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Abstract

Citizen science is gaining more participants by the day. Consequently, its broader sphere of influence
has been reflected throughout the scientific community in recent years, comprising a wide variety of
fields. One of the most notable platforms created for this purpose, eBird, is our case study for this
thesis. We study methods for exhibiting biases that are present in the observation reporting data that
is collected and made available via the eBird platform. We are in particular interested in how different
levels of protocol structure in the observation data collection phase can lead to different forms of biases,
and propose methods for identifying and analysing them. Hence, our approach facilitates the comparison
of structured versus semi-structured approaches to data collection in eBird, and includes: mapping and
graphing of differing metrics calculated as well as available data depicting each checklist’s search effort;
and a visual interactive tool, named Shiny eBird, developed using the programming language R’s Shiny
framework that allows to display these computed metrics interactively.
Keywords: Citizen Science, Birdwatching, Sampling Effort, eBird Platform, Data Visualization,
Interactive Tool

1. Introduction
In recent years, citizen science has been seeing a
steady boost on the number of new projects and
participants of its projects, namely on those regard-
ing biodiversity monitoring or conservation [3][4].
This work focuses in a particular citizen science

project, eBird [9], a growing birdwatching online
network launched in 2002, run by conservationists
and information scientists at Cornell University
in the US, in the member-supported Cornell Lab
of Ornithology unit1. It is aimed to those who
wish to create and keep a record of this form of
wildlife observation, while actively contributing for
the enrichment of information about abundance
and distribution of the world’s bird populations
as a reliable source that can further be used for
research. eBird has since been a case study for
researchers in a wide variety of fields, such as com-
puter science, statistics, ecology and biology [6][10].

In this thesis we study methods for exhibiting bi-
ases that are present in the observation reporting
data that is collected and made available via the
eBird platform. We are in particular interested in
how different levels of protocol structure in the ob-
servation data collection phase can lead to different

1https://www.birds.cornell.edu/home/

forms of biases, and propose methods for identifying
and analysing them.

1.1. Goals
This work seeks to achieve and contribute to the
following goals:

1. Present a contrast between the different ap-
proaches of bird reporting on the eBird plat-
form considered in our problem.

2. Help identify areas that seem misrepresented in
the citizen science program, resorting to map-
ping and plotting of certain attributes of the
observation process.

3. Motivate future work from conclusions taken
through our analysis of the data.

4. Creating a visual and interactive tool capable
of facilitating the points above.

1.2. Contributions
With the intent of helping the study of biases that
are entailed by different data collection processes,
we consider eBird’s freely available dataset to de-
scribe the platform’s state in Mainland Portugal.
The dataset, which can be subdivided into two cat-
egories depending on how strict the procedure con-
ducted during the observations is - structured and
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semi-structured - is used to contrast between both
approaches, by resorting to mapping and graph-
ing of differing metrics calculated as well as avail-
able data depicting each checklist’s search effort.
These include maps describing the total of species
reported, its degree of agreement, species accumu-
lation curves, among other metrics that helped de-
scribing the regular eBirder’s semi-structured activ-
ity throughout the territory, as well as the outcome
of the structured approach.

Additionally, considering all the results gathered,
we present a visual interactive tool using the pro-
gramming language R’s Shiny framework that al-
lows to displays these computed metrics interac-
tively in a grid laid over the territory of Portu-
gal, following the same spatial subdivisions as those
used by the structured approach. This tool, named
Shiny eBird, was developed to allow the user to
explore the data computed in the contrasting of
both approaches, but also letting the user examine
semi-structured data collected by regular volunteers
in eBird in other timeframes, ultimately with the
goal of contributing for the of combat bias in this
platform.

2. Background
2.1. Applications of eBird

Citizen science data has been having a relevant im-
pact in the amount of information available for re-
search purposes. In eBird, particularly, the vast
number of different academic fields that have re-
sorted to eBird data ultimately dictates the plat-
form’s success, and citizen science’s overall [6]. Fig-
ure 1, below, depicts its diverse use, plotting the
information taken from the survey asking how the
data is going to be used once requesting access to
eBird’s data, from its website2.

