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“Todos os modelos estdo errados, mas alguns sdo uteis.”

George Box (1919-2013)

“... Naquele Império, a Arte da Cartografia logrou tal perfei¢do que o mapa de uma tnica Provincia
ocupava toda uma Cidade, e o mapa do Império, toda uma Provincia. Com o tempo, esses Mapas
Desmedidos nao satisfizeram mais e os Colégios de Cartografos levantaram um Mapa do Império,
que tinha o tamanho do Império e coincidia pontualmente com ele. Menos dedicadas ao Estudo da
Cartografia, as Geragdes Seguintes entenderam que esse dilatado Mapa era Inutil e ndo sem
Impiedade o entregaram as Incleméncias do Sol e dos Invernos. Nos desertos do Oeste perduram
despedagadas Ruinas do Mapa, habitadas por Animais e por Mendigos; em todo o Pais nao ha outra
reliquia das Disciplinas Geograficas.”

Jorge Luis Borges (1899-1986)
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RESUMO

Os Modelos de Distribuigao de Espécies (SDMs) tornaram-se importantes ferramentas, nao sé
para a biologia da conserva¢ao como também para a ecologia e biogeografia. Entretanto, os SDM
apresentam limitagdes por ignorarem aspectos ecoldgicos como tendéncia e distribuicdo espacial
da abundancia de espécies. Recentemente vém sendo propostos os Modelos de Distribuigdo
Baseados em Abundancia (ADM). Como os SDM, estes sao modelos correlativos, mas modelam
e predizem ao longo do espaco geografico a abundancia das espécies. Entretanto, os ADM
permanecem pouco desenvolvidos em comparagdo com os SDMs, com poucos trabalhos na
literatura que explorem os ADM, em questdes como algoritmos e validagdo, e poucos pacotes ou
ferramentas desenvolvidas para suas construcdes. A capacidade dos ADM pode significar ganhos
expressivos para a conversacao bioldgica, resultando em melhores decisdes e planejamento,
especialmente em areas ameacgadas, como o Gran Chaco. O Gran Chaco ¢ uma regido que se
estende pelo norte da Argentina, oeste do Paraguai, sudeste da Bolivia e em uma pequena parte do
centro-oeste Brasil. Apresenta vegetagdo predominantemente aberta e xeromorfica e clima
semiarido e alta biodiversidade, mas possui poucas areas protegidas ¢ grande taxa perda de
cobertura natural. Esta dissertacdo estd estruturada em dois capitulos. No primeiro capitulo,
apresenta-se o pacote para R adm, desenvolvido com o intuito de possibilitar fluxos de trabalho
concisos e flexiveis para a constru¢do de ADMs. Com este pacote objetiva-se alavancar o estado
de desenvolvimento e¢ a pesquisa dos ADMs fornecendo uma ferramenta util para sua facil
construcdo e validacdo. No segundo capitulo, apresenta-se a aplicacdo deste pacote em um
experimento que teve como objetivo avaliar e comparar o desempenho de nove algoritmos, com
énfase em diferentes tipos de Redes Neurais Artificiais, em multiplos cenarios de tratamento dos
dados, com a constru¢cdo de ADMs para 117 espécies arboreas nativas do Gran Chaco. Os dados
de abundancia destas espécies foram compilados de inventarios florestais do Brasil, Paraguai e
Argentina. Os resultados do experimento mostram que decisdes como o particionamento dos dados
de treinamento e o balanco entre quantidade de pontos de auséncia e abundancia sdo importantes
para o desempenho dos modelos. Além disso, Redes Neurais Profundas, com multiplas camadas,
tendem a ter melhor desempenho que Redes Neurais Rasas, com apenas uma camada.

Palavras-chave: Abundancia. Aprendizado de maquina. Biogeografia. Ecologia espacial.
Modelos de distribuigao.
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ABSTRACT

Species Distribution Models (SDMs) have become important tools not only for conservation
biology but also for ecology and biogeography. However, SDMs have limitations because they
ignore ecological aspects such as the trend and spatial distribution of species abundance.
Abundance-based distribution models (ADM) have recently been proposed. Like SDMs, these are
correlative models, but they model and predict the abundance of species over geographical space.
However, ADMs remain underdeveloped compared to SDMs, with few papers in the literature
exploring ADMs, on issues such as algorithms and validation, and few packages or tools developed
for their construction. The capacity of ADMs could mean significant gains for biological
conversation, resulting in better decisions and planning, especially in threatened areas such as the
Gran Chaco. The Gran Chaco is a region that stretches across northern Argentina, western
Paraguay, southeastern Bolivia, and a small part of Brazil. It has predominantly open, xeromorphic
vegetation, a semi-arid climate, and high biodiversity, but few protected areas and a high rate of
natural cover loss. This dissertation is structured in two chapters. The first chapter presents the R
adm package, developed to enable concise and flexible workflows for building ADMs. Thish
package aims to leverage the state of development and research of ADMs by providing a useful
tool for their easy construction and validation. The second chapter presents the application of this
package in an experiment that aimed to evaluate and compare the performance of nine algorithms,
with an emphasis on different types of Artificial Neural Networks, in multiple data processing
scenarios, with the construction of ADMs for 117 tree species native to the Gran Chaco. The
abundance data for these species was compiled from forest inventories in Brazil, Paraguay, and
Argentina. The results of the experiment show that decisions such as the partitioning of the training
data and the balance between the number of absence and abundance points are important for the
performance of the models. In addition, Deep Neural Networks with multiple layers tend to
perform better than Shallow Neural Networks with only one layer.

Keywords: Distribution models. Abundance. ADM. Spatial ecology. Biogeography. Machine
learning.
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1 INTRODUCAO GERAL

A abundancia é a caracteristica de uma populacdo que diz respeito a quantidade de
individuos de uma certa espécie que ocupam uma determinada area. Este topico ¢ de interesse dos
ecologos, desde o inicio da ecologia, especialmente pela importdncia da compreensao da
abundancia das espécies tanto em questdes relacionados as diferentes teorias ecologicas como
conservagdo e utilizagdo de recursos naturais (MATTHEWS; WHITTAKER, 2015). Ainda hoje,
entretanto, os fatores que determinam a abundancia sdo discutidos, mas entende-se que se
relacionem a combinacdo entre caracteristicas ambientais biodticas e abidticas e as respostas das
espécies a elas (ALVES-MARTINS et al., 2023; BORREGAARD; RAHBEK, 2010; DORIGO;
BOSCUTTI; SIGURA, 2021). Um aspecto ainda em discussdo da abundancia ¢ sua relagdo com
a distribuicdo da espécie no espaco geografico; i.e., os individuos de uma espécie nao
necessariamente se distribuem de maneira uniforme ao longo de toda sua area de ocorréncia
(BORREGAARD; RAHBEK, 2010; DE LA FUENTE et al., 2021). No centro desta discussao esta
a hipotese do Centro-abundante?, que assume que a abundancia de uma espécie deve ser maior no
centro de distribuicdo geografica e declinar em dire¢do as bordas, acompanhando a redugdo de
condi¢cdes Otimas para a espécie (BROWN, 1984). Esta relagdo, entretanto, segue a ser explorada,
e pesquisas recentes apresentam tanto resultados favoraveis (MARTIN; ROBINSON; BONIER,
2024; VYE et al., 2020; WALDOCK et al., 2019) quanto contrarios a hipotese (DALLAS;
SANTINI, 2020; NTULI et al., 2020). De forma semelhante, também se propde a hipdtese centro-
abundante ecoldgico?, que estabelece que a abundancia de uma espécie ¢ maior quanto mais
proximo do centroide de um nicho estimado (no espaco ambiental) (OSORIO-OLVERA;
SOBERON; FALCONI, 2019). Neste sentido, varios trabalhos verificaram uma relagdo positiva
entre a adequabilidade ambiental e abundancia local (DE LA FUENTE et al., 2021; JARNEVICH;
SOFAER; ENGELSTAD, 2021; WEBER et al., 2017), enquanto outros encontraram pouca ou
nenhuma relacdo (DALLAS; HASTINGS, 2018; LEE-YAW et al., 2022; SPORBERT et al., 2020).

Fatores como temperatura, heterogeneidade do habitat, composi¢do quimica do ambiente
e interagdes com outras espécies se mostram importantes para a abundancia local de espécies de
diferentes grupos biologicos (BOWLER et al., 2018). Outro aspecto importante ¢ a sazonalidade.
Trabalhos recentes demonstram que a abundancia de diferentes espécies pode flutuar de forma
intimamente ligada a padrdes temporais de condi¢des ambientais, como temperatura e precipitacao

(MTUI et al., 2022; NOVAIS et al., 2019). Entretanto, todos estes fatores podem variar, ser
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! Do inglés “Abundant-centre hypotesis”.
2 Do inglés “Ecological Abundant-centre hypotesis”.



mensurados e ter efeitos significativos sobre a abundancia de uma espécie em diferentes escalas,
o que ¢ conhecido como escala de efeito. Neste sentido, trabalhos recentes demonstram que a
abundancia possui resposta variada a variaveis em diferentes escalas (MORAGA; MARTIN;
FAHRIG, 2019; SAN-JOSE et al., 2019). Alguns trabalhos encontraram evidéncias de que
variaveis em grandes escalas, a nivel de paisagem, sdo boas preditoras da abundancia de espécies,
mas outros concluiram que a abundancia foi mais afetada por varidveis em escalas menores
(KYRO et al., 2018; REMM et al., 2017). Outras pesquisas ainda argumentam que esta questio
depende do contexto e da espécie estudada (CATZIM et al., 2022; DORIGO; BOSCUTTI;
SIGURA, 2021; GESTICH et al., 2019).

Esta discussdo acerca da abundancia e sua distribuicdo geografica envolve a acepgao
“hutchisoniana” de nicho, amplamente aceita contemporaneamente, que o compreende como um
hipervolume n-dimensional determinado por condigdes abioticas e bidticas nas quais a espécies
pode manter populagdes vidveis (SOBERON; NAKAMURA, 2009). Neste sentido, a area
geografica em que ocorre uma espécie estd relacionada como o “nicho realizado”, que consiste nas
regides do “nicho potencial” colonizaveis por uma espécie. O “nicho potencial”, por sua vez, sdo
todas as areas em que o “nicho fundamental” - o conjunto de todas as condi¢des abidticas e bidticas
favoraveis a espécie - estd de fato presente num espago geografico e tempo determinado
(JACKSON; OVERPECK, 2000; SOBERON; ARROYO-PENA, 2017; SOBERON; NAKAMURA,
2009).

