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Abstract. Machine-learning emerged as an excellent alternative to understanding ecological patterns and pro-
cesses at different spatiotemporal scales. The study aimed to offer a global overview of the status quo on the
use of machine-learning in ecology and conservation globally. Using keywords in the Scopus engine, we in-
dexed all publications in ecology and conservation using machine-learning. We employed descriptive statistics
and regressions models to provide an overview and predict geopolitical patterns. The majority of manuscripts
were condensed in economically affluent countries, such as the United States (USA) and China (CHN) which
together amount to 91 (36.8%) studies. There is a spatial aggregation in the authors’ affiliations, once 182
(73.7%) studies derived from both Nearctic and Palearctic teams, whereas Tropical teams published 65 (26.3%)
manuscripts and the most-cited papers also are concentrated in northern regions. In ecology and conservation,
machine-learning first appear in the literature in 2003. Since then, the number of publications has increased
exponentially, from 09 manuscripts in 2010, to 120 manuscripts 10 years later. Most studies (N = 173; 70.1%)
focused on landscape and vertebrate ecology. The primary aims of the publications were widely variable but
strongly adherent to providing the best-information on both landscape-scale classifications and species distribu-
tion modelling. The manuscripts encompass different methods, from maximum entropy to boosted regression
trees and random forest, sometimes using a range of deep-learning architectures. Finally, the predictive varia-
bles (i.e., mammal diversity and per capita GDP) do not exert significant influences on the number of studies
published. Finally, we recommend a well-structured and collaborative agenda aiming to integrate less-resourced
countries into scientific advancements, fostering more equitable and effective responses to global environmen-
tal challenges.
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INTRODUCTION

Ecology is a relatively young science that fundamen-
tally seeks to understand the causes and consequences
(i.e., processes) of diversity patterns and species distribu-
tions across global environments (Brown, 1995; Haeckel,
1866). Universal features of ecological processes exhibit
mathematical properties that are inherently non-linear and
complex, historically addressed only through mathemati-
cal approximations (Bogoni et al., 2019; Conway, 1977;
May, 1976). Since the 1920s, explicit models as in Vol-
terra (1926), Lotka (1925), Elton (1924) have been em-
ployed in ecology to predict and describe synchronization
mechanisms in animal behaviour as Araujo et al. (2013),
predator-prey relationships and dynamics in Sherratt et al.
(1997), Kar et al. (2010), host-parasitoid interactions in
Hassell (2000), and various other ecological dynamics,
such as seed predation and dispersal (Bogoni et al., 2019)
and species distribution (Bogoni and Tagliari, 2021; Tag-
liari et al., 2023).

As global biodiversity faces unprecedented and wide-
spread declines in modern history (Bogoni et al., 2020;
Ceballos et al., 2020), addressing contemporary ecological
challenges—such as biodiversity loss, climate change, and
the growing demand for ecosystem services—has become
a pressing priority for ecologists (Rammer and Seidl,
2019). This issue is particularly critical in the global trop-
ics, where habitat loss is most severe. For example, within
just half a decade in the early 21st century, from 2000 to
2005, tropical forests in both wet and dry regions expe-
rienced a staggering loss of approximately 475,000 km?
of forest cover (around 50%) (Hansen et al., 2010). Thus,
understanding how to mitigate natural habitat degradation
processes, particularly across tropical landscapes, is im-
perative for safeguarding biodiversity on a global scale.

Machine-learning methods have emerged as an excel-
lent alternative for predicting and understanding ecologi-
cal patterns and processes across various spatiotemporal
scales. These methods consist of computational algorithms
designed to analyse the often non-linear structures of com-
plex data, thereby generating predictive models based on
estimated patterns (Rammer and Seidl, 2019; Olden et al.,
2008). In comparison to classical statistical approaches
(e.g., regression models), machine learning relies on com-
putational power to identify and model complex relation-
ships, prioritizing predictive accuracy over the estimation
of parameters and confidence intervals (Breiman, 2001).
Positioned at the intersection of statistics and computer
science—and driven by advances in artificial intelligence
and data science—the application of machine learning

in ecology and conservation has emerged as a rapidly
expanding field (Rammer and Seidl, 2019; Jordan and
Mitchell, 2015).