Figure 1: Circle charts illustrating the end-uses of
1100 eBird data requests. Image obtained from Sul-
livan et al. (2014) [6].

eBird acts as a reliable case study for several
scientific education initiatives and raises awareness
among the general public [17]. eBird’s collected
data has been making its contribution to studies

2https://ebird.org/data/request

and innovations across a wide span of fields [6], al-
lowing for more accurate estimates across wide spa-
tial and temporal scales.

2.2. Challenges in Citizen Science
Due to citizen science’s own nature, a distinguish-
able set of challenges are to be expected. For one,
these projects often face resistance within the sci-
entific community and decision makers [27]. This
stems from concerns related to the data veracity
and other issues such as noise accumulation [10] -
which may in turn impact data quality, validity, and
consistency. Other generic challenges may also be
present, such as the need for specific programs or
analyses to process data, depending on data vari-
ation and scope, obstacles to engage more people
across less populated areas, legal impediments, lack
of expertise and funding, or even barriers to partic-
ipation - considering the range of different cultures
and customs in larger programs [28].

With regards to eBird, being one of the largest
citizen science projects, by far the biggest bird oc-
currence reporter on GBIF [11] and increasingly so
even in data-poor regions [3], two of its main ob-
jectives of quantifying and controlling data quality
issues come with a great responsibility. Taking into
consideration the volume of data needed to create a
reliable depiction of birds’ distributions and abun-
dance across the globe, numerous challenges have
to be acknowledged and faced in order to ensure
the best results. Due to its semi-structured nature,
data collection done by non-professional users can
regularly be erroneous, incomplete, and patchy [28]
- meaning that the data collected may end up be-
coming biased, and consequently not be reliable
to the point of being able to answer pressing ques-
tions. This brings us to the diverse categories of
bias that are considered when dealing with citizen
science projects such as eBird.

2.2.1 Types of Bias

Considering the wide range of non-professional
users uploading their observations onto citizen sci-
ence platforms, a uniform representation of large
areas comprising a vast number of species can prove
to be a hard task, causing an inherent bias [9]. Fre-
quent biases that are associated with citizen sci-
ence projects that may lead to under or over-
reporting, are:

· Spatial Bias is one of the most common types
of bias present where there is a tendency for
people to choose certain locations. It has been
showed to be prevalent on unstructured [29]
and semi-structured programs such as eBird,
particularly when it comes to areas with higher
infrastructure and population density [30] -
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meaning of easier accessibility - closer to the
observers’ homes, or with higher biodiversity
[25].

· Temporal Bias is, along with the former type,
one of the most common sources of bias. It
consists on the periodic and seasonal patterns
noted by participants picking on particular
dates and/or certain times of the day to carry
out their observations [31], resulting in higher
reporting on weekends, for instance [32].

· Taxonomic Bias refers to the preference - or the
lack of it - by users to report specific species
or subspecies during the observation process.
Even though “chasing behaviour” of rare birds
hasn’t been proved on eBird [33], its fair to con-
sider that there is a tendency to select certain
groups of birds among untrained observers [29].
Besides the sampling process, it has also been
demonstrated how societal preferences corre-
late more steadily to taxonomic bias, in con-
trast to scientific research [34].

2.3. eBird’s Survey Structure
Two characteristics named in the Section ?? dif-
ferentiate eBird from other platforms. Firstly, the
nature of the checklist structure itself allows the
collection of data relative to the non-detection of
species. This means that, if the user confirms to
have recorded every species being found (i.e, is re-
porting a complete checklist), information relative
to those absent at the site can later be used to
infer its distribution. Should it not be specified,
only those spotted are considered. Secondly, in-
formation about the observation process is taken
into account, to measure search effort. This data
is recorded to account for the bias resulting from
variation in detection and observation [25] and can
later be used to improve species distribution mod-
els, such as those from the Spatio-Temporal Ex-
ploratory Model framework.