Baseadas nesta compreensdo, foram propostas ha décadas técnicas para a construcao de
modelos de nicho ecologico e suas projegoes no espago geografico (ELITH; LEATHWICK, 2009).
Entre estas, os Modelos de Distribuicao de Espécies (SDM) ganharam especial atenc¢do nos ultimos
anos. Estes modelos correlacionam dados de presenca, auséncia e/ou pseudo-auséncias com
varidveis ambientais, projetando a adequabilidade ambiental da espécie ao longo do espaco
geografico (FRANKLIN, 2023; RATHORE; SHARMA, 2023). Entretanto, existem outras
abordagens de modelagem ndo necessariamente correlativas, como os SDM. Os modelos
mecanicistas, por exemplo, sdo focados em processos e visam a captura da relagao entre condigdes
ambientais e tracos funcionais da espécie para projetar sua area de ocorréncia (EVANS et al.,
2016). Em modelos deterministicos, a distribuicdo da espécie € suposta como completamente
determinada pelas condi¢des iniciais € os parametros do modelo, sem incorporar elementos de
estocasticidade (MOHD, 2022).

Embora os SDMs tenham ganhado grande atengao e aplicabilidade, sendo utilizados como
importantes ferramentas na biogeografia e nos planejamentos dos esforcos de conservacao
(FRANKLIN, 2023; RATHORE; SHARMA, 2023; SOFAER et al., 2019), eles também

apresentam limitagdes. Uma destas € a de que os SDM, embora capazes de projetar adequabilidade



ambiental, ignoram outros aspectos ecologicos, como densidade e tendéncias de populacdes,
importantes aspectos para a conservagao (HASTINGS et al., 2020). Isto se torna um problema
dado que, por exemplo, a populacdo de uma espécie ndao necessariamente se distribui
uniformemente a longo de todo o espago geografico ocupado (BORREGAARD; RAHBEK, 2010).
Neste sentido, mudangas ambientais podem causar o declinio da popula¢do de uma espécie sem
causar grandes impactos ou alteragdes em sua area de distribuicdo (HASTINGS et al., 2020).
Diversas abordagens foram propostas para modelar a abundancia da espécie no espaco geografico
(e.g., modelos mecanicistas como MetaRange, FALLERT; LI; CABRAL, 2025; ¢ RangeShifter,
BOCEDI et al., 2021; e correlativos, como regressdes quantilicas, CADE; NOON, 2003; VILLEN-
PEREZ et al., 2020). Recentemente vém sendo propostos os Modelos de Distribuicio Baseados
em Abundancia (ADM) (DREXLER; AINSWORTH, 2013; EHRLEN; MORRIS, 2015; HILL et
al., 2017; HOWARD et al., 2014; KULHANEK; LEUNG; RICCIARDI, 2011; YU; COOPER;
INFANTE, 2020). Estes modelos assemelham-se aos SDM ao correlacionar dados de abundancia
e varidveis ambientais.

A capacidade de estimar a abundancia ao longo do espaco geografico pode ser de grande
valor para a conservagdo das espécies (VILLEN-PEREZ et al., 2020). Tudo isto torna os ADM
relevantes para areas como a ecologia e conservacao. H4, entretanto, poucos trabalhos na literatura,
até a atualidade, tratando explicitamente destes modelos e/ou explorando extensivamente possiveis
algoritmos para construi-los. Em especial, WALDOCK et al. (2022) e BOTELLA et al. (2018)
conduziram experimentos comparativos com diversos algoritmos e obtiveram promissores
resultados. Contudo, os ADMs ainda possuem desenvolvimento muito inferior em relagdao aos
SDMs (WALDOCK et al., 2022).

Atualmente, devido a crescente disponibilidade de dados ecoldgicos e do aumento do poder
computacional, a utiliza¢do de algoritmos mais complexos torna-se possivel, e o ajuste de modelos
ecologicos quase sempre ocorre em ambientes computacionais (GILBERT et al., 2024). A
linguagem de programacido estatistica R (R CORE TEAM, 2024) vém sendo cada vez mais
utilizadas para ajuste e andlise de modelos, revelando o papel central destas ferramentas na
pesquisa em ecologia e conservacdo (LAl et al., 2019, 2023). Alias, R € a principal linguagem para
a constru¢do de SDM (KASS et al., 2025). Portanto, o desenvolvimento de pacotes focados na
construcdo de AMD em R representaria uma oportunidade para popularizar e alavancar o proprio
desenvolvimento e aplicacdo destes modelos.

Entre os algoritmos complexos mais utilizados atualmente estdo as Redes Neurais
Artificiais (ANN). Estas sdo algoritmos que originalmente foram pensados para imitar o
funcionamento do cérebro humano, e por isso consistem em redes estruturadas de neurdnios

interconectados; estes sdo unidades computacionais que executam transformagdes nos dados



(ALZUBAIDI et al., 2021). Nestas redes, os neurdnios estdo organizados em diversas camadas
sucessivas. A quantidade de camadas e a quantidade de neurdnios em cada camada ndo sdo
parametros predeterminados, permitindo que redes muito grandes ou muito pequenas sejam
definidas, dependendo da necessidade do usuério, e disso vem a flexibilidade das ANN
(POUYANFAR et al., 2019). As ANN mais simples contam com apenas uma camada, entre a
entrada e a saida dos dados, e por isso sdo frequentemente chamadas de Redes Neurais Rasas
(NET) (PODDER et al., 2021). Com o avango da tecnologia, tornaram-se possiveis a construgao
de ANN com dezenas a milhares de camadas e neurdnios, surgindo o que ¢ chamado de Redes
Neurais Profundas (DNN) (ALOM et al., 2019). A varia¢dao na estrutura e funcionamento dos
neurdnios também tornou possivel a constru¢ao de Redes Neurais Convolucionais (CNN), que sdo
capazes de trabalhas com dados matriciais, como imagens, em vez de dados tabulares (AYENI,
2022). Todas as ANN aprendem com o proprio erro, através dos processos de feed-foward e back-
propagation. No processo de aprendizagem, sdo imputados os dados na camada inicial e cada
neurdnio desta camada faz transformagdes numéricas nos dados e transmite seu resultado para
cada neurdnio da camada seguinte. Esse processo ¢ repetido sequencialmente. Apds a saida dos
dados, o erro é computado e os pesos dos neurdnios, que controlam as transformagdes numéricas,
sdo atualizados. Este processo de treino ¢ repetido até que o erro seja minimizado (CHAI; JIN,
2024). Atualmente, estes algoritmos vém sendo muito utilizados na ecologia, em tarefas que vao
desde a regressdo de variaveis a classificagdo de imagens (BOROWIEC et al., 2022), mas ainda
sao poucos explorados no campo dos ADMs.

A aplicacao de ADMs se mostra especialmente relevante em regides com alta diversidade
e perda de cobertura natural, comuns nas regides tropicais e subtropicais (EDWARDS et al., 2019),
como o Gran Chaco (Chaco seco, imido e serrano). O Gran Chaco estende-se ao longo do norte
da Argentina, oeste do Paraguai, sudeste da Bolivia e uma pequena por¢ao do sudoeste do Mato
Grosso do Sul, no Brasil (PRADO, 1993). Possui vegetagao majoritariamente aberta, xeromorfica,
clima semiarido, com verdes de temperatura elevada e geadas no inverno (SPICHIGER et al.,
2006). Alguns autores consideram a regido do Gran Chaco a maior floresta seca continua do mundo
(OLSON et al., 2001) e o segundo maior bioma da América do Sul, com 1,3 milhdes km? de
extensao (BUCHER; HUSZAR, 1999). Apesar de possuir elevada biodiversidade (REDFORD;
TABER; SIMONETTI, 1990), pouco de sua area ¢ protegida (NORI et al., 2016), e ha uma
alarmante taxa de perda de cobertura natural (GASPARRI; GRAU, 2009). Por exemplo, de 2013
a 2023, a cobertura natural da regido diminui ~ 4,64 milhdes de hectares, dando espaco para
atividades antropicas (PROYECTO MAPBIOMAS CHACO, 2024). Portanto, a compreensao
sobre a distribuicao e os padrdes espaciais de suas espécies nativas poderia ser benéfica para a

conservagao da espécie.



Este trabalho ¢ divido em dois capitulos. No primeiro, apresenta-se o pacote para R adm,
destinado para o ajuste, validacao e predicdo de ADMs. No segundo, efetuou-se um experimento
como o objetivo de comparar a performance de diversos algoritmos estatisticos convencionais €
de aprendizagem de maquina com diferentes tratamentos de dados, utilizando-se de dados de
abundancia de espécies arboreas do Gran Chaco. Com isto objetivou-se contribuir e alavancar o
desenvolvimento dos ADMs, bem como incentivar futuras pesquisas sobre estes modelos,

especialmente no contexto de regides ameacadas.
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3 CAPITULO 1

adm: an R package for constructing abundance-based distribution models

Abstract:

1.

Abundance-based distribution models (ADM) correlate species abundance with
environmental data to model and project abundance throughout space or time. This
promising and still developing technique has gained significant attention in recent years.

Here, we present the adm R package developed to support the construction of ADM,
including data preparation, model fitting, prediction, and model exploration. This package
offers several modeling approaches (i.e., algorithms) that can be fine-tuned and
customized. Models can be predicted in geographic space and explored regarding
performance and response curves. Because modeling workflows in adm are constructed
based on a combination of distinct functions and simple outputs, adm can be easily
integrated into other packages. To illustrate this, we constructed a full modeling procedure
for the shrub species Cynophalla retusa using adm.

To date, adm provides 35 functions in three categories, i) modeling: to tune, fit, and
validate models with nine different algorithms, with a suite of possible model-specific
hyperparameters; ii) post-modeling: to predict abundance across space and construct
partial dependence plots to explore the relationships between abundance and
environmental predictors; and iii) miscellaneous tools: to support the workflow in all steps,
including data handling, transformations, and hyperparameter selection.

With adm, we intend to provide a flexible, straightforward, and concise toolbox for ADM
construction and expect it to help users develop and leverage the promising ADM field.

Keywords: artificial neural networks, correlative models, model tuning, spatial ecology, species
abundance models, species distribution models.



Introduction

Spatially explicit ecological models are an important approach in many research areas
because they consider how spatially structured characteristics and constraints influence the
modeled phenomena (DeAngelis & Yurek, 2017). One of the most widely used strategies for
estimating species geographic distributions is species distribution model (SDM, also known as
ecological niche models or habitat suitability models). This technique uses occurrence data and
environmental variables to model the environmental suitability or occurrence probability of a
species and predict its distribution (Franklin, 2023). Despite the importance of SDM in ecology
and conservation, other important ecological aspects, such as population density and trends, are
often not modeled because of the lack of data (Hastings et al., 2020).