However, the conducted search reveals a lack of
studies examining how machine-learning methods are
being applied in ecology and conservation or providing a
pan-continental overview of how these methods can assist
ecologists in ensuring biodiversity persistence across glob-
al landscapes. Additionally, disparities between local and
global scales have historically biased scientific advance-
ments (Bogoni et al., 2021; Hughes et al., 2021). Modern
ecological methods, such as machine learning, tend to be
more widely utilized in regions with more affluent econ-
omies, where access to advanced computational resources
is readily available (e.g., Bogoni et al., 2021). In contrast,
countries where scientific development is still in its early
stages—and which often host the highest levels of biodi-
versity—have likely made less use of these computational
advancements. This limitation is particularly concerning
when it comes to understanding ecological patterns and
processes and addressing the severe biodiversity crises in
these regions.

Our primary aim was to provide a global pictorial
overview of the use of machine learning methods in ecol-
ogy and conservation by assembling a comprehensive
database through an extensive literature review. Specif-
ically, we sought to: (1) quantitatively and qualitatively
evaluate how machine learning methods have been ap-
plied in peer-reviewed ecology and conservation publica-
tions across a pancontinental scale; (2) assess the research
questions, focal areas, and taxonomic groups addressed in
studies involving machine learning within the disciplines
of ecology and conservation; and (3) discuss how coun-
tries with lower investment in science or less frequent use
of modern analytical methods can leverage these theoreti-
cal and analytical advancements to address their environ-
mental and ecological challenges. We tested the following
hypotheses: (1) the vast majority of publications originate
from authors affiliated with economically affluent coun-
tries; (2) the application of machine learning in ecology
and conservation is predominantly focused on species
distribution models and landscape ecology; and (3) at a
predictive level, a country’s per capita income positive-
ly correlates with the number of its publications, while
mammal diversity (used as a proxy for country-scale bio-
diversity) is negatively correlated with publication output,
as poorer countries often harbor greater biodiversity than
wealthier nations. Our goal is to provide a global synthesis
of how machine learning has been integrated into ecologi-
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cal and conservation research. By identifying geographic,
taxonomic, and methodological patterns in the literature,
it discusses existing disparities in scientific output and
highlights opportunities for greater inclusion of biodiver-
sity-rich yet underrepresented countries.

MATERIAL AND METHODS

Our study is characterized as data gathering research,
with a posteriori application of plans with descriptive sta-
tistical analysis method and mapping. Thus, in early May
(04"-May-2023), we used the Scopus search engine' to in-
dex and aggregate all publications (published or in press)
in ecology and conservation that used machine-learning
methods. To do so, we used a conjunct of keywords al-
lied to AND/OR operators, as follows: “machine learn-
ing” AND/OR “deep learning” AND “ecology” AND/
OR “conservation (similar to Magioli et al., 2015). This
allowed us to compile the number of scientific publica-
tions that included these terms in their manuscript titles,
abstracts, and keywords.

After capturing the studies, we extracted the follow-
ing information: (1) the total number of studies; (2) the
publication year of each manuscript; (3) the taxonomic
group(s) studied or the primary approach (e.g., landscape
ecology); (4) the country of primary affiliation of the first
author; (5) the city-based geolocation of the study in latitu-
dinal and longitudinal decimal degrees; (6) the set of study
keywords; (7) the study title; and (8) the total number of
citations for each manuscript. Documents with incomplete
information, missing location, author, or keywords, were
not consider in our analysis.

Once the database was consolidated, we used descrip-
tive statistics and mapping to provide a pancontinental
overview of the state of machine-learning applications
in ecology and conservation. We analysed the number
of published articles, the annual publication trends, and
the distribution of articles by country. Additionally, we
generated a word-cloud based on the top-100 keywords
provided by the authors. We also explored the proportion
of taxonomic groups or approaches studied in a pictori-
al synthesis of studies. Then, we identified the top-cited
manuscripts (i.e., all those with more than 100 citations)
and provided detailed insights into their primary aims,
methods, and the specific sub-disciplines of ecology and
conservation they addressed.