2.4. Semi-Structured and Structured Data in
eBird

As stated above, eBird mainly focuses on collecting
data from birdwatchers following semi-structured
reporting. However, the data collected may vary
from dozens of different types of protocols, depend-
ing on its location and purpose, as the platform
also keeps stored some structured data. With re-
gards to Portugal, besides the regular eBird proto-
cols explained initially in subsection ??, three other
protocols that follow a structured methodology can
be found in the Portuguese dataset: RAM–Iberian
Seawatch Network, a monthly seabird counts from

coastal points[51]; Common Bird Survey3, a long
term monitoring program of common birds more
directed at reporting the demographics trends of
those species [52]; and, lastly, Breeding Bird Atlas
protocol which serves as the structured approach
to the III Portuguese Breeding Bird Atlas4. Be-
sides structured, this Atlas also takes into account
semi-structured observations as uploaded to eBird
by volunteers in conjunction with census directed
to specific species as a complementary way to en-
rich the estimates of the species’ distributions and
abundance, which in turn contribute to the Euro-
pean Breeding Bird Atlas, among other conservation
initiatives 5.
The Breeding Bird Atlas protocol will be looked

into further below and in the following chapters.

Breeding Bird Atlas

This protocol, which can be found on eBird’s
database identified by the code P65, seeks to col-
lect systematically as much information about the
species in Portugal throughout the breeding season.
It has taken place across Portugal between the years
2015 to 2021, with observations being carried be-
tween March 15th and July 15th. The volunteers
follow systematic 30 minutes counts of the detected
species (both visually and aurally) and record each
one’s Breeding Code describing its breeding activity.
These counts are performed inside 6 2x2 km sub-
squares, referred to as tetrads, that are distributed
in a given 10x10 km square out of a grid covering
the territory. Ideally, each larger square should be
visited twice, at different periods within the time-
frame.

Regarding eBird, two main types of visualization
are available: visualization from the main eBird
website, allowing users to interactively explore bird-
ing hotspots and where species have been observed;
and the visualization tools from Status and Trends,
which, as already mentioned, have available maps
describing how bird populations change through
time, displaying abundance animations, range maps
and abundance maps. Besides eBird, one tool
that may serve as a source of inspiration is a case
study from the European Union’s environmental
program Copernicus Climate Change Service, that
have created an educational storytelling map6 that
shows through an interactive timeline bird migra-
tion movements of four bird species in continental
Europe.

Besides eBird’s visualization tools, another rather

3https://spea.pt/censos/censo-aves-comuns/
4https://www.spea.pt/wp-content/uploads/2020/12/Metodologia-

campo v6 20201209.pdf
5https://spea.pt/censos/iii-atlas-aves-nidificantes/
6https://birdmigration.climate.copernicus.eu/the-

progression-of-bird-migration
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valuable source of inspiration was the R Shiny
gallery7, which is comprised of contributions from
the community showcasing examples of interactive
tools built using the Shiny framework[63] that will
be explained in depth further. Additionally, it also
contains several examples that highlight specific
features of the package. These have undoubtedly
given an idea of the capabilities and potential of
said framework.

3. Related Workd
3.1. Data Visualization

Regarding eBird, two main types of visualization
are available: visualization from the main eBird
website, allowing users to interactively explore bird-
ing hotspots and where species have been observed;
and the visualization tools from Status and Trends,
which, as already mentioned, have available maps
describing how bird populations change through
time, displaying abundance animations, range maps
and abundance maps. Besides eBird, one tool
that may serve as a source of inspiration is a case
study from the European Union’s environmental
program Copernicus Climate Change Service, that
have created an educational storytelling map8 that
shows through an interactive timeline bird migra-
tion movements of four bird species in continental
Europe.

Besides eBird’s visualization tools, another rather
valuable source of inspiration was the R Shiny
gallery9, which is comprised of contributions from
the community showcasing examples of interactive
tools built using the Shiny framework[63] that will
be explained in depth further. Additionally, it also
contains several examples that highlight specific
features of the package. These have undoubtedly
given an idea of the capabilities and potential of
said framework.

4. Approach
4.1. Proposed Solution and Goals

From the start, one of the main focus for this work
was to develop an interactive tool capable of interac-
tively displaying the imperfections of citizen science
programs, with the focus being on eBird.

In this solution, we didn’t focus on the inherent
variability of the observers’ skills, which is always
present, but rather on the data directly available via
checklists uploaded to eBird and validated. Thus,
seeking to paint the picture on how the different
regions are being reported and therefore help iden-
tify unreported as well as misrepresented areas and
species throughout the country, for, ideally, a more
accurate depiction of its distributions in the future.

7https://shiny.rstudio.com/gallery/
8https://birdmigration.climate.copernicus.eu/the-

progression-of-bird-migration
9https://shiny.rstudio.com/gallery/

We focus on two main angles for analysing the
data, which is reflected on the behaviour of the tool
presented:

1. Graphical and mapped analysis of the data fol-
lowing a semi-structured procedure applied to
either all or to a single species, across an arbi-
trary timeframe.