Abundance-based Distribution Models (ADM) are similar to SDM, as both are spatially
explicit correlative models; however, they model and project abundance throughout space or time
by correlating species abundance and environmental data (Anadén et al., 2010; Ehrlén & Morris,
2015; Yu et al., 2020). Predictions of species abundance are useful for assessing extinction risk,
estimating the effects of climate and land-use change, understanding the environmental drivers of
species abundance, and performing conservation prioritization analysis (Villén-Pérez et al., 2020).
Nonetheless, ADMs remain less developed than SDMs (Waldock et al., 2022), except for N-
mixture models, which are appropriate for multivisit abundance data. A few R packages support
ADM fitting, tuning, evaluation, and prediction, and most use only a few algorithms (Tables S1-
S2). Using multiple algorithms and performing hyperparameters tuning is crucial for diversifying
species abundance modeling approaches and enabling selection of best models or accounting with
mode uncertainty (Qiao et al., 2015; Thuiller et al., 2019).

Here, we introduce adm, a new R package designed to facilitate the development of ADM
workflows. adm is one of the only packages offering fitting, tuning, and model exploration of
different modeling approaches, from Generalized Linear and Additive Models (Rigby &
Stasinopoulos, 2005) to different types of Artificial Neural Networks implemented with torch
(Falbel & Luraschi, 2024), which provides high architectural customization, native GPU (graphics
processing unit) acceleration, and more complex setups. Furthermore, adm is structured to support
modeling workflows that can be easily integrated with other R packages.

Package overview

adm was inspired by the philosophy of the flexsdm R package, which enables users to build
flexible modeling workflows by combining user-selected functions that return widely used R
objects such as terra SpatRaster and tidyverse tibbles (Velazco et al., 2022). Furthermore, adm
works as an independent extension of flexsdm, offering features adapted to abundance modeling.
adm features can be used alone or integrated with flexsdm features, e.g., various data partitioning
approaches for model fitting and validation (k-fold, bootstrap, or environmentally and
geographically structured partition), model calibration area delimitation, measuring model
extrapolation and performing model truncation (Velazco et al., 2024). Building on the advances
in developing conventional SDM, the integration of adm and flexsdm will improve the
development of state-of-the-art ADM workflows.

Currently, adm provides 35 functions divided into three categories: modeling, post-
modeling, and miscellaneous tools (Figure 1). Modeling abundance is more challenging than
modeling presence-absence because abundance can be measured in different ways (e.g., plot



coverage percentage or absolute abundance). Therefore, adm is designed to handle different types
of response variables by 1) offering different probability distributions for different algorithms, ii)
selecting suitable distributions based on response variable nature for GLM and GAM
(family_selector function), or ii1) performing data transformations with different methods
(adm_transform function). Additionally, adm does not create any new R object classes; rather,
most function outputs are simple R lists (i.e., heterogeneous vectors that can contain different
object classes, e.g., lists, tibbles, rasters, and vectors). For instance, in the modeling functions, the
outputs comprise an object of the original modeling framework and additional informative and
useful tabular data. The simplicity of the adm’s output allows users to manipulate and explore
results, making them more compatible with other packages.

4

miscellaneous
tools

Manipulate datasets and variables

modeling
post-modeling

Fit and validate models

fit_abund_raf()
fit_abund_gbm()
fit_abund_xgb()
fit_abund_gam()

Predict models
adm_predict()

adm_transform()
balance_dataset()

Neural Networks tools

Partial dependence plots
p_abund_pdp()
data_abund_pdp()
p_abund_bpdp()
data_abund_bpdp()

fit_abund_glm()
fit_abund_svm()
fit_abund_net()
fit_abund_dnn()
fit_abund_cnn()

Fit and validate tuned models

tune_abund_raf() Select suitable distributions
tune_abund_gbm() family_selector()

generate_arch_list()
select_arch_list()
generate_cnn_architecture()
generate_dnn_architecture()
cnn_make_samples()

tune_abund_xgb()
tune_abund_gam()
tune_abund_glm()
tune_abund_svm()
tune_abund_net()

Select models based on performance
model_selection()

Summarize models output
adm_summarize()

tune_abund_dnn()
tune_abund_cnn()

Modeling evaluation Extract environmental data
adm_eval() adm_extract()

Figure 1. Overview of adm package functions structured in modeling (fitting and validation),
post-modeling (model predictions and exploratory plots), and various utilities to support modeling
workflows.

Modeling functions

Selecting a modeling algorithm is a crucial step in developing a predictive model for
species abundance and requires an understanding of the model assumptions and functionality. This
can be a challenging task, and it is often recommended to test multiple algorithms (Qiao et al.,
2015). adm facilitates modeling, hyperparameter tuning, and validation of nine algorithms (Table
S3), grouped into two function types, denoted by fit abund and tune abund prefixes. Both



fit_abund and tune abund validate models internally (see Table S3, full list of algorithms and
hyperparameters).

fit abund functions allow users to fit algorithms with default or user-specified
hyperparameter values. However, tuning model hyperparameters influences algorithm
performance and complexity and is therefore an important consideration when developing
conventional SDMs (Fourcade, 2021). Choosing the optimal hyperparameter values for the data
and modeling objective can significantly enhance model performance. Functions with the
tune_abund prefix allow users to perform model tuning by using an array of model-specific
hyperparameters. In adm, tuning is performed using a grid-search approach, i.e., by evaluating
model performance under an array of possible hyperparameter combinations. To implement this
approach, the user provides a data frame with hyperparameters as columns and the hyperparameter
values to be tested as rows (Appendix S1). Model tuning functions then iterate through the
available hyperparameter values and select the best-performing model and its associated
hyperparameter values. To reduce computational time, fune abund functions support parallel
processing built with parallel (R Core Team, 2024), doSNOW (Microsoft & Weston, 2022a), and
foreach (Microsoft & Weston, 2022b) packages. It is possible to evaluate models using one or
more performance metrics during the model tuning process. If more than one performance metric
is used, the order of the chosen metrics is important, as model selection iterates sequentially
through the metrics, selecting the highest quartile models of a given metric until only one model
remains. Performance metrics for model evaluation are calculated using adm_eval (see below).

Generalized Linear and Additive Models (GLM and GAM)

GLM and GAM are expansions of Linear Models and enable the modeling of non-linear
predictor-response relationships, even when the data are not normally distributed (Hastie &
Tibshirani, 1986; Nelder & Wedderburn, 1972). GLM assume that the relationships between
predictor and response variables are mediated by a link function that allows using different
probability distributions (Nelder & Wedderburn, 1972). GAM use a link and smoothing function,
which captures nonlinear relationships between response and predictor variables (Hastie &
Tibshirani, 1986). In adm, GLM and GAM are based on the Generalized Additive Models for
Location, Space, and Shape framework (GAMLSS), using the gamliss package (Rigby &
Stasinopoulos, 2005). GAMLSS offers >100 probability distributions and the possibility of
modeling any parameter that defines a family distribution (Stasinopoulos & Rigby, 2012). In adm
users can fit GLM and GAM models using all the distribution families supported by gamlss
(Figure S1). However, it is worth noting that the response variable must respect the family’s
assumptions; tune abund glm and tune abund gam automatically select the most suitable
families if they are not provided within the user-specified grid. GLM can be parameterized with
different interaction orders between explanatory variables and the degree of polynomials. For
GAM, users can control the smoothness degree used in a formula. For the GLM and GAM,
parameters that define a distribution (i.e., sigma, nu, and tau) can be modeled based on predictor
variables.

Generalized Boosted Regression Models (GBM) and Extreme Gradient Boosting (XGB)
Boosting algorithms are machine learning algorithms that sequentially train small models,

each one improving upon the errors of the previous model, which is known as 'boosting' (J.

Friedman et al., 2000; J. H. Friedman, 2001, 2002). In adm, boosting algorithms are supported in



two different expansions and implementations of the original modeling framework (Friedman et
al., 2000; Friedman, 2001, 2002), GBM and XGB, via ghm and xgboost packages, respectively
(Chen et al., 2024; Greg & Developers, 2024). Both are set to use trees as boosters but have
significant differences in gradient computation, hyperparameters, overfitting prevention, and
regression tree construction (Chen & Guestrin, 2016) (Figures S2-S3). The user can tune
hyperparameters, such as tree depth, learning rate, and distribution family (Table S3).

Random Forest (RAF)

RAF is a machine-learning algorithm based on the ensemble of multiple decision trees
trained with a bootstrapped version of the original dataset and predictors subset (Breiman, 2001).
RAF has been widely used in ecology and distribution modeling, generally obtaining good
performance, even with small datasets (Pichler & Hartig, 2023; Valavi et al., 2022). The algorithm
was implemented via randomForest package (Liaw & Wiener, 2002). Here, the user can set the

number of trees grown in the forest and the number of predictors used for each decision tree (Table
S3).

Support Vector Machine (SVM)

SVM is a machine learning algorithm that aims to define an optimal hyperplane
determined by nonlinear decision boundaries that split samples into different classes within a
higher-dimensional space (Salcedo-Sanz et al., 2014). SVM was implemented using kernlab
package (Karatzoglou et al., 2004). SVM’s adm function is set up to perform (epsilon) regressions,
and the user can set the desired kernel, its parameters, and the constraint violation cost (Table S3).
SVM is adapted to work with Radial Basis and Laplacian kernels, but the user can experiment
with different kernels and configurations, in which case it is recommended to read kernlab
documentation.

Artificial Neural Networks (NET), Deep Neural Networks (DNN), and Convolutional Neural
Networks (CNN)

Neural Networks are systems composed of interconnected neurons capable of learning
complex nonlinear data relationships. These neurons are organized into one or multiple layers
called hidden layers (Alzubaidi et al., 2021). When a network features multiple serialized hidden
layers, it is often called a Deep Neural Network (Alom et al., 2019). In this case, networks can be
constructed with several architectures, combining multiple types of neurons, layers, and functions
(Pouyanfar et al., 2019). We refer to DNN as a fully connected, feedforward, backpropagation,
and artificial neuron networks, which is the most common type of deep networks (Alom et al.,
2019). The neuron receives inputs, performs a weighted operation, and feeds forward a value
transformed by an activation function to the next layer (Schmidhuber, 2015). When a neural
network features a single hidden layer, it can be called a Shallow Neural Network (Podder et al.,
2021), referred to as NET herein and in adm documentation. These networks function similarly to
DNN, but are less computationally intensive, although they perform well (Winkler & Le, 2017).
Other common structures are the Convolutional Neural Networks (CNN), which have filters or
kernels that perform convolution operations across large multidimensional data matrices. This
process sequentially generates "activation maps" between the layers, which allows the network to
learn complex features from the data (Alzubaidi et al., 2021). Although there are no rules for their



construction, excessively deep and large neural networks of any type tend to overfit (Pichler &
Hartig, 2023). In ecology, these techniques have gained significant attention, encompassing a wide
range of applications, including regressions and distribution models (Borowiec et al., 2022;
Pichler & Hartig, 2023).