The data analyses were performed in R v.4.0.5 (R
Core Team, 2023) using stats (R Core Team, 2023), sp
(Bivand et al., 2013; Pebesma and Bivand, 2005), map-
tools (Bivand and Lewin-Koh, 2021) and the dependent

! https://www.scopus.com/home.uri.

R-package. Additionally, we utilized data from the Inter-
national Union for Conservation of Nature (IUCN) Red
List of Threatened Species?® to obtain country-level mam-
mal richness as a proxy for national biodiversity. Mam-
mals were chosen for this analysis as they represent one of
the most extensively studied and well-documented taxo-
nomic groups worldwide (Bogoni et al., 2021).

We also sourced data from the World Bank® to obtain
country-level per capita Gross Domestic Product, hereaf-
ter, GDP. Both variables mentioned above were subse-
quently used to predict the number of studies published
per country. To do so, we used a generalized linear regres-
sion model (g/m), using Poisson distribution under the
data variance given that the response variable is a count
(non-negative integers) (Dobson, 1990), correcting the
predictive data asymmetry by log x + 1. Thus, the glm was
performed as follows:

Studies,, country) ™ log(MammalRichness
+ log(GDP

(ith country))

(ith coumry))

where Studies county) is the number of studies published
in the country, log(MammalRichness counlry)) is the natu-
ral log of mammalian species richness in the country, and
10g(GDP(l.th cuuntry)) is the natural log of the Gross Domestic
Product for country.

Then, deriving a bivariate effect plot for both predic-
tive variables vs. number of studies. The statistics of glm
model were presented for z- and p-values, estimates and
standard errors. The regression analysis and bivariate plots
were performed in R v.4.0.5 (R Core Team, 2023) based
on the stats R-package (R Core Team, 2023).

REsuLTS

Our literature search identified 251 documents relat-
ed to machine learning and/or deep learning with a focus
on ecology and conservation. After applying an intuitive
filter to exclude documents with incomplete information,
our study was able to analyse pancontinental trends based
on 247 manuscripts. This overview revealed that the vast
majority of published manuscripts were concentrated in
economically affluent countries, such as the United States
(USA) and China (CHN), which together accounted for
91 studies (36.8%) (Fig. 1A). Furthermore, there was a
notable spatial concentration in the primary affiliations
of corresponding authors: 182 studies (73.7%) originated
from teams in the Nearctic and Palearctic regions, particu-
larly Europe, while Neotropical and Paleotropical teams

2 https://www.iucnredlist.org/.

3 https://www.worldbank.org/en/home.
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Figure 1. Number of studies (log-scaled) involving machine-
learning in ecology and conservation among countries (A), its
global geo-distribution and citation number (log-scaled; B), and
the cumulative publications over the years (C).

Source: Original search results.
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contributed 65 studies (26.3%). Of these, only 11 studies
(4.5%) were published in the biodiversity-rich Neotropical
realm (Fig. 1B). Similarly, the most-cited papers also pre-
dominantly originated from northern countries, mirroring
the geographic bias in publication origins (Fig. 1B).

In terms of publication accumulation, the ma-
chine-learning publications in ecology and conservation
first appear on literature in 2003. Yet, this topic increased
exponentially since the 2010s (Fig 1B). In 2010 this over-
view indicated nine published manuscripts, whereas 10-
yrs later this number reached 120 publications (Fig. 1C),
an increment of 111 publications. Moreover, in 2021 and
2022, these techniques seem to have become a hot-topic
and consolidating more than 100 (>40.5%) publications in
ecology and conservation (>50 manuscripts per year; Fig
1C). Across the countries, most studies (N = 173; 70.1%)
are fundamentally focused on landscape ecology (which
here includes species distribution), bird ecology and con-
servation, wildlife ecology with more than one taxonomic
group, mammal ecology and conservation, plant ecology
and conservation, fish ecology and conservation, and in-

vertebrate ecology and conservation (Fig 2A). Proportion-
ally, these areas respond to 28, 10, 10, 7, 6, 5, and 5%,
respectively, of all approaches (Fig. 2B).
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Figure 2. (A) Network between publication-based country vs. major approach of machine-learning studies in ecology and conserva-
tion; and (B) Percentage (and main authors keywords) of approaches in ecology and conservation using machine-learning methods.