2. Contrasting semi-structured and structured
approaches, for a fixed timeline - that of the
Breeding Bird Atlas - done by mapping and
graphing different metrics that allowed to com-
pare each one of the outcomes. Also, similarly
to the previous angle, to be able to display this
analysis for either a single species or for all
of those reported during the aforementioned
timeframe, with the latter offering additional
metrics for helping to contrast the results.

4.2. Data Considered
As previously mentioned, the data considered for
the proposed solution can be split into two cat-
egories, concerning its collection method - semi-
structured and structured data.

Regarding the semi-structured data, the proto-
cols focused on were the Stationary and Travelling
ones, with protocol codes P21 and P22, respec-
tively, from 2010 up until December 2021. Check-
lists registered as Incidental protocols (protocol
code P20), were not taken into account for our so-
lution, since the former, as the name suggests, does
not have birdwatching as its prime objective and
due to the amount of required data fields collected
being less strict for both. For this same reason,
those checklists registered as Historical (protocol
code P62), were also excluded from the set.

4.3. Metrics Considered
Below, metrics that were applied to the raw eBird
data are listed. These can be split into two main
categories: firstly, those plotted in graph form,
made to analyse the search effort for each grid cell
or for the entire map; secondly, those that make use
of the grid to depict a metric by means of a color.
Also, it should be noted that in the proposed tool,
the metrics described below are shown depending
on the input, which can display one of the different
angles listed in 4.1.

4.3.1 Metrics Applied to a Single Species

Starting with metrics illustrating the sampling ef-
fort of the checklists - these were created with the
intent of describing the effort taken relatively to a
single species’s lists. In the graphs below the time
period considered is the same as Breeding Bird At-
las’s, although different time periods can be visual-
ized in the tool proposed. The species Eurasian
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Blackbird (Turdus merula) was chosen for these
graphs due to being a common species in checklists
throughout the territory.

Figure 2: Distribution of the semi-structured check-
lists’ duration where the species Turdus merula was
reported.

Figure 3: Distribution of the semi-structured check-
lists’ distance where the species Turdus merula was
reported.

4.3.2 For Each Grid Cell

Graphs were also created to be plotted with the
data of a specific grid cell, which are meant to be
generated as the user clicks the grid presented on
the map, being one of the responsive features of the
tool initially proposed. Plots of checklists per grid
cell feature: a plot that reports, for a given grid
cell clicked, the top species reported in that cell,
displaying more info about the number of checklists
the species were observed, as well as the count of in-
dividuals; the average number of checklists reported
per weekday for the grid cell number 10 (here with a
notable spike on Saturday), containing with info on
each days average checklists duration and species
reported; the average number of different species
reported per duration and distance bins, pictured

below for the distance, with additional information
on the number of checklists and standard deviation.

Figure 4: Average number of species reported per
distance bin.

4.3.3 Mapping representation

Besides plotting graphs, several maps were created
to provide a global image of a different set of met-
rics. The grid used for mapping these follow the
same grid used by the atlas in its methodology. It
is through the mapped grids listed below that the
user can interact with a specific cell in order to dis-
play additional information about it.

• Total number of different species re-
ported, which indicates per grid cell the num-
ber of different species reported. It tells us
that for the structured approach that there
have been some grid cells which have not been
surveyed by the structured protocol, and high-
light the difference in the quantity of reported
species.

(a) Semi-structured (b) Structured

Figure 5: Maps depicting the total number of
species reported by semi-structured and structured
checklists, during the atlas timeframe.

• Difference between the number of
species reported, indicating the difference
between the number of species reported by
eBird’s semi-structured observations in oppo-
sition to the number reported by the Breeding
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Bird Atlas, naturally, within the time- frame of
the atlas.

• Presence and absence of species indicating
where a given species has been reported, per
grid cell, for two scenarios: observations only
for the semi-structured approach with a simple
grid on whether or not the selected species was
observed, and that together with the mapping
of the presence of the structured approach, dur-
ing the atlas timeframe, if the user opts for the
comparison.