For DNN and CNN, adm uses forch framework for R (Falbel & Luraschi, 2024). This
allows the construction of highly customizable architectures, with size and number of layers
defined by the user. NET is based on nnet package (Venables et al., 2002), which is a single-layer
and less customizable option; however, it is much faster than DNN and CNN.

adm provides functions to help define the size and number of layers for constructing CNN
and DNN. generate _dnn_architecture and the generate cnn_architecture functions help to easily
construct neural networks. To facilitate the tuning process, the generate arch list function builds
multiple architectures with different layer configurations. To systematically sample these
architectures, select _arch_list can be used to reduce the list of architectures, while maintaining a
range of characteristics. In addition, users can manually construct a neural network using torch
package syntax and use it within fit abund and tune abund functions.

Model performance metrics (adm_eval)

Model evaluation metrics are calculated using adm_eval function, which is implemented
internally in fit adm and tune adm functions. adm_eval returns a tibble with results for six
performance metrics calculated between observed and predicted data (Table 1), based on Waldock
et al. (2022): (i) Spearman’s and (ii) Pearson’s correlations, (iii) Mean Absolute Error, which
consists of the absolute value of the average residual, (iv) Intercept and (v) Slope of a linear model
fitted with observed abundance as a function of predicted abundance, and (vi) Dispersion,
calculated as the ratio between the standard deviation of predicted and observed abundance.

Table 1. Model performance metrics, acronyms, and their characteristics

Metric Acronym Range Type
gfﬁ::;:?:n corr_spear [—1,1]
Pearson Correlation | corr_pear [—1,1] Discrimination
Slope slope (—00, +0)
Intercept inter (—00, +00)
Mean Absolute Error mae [0, +o0) Accuracy
Dispersion pdisp [0, +00) Precision

Post-modeling functions

Model prediction

In adm, spatial predictions for all algorithms are performed using adm_predict, using
rasterized predictor variables as input. This function can simultaneously predict multiple models
with prediction transformation, accounting for negative and scale-transformed values. Transform
negative values could be valuable for algorithms that do not use a distribution (e.g., some machine
learning approaches).



Partial dependence plot and partial bivariate dependence plots

Partial dependence plots allow for the exploration of marginal response curves by linearly
varying the values of one predictor while maintaining other constants. In adm, partial dependence
plots and their bivariate version can easily be constructed with p_abund pdp and p_abund bpdp
which return a ggplot2 object (Wickham, 2016). Both functions require only the output of tune
and fit functions.

Miscellaneous tools

Dataset and variable manipulation

Models and predictions can be constructed by transforming response and predictor
variables. To facilitate this process, adm_transform can scale predictor variables in rasters or
response variables in a table. It can also return the values to the original scale if necessary. Because
algorithms are sensitive to the number of zeros (Barbet-Massin et al., 2012; Liu et al., 2019), the
balance dataset can be used to perform absence data thinning by randomly selecting absences to
equilibrate the number of presences and absences to a given ratio.

Additional tools

Several other adm functionalities can be useful in the modeling workflow. family selector
identifies suitable distribution families to use in GAM and GLM based on range and type of
response variable (Figure S1). model selection iterates over performances dataset of a given
model to select the best-performing hyperparameter combination based on user-defined
performance metrics. model selection is implemented in each tune abund functions, but users
can utilize it independently, e.g., to reselect the best hyperparameter combination based on
different metrics, without the need to tune the model again. adm summarize concatenates
performance tables from different models into one single table. adm_extract retrieves values for
georeferenced points from a predictor raster.

Example

We illustrate the use of adm and its integration with flexsdm (Velazco et al., 2022) by
modeling the abundance of Cynophalla retusa (Griseb.) Cornejo & Iltis (Capparaceae) (Appendix
S2). It is a shrub native to northeastern Argentina, Paraguay, Bolivia, and central Brazil, and is
distributed mainly in dry biomes. We compiled and standardized data from the first (1998-2002)
and second (2020) national forestry surveys in Argentina (MAyDS, 2022; SAyDS, 2005),
constructing an abundance (individuals/ha) and absence dataset (sites with 0 individuals/ha).
Using the adm::balance dataset, we balanced presence (sites with >0 individuals/hectare) and
absence at a 1:1 ratio. The absences were limited to the species training area, constructed as a 200-
km buffered minimum convex polygon around presence points, using flexsdm::calib_area. We
performed a principal component analysis using flexsdm::correct _colinvar, with 35 climatic and
edaphic variables (Table S4), and selected the first seven principal components that represented >



90% of cumulative variance as predictors (Table S5). We partitioned the dataset into three spatial
blocks using flexsdm::part sblock. To construct the models, we used DNN, RAF, and GLM
algorithms, fitted and validated by adm::tune abund dnn, adm::tune abund raf and
adm::tune_abund glm, aiming to maximize Pearson’s correlation and minimize MAE (Table S6).
Because DNN often perform better with scaled data (LeCun et al., 1998), input response data were
standardized by Z-score using adm::adm transform before fitting this algorithm, and all
architectures tested featured batch normalization between layers, generated with
adm::generate_arch_list. Predictions were generated, restricted to the species calibration area,
with adm::adm_predict. To explore how models extrapolate, we produced bivariate partial
dependence plots with adm.:p_abund bpdp, taking as an example the first and seventh principal
components (Figure 2, Figure S4-S9 for all bivariate and univariate partial dependence plots).
Comprehensive functions documentation and illustrative examples are available on the adm
website (example of the website is available in: https://figshare.com/s/0906509¢8b0b38c92243).
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Figure 2. Cynophalla retusa observed abundance and ADM constructed with Generalized Linear
Models, Random Forest, and Deep Neural Networks. a) Observed abundance for each sample
point used in models training. Points’ size is proportional to its abundance. b) Abundance maps
predicted by each algorithm within training area. Predictions were classified into intervals to
facilitate visualization. c) Partial bivariate dependence plots for each model. White polygon in b
represents the range of environmental conditions explored by abundance data.



Conclusion

The adm R package provides functions to construct a full workflow to model and predict
species abundance in the geographic and environmental space. We highlight the possibility of
using a variety of highly customizable algorithms and provide several functions for predicting and
exploring ADMs. The complete integration of adm with flexsdm creates a holistic environment for
modeling conventional species’ presence-absence and species’ abundance, allowing users to
seamlessly combine and compare both approaches. In the future, we aim to expand adm’s features
by implementing algorithm ensembles, ensembles of small models (Breiner et al., 2015), new
algorithms, variable importance, and other evaluation metrics. We expect that adm will help users
to further develop the promising ADM field by providing a flexible, straightforward, integrated,
and concise toolbox.
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Supplementary Material

Appendixes

Appendix S1. Data sent and code to reproduce Cynophalla retusa example

Code sources, raster, and abundance database used to reproduce de modeling protocol of
Cynophalla retusa can be downloaded from the following link
(https://figshare.com/s/fde3cecctf8983a961255).

Tables

Table S1. R packages that construct spatially explicit abundance-based models compared to

adm.

Package

Repository

Reference

spAbund

https://doserlab.com/files/spabundance-
web/reference/spabund

Doser, J. W., Finley, A. O., Kéry, M., & Zipkin, E. F.
(2024). spAbundance: An R package for single-
species and multi-species spatially explicit
abundance models. Methods in Ecology and
Evolution, 15(6), 1024-1033.
https://doi.org/10.1111/2041-210X.14332

SDMaps

https://www.sovon.nl/onderzoek/methoden-
en-technieken/ict-toepassingen/sdmaps

Kampichler, C., Hallmann, C., & Sierdsema, H.
(2020). SDMaps: An R package for the analysis of
species abundance and distribution data. Sovon
Dutch Centre for Field Ornithology.
https://pub.sovon.nl/pub/publicatie/20823

unmarked

https://github.com/rbchan/unmarked

Kellner, K. F., Smith, A. D., Royle, J. A., Kéry, M.,
Belant, J. L., & Chandler, R. B. (2023). The
unmarked R package: Twelve years of advances in
occurrence and abundance modelling in ecology.
Methods in Ecology and Evolution, 14(6), 1408—
1415. https://doi.org/10.1111/2041-210X.14123

ubms

https://github.com/biodiverse/ubms

Kellner, K. F., Fowler, N. L., Petroelje, T. R., Kautz,
T. M., Beyer, D. E., & Belant, J. L. (2022). ubms: An
R package for fitting hierarchical occupancy and N-
mixture abundance models in a Bayesian framework.
Methods in Ecology and Evolution, 13(3), 577-584.
https://doi.org/10.1111/2041-210X.13777

inlabru

https://inlabru-org.github.io/inlabru/

Bachl, F. E., Lindgren, F., Borchers, D. L., & Illian, J.
B. (2019). inlabru: An R package for Bayesian spatial
modelling from ecological survey data. Methods in
Ecology and Evolution, 10(6), 760-766.
https://doi.org/10.1111/2041-210X.13168

RISDM

https://github.com/Scott-Foster/RISDM

Foster, S. D., Peel, D., Hosack, G. R., Hoskins, A.,
Mitchell, D. J., Proft, K., Yang, W., Uribe-Rivera, D.
E., & Froese, J. G. (2024). ‘RISDM"‘: Species
distribution modelling from multiple data sources in
R. Ecography, 2024(6), e06964.
https://doi.org/10.1111/ecog.06964

ModEco*

https://3decology.org/

Guo, Q., & Liu, Y. (2010). ModEco: An integrated
software package for ecological niche modeling.
Ecography, 33(4), 637-642.
https://doi.org/10.1111/j.1600-0587.2010.06416.x



https://figshare.com/s/fde3ceccf8983a96f255

Dobson, R., Challinor, A. J., Cheke, R. A., Jennings,
S., Willis, S. G., & Dallimer, M. (2023).
DYNAMICSDM: An R package for species
geographical distribution and abundance modelling at
high spatiotemporal resolution. Methods in Ecology
and Evolution, 14(5), 1190-1199.
https://doi.org/10.1111/2041-210X.14101

https://github.com/r-a-

DynamicSDM dobson/dynamicSDM

*ModEco is a software, but was included here to recognize the previous work.



