan@iller et al. 211, Clement 2016, Guillera
Arroita et al. 2017and increasingly pertinent in light of the popularisation of crowdsourced
data classification and machine learning algorithms. For the rest of this introduction, | will

briefly expand on how | plan to adgss these three issues in this chapter.
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First, occupancy models assume repeated discrete preseswmece surveys called
sampling occasiorisacross multiple sites duringsampling seasofMacKenzie et al. 2002)
Camera trap deployments are inherently continuous surveys, and there is no establishe
guidance for diiding a deployment into discrete sampling occasions. While they are often
1-day long, some last for many weegksnkie et al. 2007, Ellis et al. 2014Rovero and
Spitale(2016)recommended thatas a general rulie discretising camera trap data into 1
day sampling occasions would be sufficient to achieve independence of detections. That is
within each 1day sampling occasion, a detection is recorded as long as there is at least one
photo of the target species. They tested discretising camera trajplitted by the TEAM
Network (Rovero et al. 2014y dividing 30daylong surveys into sampling occasions
between one and ten days long and fitting occupancy models to edétowreo and Bitale
2016) In this case, the estimated occupancy rates were not sensitive to different interval
lengths. However, it remains to be seen how broadly this recommendation can be generalise
In addition, since MammalWeb camera trap detections are anc@re., the probability an
animal is present derived from consensus classifications), discretising data into longer
sampling occasions might be justified since aggregating multiple uncertain detections would
increase the possibility that the species indsed detected.

Second, largascale camera trap studies can be financially burdensome and logistically
complex(Mackenzie and Royle 2005, Galvez et al. 20I®)ese practical limitations may
require, among several strategigeviewed in Mackenzie and Royle 200%)eploying
camera traps in a teroplly staggered fashion where only a subset of sites are surveyed at
a time(van Berkel 2014 p. 51Yhis is true in the case of MammalWeb, where only dlsma
subset (up to ~20) of the 261 sites have citizen scialgj@byed camera traps on a given
day. This means that for each site in a given study area, there will be missing data during th
sampling season, when no camera trap was deployed. The stacdaphrecy model
(MacKenzie et al. 2002anticipates the possiliy of missing data as defined here, and
simply discounts those sampling occasion
its effects on estimated occupancy.

Third, uncertain detections e.g., the possibility of incorrect species identificatio
during surveys may impact the reliability of downstream occupancy anéysifiera
Arroita et al. 2017)Uncertain detections might, for example, result from uneven observer
expertise or identifying species from proxies (such as scat or tracks). To deal with this issue
in one case of utilising opportunistic, crowdsourcethdar estimating wolf occupancy in
France, the size of the area to which a detection applies is scaled by the correspondini
observer 6s | (kouwiér etalf 2018)Xhisevayt wols adetections reported by
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untrained observers were effectively weighted less in the aocypmodel than those from
trained park rangers. However, this approach does not apply to uncertain detections from
cameratrapping which, at the simplest level, results from the often indistinct images of
animals that need to be identified. In additionrrent attempts to extend the standard
occupancy model to account for uncertain detections describe them using a discrete, multi
state term(Miller et al. 2011) However, in the case of crowdsourced camera trap image
classifications, uncertainty is measured as a contiswariablg the probability an animal

is preseni without an obvious, nearbitrary way to discretise into an ordinal term. This is
also true in light of recent advancements in machine learning algorithms for classifying
camera trap images which giveobabilities for detection confiden¢orouzzadeh et al.

2018) In this chapter, | test an appih where detection histories are resampled according

to their level of uncertainty (i.e., probability of correct classification) to construct confidence
intervals around occupancy estimates. This was done with both simulated data and that from
selected spcies observed as part of the MammalWeb project to estimate, for example, the
number of camera trap days needed to confidently ascertain the presence or absence of a

species.
5.2 Methods

5.2.1 Occupancy models

The analyses in this chapter are based on the starglagieseason, singlepecies
occupancy model developed by MacKenzie ef2002)which | will briefly describe here.
For a target species, we conduct an occupancy study ackisss, where each site is visited
on “Ydiscretesampling occasions/here a given survey method is applied. The timespan
encompassing all sampling occasions constitute the sansglsgrior occupancy analysis.
The resultingdetection history ﬁor each site’@ds recorded as a vector of 1s and Os (e.g.,
00101 for fve sampling occasions with two detections and threededections), or more
generally:

| o pichof8 iy

where’Q;  p € imcorresponding to detection or ndetection, respectively, on sampling
occasiono. Note'(%; as defined in thetandard occupancy model is a binary variable which
does not account for uncertainty in detections.

It is assumed that true species presence or absence within each site does not change during
the sampling season. That is, the sampling sites are closaetmigration, emigration,
mortality, or reproduction. Additionally, it is assumed that the species is never erroneously

detected (no falspositives) when absent, detections at one site are independent from those
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at other sites, and detectionghin a siteare also independent. Importantly, to account for
possible nordetections of a species when it is presentprtshability of detectionor
Adetectabilifyd) is denoted by

With the above, the likelihood of a given detection histh;f the target spmes at site

“(xan be represented as:

0ifJso o Ny p N IHQE D phohofB

And:
0i s m pHy mQE bR

wherel0  p € imdepending on the true presence or absence of the speciesQt si

The value of) is decided by the trueccupancy of the study area (encompassing all
sites), which can be defined as the proportion of all sites occupied by the species, or the
probability that sité(s occupied. Since the presence and alesehthe species is assumed
to be fixed within each site during the seasois therefore also assumed to be constant.

The goal of occupancy modelling is to compestimatef occupancy (denoted by)
and probability of detection (also referred todesectability, denoted biyjfor the target
species acrogs sites in the study area throug¥sampling occasions. For this purpose, the
primary dataset to be derived from the raw data collectedietextion matrixvhere each
row represents the detection hist(i\ﬁt siteQ

Ecologically, it is reasonable thatandr can be a function of other physical and
biological parameters. For occupancy analysis, they can be incorporated into the model a
site-level (e.g, camera trap model, habitat type or distance to roads) and obsetgagbn
covariates (i.e., those which may vary between sampling occasions, such as temperature
precipitation, or the presence of other spedigs)lcKenzie et al. 2002While important for
certain ecological questions, they were not the focuseofdirent analyses.

5.2.2 Discretisation of camera trap data

To examine the effects of varying sampling occasion lengths when discretising data, |
first simulated 200 detection matrices of 60 sampling occasions across 20 sites. During eac
simulation, | generated true occupancies at each site for three vajues aiphg g
(e.g., iff  ™& then four out of the 20 sites would be chosen at random to be occupied)
followed by generating detections across the 60 sampling occasions given three values o
detectability § 18t brihn® ). For example, a simulateltection matrix with ~ 1&,
n m&, 20 sites, and 30 sampling occasions would have approxintatelyi® o 1

T® ¢ Tdetections.
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Next, the 60 sampling occasions were discretdi
frameso of di ff eraeeadingfsamasee of fivd-noeans five comagriitive
sampling occasions (i.e., five camera trap days) were aggregated into one to infer whether
the species had been detectid for the reading frame was 1; this occurred if the animal
was recorded ag@sent during one or more of the five consecutive camera trap days) or not
(hit for the reading frame was 0, indicating that the animal was not recorded on any of the

five consecutive days). The resulting discretised detection matrix would-havep ¢

sanpling occasions. This discretisation was done for reading frame sizes corresponding to

all the positive factors of 60 excluding itself (i.e., 1, 2, 3, 4, 5, 6, 10, 12, 15, 20, and 30). This

was applied to all 200 simulated detection matrices. Next, éesspgcies, singlseason

occupancy model (implemented by teeu()f unct i on provi ded by the Aun
(Fiske and Chandler 2011 R) was then fitted to each detection matrix to estimaaad

nEUn other words, the nine combinationsf ofandr) each had 200 simulated detection

matrices (total 1,800 siahations) from whichi andnhvere calculated.

5.2.3 Effect of missing data on model estimates
To investigate the effect of temporally staggered camera trap deployments where only a
subset of sites is sampled on a given sampling occasion, | introduced vaopodipns of
missing data (0.1 to 0.8) into a detection matrix of 60 sampling occasions across 20 sites
with which to estimatg . For each proportion, this was done for four combinations of
™ andny T each with 200 simulated deteatiomatrices (total 800

simulations).