• Number of checklists submitted and
completeness percentage, introducing data
regarding the nature of the checklists them-
selves. Due to the high disparity found in
the number of checklists submitted among the
cells, the log of its number was calculated,
in order to properly view the differences. It
made it noticeable how urbanized coastal ar-
eas, along with renowned hotspots for bird-
watching (such as and along the southern coast
and in Tagus Estuary Natural Reserve) have
submitted many more checklists. This is also
consistent with the fact that coastal Portugal
is substantially more populated than those in
the interior. Conversely, less populated areas
in the interior aren’t as crowded, as expected.

4.3.4 Cohen’s Kappa

Cohen’s Kappa is a measurement of agreement be-
tween observations introduced by Jacob Cohen in
1960 [53] that quantitatively describes the reliabil-
ity of two raters that are rating the same thing. In
our particular case, we want to assess the agreement
between the number of different species reported by
eBird checklists from semi-structured observations,
submitted by any user on the platform; and those
that follow the structured Breeding Bird Atlas pro-
tocol, as explained in Section 2.4.
To calculate Cohen, a k by k confusion matrix is

defined, in which an element fij defines the number
of cases that the first rater assigned a particular
case to category i and the second to j. So, fjj is
the number of agreements for category j. Then:

Po =
1

N

k∑
j=1

fjj , (1)

ri =

k∑
j=1

fij ,∀i, and cj =

k∑
i=1

fij ,∀j, (2)

Pe =
1

N2

k∑
i=1

rici, (3)

where Po the observed proportional agreement, ri
and cj the row and column totals for category i and

j, and Pe the expected proportion of agreement.
The final measure of agreement κ, which is applied
to each grid cell on the map, is given by:

κ =
Po − Pe

1− Pe
. (4)

The values of Cohen’s Kappa can be interpret ac-
cording a maximum value being κ = 1, correspond-
ing to total agreement, and with κ = 0 correspond-
ing to agreement as expected by chance. Negative
values may also show up.

To get to the values of κ, a value N was needed
for each grid cell, i.e., the number of species ever
recorded.

We considered all species ever recorded for each
cell, but within the atlas timeframe. Although the
order between the values has generally been main-
tained, decreasing N resulted in decreasing the the
number of species not observed either by the semi-
structured or structured approaches, which drasti-
cally reduced the values of κ. This ended up sug-
gesting that the agreement is not as strong as ini-
tially thought.

Since this metric did not allow us to fully portray
the degree of agreement between semi-structured
and unstructured observations, we chose to also
map additional information regarding the agree-
ment on species observation between the two ap-
proaches, below.

4.3.5 Observable Agreement

Advantage was taken of Cohen’s Kappa calculations
to also map the observable agreement as a stan-
dalone metric. This indicates the percentage of bird
species whose reporting has been the same in both
parties, i.e., the proportion of species that were ob-
served and not observed by both semi-structured
and structured approaches, relatively to a total of
bird species ever reported in a given grid cell, re-
ferred to above as N .
This proved useful to clarify the agreement of

both parties, while making up for some drawbacks
revealed by Kappa.

4.3.6 Percentage of Species Reported

The percentage of species reported gives informa-
tion about the fraction of species that were reported
by structured and and semi-structured compared to
the set of species ever recorded, using the N defined
above.

It is worth underlining the different interpreta-
tion derived with these values from that of Cohen’s
Kappa defined above. While the latter denotes the
level of agreement in the number of species reported
- which takes into consideration those that were not
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Figure 6: Observable agreement between structured
and semi-structured observations, expressed as a
percentage.

reported - between structured and semi-structured
observations, here, that number is being compared
for each procedure to the number of species ever
reported throughout the atlas’ time period. Mean-
ing that one grid cell with a high agreement does
not necessarily translate to having a high percent-
age on the number of different species reported on
either approaches, but rather that the species re-
ported and not reported are more alike.