Table S2. Features of adm compared with other R packages.

Features

Details

®
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RISDM

ModEco
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Response type

Single species

o

1

o
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Partial Dependence Plots

Scatter plot
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Table S3. Algorithms implemented in adm and their respective fit and tune functions, hyperparameters,

and source packages.

tune abund_cnn

Deep Neural Networks (_dnn)*

fit abund dnn

tune abund_dnn

validation_patience
fitting_patience

Algorithm Function Hyparameters Package
Anrtificial Neural Networks (_ann) fit_abund ann__|size nnet
tune abund ann |decay
. learning_rate
Convolutional Neural Networks (_cnn)* fit_abund_cnn n_epochs
batch_size torch, luz, torchvision

fit_abund xgb |nrounds
max_depth
eta
. . amma
Extreme Gradient Boosting (_xgb) tune_abund_xgh golsample bytree xgboost
- min_child_weight
subsample
objective
Generalized Additive Models (_gam) fit_abund_gam ?r:f;'bu“on;
tune abund_gam
_ distribution gamlss
fit_abund_gIm  |inter
Generalized Linear Models (_glm) ooly
tune_abund_gIm | inter order
distribution
fit_abund_gbm |n.trees
Generalized Boosted Regression (_gbm) interaction.depth gbm
n.minobsinnode
tune_abund_gbm shrinkage
Random Forests (_raf) t;ggasgggar?;f nmtge{) randomForest
fit_a_bund_s_vm kernel
Support Vector Machines (_svm) tune_abund_svm 2gma kernlab

* Number of layers and neurons not taken into account, as they are parameters of generate_arch_list,
generate_dnn_architecture, and generate_cnn_architecture.




Table S4. Source and names of variables used to perform the Principal Component Analysis.

Source

Name

Chelsa

Annual mean temperature

Temperature Seasonality (standard deviation x100)
Mean Temperature of Driest Quarter

Mean Temperature of Warmest Quarter

Annual precipitation

Precipitation Seasonality (Coefficient of Variation)
Precipitation of Wettest Quarter

Precipitation of Driest Quarter

Precipitation of Warmest Quarter

Climate moisture index

Near-surface relative humidity

Vapor pressure deficit

Surface downwelling shortwave radiation

SRTM

Elevation

SoilGrids*

Bulk density

Cation exchange capacity

Volumetric fraction of coarse fragments (> 2 mm)
Proportion of clay particles (< 0.002 mm)

Total nitrogen (N)

Organic carbon density

Organic carbon stocks

Soil pH

Proportion of sand particles (> 0.05/0.063 mm)
Proportion of silt particles (> 0.002 mm and < 0.05/0.063 mm)
Soil organic carbon content

*Variables disponible in seven depths.



Table S5. Variance explained by principal components selected from the principal component analysis
performed with climate and edaphic data.

Principal Components Variance explained for each PC  Cumulative variance explained

1 33.44 33.44
2 26.08 59.52
3 13.12 72.64
4 8.34 80.98
5 4.84 85.82
6 3.04 88.86
7 2.04 90.90




Table S6. Performance metrics for Random Forest (RAF), Deep Neural Network (DNN), and Generalized
Linear Models (GLM).

Model MAE mean Spearman mean Pearsonmean Inter mean Slope mean Pn?ele?rllj
DNN 7.18 0.46 0.40 4.05 1.99 0.27
GLM 7.59 0.50 0.40 1.26 0.94 0.56

RAF 8.27 0.37 0.32 0.88 0.87 0.47
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— Additiona! arguments

R names Y range R names Y range | Usage
gaussian (-0, @) pairwise (0, =) list(tname =
laplace (-, @) "pairwise", group

tdist | (-0, ) = ¢("category"))

quantile (-0, ®) list(name="quant

ile",alpha=0.95)

Figure S2. Distributions available for GBM (gbm).
* Not implemented in adm.

—
e

R names Y range R names Y range

poisson {0,1,23,..} bernoulli {0,1}
huberized {0,1}
adaboost {01}



R names
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reg:gamma

count:poisson

reg:squarederror
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reg:squaredlogerror
reg:logistic

Figure S3. Objectives available for XGB (xgboost).

Y range
[0,)
(0,=)

(G

(= =)
=)
(-1.%)
[0.1]

* Not implemented in adm.

Output
Response
Mean of gamma
distribution
Mean of Poisson
distribution
Response
Response
Response
Response

R names
rank:ndcg
rank:map

rank:pairwise

R names
binary:logistic
binary:logitraw

multi:softmax

multi:softprob

Output
Ranking scores
Ranking scores

Ranking scores

Y range
[0.1]

[0.1]

Classes represented by
{0, ..., num_class-1}
Classes represented by
{0, ..., num_class-1}

Output
Probability
Score before logistic
transformation
Predicted class

Classes probabilities



N (ap] < o] ©
O O o O O
a ’ a o a a
2
~ ) < o) ©
0 O o O O
a o a a a
-1
s
4 2 0 2 2.50.02.55.07.5 2.50.0 255.07.5 2.50.0255.07.5 2.50.02.55.07.5
PCA1 PC2 PC2 PC2 PC2
2 o 3
4 2
1
N~ < 2 o} © N
O g O o O O
a a o a a o a
-1 -2 1
2 -
250.0255.07.5 5.0-2.5 0.0 2.5 5.0 -5.0-250.0 2.5 5.0 5.0-2.5 0.0 2.5 5.0 5.0-25 0.0 2.5 5.0
PC2 PC3 PC3 PC3 PC3
3
2
To) © N~ © N~
O O (6] o1 O
a - a a a o a
3 -1

20 2 4 6

PC7
N = O =~ N

o
ﬁo
SN

=
o
-
N
w

-
Q
o

5 10 15
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retusa abundance. The white polygon indicates the training conditions boundaries. For visualization
purposes, color scale was truncated to approximate Figure 2.
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4 CAPITULO 11

Using deep learning to model species abundance in the context of Gran Chaco®

Introduction

Studying species distribution is important for the understanding of biogeographical and
ecological patterns (Miller, 2010), and for the development of more effective conservation
strategies (Guisan et al., 2013; Sofaer et al., 2019). Different approaches were proposed for
estimating species distributions and their attributes (e.g., environmental suitability, abundance,
traits, or genetic diversity, Cihal, 2023; Marcer et al., 2016; Pollock et al., 2018; Yu et al., 2020),
being Species Distribution Models (SDM) one of the most widely used approaches. SDM
correlates presence and absence data (or presence and pseudo-absences) with environmental data
to model the ecological niche of species and project species environmental suitability on
geographical space (Guisan et al., 2013; R. D. Holt, 2009; Soberon & Nakamura, 2009). However,
despite SDM importance, this approach provides information only on environmental suitability,
ignoring population aspects, like density and trends (Hastings et al., 2020).

Recently, techniques for Abundance-based Distribution Models (ADMs) have been
proposed. ADM correlate species abundance with environmental data to predict abundance
throughout geographic space (Ehrlén & Morris, 2015; Howard et al., 2014; Yu et al., 2020)
allowing for capturing aspects of species’ distribution not considered by SDM (Mi et al., 2017;
Waldock et al., 2022). For instance, even if a species distributes in a region, its abudancemay
distribute unequally throughout it, due to ecological and environmental factors (e.g., spatial
heterogeneity, biological interactions) (Borregaard & Rahbek, 2010; Holt et al., 2004).
Considering abundance variates throughout a species distribution has direct implications for
species conservation planning, as distribution may remain constant even if the population is
declining (Hastings et al., 2020). Moreover, while some studies have demonstrated a positive
correlation between environmental suitability and local abundance (e.g., De La Fuente et al., 2021;
Weber et al., 2017), others have found little or no correlation (e.g., Dallas; Hastings, 2018; Sporbert
et al., 2020).

Despite the study of ADM being relevant to ecology, biogeography, and conservation,
ADM are still methodologically unexplored and undeveloped compared to conventional SDM

(Waldock et al., 2022). For example, modeling aspects such as sample size (Moudry et al., 2024),

3 Artigo formatado seguindo as normas da revista Methods in Ecology and Evolution.
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effects of absence data on models (Ogurtsov, 2023; Stokland et al., 2011), and data partition

(Roberts et al., 2017) have been explored in SDM literature for decades, while those factors effects
remaining unclear for ADM. For example, is known that, for SDM, algorithms could be sensitive
to the amount of absence data and how they are sampled, thus many methods have been developed
to sampling and balancing absence or pseudo-absence (Barbet-Massin et al., 2012; Liu et al.,
2019). Moreover, spatially structured data partitioning is assumed to allow a more rigorous model
evaluation than random partitioning, such as k-fold, as it also accounts for models’ spatial
transferability (i.e., the capacity of a model to predict in environmental conditions or regions not
used in model training) (Huang et al., 2024; Roberts et al., 2017). Both aspects, absence data
amount and data partitioning have important methodological and ecological implications but are
still unexplored in ADM.

Several modeling techniques have been employed for building ADM, e.g., Generalized
Linear Models (GLM) (Nelder & Wedderburn, 1972), Generalized Additive Models (GAM)
(Hastie & Tibshirani, 1986), Random Forest (RAF) (Breiman, 2001), Gradient Boosting Machine
(GBM) (Friedman, 2001), Support Vector Machine (SVM) (Boser et al., 1992), and Artificial
Neural Networks (ANN) (Rumelhart et al., 1986). However, a few examples in the literature
explored and compared different algorithms performance in the ADM context. Waldock et al.
(2022) evaluated the performance of different algorithms for ADM construction, excluding ANN,
while Botella et al. (2018) developed ADM using ANN framework and compared it with
Maximum Entropy, a common algorithm for SDM, adapted to predict species environmental
suitability. Therefore, although several algorithms have been tested, ANN are still underexplored,
even though they are a promising technique.