5.2.4 Resampling from uncertain detections

As described earlier, uncertain detections for the purpose of estimating occupancy may
arise from the indirect signs on which detections are based or, in the case of camera traps,
crowdsourced classifications or ambiguity in images. For this analysis, uncertain detections
were introduced by replacing 1s (detections) with probabilities of true detection (i.e., values
between O and 1 representing probability of correct classificatiothirwa simulated
detection matrix giveh  m@andrn & across 60 sampling occasions at 20 sites. This
was done four times (resulting in four Auncert
probabilities of correct classification were drawn frommmal distributions with meacf
T8 hrhriTeo , standard deviation 18t X, @nd capped at 1.0. The standard deviation
was chosen to approximate the distribution of probabilities of correct species detections
(derived from consensuses of crowdsourctsbsifications) in the MammalWeb citizen

science cameraapping projec{as described below and in Hsing et al. 2018)
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Each of the four uncertain detection matrices was resampled 200 times where eact
uncertain detection (probability obrrect classification) was the probability that it would be
converted to a Alo0 (otherwise it would b
detection of 0.9, it would be expected t
samples). Czupancy model estimatesfofandrhvere computed for each sample.

This approach of resampling from uncertain detections was also applied tensprigal
MammalWeb dataset. MammalWeb is an ongoing citizen science project ireastth
England whergatrticipants deploy camera traps and submit the resultant photos to our web

platform (ttp://www.MammalWeb.ord/ We require citizen scientists who deploy camera

traps to submit corresponding metadata indicatiegithe and location (among about 250
sites where they have deployed camera traps) at which images were taken. In a sense, tl
dataset of MammalWeb consensus classifications could be considered as a large occupan
detection matrix of 250 sites with acontiuous sampl i ng fAseasono
March 2018. However, this would likely violate the assumption of closure for occupancy
models, a point to which | shall return in the discussion. Registered users on the website ar
shown sequences of these ima@g@suped as those taken within 10 seconds of each other)
to classify. Each sequence of images is classified by multiple users. Between March 201¢
and March 2018, 265 registered users contributed 249,425 classifications of 40,709
sequences (115,944 images) A subset of 10,483 sequence
standardod to assess user accuracy for di
incorrect (which includes falsgositives and falseegatives) classifications for each
sequencé¢Hsing et al. 2018)

These sequences (i.e., those with both user and goldasfacthssifications) were
incorporated into a logistic regression model which was used to calculate consensus
classifications from user classifications of 30,583 image sequences without a gold standard
Each consensus classification gives the probabliay @ certain species has been correctly
detected in a sequence. fANothingo (i.e.,
and image sequences depicting the presence of more than one animal species wel
exceedingly rare and not included in thiglysis(Hsing et al. 2018)

For the current analysis, consensus sifemtions were first discretised into-dhy
sampling occasions. This meant that classifications from partial camera trap days were
excluded (e.g., if a camera trap was first deployed on an afternoon, classifications from tha
time until midnight were exaded) so that each sampling occasion represented a complete

calendar day. For a given species, all sequences with consensus classifications indicating i
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presence were aggregated such that the uncertainty of its detection for that sampling occasion

(i.e., camera trap day) is:
OMQOQOOMEE p 6

whereé is the consensus classification probability for image sequénté sequences

taken during that day.

Next, | extracted ten 60ay detection matrices (i.e.,-6y long sampling seans) where
at least 20 camera trap sites were represented for three animals observed in MammalWeb:
Grey squirrel $ciurus carolinens)s red fox {ulpes vulpes and roe deerQapreolus
capreolud. These matrices were selected to avoid overlap in timegmaximate the full
duration for which MammalWeb classifications were available (March 2015 to March 2018).
Each matrix was resampled 200 times to estimate meardnHising the method described
above, with consensus classifications acting as theureeatuncertainty.

With thenHoom each window and given that consensus classifications were discretised
into 1-day-long sampling occasions, | also estimated the number of camera trap days needed
to give a probabilityP = 0.95, of detecting that speciggven that it occurs in the area. This
value can guide how long we ask MammalWeb citizen scientists to deploy camera traps, and
was calculated by solving for the minimum number of dagsich that:

P p N O

To discern possible temporal patterns innviaal\Web data (which would suggest effects
from temporal sitdevel covariates), | extracted -®ldy detection matrices for badgbteles
mele$ detections beginning from June and December in 2015, 2016, and 2017 (six matrices
total). The spread of andriHvtom 200 samples of each matrix were compared for this
species, which is known to be less active (and, hence, presumably less detectible) during
winter.

All analyses in this chapter were implemented in R(B.®ore Team 201 #unning in
RStudio 1.1(RStudio Team 2018yvith the packages unmarkdtbr fitting occupancy
models, kske and Chandler 201 %)dyverse(Wickham and RStudio Team 201 W)bridate
(Grolemund and Wickham 201 Ipagrittr(Bache and Wickham 2014and writexl(Ooms
and McNamara 2018YT he starting date, number of sites, and proportion of missing data for
each window used for the above analyses on MammalWeb data can be found in

supplementaryfable 5.2.
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5.3 Results

5.3.1 Discretisation of camera trap data

For each combination of simulation parameters (truandn), the mean estimated
occupancy[() from 200 simulated detection matrices was congruent wélirtie value.
This was true across all discretisation frame siEggufe 5.1). In addition, the variance of
[ andrHacreased with frame sizand for low values oftrue[ andr). Note that whilejHu
appeared to diverge fromat larger frame sizes, it was not inaccuzgese Instead, this
was the result of aggregatingacross many sampling occasions such that:

Fep o n

where ||- is the estimated detectability for the reading frame'‘@m&l the number of pre
discretisation sampling occasions (e.g., camera trap days) that fall into each reading frame
Intuitively, this makes sense as the probability of detecting an elusive anonéd be
higher across many sampling occasions instead of one. For exaniple, @trandn
T8t Y the simulation results iff ¢ @ which is expected given the description above.

Thereforefhvere accurate at each frame size.
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Figure 5.1. Mean estimated occupancies drey points) were robust against varying data discretisation frame
sizes, while mean estimated detection probabilitighldck points) increased with frame size in linghw
expectation. However, the variance of both estimates was greater for low value$ oatrdg (e.g.] T,
18t Y and increases with frame size. Vertical lines for each pointhrgandard deviation. Data from
nine combinations of trye andr), each with 200 simulated detection matrices (total 1,800 simulations).
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5.3.2 Effect of missing data on model estimates

After introducing varying proportions of missing data in a detection matrix, the accuracy
and variance of estimated occupancie¥ Were msitively related to trug andn (Figure
5.2). This was especially clear when true detection probability wasrjow1t®), where’
would substantially diverge from with proportions of missing data higher than about 0.6.
In cases where both andr were greater than 0.1, remained accurate even with up to

80% of data missing in the detection matrix.
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Figure 5.2. Mean estimates of occupangy)(were sensitive to high proportions of missing data when true
occupancy and deteésh probability were low (e.gr, T, T@®). Vertical lines crossing data points are

+1 standard deviation. Data from 200 simulations of detection matrices for each proportion and combination
of[ andn (total 800 simulations).

5.3.3 Resampling from uncertain detections

Estimates of occupancly | were clustered closely around the true value (T@®) at all
levels of uncertain detection in simulated ddtagyre 5.3). However, there were more
outliers when uncertainty was high (i.e., mean probability of correct classification is low).
The variance of estimated detection probabilitiggu(vas greater than that fpr but
decreased with higher mean probabilities of tregection Figure 5.3). Similar to when
discretising simulated dataHwere also accurate given how the resampling approach

incorporates uncertain detections. For repke, Nt @ yfor when mean probability of
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correct classification was 0.9 Figure 5.3. Here,nhs, in effect, the true detectability (
¢ 81 multiplied by the mean probability of correct classification (0.9). Hence, the resampling

method presented here was indeed accuratgdiiven uncertain detections.

Estimated detection probability (ﬁ) Estimated occupancy (lﬁ)
0.3~ + —— ™~
e .

Parameter estimates

I

0.1-

0.4 0.6 0.8 0.9 0.4 0.6 0.8 0.9
Mean probability of correct classification

Figure 5.3. Both estimated occupancy | and estimated detection probabilityh{iwere robust against
uncertain detections. Each box plot represents parameter estimate20aesamples of a detection matrix
(generated from @ andr] T&) with detections replaced by uncertain detections (i.e., probabilities of
correct classification) drawn from normal distributions with meihs 1@ h@hr®iTdo and capped at 1.0.