4.3.7 Species Accumulation Curves

Species accumulation curves shows the number of
observed species or distinct classes of species as a
function of sampling effort over a period of time.
This usually provides a way of estimating the num-
ber of new species that can be discovered if addi-
tional effort is carried. It depicts a curve that will
necessarily be increasing, and most commonly neg-
atively accelerated, since, as the time goes by, the
less likely it is to report new species.
These accumulation curves have been creatively

used before in the field of citizen science, for in-
stance, by Kelling et.al (2015) [42] to try to measure
observer’s skills. However, for our case, we would
like to analyse, for a specific grid cell, how these
evolve for every checklist present.
In order to create this plot, the checklists com-

prising the chosen interval are therefore ordered
chronologically. We also made the choice of not
only sorting the checklists by its submission date,
but having the X axis corresponds to the cumula-
tive sum of the checklists’ distances, rather than

simply plotting by the checklist ID. Thus, infor-
mation about the effort taken between lists is also
conveyed. Moreover, additional information is dis-
played on the tooltip of the graph, namely the date,
ID and the number of new species found at a given
point.

Figure 7: SAC plot comparing structured (in or-
ange) and semi-structured checklists (in green).

4.3.8 Species Richness

Shannon’s diversity index, also known as Shan-
non–Wiener index, was originally proposed by
Claude Shannon in 1948 to quantify the entropy in
strings of text [55]. This index can also be applied
as a diversity index if we have available the number
of individuals of each species reported in a given lo-
cation. The calculation of this metric was done us-
ing the vegan [61] package, popular for providing
standard tools of descriptive community analysis.
The formula is defined as follows:

H = −
M∑
i=1

Pi lnPi (5)

where:

· M is the number of groups (i.e., number of differ-
ent species reported)

· Pi is corresponds to the proportion of the entire
community made up of species i

The higher the value of H, the higher the diversity
of species in a particular community. Conversely, a
value of H = 0 indicates that the community ei-
ther has one, no species present. Since checklists
with individuals count marked as ”X” count as 0
towards the quantity of individuals reported, there
is a possibility of having species that don’t count
towards towards this metric - which is the case for
grid with ID 980, in the Bragança district, featur-
ing 40 species reported, where none have counted
species leading to a Shannon Index of 0.
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Compared to simply mapping the number of dif-
ferent species, this metric goes a step further by
taking into account how common those species that
were reported are.

Besides this index, may also be useful to consider
the Shannon Equitability Index, making use of the
previously calculated Shannon Index, to get an idea
of evenness, using the following formula:

EH =
H

lnM
(6)

· H the calculated Shannon Index value

· M again, the number of groups (i.e., number of
different species reported)

This index is able to depict the degree of ”even-
ness” across the different species reported, quantify-
ing how similar the abundances of different species
are in each community.

5. The Tool Proposed

In order to develop an interactive visual tool capa-
ble of handling the freely available eBird data, the
first go to was to explore different tools provided
by the programming language R, our language of
choice from the start, and commonly used in big
data. It quickly became apparent that the best
framework for this use case would be the frame-
work Shiny. The name chosen for the tool was
Shiny eBird, with the intentional typo being af-
ter the framework’s name. In this section, we will
go through the steps taken before, during develop-
ment, and the outcome of said tool.

5.1. R’s Shiny Framework

Shiny is a web application framework for R that
simplifies the creation of reactive and responsive
web applications with beautiful data visualiza-
tions, making it possible to create web applications
with virtually zero knowledge on HTML, CSS or
Javascript languages, three pillars of web develop-
ment. The logic behind a Shiny project consists on
two main parts which can be implemented wither
in the same or in the following separate R files:

5.2. Development Workflow

The diagram depicts the main steps for the devel-
opment of the visual tool. It’s important to lay
emphasis on the fact that often exploring and per-
fecting of each stage happened concurrently, and
thus it would be more proper to regard the work-
flow with a logical stance as well.

5.2.1 Acquiring the Data and Analysis

First and foremost, the initial step was to get access
and download the data to be used in raw format.

Figure 8: Diagram depicting the development work-
flow.

eBird has made this process considerably straight-
forward, by only requesting what data the user
wants along with a concise description of its end
goal. Our requested data was, then, downloaded via
link received through email, in the a .txt file follow-
ing a .csv table format, composed of all of eBird’s
observations in Portugal stored up until December
2021. A preliminary analysis of the data structure
was carried to plan how to better handle it, leading
to the next step.

5.2.2 Pre-processing of the data

The what was called the pre-processing stage relates
to all the data handling of eBird data from the point
it was acquired, until it was properly suitable to be
used for the goals in mind. This key and often time
consuming step would then allow to access eBird
data locally more easily, and efficiently.