ANN have a wide variety of possible neuron organizations and connections, representing
diverse structures and adaptability (Borowiec et al., 2022; Pichler & Hartig, 2023). ANN consist
of interconnected nodes, in various layers or not, called neurons, which process data and transmit
results to other neurons (LeCun et al., 2015). Quantity and type architecture (i.e., organizations of
neurons and layers) are not predefined and must be defined (Alzubaidi et al., 2021). When the
network features multiple layers between input and output (hidden layers), ANN is called a deep
network (Borowiec et al., 2022). ANN composed of multiple fully connected sequential hidden
layers that function with feedforward and back-propagation are often called Deep Neural Networks
(DNN) (Alom et al., 2019). When the hidden layers perform convolution operations, with kernels
and filters scanning a matrix, instead of tabular data as DNN, it is often called a Convolutional
Neural Network (CNN) (Alzubaidi et al., 2021). Conversely, when neural networks are constructed
with a single hidden-layer they could be named a Shallow Neural Network (NET). NET are smaller

versions of DNN and work similarly but with much lower computational cost (Podder et al., 2021).
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ANN have been widely employed in ecology for prediction and classification tasks, particularly

in species and individual recognition through images and sounds, as well as forecasting responses
to environmental variables, presenting good performance (Borowiec et al., 2022; Pichler & Hartig,
2023). In different distribution modeling approaches, several research used DNN (Rew et al.,
2021), NET (Lek & Guégan, 1999), and CNN (Deneu et al., 2021). However, those types are still
relatively underexplored in ADM.

Predicting abundance patterns is relevant in regions with high diversity and natural cover
loss, common in tropical and subtropical areas (Edwards et al., 2019). The Gran Chaco is an
ecoregion with xeromorphic vegetation that extends into northern Argentina, western Paraguay,
southeastern Bolivia, and a small portion of southwestern Brazil (Prado, 1993). The Gran Chaco
presents high biodiversity (Redford et al., 1990); however, it suffers from few protected areas (Nori
et al., 2016) and an alarming rate of natural cover loss, mainly because of industrial agriculture
and infrastructure expansion (Barral et al., 2020; Gasparri & Grau, 2009). To contribute to a better
understanding of ADM, here we used abundance data of 117 tree species of the Gran Chaco to 1)
explore ADM modeling techniques based on nine algorithms with emphasis on different ANN
forms (DNN, NET, and CNN); and ii) evaluated how algorithms perform in different data-partition

and absence data quantity.

Methods

General experiment workflow

In this experiment, we used an abundance database of 117 tree species based on forest
inventories from Paraguay, Argentina, and southern Brazil. ADM were constructed using nine
algorithms. To evaluate how absences quantity of training data (i.e., plots with no species
abundance) affects models’ performance, we tested three absence amounts, 1) Two-absences: two
absences per presence (i.e., plots with abundance >0), ii) One-absence: one absence per presence,
and 1i1) No-absence: only presence. To test the data partition effects, we partitioned each dataset
randomly (K-folds) and geographically (Spatial blocks). Our experiment has a factorial design
where all levels of three factors were combined, and species were used as experimental units

totalizing 6,318 models (Figure 1).
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Figure 1. Overview of the experiment used to evaluate the effect of absence amount in the dataset,
data partitioning, and algorithms on ADM performance.

Study area
Some consider the Gran Chaco as the largest continuous dry forest in the world (Olson et

al., 2001) and the second-largest biome in South America, covering 1.3 million km? (Bucher &
Huszar, 1999). The Gran Chaco (which encompasses dry, humid, and mountainous Chaco) is a
highly diverse region, with predominantly open and xeromorphic vegetation and a semi-arid
climate (mean annual precipitation ranging from 450-1200 mm), hot summers (mean temperature
of the warmest month of 26-28 C°), and winter frosts (coldest month presents mean temperature
of 12-17 C° and up to 28 days of frost) (Bucher, 1982). However, the region is becoming warmer
and drier, due to climate changes, which also increases the risk of extreme wildfires, endangering
vegetation (Feron et al., 2024). Common tree species in the region belong to the genera
Aspidosperma (Apocynaceae), Cereus (Cactacea), Copernicia (Arecaceae), Prosopis (Fabaceae),
Schinopsis (Anacardiaceae), Tabebuia (Bignoniaceae), Trithrinax (Arecaceae), and Bulnesia

(Zygophyllaceae) (Borghetti et al., 2023; Prado, 1993).



56
Environmental data

To construct the ADM, climatic, edaphic, and elevation environmental variables were used.
The edaphic consisted of 11 physical and chemical variables obtained from SoilGrids for seven
soil depths (Poggio et al., 2021) at 250m resolution. Climatic variable consisted of 19 bioclimatic
variables sourced by Chelsa v1.2 (Karger & Zimmer, 2019). Elevation was sourced by SRTM
(https://srtm.csi.cgiar.org) (Table S2). Climatic and elevation were at 1km resolution. Edaphic data
was upscaled to 1km by averaging 250m cell values. We calculated a pairwise Pearson’s
correlation matrix and for every pair of variables with correlation > |0.7|, the one with greater
biological significance was kept. This process resulted in 13 climatic variables, 11 edaphic, and
elevation. We used Principal component analysis to avoid any problem of model multicollinearity
and reduce the number of variables. Principal component analysis was calculated based on a
correlation matrix using the 25 variables (Table S2). We selected seven principal components that
explained > 90% of the original data variance (Table S3) (De Marco & Nobrega, 2018).
Eigenvectors were used to calculate the scores of each derived principal component to be used as

new predictors.

Abundance data

We compiled abundance data for 349 species over four forestry surveys of three countries
(Paraguay: INFONA, 2024; Argentina: MAySD, 2022; SAyDS, 2005; Brazil, Santa Catarina:
SFB, 2018). While our study area is limited to the Gram Chaco, abundance data from
geographically adjacent regions was also used in ADM construction to better capture the
environmental conditions species, increase abundance data, and enhance the models’ performance
(Sanchez-Fernandez et al., 2011). Abundance was calculated to express individuals per hectare
(ind/ha). Geographical coordinates of the forest inventory plots were converted into decimal
degrees with WGS 84 projection (EPSG:4326). Then, all data were integrated into a unified
database.

To cleanse errors and assure data quality, taxonomic and geographic cleaning protocols
were performed. First, problematic coordinates were corrected. Then, species scientific names
were corrected, standardized, and updated using LCVP R package (Freiberg et al., 2020), using
Leipzig Catalog of Vascular Plants (Freiberg et al., 2020) as the taxonomic authority. Finally, we
kept only the species natives to the study area and with > 50 location with presences (ind/ha > 0).
232 were excluded and 117 species remained (Table S1 for species list and their summary
statistics). We used Flora Argentina y del Conosur platform (http://www.floraargentina.edu.ar)
and Tropicos Paraguay (http://legacy.tropicos.org/Project/Paraguay) to get species origin

information.
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Data refining and dataset construction

For each species a dataset was constructed combining plots with abundance and absences,
assuming as absences plots with 0 ind/ha. Using absence data from regions that have been
inaccessible to species could inflate model performance metrics and introduce artifacts to model
predictions (VanDerWal et al., 2009). Moreover, well-defined calibration areas are impactful to
distribution models performance (Luna et al., 2024), so in the same way that the SDM training
areas geographically constrain absences (or pseudo-absence) data used to fit models, we delimited
each species training area by a 100 km buffer around the species presences (i.e., ind/ha > 0) and
restricted the absences within this area.

To test the impact of the absence amounts in training data, we randomly thinned absence
points to be double or equal to the number of presences, i.e., Two-absence and One-absence

absences amount, respectively. Finally, we removed every absence and created the No-absence

dataset (Figure 2).
Forestry surveys Two-absences datase!
Unified species data
—»
One-absence dataset
Buffer trimming
_ 7 >
/
No-absence dataset
_ >
. Presence points
. Absence points

Figure 2. Representation of dataset construction for each absence amount tested.
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Data partition

We used two data partitioning approaches, k-fold and spatial block cross-validation. The
former is a random partitioning approach, while the second is spatially structured (Figure S1). For
k-fold approach, we used 5 folds, while for spatial block cross-validation, we used three spatial
blocks in a checkerboard scheme. We tested 32 block sizes and the best size was the one with the
lower spatial autocorrelation, highest environmental similarity, and lower standard deviation of
data amount among partitions (Velazco et al., 2019). This size selection was performed using

part_sblock function of flexsdm R package (Velazco et al., 2022).

Model fitting and validation metrics
Because algorithm hyperparameters (i.e., those model parameters that are defined before

model fitting) could affect model performance (Fourcade, 2021; Schratz et al., 2019), it is essential
to perform tuning to select the best hyperparameters combination. We performed a grid search
tuning exploring all possible combinations between predefined hyperparameter values (Table S4).
We made three selections of best hyperparameter combinations for each species, selecting
combinations that maximized models discrimination, accuracy, and precision, measured by
Spearman’s rank correlation (Spearman), Mean Absolute Error (MAE), and Dispersion (PDISP),
respectively (Waldock et al. 2022).

MAE was calculated as:
n
MAE = 12 lvi — 9l
_n_ 1 Vi —Yi
l:

Where n is the total number of samples, y; is the observed value for the i-th sample, and
¥; is the predicted value for the i-th sample. MAE values range interval is inherently [0, co™), but
values depend on the scale of the response variable. Thus, comparisons between species with
different abundance ranges may be difficult or inappropriate. For this reason, we decided to
normalize the MAE values, scaling it to [0, 1], allowing better comparisons. To perform this, we

applied the following equation:
MAE
max(y) — min (y)

Where max (y) and min (y) are the maximum and minimum values of the species

MAE ormatizea =

abundance, respectively.

PDISP was based on Waldock et al. (2022) and is calculated as:

PDISP = ()
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Where o (¥) is the standard deviation of predicted values and o (y) is the standard deviation

of observed values.

A model will show higher performance in discrimination when Spearman value is closer
to 1, higher performance in accuracy when MAE is closer to 0, and higher performance in
precision when PDISP is closer to 1. Full ADM modeling protocol was constructed with adm and

flexsdm R package. Because some models did not converge for some species, we were able to fit

6,234 models (i.e., 98.7% of expected models).