When the resampling approach was applied to MammalWeb consensus classifications
(which are measures of the probability of correct classifications) of three species, mean
estimated occupancigs ) largely fell between 0.5 and 0.6, but were highly vari&xeed
fox (Figure 5.4). For all three species, mean estimated detection probabitjjie®(e lower
than 0.3 and the variances giflvere low (with standard deviahs, T8t @) The
proportion of missing data for the detection matrices used here generally fell between 0.4
and 0.6 (supplementaiable 5.2).
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Figure 5.4. Box plots of mean occupancy model estimates of detection probafiian¢l occupancy () for

three species seen on MammalWeb. Each mean was derived from 200 resamples from an uncertain detection
matix made of MammalWeb consensus classifications. Ten detection matrices were drawn for each species
across novoverlapping 6eday time windows. Standard deviations of the mean estimajearé indicated

above each box plot.

With meannHor each speciesnd a desired confidence level @f 1@y | calculated
the number of day¥Q) needed for a camera trap to detect the three spé&aiele6.1). Grey
squirrels needyn average, only a 12.3 day camera trap deployment for detection, while the
red fox requires almost two montid ( v & days). In addition, the standard deviation of

the estimate for red fox is 28.4 days, far greater than that of the other two species.

Table 5.1. Estimated mean number of camera trap d@)sieeded to detect a species at a confidence level of
0 180 v Derived from estimated mean detection probabilitigfiom resampling MammalWeb consensus
classifications from 10 6@aylong detection matrices.

Species Mean time to detection ( ) Standard deviation

Grey squirrel 12.3 3.2
Red fox 53.5 28.4
Roe Deer 22.4 5.9

When comparing occupancy model estimates based on badger consensus classifications,
the proportion of missing data for the June 2015 window was deemed too high (0.809, see
supplementaryfable 5.2) and was excluded from analysis. For the other five detection

matrices (beginning December 2015, and June and December in 2016 and 2017), there was
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no clear seasonal patterri tqFigure 5.5). While estimated detection probabilitiegijvere
slightly higher in June of 2016 and 2017 when compared to the winter months, all values of
[ andnHyere generally low. Lastly, with the exceptionfoffor December 2015, the
variances of alfHu @) and[ (mostly T1@&) were very low after 20@esamples of their
respective detection matrices. On average, the detection matrices of badger data represent
28 camera trapping sites (supplementdigble 5.2). However, the number of sites
represented in each detection matrix did vary considerably, from 17 to 42.

Estimated detection probability (6) Estimated occupancy (li\J)

0.20 - L

w
(] [ ]
= .
[ ]
£ 015 . | -
=
w
(] [ )
—
2 .
£
o 0.10- Y
<
[ ]
o
& ]
)
— i o
[ ]
0.05-
E— —
[ ]
®
] 1 1 1 ] 1 ] 1 1] 1
_ _ _ _ _ _ _ _ _ _
S S S S S S S S S S
(o} w [aV] [{e] o] [aV] w0 (o} w [aV]
- < - < - N < i < -
w [(e] w M~ M~ wn w [(e] ~ ~
© © © ~ = © © © ~ r~
o o o o o o o o o o
(o} (o} [aV] (o] o] [aV] (V] (o} (o} [aV]
Date

Figure 5.5. Estimates of badger occupancy and detection probabilign@ifjifor detection matrices kan
from 60-day windows starting in June and December of 2016, and 2017 plus December 2015. The horizontal

axis is comprised of the starting dates (YY~¥AM -DD) of the six 66day detection matrices from which 200
samples were drawn.

5.4 Discussion

Cameratrapping surveys are often deployed to provide data for estimating occupancy
(e.g., Burton et al. 2015, Galvez et al. 2016, Rich et al. 20hi§ chapter investigated three
issues common to such studies: a lack of wsihblished guidelines on how to discretise
camera trap observations into discrete sampling occasions; possible effects of missing dat
on model estimates; and handling uncertitections, specifically when crowdsourcing

image classifications. Through simulations | performed, | showed that the accuracy of

estimated parameters @ndrHwere generally robust against different discretisation frame
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sizes and proportions of misgidata, but their variances were not. | also showed tlaaud

nktan be reliably estimated given uncertain detections via resampling, such as uncertainty
arising from crowdsourced camera trap images classifications. In addition, | applied the
resamplingnethod to data collected by the MammalWeb citizen science project to estimate
camera trap deployment times needed to confidently detect three species, plus observing a
lack of clear seasonal variations in badger occupancy. For the rest of this chagiter, | w
discuss the findings with respect to occupancy modelling and practical considerations when
conducting citizen science camera trapping. Specifically, (1) camera trap data should be
discretised to -day long sampling occasions, which is especially ingmarivhen there is a

high proportion of missing data; (2) the resampling approach is useful for occupancy
modelling especially when uncertainty in detections can be measured as a probability; and
(3) citizen science camera trapping should, at least in itbe ghase, strive for longer
deployments at fewer sites to more precisely estimate detectability, which would inform

guidelines on minimum deployment durations for a wideraatl

5.4.1 Discretisation of camera trap data

There is currently a dearth of clear guidelines or studies on how to discretise continuous
camera trap observations for occupancy model(lRgvero and Spitale 2016)n this
analysis, Isimulated occupancy detection matrices using different input parametansl (
N and discretised using a wide range of fAreadi
(I andnhuwere estimated. These simulations supported, amgbrglised, the pattern
observed by Rovero and Spitd016)in a camera trap dataset collected by the TEAM
network. Namely, therecisionof both[ andnHecreased with largerdmes, and was
especially pronounced whénandn were low (e.g., T®). This result is reasonable
because discretising data using larger reading frames reduces the effective number of
sampling occasions on which estimates can be based.

In contrast to lege reading frame®.g., two weeks, Linkie et al. 20QGuilleraArroita
et al.(2011)proposed treating detection history as a continuous, rather than discrete, process.
They successfully piloted this approach on data collected fremirinsects, and suggested
the possibility of its application to camera trap data. However, | am not aware of this being
tested with camera trapping, and given existing concern that many animals move back and
forth in front of a camera trgjfRovero and Spitale 2016)o discretisation at all might result
in clusters of noAndependent detections. In other words, reading frames which are too short
may also be problertia. This can be a venue for future investigations.

Another motivation for this analysis was to explore the possibility of reducing uncertainty

in detectionsi such as those from consensus crowdsourced image classifications
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aggregating them into largeeading frames. In light of the above discussion, | do not
recommend doing so. The probability of a consensus classification being correct is generally
high for most species observed on Mammat\W€hapter 3and similar projects such as
Snapshot SerenggiSwanson et al. 2015, 2018)hroughout this thesis, | have discussed
methods for increasg engagement to sustain crowdsourced classifications, including
technical means, such as directing classifiers to image sequences needing mor
classifications (instead of randomly) to increase confidence (or to retire them for expert
adjudication). | beéve those methods would be more desirable than sacrificing the precision
of [ with larger (and fewer) reading frames. Therefore, given the current analysis, | believe
it is reasonable to maintain the common practise -daytlong reading frames when

disaetising camera trap data.

5.4.2 Effect of missing data on model estimates

Past work has addressed the optimal design of camera trap surveys in light of limited
resourcegMackenzie and Royle 2005, Galvez et al. 20H8)d one strategy is to deploy
camera traps in a temporally staggered fashion such that only a subset of sites are surveyze
on any sampling occasi@uan Berkel 2014 p. 51Yhe current work builds on that strategy
by examining the effect of missing data in the resultant detection matrices. The anadysis her
revealed that unless the true detection probability of a species is lown(e.gip),
estimates of mean occupanc¢y) (remained largely accurate despite high proportions (i.e.,
up to 0.7 whem 1) of missing data in a detection matrix. Effectivatyissing data is
analogous to reducing the number of camera trap days in a sampling seas@mplea
60-day sampling seasomight be reduced t84 effective camera tragays if60% of the
detection matrix is missing data

The reality of missinglata, whether from temporally staggered camera trap deployments
or other logistical constraints, has important implications for discretising camera trap data
with large reading frames. This is because incomplete reading frames will need to be
excluded fromanalysis when discretising data. For example, if a detection historyldf®0
(whefiedéinotes a missed sampling occasion
reading frame of size two, then the resulting detection history would bariil theletection
on the original fourth sampling occasion would be excluded. This is another reason for

keeping reading frames to one day for camera trap data.