First and foremost, the program in which the
code for all the work was created - Rstudio which
is an integrated development environment (IDE)
renowed for R programming dedicated to the R lan-
guage.

A big part of initial data handling was done using
the R package auk[57], with its biggest qualities
being the filtration of data.

With the data imported onto R and filtered,
many R packages of the collection tidyverse[66],
namely dplyr, tibble and purrr to handle the
data in dataframes (tabular structures where the
raw data is imported to in R), or ggplot2[62] for
graphing.

One important aspect of this file was to have a
static list of all the species ever encountered in the
country, from which the dataset could then be orga-
nized. One could argue that the auk package could
have been used for this purpose, but due to the
sheer size of the dataset, even if divided into dis-
tricts, could sometimes be too large for the mem-
ory available, specially on those with the PT-11 and
PT-13 state codes, Lisbon and Porto’s respectively.
An easier way to get that list would be to use the
eBird API with the function ebirdregionspecies(),
via its R package rebird[70]. Sadly, this API would
not be of much use besides this function, since the
checklist data requests only goes up to 30 days.
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5.2.3 Grid and Coordinate Reference Sys-
tem Used

To systematize, keep track of surveyed areas and
subsequently analyse the information via a system-
atic approach throughout the territory, a grid sys-
tem is typically used. At a first experimental stage
during this phase, the grid adopted to map the
downloaded eBird data was the one used by the At-
las preceding the current Breeding Bird Atlas men-
tioned in 2.4 as we considered to include in our work
with its data ranging from 1998 to 2005 [54].
As we came to discover, though, this followed

a grid using a distinct coordinate reference sys-
tem (CRS). For this reason, only the grid used by
the most recent atlas, present in eBird and con-
taining richer information about the sampling ef-
fort, was used. This grid, whose files were gen-
erously shared by Pedro Cardia, follows the more
recent ETRS89/Portugal TM06 coordinate system
bounded in mainland Portugal, with ESPG code
3763 (a standardized way of identifying, projecting,
and performing transformations between them),
and also features a grid composed of 10x10 kilo-
meter cells which are then subdivided into 25 2x2
kilometer ones.
In terms of programming, the transformation to

the renowned World Geodetic System (also known
as WGS84), coded EPSG:4326, is performed to al-
low its coordinates to be in accordance with those
stored by eBird, and to further map it onto the in-
teractive map. This was carried using the sf [60] R
package.

5.2.4 Database System

Throughout the development, there were some
abrupt changes in the approach taken regarding
the way the information is structured. One of
the biggest ones being the change from a file-
based database, composed of thousand of files, to
a database format, in a rather late stage of the
work. Even though the usage of a this seems like
an obvious choice, it wasn’t at the time as the de-
cision to proceed with a database meant that auk,
very useful until then , would become unusable for
data filtering during processing. On the positive
note, it has allowed for a much quicker data access,
where intensive operations that would have previ-
ously taken more than one hour to process, could
be reduced to a minute, mostly thanks to not hav-
ing to handle hundreds of files splitting the dataset.
For this database, we used the relational database
SQLite[67], which is serverless - meaning that it
won’t need a server to be connected to, making the
process as straightforward as creating a connection
each time the Shiny application starts. The package
DBI[68] was key for interacting with the database,

after being created from importing all data to one,
to fetching information form it.

5.2.5 Application’s User Interface

For the layout of the UI itself, the package shiny-
dashboard[69] provided functions able to easily
provide the dashboard look to the interface of the
tool, with the different pages on a sidebar menu on
the top left corner.

The tool is then composed of three pages - the
first one being a homepage providing brief intro-
duction on the objectives of the tool, some context
on what it is representing. It also has described a
handful of points regarding some of the technical
details and concepts already alluded to in this doc-
ument, namely the usage of the atlas, the grid uti-
lized, etc.; the second one being where all the data
is made available - with the options for the user to
select the species, the timeframe, and whether or
not to compare with the structured data; finally,
the last and most brief page about the author.

The map where the metrics will be represented
take a big part of the screen these was possible using
the packages leaflet[64] toghether with the package
mapview[59], which wraps the former and makes
it even easier to map any type of data stored in
dataframes while running R. These are the packages
that managed to create the different maps listed in
4.3.3, and which are responsive to the user inside
the application.