Source: Original search results
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Analysis of the top-cited manuscripts (N = 14; 6%),
totaling 9887 citations, reveals that the primary objectives
of these publications varied significantly, yet consistently
focused on providing high-quality information on both
landscape-scale classifications and species distribution
modeling (Table 1). Whereas, some top-cited manuscripts
provide comparisons between machine-learning algo-
rithms in solving an ecological or conservation issue (Ta-
ble 1). These 100% northern-based researches, published in
high-impact journals, encompasses different methods, from
maximum entropy models to boosted regression trees and

random forest, and sometimes uses a vast gamma of deep
learning architectures (e.g., AlexNet, NiN, VGG, Goog-
LeNet, and ResNet; see Norouzzadeh et al. (2018); Table 1).
Finally, the mammal diversity (species richness) ex-
erts significant influences on the number of country-scale
studies, whereas per capita GDP does not. Mammal di-
versity had a positive and significant tendency [z-score =
2.362; estimates = 0.41; se = 0.17; p = 0.02] while per
capita GDP had a positive but non-significant tendency [z
=1.357; estimate = 0.14; se = 0.10; p = 0.175] in influenc-
ing the patterns of global distribution of studies (Fig. 3).
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This model presented deviance and goodness-of-fit (G-sta-
tistic) with p < 0.001, low overdispersion (OD = 0.346)
and diagnostic residuals plots suggest that the distribution
is satisfactory in terms of residuals.

DiscussioN

The complexities of ecosystems and the challenges
of managing and protecting biodiversity require constant
computational advances (Chaves, 2013), in which, ma-
chine-learning approaches, poses as strong candidate to
help ecologists perform sophisticated data analysis. Ma-
chine-learning algorithms have a high capacity of process-
ing large datasets, identify patterns, and make predictions
that can support in decision-making and resource alloca-
tion (Rammer and Seidl, 2019). Our main results showed
that machine-learning has been widely used in habitat
mapping particularly within landscape ecology, predictive
modelling, and other ecological data analysis devoted to
understanding patterns and drivers of diversity and species
distribution, especially in vertebrate and plant ecology.
The integration of satellite imagery and machine-learn-
ing provides a powerful tool for mapping and monitoring
habitats, tracking deforestation, and assessing land-use
changes (McLaren et al., 2018; Kampichler et al., 2010).
Moreover, machine-learning can predict species distribu-
tion, movement patterns, and migration routes, supporting
in conservation planning (Pittman and Brown, 2011). In
the context of ecological data analysis, machine-learning
approaches were used to process large datasets derived
from field observations and sensors (e.g., Christin et al.,
2019; Stowell and Plumbley, 2014) as to identify complex
relationships and patterns in ecological systems.

These main approaches address important ecological
and conservation challenges. Both landscape ecology and
predictive modelling are essential tools for understanding
and responding to the accelerating changes in habitats and
climate. Ecologists are increasingly required to improve
their analytical skills to better predict biodiversity and spe-
cies distribution responses to highly modified landscapes
and pervasive climatic changes. Understanding the pro-
cess that influences the species distributions is a critical is-
sue in ecology and conservation (Franklin, 2009; Hutchin-
son, 1957), especially for species under threats (Phillips
et al., 2004). In this context, machine-learning algorithms
have become widely used in biogeography, ecology, and
conservation biology to estimate the relationship between
species occurrences and environmental variables (Elith et
al., 2011; Elith and Leathwick, 2009; Franklin, 2009).