5.4.3 Resampling from uncertain detections
The majority of existing work on using camera trapping data foumancy analyses
assumes detection as a binary variable: detection edetttion. However, the reality is

that detections are often uncertain and need to be addressed in order to produce unbias
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occupancy estimatgdcClintock et al. 2010, Clement 2016, Guillekaroita et al. 2017)

In this study, | built on the fact that data classificatiogpecifically that of camera trap
imagesi is now often crowdsourcg@wanson et al. 2016, Hsing et al. 2Q0I8)is process
provides consensus classifications which can act as probabilities of true detection in an
A unc e r tecian matrix.Resampling from these data enables fuller acknowledgement
and utilisation of the uncertainty around estimated model parameters. In the simulations of
this chapter, mean estimated occupancy ratgsgmained accurate and precise even with
low confidence in consensus classifications (i.e., low probability of correct classification).
This is reassuring because even without calculating consensus classsicthhe accuracy

of MammalWeb user classifications is already above 90% for mosesp@&iapter 3). In
addition, while estimated detectabilityjfthas higher variances, they were also aceurat
given their corresponding levels of uncertainty.

One limitation of the current simulations is that the possibility of false positives was not
corsidered, i.e., the incorrect detection of an animal when it is absent (which could be
misidentification or true absence). This is important, because it has been demonstrated that
false positives can significantly bias estimates of occupdRoyle and Link 2006,
McClintock et al. 2010)Future work could usefully assess this by introducing detections
with varying falsepositive rates into the existing implementation of tle@gard occupancy
model. For instance, consider a simulated l-@etnent occupancy detection matrix
consisting of 40 sampling occasions (e.g., camera trap days) across 30 sites wgtit
true-positive detections of the target species. The false posiiecar this species 1Q
@ (i.e., 30% of purported detections of the target species are incorrect). Of the 1,140 non
detections in the matrix, randomly convérelements to possible detections whére
EQonrm p Y Therefore, t hpeo stsotbdle o nWdmlberct odbnsi (
possible false positives) in this detection matri¥is € 6 x WThe value for each
possible detectiod would be drawn from the distribution of confidences in consensus
classifications front . With this detection matrixone could then apply the resampling
approach as described earlier. This way, the current simulations can be expanded to explore
the impact of varying probabilities of falp®sitives. Fortunately, the logistic regression
model used to compute consendassifications for MammalWeb data alreadgorporates
the possibility of falsepositive detections (i.e., mistaken identification, see Chapter 3).
Therefore, falsgositives should not have had an additional impact on the agoofracin
the analyses dflammalWeb data discussed below.

Miller et al. (2011) developed an extension to the standard occupancy model with an
additional ordinal term representing observational states corresponding to different levels of
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uncertain detection (including false positives). This model suasessfully tested against
reatworld data collected from anuran call surveys. However, the sampling protocol of the
anuran call survey specifically categorised observations into discrete classes that directly
mapped to Mill er e states.|For@rswdsowded damperaetrapdneagee
classifications, uncertainty is measured as a continuous variable and there is no clear, nor
arbitrary way to discretise it into discrete detection states. In comparison, the resampling
approach studied here ugis the full range of uncertainty, and has the benefit of using just
the standard occupancy modklacKenzie et al. 2002)

With regards to the real MammalWeb data used in this analysis, it was noted earlier that
it is essentially one large detection matrix encompassing all sites at which citizen scientists
have deplged camera traps between 2015 and 2018. Treating it as such would almost
certainly violate the standard occupancy
However, this may be acceptable if the goal is to simply assess average occupancy acros
the region of interest (County Durham in the case of MammalWeb), allowing for changes in
abundance, distribution, and behaviour within the region during that time period. Evidence
for occupancy variations within this thrgear dataset can be seen through tiaysis (via
resampling from uncertain detections) on the four species analysed.

One example suggesting a role for covariates is the red fox. Most of-they @letection
matrices for red fox used in this analysis had proportions of missing data leg3.5han
(supplementaryrable 5.2), which meant that the model estimates were generally reliable.
These results showed thatwas highly variable from less than 0.4 to 1.0, suggesting
substantial variation between the detection matrices. To investigate this variation, the nex
steps would be to consider siend observatiotevel covariates in the occupancy model.
Fortunately,collecting this data has been required of MammalWeb citizen scientists since
the beginning of the project (as debed in Chapter 2).nl contrast, the variance [offor
the other three species, especially the grey squirrel, was small. This shows mhaitbve
these first steps towards applying MammalWeb data for occupancy analyses, we can alread
discern differences between species. Of these four species, | analysed badger data drav
from the summer and winter seasons between 2015 and 2017, but wastardibtern a
clear temporal pattern despite very precise estimates of battnHin this case, while
was not highly variable, the number of sites each detection represented varied greatly
between 17 and 42, but | did not track how many times siéelwas represented in each
detection matrix. The badger example suggests to me that, with the current analyses, it ma
be difficult to conduct speciespecific analyses without consideringn addition to the site

and observatiotevel covariates meioined above which sites are represented in each
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detection matrix, how many are repeated between the matrices, and whether these sites are
representative of the wider region in the context of a specific ecological question.

One practical issue for a ciéim science cameteapping project such as MammalWeb is
when the detectability of a species is very low. For the red fox, we can see that the standard
deviation of the estimated number of dag (ieeded to confidently ascertain its presence
(or absencejs more than four weeks. This is likely because the relationship between the
estimated number of days anids not linear. For small values gffsuch as the case with
red fox), small changes will have a disproportionally large impa&.orherefore, ér low
detectability species, a more targeted and systematic camera trap survey should provide a
more precisely estimatgWhilenhtUs s omet i mes considered a finui sa
secondary t¢ (Rovero and Spitale 2016}t can be of practical value when designing
surveys(GuilleraArroita et al. 201Q) For example, preciggivould allow us to provide
guidance on minimum camera trap deployment durations when training citizen scientists.
This is important for the MammalWeb project since, as discussed ineCi3apite currently
highly localised reach of our monitoring and relatively toharismatic nature of the species
observed require more economical use of resources, which include camera trap deployment
time. Ecologicallyf) may also be of interest as id be a function of variables such as

season, weather, or even reproducf{B®est and Petersen 1982, Guillgeoita et al. 201Q)

5.4.4 Broader implications

For the MammalWeb project, we can discern general occupancy statuses for the species
analysed in this chapter on the level of Durham, England. For exampheathmal species
in this region are not endangered or considered rare, which is reflectddrigrey squirrels,
red foxes, and roe deer. Howeverwas lower for badgers, which is an important finding
considering the long history of controversy regardi t he badger ds role i n
bovine tuberculosis in Britaife.g., Anderson and Trewhella 1985, Cassidy 2012, Stokstad
2017) Another result was thattvere low for all four species considered. We also know that
some of the other species obst in MammalWeb, such as hedgehogs, are easily missed
even when present in an image (i.e., common faégmtive detections implying loW).
This is of practical importance, since it suggests that MammalWeb citizen scientists should
be guided to priorise longer camera trap deployments over deployments at more sites, the
data from which can be used to estimgtore precisely. And since MammalWeb species
are not rare species, this is in line with the established recommendation that for more
common spees, it is more efficient to survey fewer sites on more sampling occasions
(Mackenzie and Royle 20035 addition, a clear next step for applying occupancy analysis

to MammalWeb data would be to consider covariates (which are recordedizan
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scientists). | hypothesise that such analyses will provide insight into developing guidance on
site selection in this developed and patchy landscape, or reveal limits to the proposec
resampling method not observed in this chapter.

In addition to cenera trapping, other survey methods also produce uncertain detections
(Wilson and Delahay 2001, Sutherland 201his is especially true of methods relying on
indirect signs. Species misidentification has been documented for approaches as diverse ¢
detecting avian and anuran species from their c@sClintock et al. 2010jo re®rding
carnivore presence on the basis of scat sanfidlzsnacharya et al. 2012 p. 1Thus, the
analysis and proposed resampling approachritbesthere could be more broadly applied
to data collected via other means to incorporate uncertain detections into estimating
occupancy. This would require methods to quantify uncertainty for a given survey method,
such as by pairing it with another supviechnique(Clare et al. 2017)Alternatively, the
accuracy of indirect signs can be checked directly, such as through DNA sequencing of sca
or hair samplegEggert et al. 2003, Karmacharya et al. 2012, Clare et al. 2Qe
uncertainty has been determined as a continuous variable, then the resampling metho
described here could be applied.