5.2.6 Deployment of the Tool

Last but not least, comes the deployment of the
application. This was made using the online tool
Shinyapps.io10, a self-service platform that hosts
shiny applications on the web.

The drawback of this tool is the rather low
monthly server uptime limit (i.e., the amount of
time in which one’s server is online) set to the free
tier users which narrows it to only 25 hours per
month. The existing alternatives also require paid
allowance for improving its availability.

In order to deploy the application via RStu-
dio, one must use the rsconnect[71] package in a
rather simple one time process of configuring the
local Shiny application and binding it with the
shinyapps.io account. Once this setup is complete,
the application is one command away of being up-
loaded and updated with the function deployApp(),
which will then will make it available at the follow-
ing address:

https://ebirdbias.shinyapps.io/ebird tese workspace/
With the tool deployed, the architecture’s

overview of the application can be depicted as in

10https://www.shinyapps.io/
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the the diagram below:

Figure 9: User-Shiny server architecture.

Where an instance is run to serve requests to a
Shiny application from the end users. The Other
files here depicted may include any files used by
the application, such as media (contained in a folder
named /www), or simply other R files with helper
functions to facilitate coding in the main files. In
our case, our project contains the database, the grid
files for mapping, among other R files.

6. Future Work and Concluding Remarks
Regarding the future work, there are other possible
approaches to the problem at hand, such as:

• The usage of eBird data to create a statisti-
cal model capable of modelling distribution and
abundance of species.

• Assess the rarity of the species reported, and
perform a deeper analysis on grid cells that
unexpectedly reported a considerable smaller
amount of species in the structured checklists.

• Include a structured comparison with Inciden-
tal and Historical data, regarding it as a less
semi-structured approach.

Considering the endless number of possibilities of
handling eBird’s information-rich data, the follow-
ing points consist of some ideas that were at some
point during the development considered to be im-
plemented but ended up being abandoned due to
time constraints. However, these could be explored
further since they seemed achievable in the context
of Shiny and R:

• Mapping on a selected cell on the grid the
2x2 kilometer grid with pinpointed information
about the checklists locations within that cell,
allowing for the user to view exactly where the
data were surveyed. It could be accompanied
with visual information about the number of
checklists present at each spot, such as by us-
ing differently sized points on the map, for an
easier way of identifying more popular areas.

• Being able create a downloadable report of the
graphs and maps that were presented.

• Displaying more information about a species
in the case of a single one being selected. In-
formation such as an image or brief description
of the species would enrich the user experience,
and seems feasible via the R package Wikipedia
API wrapper called WikipediR11.

• Implementing a ”Data Explorer” allowing the
user to examine in a table format all the check-
lists’ information present in the selected cell.

• Optimization of the database usage, by min-
imizing the somewhat unnecessary number of
queries executed each time a user generates a
new map. Also, other ways of structuring its
data could also improve the processing rate.

One of the main objectives of this work was to
be able to interactively display information about
how the different regions are being reported, and
with that characterize the structured and semi-
structured approaches that have been considered,
and highlight its irregularities. The mapping and
graphing of these approaches using the presented
set of distinct metrics, displayed in different for-
mats, have allowed to reveal interesting results.

In a first phase, the structured data was expected
to be regarded as the ”correct” data source, due
to its rigorous nature, to then be used to evalu-
ate semi-structured data performance. However,
in many fronts, the grid cells that were observed
by semi-structured observations, revealed to have
richer information about bird species - often due to
it’s greater amount of data gathered and larger geo-
graphical coverage, specially in urban centers and in
the most notorious hotspots for birdwatcher. Still,
in the cells where the eBird volunteer participation
is lower, such as in northeastern Portugal and in
some inland areas, the structured observations man-
aged to keep up and even surpass the outcome of
semi-structured’s both in the number and richness
of the species observed. Besides the number of dif-
ferent lists reported, metrics that were used to de-
scribe the agreement between the approaches - in
particular Observable Agreement - have also shown
that the semi-structured checklists lead the way in
terms of the different number species reported.

Collectively, semi-structured observations often
outperformed Atlas’ data in areas where eBird’s
community is more active - even though it’s more
prone to the different types of bias - whereas in some
more remote areas the structured approach has the
upper hand. As Galván et al. (2021) [56] put it: no
bird database is perfect.

11https://github.com/Ironholds/WikipediR
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