Data analysis
Experiment results were analyzed using Generalized Additive Models for Location, Scale,

and Shape approach (GAMLSS, Rigby & Stasinopoulos, 2005) using the gamliss R package
(Stasinopoulos & Rigby, 2012). GAMLSS offer the benefit of providing > 100 distribution families
and allowing great flexibility by modeling explicitly any parameter that defines a distribution
family regarding predictor variables (Rigby & Stasinopoulos, 2005). We constructed GLM for
each performance metric (i.e., Spearman, MAE, and PDISP) using algorithms, absences amount,
and partition method as predictor variables (i.e., fixed effects). To deal with the lack of
independence of data, we included the species as a random effect. Several models were constructed
for each response, varying in terms of family distributions, predictor interactions, and model
parametrization. We tested different family distributions available in gamlss, exploring various
parameter settings within these families to optimize model fit. Two-way interactions between
predictor variables were also tested, to examine whether combining certain predictors would better
explain variations in the response variable. The final model was selected based on both a visual
analysis of residuals normality and homoscedasticity and Akaike Information Criterion. We then
performed a post-hoc analysis by estimating means using the emmeans R package (Lenth, 2017)
and conducting pairwise mean comparisons by HDS Tukey test between algorithms for different
combinations of absence amount and partition type. Pairwise mean comparisons between
partitions for different combinations of algorithms and absence amount, and between absence
amount for different combinations of partition type and algorithm were also performed. Since
emmeans does not deal with gamliss random effects, the models used to estimate means were
refitted without random effects (Figures S2-S4 for models’ residuals and formula, and Table S5

for all estimated means values).
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Results
For discrimination, in all treatments, DNN, GBM, and XGB outperformed other algorithms
while CNN was the worst (Figure 3). CNN was the only algorithm for which using no absences in
the dataset increased its performance, but it was considerably low, compared to the others (Figure
3). Overall, the best-performing algorithm was DNN, but XGB often scored similarly to DNN for
discrimination. The GBM, GAM, and GLM models tended to perform similarly, often being not
different from XGB. SVM performed a little worse than other algorithms, but often better than
RAF (Figure 3), while CNN was the worst algorithm. Focusing on ANN approaches, DNN had
the best performance in every treatment, followed by NET and CNN (Figure 3). Regarding the
frequency of best algorithms for discrimination, we found DNN was the best model regarding
discrimination for all absence amounts in spatial partition and for No-absence in K-fold partition
(Figure S5); while XGB was the best algorithm for One-absence and Two-absence for K-fold
partition (Figure S5).
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Figure 3. Post-hoc analysis of model discrimination based on Spearman correlation metric
for different algorithms, partition type (columns), and absence amount (rows). Different letters
within each panel indicate statistical significance differences according to the HDS Tukey test (p
<0.05).
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For accuracy, DNN and XGB were the best-performing algorithms, but SVM, GBM, GLM,

and GAM performed similarly (Figure 4). NET and RAF were the worst-performing algorithms
in all treatments. CNN tended to perform better than RAF and NET, and better than the other
algorithms. Regarding the ANN, DNN presented the highest accuracy, followed by CNN and NET
(Figure 4). DNN had the highest accuracy for most species in all treatments (Figure S6).
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Figure 4. Post-hoc analysis of model accuracy based on MAE (normalized) metric for
different algorithms, partition type (columns), and absence amount (rows). Different letters within
each panel indicate statistical significance differences according to the HDS Tukey test (p < 0.05).

For precision, algorithms tended to score much similarly among treatments (Figure 5). CNN
was the worst algorithm in every treatment, except for No-absence. RAF often just outperformed
CNN, being statistically different from all other algorithms. SVM tended to perform better than
RAF and CNN, but worse than the other algorithms (Figure 5). NET and XGB had the highest
precision for all treatments, followed by DNN and GLM. NET had the highest number of species
with the highest precision for all treatments (Figure S7).
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Figure 5. Post-hoc analysis of model precision based on PDISP metric for different
algorithms, partition type (columns), and absence amount (rows). Different letters within each

panel indicate statistical significance differences according to the HDS Tukey test (p < 0.05).

Regarding data partitioning, we found that algorithms tended to have similar performance
in spatial partition than in random partition in terms of discrimination, accuracy, and precision
(Figures S8-S10). When algorithms are compared regarding absence amount, we found that
performance metrics had different tendencies. For discrimination, algorithms performed similarly
in One-absence and Two-absences, but the performance in No-absence was the worst for all
algorithms (Figure S11). For accuracy, algorithms tended to score better in Two-absence dataset,
and relatively higher in One-absence. No-absence was again the worst condition for all algorithms
(Figure S12). Variation among absences amount had a small effect on precision, being the
performances algorithm-dependent, with low impact of treatments (Figure S13). Thus, results
indicate an effect of absence amount and data partitioning in discrimination and accuracy, but no

clear tendency was found for precision.
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Discussion

In our study, we aimed to the predictive performance of different ADM algorithms with
emphasis on ANN and how they are affected by different absences amounts and data partitioning
using 117 tree species from the Gran Chaco. We found that using no absence points can be
detrimental to models’ discrimination and accuracy for all algorithms, while impacts on models’
precision seemed to be algorithm-dependent. Spatial partitioning presented a little lower
performance than random partitioning. Regarding ANN algorithms, we found mixed results, with
DNN scoring similarly or better in discrimination, accuracy, and precision when compared to other
algorithms, NET had a good precision score, but low performance for discrimination and accuracy,
and CNN had an overall low performance in all metrics. XGB tended to perform similarly to DNN
in all metrics and better than the other algorithms. The following best algorithms were GBM,
GLM, and GAM which performed similarly in all metrics. CNN, RAF, and SVM tended to be the
worst-performing algorithms for all metrics.

Few works in the literature conducted extensive experiments on algorithm performance
when building ADM (Ngor et al., 2023; Waldock et al., 2022). Waldock et al. (2022) used GAM,
GLM, RAF, and GBM algorithms and observed that most models performed poorly, although
some presented good discrimination (Sperman’s and Pearson’s correlation), accuracy (MAE), and
precision metrics (Waldock et al., 2022). These authors found that RAF was the best-performing
algorithm. Similarly, NGOR et al. (2023) evaluated the performance of ANN, GLM, RAF, and
SVM to predict fish abundance and found that they tended to perform well in accuracy (Root
Mean Squared Error — RMSE — and MAE) and discrimination (R?), with RAF being the best
algorithm. Other previous work also found good performance for RAF (Catucci et al., 2025; Mi
et al., 2017). Catucci et al. (2025) predicted the red shrimps Aristeus antennatus (Aristeidae) and
Aristaeomorpha foliacea (Aristeidae) biomass in the Mediterranean Sea using RAF and found
good discrimination (R? ~ 0.63 and 0.74 for A. antennatus and A. foliacea, respectively) for both
models. RAF also performed well for accuracy (RMSE =~ 1.86 and 1.04 for for 4. antennatus and
A. foliacea, respectively). Mi et al. (2017) constructed ADM for Otis tarda dybowskii (Otididae)
using RAF and the algorithm performed well in both discrimination (R? ~ 0.84) and accuracy
metrics (RMSE =~ 26.54). Several research reported that RAF had a good performance (Catucci
et al., 2025; Ngor et al., 2023; Waldock et al., 2022), which is contrary to our findings. This could
indicate that RAF had a lower capacity in modeling the underlying complex variables interactions,
a characteristic of species abundance and distribution relationship (Borregaard & Rahbek, 2010),
when compared to other algorithms, especially DNN, known for the potential in modeling highly

complex ecological data (Borowiec et al., 2022).
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GAM and GLM are other recurrent algorithms for ADM (Kroetz et al., 2025; Yen et al.,

2004; Young & Carr, 2015). Young & Carr (2015) used GAM to predict abundance of seven fish
species and got mixed performances of discrimination, with Pearson’s correlation ranging from
0.26 to 0.60. Yen et al., (2004) used GLM to predict Brachyramphus marmoratus (Alcidae)
density and evaluated the algorithm accuracy through a backfitting approach. The authors found
that GLM underperformed Classification and Regression Trees (algorithm not included in our
study) (Yen et al., 2004). Similarly, in other research modeling multiple species, GAM and GLM
performed well but underperformed other algorithms (Ngor et al., 2023; Waldock et al., 2022).
Kroetz et al. (2025) used Boosted Regression Trees (equivalent to our GBM) to predict sawfish
abundance and concluded that the algorithm performed well in discrimination and accuracy.

Few works used XGB, GBM and SVM (Elmendorf & Moore, 2008; Garcia-Gomez et al.,
2023; Martin et al., 2021). Garcia-Gomez et al. (2023) modeled fish larvae abundance with XGB
and found that the algorithm performed well in accuracy (Root Mean Log Error = 1.85) ; however,
it consistently underestimated the species abundance. Elmendorf & Moore (2008) used an
equivalent to GBM to construct ADM for 100 plant species concluding that GBM tends to have
good discrimination (Spearman ranging from -0.52to 0.61). Martin et al., (2021) predicted
abundance of Puffinus mauretanicus (Procellariidae) with GBM, XGB and SVM, and found that
SVM tended to underperform both XGB and GBM in terms of accuracy (RMSE) and
discrimination (R?). These results are consistent with ours, as our GAM and GLM models tended
to have a medium performance, and GBM and XGB performed better, compared to the other
algorithms (Figure 3).

Regarding ANN approaches, previous research reported ANN generally have good
performance (Elmendorf & Moore, 2008; Ngor et al., 2023; Yen et al., 2004). Rocha et al. (2017)
constructed a large DNN experiment, testing many architectures and predicting abundance for
different macroalgae species, and found that DNN performed well in accuracy (Mean Squared
Error ranging 0.018-0.060) and discrimination (R? ranging 0.29-0.83). Botella et al. (2018)
explored DNN, CNN, and NET performance to predict plant species abundance, and found that
all algorithms had good accuracy (RMSE from 2.20 to 3.98), but DNN and CNN outperformed
NET. Consistent with our findings, other research found a low performance for NET (Elmendorf
& Moore, 2008; Ngor et al., 2023), especially when compared to DNN. Contrary to our result,
CNN presented good performance in several works (Botella et al., 2018; Deneu et al., 2021). The
underperformance of CNN could be due to the simplicity of our architectures tested, which were
smaller in the number of neurons and hidden-layers used in other works (Deneu et al., 2021, 2021;
Hu et al., 2025). This reveals the necessity of proper planning in CNN architecture when
constructing ADM. CNN are particularly more complex to fit than DNN and NET because they
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work based on image-like matrices, which greatly increases the network parameters amount, the

quantity of data needed, and the computational time (Alom et al., 2019; Alzubaidi et al., 2021;
Martinez-Gonzalez et al., 2020). These factors might make DNN and NET better options than
CNN for many scenarios, as they can perform similarly or better than CNN. However, DNN and
NET cannot interpret complex spatial features as CNN (Deneu et al., 2021). The good performance
of DNN observed here and in previous work (Botella et al., 2018; Rocha et al., 2017; Yen et al.,
2004) highlights the potential of DNN to construct ADM.