In summary, in this chapter | cdacted a series of simulations to explore three issues
pertaining to applying occupancy analysis to camera trap data: data discretisation, missing
data, and uncertain detections. The results show thatagy Window is likely appropriate
when discretisingamera trap data, missing data should be considered in terms of the number
of effective sampling occasions, and a resampling approach can be useful when uncertai
detections are measured as a continuous variable. When applied to the MammalWeb citize
scierce projects, the analysis so far showed general trends in occupancy for the County
Durham region in which the project takes place, and that spegiglsand finerscale
analyses will require the inclusion of sitnd observatiofevel covariates in thecoupancy
model. Importantly, occupancy estimates were resilient to a wide range of uncertain
detections and the resampling method has the potential to be more broadly applied to othe
crowdsourced camera trap image classification efforts. This methodhlaall be useful
considering the increasing popularity of applying machine learning algorithms to
automatically classify images, which measures uncertainty on the same continuous scals
(Norouzzadeh et al. 2018, Sullivana&t2018)

5.5 Supplementary information

Table 5.2. Occupancy detection matrices extracted from MammalWeb consensus classifications for four
species. Each represents ad#y window starting on a given datetlween March 2015 and March 2018. The
number of sites indicate the number of citizen scientist monitored sites with camera trap deployments during
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that time window. Proportion missing data represents the amount of camera trap days (across all sites) during
which no camera was deployed.

Window start date Number  Proportion

Species (YYYY-MM-DD) of sites missing data
Red fox 2015-12-25 36 0.517
2016-02-28 31 0.452
2016-05-02 39 0.522
2016-07-09 28 0.521
2016-09-15 31 0.472
2016-11-19 22 0.485
2017-01-19 33 0.432
2017-04-13 27 0.623
2017-09-14 23 0.387
2017-11-16 20 0.392
Roe deer 2015-11-16 43 0.534
2016-01-30 37 0.568
2016-04-07 41 0.521
2016-06-09 28 0.533
2016-09-24 32 0.475
2016-12-09 29 0.571
2017-02-11 36 0.495
2017-05-02 27 0.66
2017-07-08 22 0.692
2017-09-13 23 0.388
Grey squirrel 2015-11-03 48 0.58
2016-02-05 36 0.567
2016-04-07 41 0.521
2016-06-10 28 0.536
2016-09-14 31 0.475
2016-11-24 22 0.498
2017-02-01 37 0.477
2017-04-21 26 0.629
2017-07-16 21 0.625
2017-09-17 23 0.387
Badger 2015-06-01 37 0.809
2015-12-01 42 0.537
2016-06-01 34 0.582
2016-12-01 28 0.592
2017-06-01 17 0.604
2017-12-01 20 0.454
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Chapter 6 - General d iscussion

As mentioned throughout this thesis, anthropogenic impact on global ecosystems
(Butchart et al. 2010have not only led to the defaunation of the plgbatzo et al. 2014)
but also the loss of ecosystem servicesiattic human livelihoodéMillennium Ecosystem
Assessment 2005, Diaz et al. 2006, Perrings et al. 20kizen sciencéAmano et al. 2016)
and the use of motiesensing camera tragBurton et al. 2015, Steenweg et al. 20ai®
two proposed methods to address the need for monitoring biodiversitylavgeascale
(Fischer et al. 2010, Stephens et al. 201I%)eed, the combination of the two has been
attenpted where citizen scientists helped professional ecologists deploy camera traps
(McShea et al. 20)%r classify image¢Swanson etal. 2015) In the United Kingdoma
historically-prominent crowdsourced ecological data collection programme has been the
Breeding Bird Survey organised by the British Trust for Ornithology
(https://lwww.bto.org/volunteesurveys/bbsge.g., Harris et al. 2016)lo our knowledge,
there was no analogous initiative for monitoring wild mammals in Britain, but citizen science
cameratrapping has been successfully trialled for that purpose in North Anferathe
eMammal project, McShea dt 2015) Motivated by examplesuch as theseve have been
piloting 7 since 2015i the MammalWeb citizen science project to crowdsource the
collection and classification of camera trap data in rea$t EnglandThe ongoing influx
of photographic datémore than 250,000 imageis)collaboratively classified by registered
users of our online platfornitp://www.MammalWeb.org This isnot onlyto explore the
potential of the MammalWeb model to achieve lasgde ecological monitoring, but also
engaging citizen scientists in a larger part of the scientific process. The preceding chapters
have highlighted some of the results, such as the capture -ofative species; developing
a novel algorithm for more econaoeally deriving consensus classifications from user input;
empowering local students not as mere data collectors, but as ecological ambassadors to their
community; and a resampling method that addresses uncertain detections in occupancy data,
a common issuér camera trapping and crowdsourced data classification. Of the themes
covered in this thesis, this chapter will discuss the following with consideration to lessons
learned and how future work may proceed:

1 Engagement, school partnerships, and evaluation
1 Handling crowdsourced data classification

1 Population estimates from crowdsourced camera trap data
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6.1 Engagement, school partnerships, and evaluation

Chapter 2 described the organisation of the MammalWeb project. The number of
registered users has been growtimgpughout the period examined, and the classification of
camera trap images has kept up with its influx. As observed in Chapters 2thrde3are
two types of contributors to Mammal Web:
make most of the caonbutions, and a far larger group of users who were engaged for short
durations and contributed relatively little. While this is consistent with other citizen science
projects(Sauermanmand Franzoni 2015) believe the progress of MammalWeb mammal
monitoring can be better sustained by more effectively engaging both groups.

To achieve the largscale monitoring originally envisioned, | believe there is a need to
attract more participas of the norsuper user type. Since their retention rate is low for non
super users, recruitment has to be ongoing. Here | will refle¢twith consideration to
lessons for other citizen science proje€tg1l) avenues for improving MammalWeb
community @gagement offline and online, (2) the potential of school, library, and museum
partnerships, and (3) methods for evaluating project performance.

6.1.1 Improving community engagement

The most intensive engagement activities occurred at the inception of MammialWeb
mid-2015. With few exceptions, later engagement with citizen scientists took place through
occasional email contact, social media, and-@mene meetings. There is a need for
periodic engagement campaigns to attract and retain citizen scientistsct aixjgast three
benefits can be derived from this approach.

First, regular engagement events may attract those who would eventually become supe
users, expanding the core group of dedicated contributors. Secondly, current super users c:
participate irregular refresher trainings, at which they will receive updates from us (such as
updated protocols or presentations on t he
new citizen scientists. This point is important in light of the value of reéresainings for
maintaining citizen science data qual{@anielsen et al. 2014)hird, meeting existing
citizen scientists can ease the introduction of new participants to MammalWeb, as social
interacton is cited as one of the primary factors motivating citizen science participation
(Reed et al. 2013As of mid2018, a monthly email newsletter has been used to update the
MammalWeb userbase on project developments. It could be used to advertise these period:
meeings to increase engagement, among other lines of communication such as social medi
or partner organisations.

The MammalWeb online user experience should also be improved to stimulate

engagemen Chapter 2 alrely covered some of the improvements beinglemented for
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Ma mmal We b, namely an wupgraded Spotter page fo
feature for organising photos, and upcoming 4aeing interactive data visualisations.
There are further improvements which can be applied to MammalWeb remgeerally to
other online crowdsourcing projects as well.
For example, the Spotter page could provide automated feedback. One embodiment of
this is to fAiseedo t he Maclassified Yol lstandandangages,p o o | wi t
which has been done fother crowdsourced image classification proj€it&estphal et al.
2010) Feedback on classification accuracy can be automatically generatethtuiral
language generatiofvan der Wal et al. 2016yhenever a user classifies a seeded image,
which may encourage them to improve their accu(fogmala et al. 2016)
Another possibility is a magnifying glass function, where the user would hover their
mouse arsor over a camera trap image to zoom in on specific parts. This can be
implemented with a simple combination of HTML (hypertext markup language), CSS
(cascading style sheets), and Javas@Rptich 2013, Refsnes Data 2Q18lternatively, the

Chimp & See projecthftps://www.chimpandsee.ojgsresents an image sequence as a grid

of thumbnails, each of which can be clicked on for closer inspection to annotate chimpanzee
cameratrap photos collected inCote d'lvoire (McCarthy et al. 2018) A similar
implementation may aid MammalWeb users in discerning animals as they move between
imagesand is worthy of future work.