For instance, species distribution models (SDMs) en-
able researchers to explore key questions in conservation,
ecology, and evolution, such as: (1) determining priority

areas for conservation and contributing to the protection of
species (Faleiro et al., 2013; Garcia, 2006; Chen and Pe-
terson, 2002); (2) understanding invasive process of spe-
cies (Giovanelli et al., 2008; Ficetola et al., 2007); (3) gen-
erating ecocultural niche modelling that reflects ecological
influences on past human culture distributions (Banks et
al., 2008); (4) proposing past distributions of species (Car-
naval and Moritz, 2008; Hugall et al. 2002); and (5) pre-
dicting future distributions of species under changing of
climatic and environmental characteristics (Tagliari et al.,
2023; Bogoni and Tagliari, 2021; Siqueira and Peterson,
2003).

Our results on the use of machine learning methods in
ecology and conservation have shown an exponential in-
crease since 2017. In 2010, our search identified nine pub-
lished manuscripts, whereas ten years later, this number
had increased by 111 publications. Furthermore, our find-
ings reveal a strong geographic concentration of ecologi-
cal studies using machine learning approaches in northern
countries. Historically, the vast majority of scientific pub-
lications are located in these regions. For instance, only
in 2020, the US authors signed about ~755,000 scientific
publications, while Brazilian authors reached ~100,000
publications on Scopus (see search logs?), representing
86.6% less. These values are reflected in the context of
machine learning approaches in ecology, as our results in-
dicate that Brazilian authors published 92.0% fewer man-
uscripts than their counterparts in the United States.

Brazil is undoubtedly Earth’s most biodiverse coun-
try, harbouring the largest set of known and unknown spe-
cies (Moura and Jetz, 2021), but still presenting glaring
knowledge gaps such as the multispecies Wallacean short-
falls (Bogoni et al., 2021). Addressing these discrepancies
requires substantial investment in scientific research. In
contrast, with the exception of 2022 — when investments in
science were temporarily resumed —, the Brazilian govern-
ment has systematically deepened budget cuts for science
since 2017 (see Angelo, 2017; Escobar, 2017).

In terms of machine-learning, we advocated that the
investments should be addressed to form and solidify hu-
man resources and increase the computational power of
institutions, especially all those located across the coun-
tryside, given that both these factors are critical to per-
forming high-complex analysis. Moreover, our findings
based on proxies of biodiversity and financial resources in

4 https://www.scopus.com/results/results.uri?st1=United+States&st2=

&s=AFFILCOUNTRY %28United+States%29&limit=10&origin=resul
tslist&sort=plf-f&src=s&sot=b&sdt=cl&sessionSearchld=1{06790275-
90dc7¢447bf72ed3d85980& yearFrom=2020&yearTo=2020 | https:/
www.scopus.com/results/results.uri?st1=United+States&st2=&s=AF
FILCOUNTRY %28Brazil%29&limit=10&origin=searchbasic&sort
=plf-f&src=s&sot=b&sdt=b&sessionSearchld=1f0679027590dc7c44-
7bf72ed3d85980&yearFrom=2020&yearTo=2020
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predicting the pancontinental patterns in the application of
machine-learning in ecology showed no significant influ-
ence on the number of studies published globally. Howev-
er, mammal diversity showed a positive tendency whereas
per capita GDP had a negative tendency in potentially
influencing the distribution patterns of published studies.
Economically affluent regions — despite having low bio-
diversity when compared to tropical countries — typically
account for the vast majority of scientific projects research
fundings, while biodiversity-rich countries tend to have
lower per-capita incomes. Furthermore, despite the high-
ly-recognised quality of researches led by global south
scientists—often conducted under highly adverse field
and financial conditions and whose legacy chips away at
much of our knowledge gaps (Bogoni et al., 2021)—rarely
is a tropical country a protagonist in terms of publications
number.