As suggesteth Chapter 3, ondifference between MammalWeb and similar projécts
such as Snapshot Serendeis that the wildlife monitored by MammalWeb are generally
not considered fchar i s matitds @ charisridtici normumanx act |y w
species is not universally definficbrimer 2007) thereisatermi f | ags hi-whiclk peci es 0
refers to fia species used as t hampafyrobaseds of a br
on its possession of one or mo(Weissimoewal.t s t hat a
2011) A global study has shown that African mammals, especially felids and primates,
comprise most of the top ten highest regarde@ eci es wort hy of being
(Macdonald et al. 2015With the possible exception of primates, these are exactly the type
of species often depicted in Snapshot Serengeti.

Another aspect of charisma is how it might causeiamg bias. In at least one study,
observations from citizen scientists at @&re Motorogi Conservancyn Kenya were
strongly biased towards charismatic species such as gazelles, giraffes, lions and elephants
(Steger et al. 2017Camera traps avoid thisas to a large degree, since they are unbiased
in their observations during deployment. The challenge for MammalWeb and other-camera
trappingbased projects is avoiding this bias on the timing anessigction levels. While
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the protocol we asked ourizién scientists to follow was designed to avoid biases, the dearth
of follow up engagement prevented us from knowing how closely those guidelines were
followed. For example, informal conversations revealed that some MammalWeb citizen
scientistsi despite dllowing our established protocdlst r ongl 'y fAhopeo t
Sspecies on camera or have placed camer as
present. This is another reason why periodic engagement events with refresher training:
would beof value.

In any case, while the wild mammal species being monitored by MammalWeb are
generally not rare and less charismatic than their African relatives, even common species ar
ecologically importan{Gaston and Fuller 2008T herefore, it is imperative that a citizen
science project such as MammalWeb charactenseniotivations of its citizen scientists
including the role of animal charisma (if ariyand design engagement based on them.

One method of motivating citizen scientists to classify data is gamification. A noteworthy
example is Folditl{ttps://fold.it), where citizen scientists are players in a game of modelling
protein structuregCooper et al. 2010)The players collectively outperformed stafethe-
art computational method&hatib et al. 2011a)and their results have aided the design of
antiretroviral druggKhatib et al. 2011b)More recently, a microscopy image classification
A mi-gha me 0 was b ui-ruminginmadsively tiitiplaydr oning refaying
game (MMORPG) EVE OnlindCCP Games 20030ver one yar, more than 320,000
players provided 33 million classifications to characterise subcellular protein distribution
(Sullivan et al. 2018)In both examples, the crowdsourcing process was gamified because
participants were incentivised with positive reinforcement: Sbased rankings on the
Foldit website, and virtual credits to buygame items in EVE Online.

It may be possible to rephte a gamified citizen science project outdoBakémon Go
is an augmented reality (AR) game for mobile devices where players navigate through real
world landscapes to catch and battle game chara@estic and Nomura 2016 hese
characters are essentially virtual animals, and it has been proposed that a similar game cou
be developed to encourage players to engage withmaéd nature intuding data collection
(Dorward et al. 2017)By one esimate, the existing player effort investedAnkémon Go
is equivalent to 400 years of wildlife observatigAsigust 2016)

Incentives may also lead to unintended consequences. In one experimental project
Aspammer sd0 gamed the system by classifyil
accuracy(Bohannon 2011)This was because the reward was proportional to the number of
images classified. While the reward in this example was a small monetary compensation

(instead of points or virtual currency), it suggests that the incentive structure needs to be
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carefully crafted if a citizen science project is to be gamified. In another study, Mekler et al.

(2013)observed that poinrisased gamification increased the quantity of work done, while

creameanmngp f or pl ayers increased the qauality of

be a A[compelling] narrative, supporting user g

purpose that i(Mdekleretaln201®)Tovre knavdedde,en@wever, this line

of enquiry (distinguishing between the rewards offered and the meaning of the work) has

not been applied to the successful gamification examples | cited above. This may, in part, be

due to a perception that dlaemliectndPas0ld) n i s not a
If gamification were to be applied to MammalWeb or other ecological citizen science

projects, the key would be to carefully develop an incentive system which ties the goals of

the project with the motivations of citizen scientists. Siheeobjective of MammalWeb is

to achieve sustainable monitoring of wild mammals across wide spatial and temporal scales,

there is a need to attract and maintain citizen scientists outside of the super user group. |

hypothesise that with gamification, MaratWweb will see the proportional distribution of

effort (both in collection and classification of camera trap photos) move to a wider range of

contributors, not just super users. Possible gamifications would be awarding points to those

who deploy camera tpg at underecorded locations, or achievement badges for the

cumulative number of days for which they have deployed cameras. In light of the above, |

suggest investigating and implementing gamified elements into the MammalWeb user

experience as a futureep.

6.1.2 Potential of school and library partnerships

Chapter 4 describedsaiccessful partnership developed with Belmont Community School,
where a group of students not only participated as citizen scientists in MammalWeb, but also
acted as ecological ambadess to their community. Tangible outputs included the 10
students designing and delivering outreach activities at community events, and the creation
of a professionalymade project video notable for being almost completely unscripted yet
impactful. In ths section, | explore the potential of working with schools and libraries as a
way of enhancing the engagement and reach of MammalWeb and other citizen science
projects.

MammalWeb was not the first camera ttzased citizen science project to partner with
schools. Successful partnerships have been established across the world, from Okinawa,
Japan(OKEON: https://okeon.unit.oist.jp/to North Carolina, United States (eMammal:

https://emammal.si.edu/ In particular, the eMammal project has developedin

collaboration with local school teachdrsa series of education materials adapted to the

curriculum requirements of several US stageslammal 2018)In one example, school
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pupils deploy camera traps and are taught math skills to quantify their observations as

required by state curriculu(®chuttler 2016)MammalWeb, however, was novel in that the

students from Belmont School also acted as communicators of the science that they did.
Building on the successful pilot with Belmont School, MammalWeb also aims tie crea

a network of partner schools. To do this, the project is working with a natural history museum

the Great North Museum: Hancockin Newcastle upon Tyne, England

(https://greatnorthmuseum.org.ikand a charitable trust, The Institute for Research in

Schools [ittp://www.researchinschools.ojgto leverage their existinschool connections

to bring MammalWeb into more classrooms. In general, school partnerships could increase
the geographical reach of a citizen science project, and in the case of MammalWeb, the
number of camera trap deployment sites. If there isibdigom dedicated teachers, camera
trap monitoring would be sustained over long periods because the same deploymen
activities can be repeated by a new group of students each year. A longitudinal study coulc
be conducted on this scheme to measure not justtice@utput, but also student learning
outcomes and empowerment as citizen scientists.

In addition to schools, | believe partnering with libraries is another untapped opportunity.
Local libraries often act as community centres with which residentsmatieafaand libraries
have experience organising events. In fact, Ignat €2@l8)recently advocated for libraries
to support citizen science by facilitating training, communicatiecruitment, and acting as
a repository of data and protocols. For a cameraliesged citizen science project such as
MammalWeb, we could place camera traps at libraries. Visitors can loan the camera traps
and Aadopt 0 near b-yelecteddr deploymdntaThis seleemencanvbe tieg r
into a rewards system (i.e., gamified) where a citizen scientist receives recognition for
adopting a camera trap and a monitoring site. Since MammalWeb already has a partnershi
with the Great North Museum: Hancodlgelieve they can play a similar role.

Whet her itds a school, l i brary, museum,
These dedicated citizen scientists can a¢t ase e d tatrséhools end kbraride assist
in the recruitment and tmraing of new participants. By empowering super users in this way,

we can take MammalWeb citizen science to higher levels of particigatakiay 2013)

6.1.3 Evaluating project performance

The MammalWeb project has achieved tangible positive outcomes such as engaging :
network of citizen sciergts across norteast England for mammal monitoring, aiding the
capture of a nomative species, school partnerships, and observation data which has been
submitted to the Environmental Records Information Centre North East. However, there is

need for formal evaluations to characterise the growth and performance of this project. For
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example, there was no explicit measurement of changes in engagement after outreach events
such as during the 2016 Glastonbury Festival, the 2017 camera trap photo competition, o
those delivered by Belmont School students at community events. Nor did we measure the
effects from user experience enhancements introduced to the MammalWeb Spotter page in
mid-2018.