In this context, for example, Canada and China to-
gether harbour a total of 753 mammalian species (195 and
558, respectively; Smith and Xie, 2013; Banfield, 1974),
whereas Brazil has 775 mammal species described (Abreu
et al., 2022). Therefore, a kind of per capita publication in
relation to mammalian species reaches 0.07 and 0.006, re-
spectively, representing 13-fold more publications lead by
these northern countries weighted by its biodiversity when
compared to Brazil. Yet, our results indicate that this is not
an exclusivity for Neotropical countries, such as Brazil.
Excepting for Australia, Paleotropical countries amount to
25 studies, representing only ~10% of the total. Moreover,
the top-10 richest countries in terms of GDP per capita
(70% of them located in the Nearctic of Palearctic) amount
by 38.1% of publications (N = 94), while the top-10 poorer
countries (60% located in the Paleotropical region) signed
only 10.1% of scientific publications (N = 27) focused in
machine-learning in ecology.

Our initial hypotheses were partially corroborated.
Our results indicated that the vast majority of publica-
tions derive from authors affiliated in economically afflu-
ent countries, and the major focus of machine-learning in
ecology and conservation was widely applied to species
distribution models and landscape ecology. In predictive
terms, although there is a clear tendency for richer coun-
tries to publish more than poorer ones, and a negative re-
lationship between biodiversity and publication output,
mammal diversity showed a positive and significant trend,
while per capita GDP showed a positive but non-signifi-
cant trend.

Based on our global overview of the use of machine
learning methods in ecology and conservation, we con-
clude that a wide range of ecological and conservation
issues has already been addressed using these techniques.

Machine learning thus represents a strong promise for the
coming years, contingent only on the availability of hu-
man and financial resources. This promise can therefore
be solidified by a fine-tuned agenda aiming to initiate a
discussion concerning countries with lower investments
in scientific research and those that employ fewer mod-
ern analytical methods. Such an agenda would also allow
for an exploration of how these nations can benefit from
theoretical and analytical advancements to address their
persistent environmental and ecological challenges. Final-
ly, collaboration between scientific communities across
different economic levels could enable more equitable and
effective responses to shared global challenges.
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Table 1. Journal, the impact factor (IF), year of publication (yr), authors, main country, number of citations, primary aim, machine-learning methods or framework, and main approach of
the top-cited manuscripts (> 100 citations; N = 14) using machine-learning approach in ecology and conservation across the globe.

Journal Impact Year Authors Main . Z. Primary aim Machine learning method(s) or Main approach
factor country citation framework
To provide effective guidance on how ~ Maximum entropy models (MAXENT Landscape
. best to use this information in the and MAXENT-T) and boosted regression ecology
Ecography 6.802 2006 Elith ctal. AUS 6282 context of numerous approaches for trees (BRT, also called stochastic gradient & species
modelling distributions boosting) distribution
To applied various machine _om_..:_wm Landscape
Ecological methods to the problem of predicting Regression trees, Multi-target regression ecolo
&l 3.512 2009  Kocev et al. SVN 139 the condition or quality of the remnant & ? arget reg £y
Modelling o . trees, Ensembles, Bagging, Random forests & species
indigenous vegetation across an .
. . distribution
extensive area of south-eastern Australia
To compare five machine-learning based
classification techniques wo_mmmgmomao: Techniques of classification trees, random
Ecological Kampichler trees, random forests, artificial neural forests, artificial neural networks, support ~ Bird ecology &
gle 4.498 2010 P MEX 120 networks, support vector machines, and ’ . XS, Supp gy
Informatics et al. . . vector machines, and automatically conservation
automatically induced rulebased fuzzy .
. . . . generated fuzzy classifiers
models) in a biological conservation
context
to: (1) Determine whether the influence
of environmental predictors on species’
distribution was scale-dependent; (2)
evaluate the utility of environmental
data from a single remote sensing device
combined with metrics for surface
morphology to predict and map fish
species distributions across a complex
. coral reef ecosystem; (3) determine . .
PLoS ONE 3.752 2011 Pittman & USA 181 which omponents of remotely sensed WOOMHQ regression trees A.WWHV and m_mr oo.o_o,mv\ &
Brown maximum entropy modelling (MaxEnt) distribution

seafloor structure contribute most to

the species distribution models; (4)
identify threshold effects where changes
in environmental variables abruptly
influence species occurrence; and

(5) evaluate the performance of two
different machine-learning modelling
algorithms for spatial predictions of
marine fish distributions
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Remote Sensing of
Environment