In Chapter 2, tiscussed existing frameworks for measuring projedopmaance. This
included the key performance indicator (KPI) concept frequently used by businesses
(Parmenter 2007 gvaluation frameworks for conservation proj¢Btickson et al. 2017 or
newly proposed sets of criteria for citizen sceernurojects(Chase and Levine 2016,
Kieslinger et al. 2017)While these solutions would befit MammalWeb, they are
comprehensive and their implementation may be costly andcimguming. Therefore,
rather than attempting an exhaustive treatment of how to implement each element of a
particular framework, here | will focus on a few specific noels for (1) characterising
citizen scientist motivations, and (2) measuring engagement outcomes. | believe this can
improve engagement in all of the areas described in the previous sections.

A simple method for evaluation is to deploy surveys for paditip to complete after
each engagement intervention. These interventions could be offline engagement events (such
as follow up trainings, recruitment activities, or school lessons) or online changes such as
the user experience improvements discussed prelyioln addition, MammalWeb could
also include a contact feedback form on its website fdraadunsolicited feedback. Such
surveys should at least aim to not only gauge the success of an intervention (e.g., whether a
Spotter page upgrade has eased thssdication of images), but also seek to understand a
citizen scientistés motivations for participat

More formally, the Q methodol ogy has been appl
beliefs and opinions on biodiversity conservatiandbrook et al. 2011, Rastogi et al. 2013,

Wed et al. 2016, Hamadou et al. 201§ methodology is a qualitative technique for

characterising patterns in subjective perspectives held by a group of interviewees on a given

topic (Stephenson 1975This is done by asking interviewees to sort a group cérstats

regarding a given topic, on a numbered grid, in order of how much they identify with each

one. These rankings, call edsuéh@stsabmptemented ar e f ed
in the R package gmethod, Zabala 204Hich clusters the opinions into shared framings of

the topic in question. | believe applying Q methodology to understand participant

motivations is another avenue for future work that is not valuable just for M&kehabut

citizen science in general.
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Existing research provides a general view of what motivates citizen scientists. Positive
motivators include interest in learning about a topic, an opportunity to contribute to science,
enjoyment from the process, beipgrt of a team, and being recognided extensively
reviewed in Jennett et al. 201&) contrast, negative motivations may include anxiety about
making mistake¢Segal et al. 206). However, as evidenced by informal conversations we
have had with MammalWeb citizen scientsts uch as a desire to e
gardeno, hoping to see a rare specite®, 0
is value in idetifying motivations specific to MammalWeb. To my knowledge, Q
methodology has yet to be used in a citizen science context, and the need for understandir
MammalWebspecific motivators provide an opportunity to pilot this approach.

Once we have achieved lEgher resolution understanding of the motivations of
MammalWeb citizen scientists (instead of generalities such as a desire to contribute to
science), there is the potential to tailor engagement interventions accordingly. For example
Segal et al.(2015) successfully used email interventions to increase participation in
Zooniverse crowdsourcing projects. In addition, a better understanding the motivations of
Mammaleb citizen scientists will aid in framing the mean{agdefined by Mekler et al.
2013)of this project if it is to be gamified. Communicating this meaning could be done in
real time during the online image classification pro¢ess, via natural language generation,
van der Wal et al. 201@&y through our email newsletters.

In addition to understandingpecific motivators, there is a need to better evaluate
engagement outcomes. When measuring changes in knowledge or attitudes, the C
methodology(Stephenson 197%)y Likert-scale surveygl ikert 1932)could be performed
before and after interventions such as recruitment drives or refresher trainings. For online
interventions such as updates to the online user experier®@ée#ting is commonly used
(Kohavi et al. 2009)This is where two versions of the website are created, one with and one
without the update. Whevisiting the website, a user is randomly directed to one of them.
By soliciting feedback from all users (of which about half would have visited the updated
site), a website administrator could understand the effect of the update.

The MammalWeb project alsims to partner with schools. Existing studies suggested
that participation in ci-dfifziemasy, eince. | na
their ability to learn or perform(Hiller 2012) improved knowledge and deepened
engagement with the natural environm@érybnicka et al. 2017)or provided satisfaction
from contributing to real scientific resear@ilva et al. 2016)According to Schuttler et al.
(2018) however, studies specifically looking at the impact of nature basecdhc#tizence

on education outcomes are still very rare. In fact, learning outcomes are generally not
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measured or unreportd@ela et al. 2016)This area of researclowld benefit from the
MammalWeb experience if the evaluation of learning outcomes is incorporated into our

upcoming school partnerships.

6.2 Handling crowdsourced data classification

Uncertainty is inherent to practically all scientific data. Crowdsourcirggdassification
Is an increasingly popular way to process big data resulting from large scale scientific studies,
including ecology. This has manifested in many online crowdsourcing platforms such as the

Zooniverse [ittps://www.zooniverse.org/) SciStarter I{ttps://scistarter.corjy/ Tomnod

(specifically for digitising satellite imageryhttps://www.tomnod.con)/ or Amazon

Mechanical Turk (https://www.mturk.com). The crowdsourcing process introduces

observation uncertaintyas defined by MilneGulland and Shea 2017) such as the
probabilities of falsgositive or falsenegative observatiorisresultingfrom the biases and

errors of each user. It is therefore crucial to address observation uncertainty as part of any
citizen science proje¢Cohn 2008, Dickinson et &010, 2012, Kosmala et al. 2016)

For projects which crowdsource the classification of camera trap photos, handling
observation uncertainty is done through expert validation or replication and calibration
across userKosmala et al. 2016)n the former, domain experts manually validate each
usercontributed classificatiofMcShea et al. 2015)while the latter approach gathers
multiple classifications per image which are combiimtd a consensus answ&wanson et
al. 2016) Starting with the Snapshot Serengeti project, and further developed by
MammalWeb as described Chapter 3, th current approach is to combine a subset of the
data which are exped| assi fied as a fAgold standardo
comparéd against. For MammalWeb, we developed a model that produces consensus
classifications, which is a measure of the probability that a species is indeed present in an
image(Hsing et al. 2018)

Now, we are running two studies to further investigate what may influence crowdsourced
image classification performance. The first studywhether classifications of image
sequences can more efficiently arrive at confidence consensus classifications and retire them,
as opposed to classifying them individually. The second study is creating three versions of
images, each at a different regemn. By randomly showing users, and asking them to
classify images of different resolutions (and, hence, quality), we explore the practical issue
of to what degree images can be downsampled to save storage space without sacrificing
classification accury. Both of these studies are being trialled on the Zooniverse project
beta test platform, and are being conducted similar to the A/B testing approach as described
above.
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The longterm potential of crowdsourcing data classifications is to use the classifications
to train machine learning algorithms which can automate classification without any human
input (LeCun et al. 2015, Krizhevsky et al. 201Tiitial results from applying such
techniques to detting and identifying animals in camera trap photos are pron{iEhrgn
2017) and a deep neural network was able to, under certain conditions, classify Snapsho
Serengeti images at clegghuman accuracf{Norouzzadeh et al. 2018ylachine learning
algorithms require large training datas@sy., millions of classifie@mages, Krizhevsky et
al. 2017, Norouzzadeh et al. 2018nd | believe standard camérapping guidelines
(Cadman and Gonzéaldalava 2014, Wearn an@loverKapfer 2017)should include this
as a need for increased data sharing from camera trap studies. Finally, the development
machine learning algorithms can itself be crowdsourced. Theprudit organisation,

crowdAl (https://www.crowdai.org/ hosts competitions to develop machine learning

solutions for data classification tasks. Classified camera trap photos from both MammalWeb
and Snapshot Serengeti are available under open licenses, and could bathadiethset

on a platform such as crowdAl to solicit performant machine learning solutions.
6.3 Population estimates from crowdsourced camera trap

data

Much of the work on the MammalWeb project has been focused on attracting and
retaining a group of citizescientists to monitor wild mamals in nortkeast England with
motion-sensing camera traps. As discussed above and in Chapters 2 and 4, we hav
demonstrated the viability of a loestale citizen science project while establishing the basis
for largescale monitoring through our web platform and growing organisational
partnerships (including schools). Importantly, we developed a model (Chapter 3) which
aggregates us@ontributed classifications to form consensus classifications for camera trap
photos. The blk of my efforts since 2015 has been on achieving the above, and now we
need to explore the most appropriate methods with which to derive ecological insights from
the data that is our consensus classifications.