Journal of
Biogeography

Methods in Ecology
and Evolution

Integrative Zoology

13.85 2012 Dronova et
al.
481 o012 Wemecket
al.
Barbet-
8.335 2012 Massin et al.
2.083 2013  Li & Wang

Classify Poyang Lakewetland PFTs
using OBIA and to determine which
image segmentation scales and machine-
learning algorithms optimize class
discrimination

USA 139

To investigate the historical distribution
of the Cerrado across Quaternary
climatic fluctuations and to generate
historical stability maps to test: (1)
whether the ‘historical climate’ stability
hypothesis explains squamate reptile
richness in the Cerrado; and (2) the
hypothesis of Pleistocene connections
between savannas located north and
south of Amazonia

USA 174

To conduct a comprehensive
comparative analysis based on simple
simulated species distributions to
propose guidelines on how, where and
how many pseudo-absences should
be generated to build reliable species
distribution models.

FRA 1401

To applying various algorithms for

CHN 120 species distribution modelling

Six machine-learning algorith representing
machine-learning principles: a probabilistic
Bayes method (NaiveBayesSimple in
Weka notation), a logistic regression

method (SimpleLogistic in Weka), Landscape
an artificial neural network algorithm ecology
(MultilayerPerceptron (MLP)), a support & species
vector machine tool distribution

with polynomial kernel and complexity
parameter value of 10 (SMO inWeka), a
K-Nearest Neighbors (IBk inWeka) and a
tree-based classifier (RandomForest).

Maximum-entropy Climate change

Landscape
Boosted regression trees (BRT) and random ecology
forest (RF) & species
distribution
Multivariate adaptive regression splines,
Mixture discriminant analysis, Artificial
. . Landscape
neural networks, Generalized boosting ecolo
models, Classification and regression tree, gy
. . . & species
Random forest, Hierarchical modelling, L.
distribution

Genetic algorithm for rule set production,
and Maximum entropy
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Peer]

PLoS ONE

Energy and
Buildings

Ecology Letters

Stowell &
3.061 2014 ey
3.752 2016 deSouza
et al.

7.201 2018 Touzani et al.

McLaren

11.274 2018
et al.

GBT

CAN

USA

USA

185

152

212

102

To introduce a technique

for feature learning from large volumes
of bird sound recordings, inspired by
techniques that have proven useful in
other domains

Spectral features and feature learning

To assess the accuracy of satellite-based

AIS (Automatic Identification System)

and VMS (Vessel Monitoring System) in Hidden Markov Model (HMM) and Data
correctly identifying individual fishing ~ Mining (DM)

events or ‘sets’ by comparing against

expert-labeled data

To propose an energy consumption
baseline modeling method based on a
gradient boosting machine wasproposed.

Decision trees and Gradient boosting
machine

To disentangle anthropogenic and
landscape-related factors affecting
stopover density, and thereby assess
whether artificial light at night might be
affecting selection of stopover habitat,
we estimated responses in seasonal-
mean reflectivity to geographic, land
cover and anthropogenic predictors
using additive regression models fit by
gradient boosting, a machine-learning
technique

Additive regression models fit by gradient
boosting

Bird ecology &
conservation

Fish ecology &
distribution

Green energy &
energy economy

Bird ecology &
conservation
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Proceedings of the

National Academy ~ 12.799 2018 Norouzzadeh
. et al.
of Sciences
Methods in Ecology ¢ 335 5419 Chyistin et al.

and Evolution

USA

CAN

493

187

Test how well deep learning can
automate information extraction from
camera-trap images

To review existing implementations and
show that deep learning

has been used successfully to identify
species, classify animal behaviour

and estimate biodiversity in large
datasets like camera-trap images, audio
recordings and videos

Deep learning architectures: AlexNet, NiN,

VGG, GoogLeNet, ResNet Wildlife ecology
Tensorflow, PyTorch, Keras, Microsoft
Cognitive Toolkit (CNTK), Deeplearning4J, Wildlife ecology

MATLAB + Deep Learning Toolbox,
Apache MXNET, PlaidML
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