In Chapter 5, | attempted to address thssaedikely to arise from conducting occupancy
analysis on citizen scien@®llected camera trap data: discretisation of data, missing data,
and uncertain detections. In the case of MammalWeb, the uncertain detections arise fron
uncertainty inherent to & consensus classifications we derive for each camera trap
observation. Using a resampling approach, | showed that estimated occupancy rates remal
accurate across different levels of uncertainty. One benefit of this method is the ability to

incorporate uegertainty (which, in this case, can be measured as a continuous variable) into
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the modelling process without modifying the underlying standard occupancy model as
developed by MacKenzi002)

Whichever method is used to estimate populations using MammalWeb data, there is a
need to ground truth the methodology with an independ®pulation estimate.
Unfortunately, the survey effort density for wild mammals is currently limited in +ezsh
England(Croft et al. 2017)so a new survey will need to be conducted. With our existing
set of camera traps, | believe there are two ways to achieve this.

The first would be a systematic occupancy survey across the area currently covered. This
can be done for one species at a time, perhaps selected from the more commonly sighted
mammals on our website (e.g., grey squirrels or roe deer). In practice, we could select an
area where citizen scientideployed camera traps have detected that spaciésonduct a
systematic occupancy survey there. In addition, since MammalWeb does not target specific
species, we could also utilise commu#d#yel multispecies occupancy models developed
by Dorazio and Royl€2005)

To better estimate populations with camera trajpisout requiring individual recognition,
there is the random encounter mo@REM, Rowcliffe et al. 2008)Based on physical theory
regarding rates of collision between gas molecules and its comparisons to animal movement
(Hutchinson and Waser 200 REM provides a factor which relates camera trapping rate to
population derisy. Accompanying methods have been developed to estimate two critical
terms in REM, the zone of detection around a cargioavcliffe et al. 2011)and the target
speci es 6 mBoweliffeecinat 2016gA8 REM methodology matures with further
refinementsi such as consideration for animal sty time (the duration for which an
ani mals remains i n (Bakashinmaetrah 2088)itfid bedordingaf Vvi e w)
practical and efficient approach for estimating animal density.

Camera trapping surveys need to be done systematically for occupancy modelling
(Rovero ad Spitale 2016and population density estimation with RERowcliffe et al.

2008) This was, in fact, the deployment strategy for collecting camera trap images for the
Snapshot Serengeti citizen science prof€etsack et al. 20155pecifically, camera traps
should be randomly deployed along a regular grid of sites in the area of iffRresto et

al. 2014) Since nortkeast England is a highly developed and patchy lapéasgalative to,

for example, Serengeti National Park), any survey (for occupancy or REM) could align and
deploy the grid along a gradient of interest such as different habitat types or distance from

roads.
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6.4 Concluding remarks

Motivated by a need for largscale wild mammal monitoring in Britain and a desire to
engage citizen scientists on a higher level, the MammalWeb project was developed to partne
with local communities in deploying motiesensing camera traps. Since 2015, we have
established a core grop o f citizen scientists (Asuj
contributed and classified more than 250,000 camera trap images. Image classification i
assisted on our web platform by almost 300 registered users. This effort has led to diverse
tangible otcomes from the capture of a noative species; enriching the local biodiversity
data archive (Environmental Records Information Centre for the North East of England:

http://www.ericnortheast.orgkthome.htm); and the development of a consensus

classification algorithm for crowdsourced data. We successfully piloted a school partnership
which empowered learners not only as citizen scientists, but also ecological ambassadors t
their community. Our efforts continue in terms of involving more partner organisations,

including conservation groups such as Nature $pyp<://www.naturespy.orjj/ Scottish

Wildcat Action (ttp://www.scottishwildcataction.ory/and a network of schools via the

Great North Museum: Hancock and The Institute for Research in Schools; and further studie:
on the nuances of crowdsourcing methods on classifier accuracys@quenceversus
individuatbased image classification or the effects of image resolution). For future work,
this chapter has discussed:

1 Enhancing the online user experience

1 Introducing gamified elements

1 Partnering not just with schools but also lifea and museums

1 Formally evaluate engagement, motivations, and learning outcomes with the Q

methodology

=

Tying crowdsourced data classification into machine learning
Applying the random encounter model to camera trap data to measure abundance
and groundruth MammalWeb data

I will end this discussion with an overview of general pitfalls to avoid and the potential
of citizen science beyond crowdsourcing data collection or classification.

Major research funding bodies are increasingly requiring the resdagtstpport to
demonstrate fibroader o i mpacts (e. g., t he
United States National Science Foundation), and citizen science projects fulfil this criterion
(Silvertown 2009) While such requirements are strong motivators for academic researchers
developing their research projects, they should not supersede the underlying ethical concerr

regarding citizen sciend®esnik et al. 2015)n particular, while the crowdsourcing of data
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proessing is a popular form of citizen science, it is especially prone to the exploitation of
participants, which can manifest in at least two ways:

In an attempt to reduce spam and distributed denial of service attacks (DDOS), modern
websites employ the reGN CHA systerm(Ahn et al. 2008Where a human visitor can be
distinguished from a malicious, automated program by digitising a piece of scanned text or
classifying photos. This proprietapyogram (which cannot be subject to external scrutiny)
was acquired by Google and is now employed by the majority of websites on the Internet
(Lung 2012) These crowdsourced classifications are used to traohimme learning
algorithms, the results of which are not shared; and there are legal and ethical concerns
regarding reCAPTCHA since it effectively coerces Internet users into labourers without
compensation or informed conséhting 2012) This form of exploitation should be avoided
in citizen science projects.

The second issue is common in the social and behavioural sciences. Research projects in
these fields frequently crowdsource data processing via the Andecdmanical Turk web
platform where participants are provided with small financial incenfegs, Buhrmester
et al. 2011, Crowston and Prestopnik 203 of 2016, more than 1,200 studies have been
conducted with contributions from users of that platfqBohannon 2016)One problem is
how ittle users are paiths low as USD$0.15 per 4finute commitment, Bohannon 2011)
which raised concerns about labour exploitaffeort et al. 2011and objectification of users
(Irani and Silberman 2013)

In addition to these examples, there is concern that participants will be exploited in other
ways (Resnik et al. 2015)puch as financial conflicts of interé&unch et al. 2014, Macey
et al. 208) or conflicting expectations of access to final research outgeus.,
pharmaceutical patents derived from indigenous knowledge, Hellerer and Jarayaman 2000)

While some have been careful in distinguishi
Amazon Mechanical T u r KTeueng etrals 2055}hétecis coricanre n s ci enc
that the contribution of citizens is limited to a few narrowly defined téd&isSavio et al.

2016) Indeed, there is a tendency to refer to citizen scientists as mobile §&wsualshild
2007 or even agd @festphal etralu2®iD)t is unlikely that such terms were
used out of malice, but they reinforce the notion that citizen scientstmarely data
collectors or processors, while neglecting the full potential of citizen science.

In contrast to fully centralised citizen science projects started by academics, MammalWeb
has empowered citizen scientists to conduct their eawmlogical research. One citizen
scientist, Anne Kelly, worked with local landowners to conduct camera trap otter surveys,

and now delivers camera trapping workshops to wildlife enthusiast groups. Another
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MammalWeb member, Roland Ascroft, developed andempnted a camera trap survey

in southern Scotland to monitor the expansion of invasive grey squirrels. He also collected
camera trap data to inform the planning of a Local Nature Reserve (LNR) near his town.
Citizen scientists such as Kelly and Ascroft #ne super users who could decentralise the
MammalWeb project by (1) running their own research, and (2) being seed trainers for new
citizen scientists. This form of empowerment is not common in citizen science projects, and
is another example of the baexr impacts of MammalWeb.

There i s al so a 0 d-inisated Scibnoet @nd exanfple is theidof ¢
yourself biology movement of negorofessional citizens who pooled resources to conduct
their own biological researcfLandrain et al. 2013, Seyfried et al. 2014) one notable
success, concerned citizens living along the Gulf of Mexigmanised their own aerial
surveys of the 2010 Deepwater Horizon oil spill, which severely impacted economically
important fisheriegMuhling et al. 2012)s well as neashore(Unified Area Command
2011)and deegsea ecosysten(sising et al. 2013, Fisher et al. 201#8)ow called Public

Lab (https://publiclab.orgd/ this organisation develops their own research projects and

facilitates citizerinitiated environmental studies in several countries.

Interestingly, the centralised, decentralised, and distributed topologies of citizen science
described here are analogous to computer network topol@pean 1964, Peeters 2014)
As described above, citizen science, in its decentralised or distributed forms, has the
potential to contributaot only to science or education, but civic participation as well. This
Acol | abor a(Dillowneatal 2016)xtme dighest level of participation as described
by Haklay(2013) and | believe it should be a goal for citizen science projects such as

MammalWeb.
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