Based on our findings and those found in previous works, research performed different
analysis, used several algorithms, data treatments, and transformations, with no single best
algorithm. This aligned with the idea that there is no ideal algorithm to deal with all modeling
conditions; in short, there is no silver bullet (Qiao et al., 2015). Previous research used a high
variety of model performance metrics which denotes the need for further research to detect
performance metrics suitable to ADM, something that was already explored in SDM (Abrego &
Ovaskainen, 2023; Fourcade et al., 2018). We highlight that ADM performance should be
evaluated with metrics related to discrimination, accuracy, and precision, as these measures carry
important ecological implications that could limit or enable a model's use, depending on the
objectives. Models’ discrimination describes how good a model is in distinguishing low and high
abundance (Norberg et al., 2019; Waldock et al., 2022). A model with low discrimination can
produce erroneous and misleading spatial projections of the species abundance. Models’ accuracy
regards models’ capacity to predict values close to the observed abundance (Waldock et al., 2022)
indicating a model under or overpredicts abundance. This error could be especially dangerous
when modeling rare species, as it could falsely predict large abundance in regions with few
individuals, or absence in highly dense sites. Models’ precision measures a model capacity to
predict values with variation closer to the species’ observed abundance variation (Waldock et al.,
2022). Thus, a low precision represents a model that fails to capture the actual variability in species
abundance, leading to predictions that are too scattered or too aggregated. This can result in
unreliable spatial projections, where predicted abundance fluctuates excessively, even across
regions where the observed abundance is stable. These three characteristics combined could
inform if a model is realistic and reliable, thus better projecting the species’ abundance across

geographical space.

Absence amount

The use of absence or pseudo-absence data have been extensively explored in SDM
literature (e.g., Barbet-Massin et al., 2012; Liu et al., 2019; Lobo et al., 2010); however, there is a

knowledge gap for ADM, thus the question of how many absence points to use and how to sample
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remains unexplored. Our findings showed that algorithm discrimination and accuracy decreased

when the dataset had no absence. For discrimination, One-absence and Two-absence absence
amounts tended to produce very similar models, with much higher discrimination than No-absence
(Figure S11). For accuracy, Two-absence more clearly produced models with less error than One-
absence and No-absence (Figure S12). This likely happened because including absence in the
dataset concentrated the abundance data near zero (Figure S14). Data with these characteristics
represents species more likely to have low abundance in more sites than high abundance, through
a geographical region, what was observed in the literature with tree species (Murphy et al., 2006).
Thus, the dataset accounting for species absences could produce models better at discriminating
low and high abundance sites and in predicting accurate abundance values, because the data itself
is more realistic. Otherwise, for precision, algorithms were affected differently by the absence
amount, with no clear general tendency. For ANN, DNN, and NET scored near to 1 in PDISP in
every treatment, showing the reliability of these algorithms in terms of precision. CNN scored
better without absences in precision. This implies that the algorithm chosen to build ADM matters
in terms of precision, and the modeler should be aware of algorithms’ functioning and capabilities.
Further explorations about the impact of the absences amount are needed to better clarify questions

about the optimal amount and sampling for ADM construction.

Data partition

In this work, we compared models’ performance under random (K-fold) and spatially
structured data partition. We found that for most treatments and metrics, spatial partition had
slightly lower or equal performance than K-fold. Differences in data partition performances are
known in the literature (Gonzalez et al., 2011; Newbold et al., 2010; Roberts et al., 2017). Spatially
structured partitions tend to test model spatial transferability more rigorously than random
approaches (Roberts et al., 2017), i.e., the model capacity to predict correctly in regions not used
during model training (Franklin, 2023; Roberts et al., 2017). For that reason, partitioning approach
is meaningful for ADM extrapolation, because abundance prediction could be unbounded (i.e., no
specific lower or upper limits can be predicted), contrary to SDM which typically predicts
suitability between 0-1. While some algorithms could only predict positive values (e.g., a GLM
fitted with Poisson distribution), others could predict negative values, especially those that are
distribution-independent (e.g., DNN). Inaccurate ADM predictions could produce meaningless
predictions with extremely high values, fragrantly above ecosystem carrying capacity, or
inappropriate negative values. This could compromise the useability of ADM for many purposes,
especially for species conservation, as they become misleading about species abundance in

geographical space. Model extrapolation issue was more addressed in SDM literature (Elith et al.,
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2010; Velazco et al., 2024); however, ADM field lacks experiments and development methods for

addressing extrapolation problems by, for instance, correcting or rescaling model output. This

highlights the necessity of further research on ADM extrapolation.

How good are DNN, NET, and CNN compared to other algorithms and is it worth the effort?

In our experiment, DNN clearly outperformed CNN and NET, being overall the best-
performing algorithms. DNN consistently was the best model for most species in discrimination
and accuracy, while NET was the best in precision in all treatments (Figures S5-S7, Figures S15-
17). These results show the potential of ANN for ADM construction. However, these algorithms
could become computationally expensive (Chen et al., 2023). As XGB often had similar
performances in many situations as DNN, the question of whether it is worth the effort to use
DNN to construct ADM or not must be addressed, and we identify three major topics in this
discussion.

(1) ANN often take longer to train and predict than other algorithms, and the computational
time and resources needed to train an ANN extensively increase with the size of the network and
dataset (Calufia et al., 2020). The computational effort could be a disincentive for researchers from
developing regions with a lack of financial support and resource limitations, like the Gran Chaco
(Ocampo-Ariza et al., 2023; Silveira et al., 2023). This raises a contradiction, because in times of
environmental crisis (Cowie et al., 2022) the most endangered regions, that would benefit from
the most cutting-edge models, often have the least computational, financial, and technical
resources.

(i) ANN offers much more flexibility than other more conventional algorithms, due to the
large number of possible architectures (Pichler & Hartig, 2023). This allows, for instance, the
construction of multi-species predictions, complex model ensembles, combinations of different
architectures, and the use of pre-trained networks. This flexibility allied with the ANN ability to
model non-linear complex relationships provides researchers with a powerful tool to model
species distribution, while enabling further advances (Botella et al., 2018). However, the planning
and manipulation of ANN architectures could demand more expertise. For instance, our CNN and
DNN architectures were built with forch (Falbel & Luraschi, 2024), which demanded the coding
of the network structure. Our low performance of CNN shows that inadequately constructed ANN
could produce poor models. Still, this is true for every algorithm, and one should be aware of its
functioning and assumptions when constructing distribution models (Qiao et al., 2015). However,
the use of ANN for many purposes is rising in ecology, and with it, the abundance of information

and guides about them (Pichler & Hartig, 2023).
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(ii1) Because of the complexity, nonlinearity, and high-dimensional parameters of ANN,

make them less interpretable than other algorithms, such as linear models (GLM and GAM) which
could provide clearer relationships between predictors and abundance. (Ryo et al., 2021). The use
of models to get accurate species distribution predictions to novel conditions or unsampled areas
has become a common task (Andrella et al., 2023).However, they are still useful and important
for explaining species distribution, e.g., to test hypotheses or evaluate the predictor variables
importance (Araujo et al., 2019; Elith & Leathwick, 2009). In addition, many techniques were
recently proposed in a subfield called “explainable Artifical Inteligence” (xAl). The xAI method

2

aims to open the “black-box” of complex machine learning models to make them more
interpretable (e.g., SHapley Additive explanation and Local Interpretable Model-Agnostic

Explanations) (Prasad et al., 2023; Ryo et al., 2021).

About ADM nomenclature

In the literature, it is common to encounter spatially explicit correlative distribution models
based on abundance data, i.e., models that have any expression of abundance as a response
variable correlated with other predictor variables, what was referred as ADM, “SDM fitted with
abundance data”, or “Species Abundance Model” (e.g., Garcia-Gémez et al., 2023; Kroetz et al.,
2025). In fact, the ADM denomination seems to be recent in ecology (Waldock et al., 2022), and
we reinforce to formalize the use of this term. We reckon that ADM derives from SDM and both
use correlative models, but they produce different predictions. For instance, the relationship
between abundance and environmental suitability (SDM predictions) is still not entirely clear in
ecological literature, thus both should not be taken as equivalent (Osorio-Olvera et al., 2019).
Moreover, SDM often fails to explain or predict local abundance (Brambilla et al., 2024).
Producing predictions of different kinds, ADM and SDM must be evaluated with different metrics,
adequate to their purpose, i.e., there is little sense in evaluating an ADM with True Skill Statistics,
common metrics for SDM. Therefore, we argue that may be beneficial for the ADM research field
to popularize the “abundance-based distribution models” denomination instead of other names
that make references to SDM or that could be confused with models with other purposes, such
species abundance distributions (SAD, which rank species abundance at community level

Golestani & Gras, 2013).

What is the future for ADM?

The field of ADM is in ongoing construction, yet underdeveloped when compared to the

SDM field (Waldock et al., 2022), highlighting the need for further research methodological
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development of ADM. For example, here we addressed the effect of absence amount in the models’

performance, but the methods of sampling absences for ADM were not yet explored. Recent
results found that ensemble modeling approach produced better results than single algorithms
(Ngor et al., 2023), thus more experiments with ensembles approach for ADM are needed. Further
development of Deep Learning algorithms is possible, by experimenting with more robust,
intricate, and ecologically informed architectures (see the ones of Botella et al., 2018; Deneu et

al., 2021) that could deliver multi-species models based on community data (Elmendorf & Moore,

2008).

Limitations

Few large-scale experiments have compared multiple algorithms for ADM construction.
For this reason, and because many studies used different metrics, it became difficult to directly
compare our results with previous research. Because of the number of species modeled and the
large number of fitted models, it became impractical to analyze or tune models with many more
details, e.g., for each species. This, along with resources and technical limitations, impacted the
construction of CNN and DNN models, as we tested fewer and simpler architectures compared to

previous works.

Conclusion

As far as we know, this work is one of the first efforts to comparatively analyze the
performance of Deep Learning algorithms for the construction of ADM and the impacts of absence
amount and data partitioning on it. We evaluated models’ discrimination, accuracy, and precision
capabilities, and found that DNN was the better performing algorithm, but XGB often performed
as well as DNN. GBM, GLM, and GAM had a medium performance, compared to the other
algorithms, and NET, RAF, and SVM were more often the worst-performing. CNN had the worst
results probably because of the simplicity of the architectures tested. We concluded (1) that the
use of absence data is beneficial to all algorithms, but more research is needed to clarify even
further this question, (2) that the spatially structured data partitioning produced less heterogenous
results between algorithms and validates model in terms of model transferability, important for
models that could make prediction unboundedly, and (3) that DNN is a viable and effective
algorithm for ADM, and should be considered as a powerful tool for ADM construction. We
highlight though that the algorithm selection and model evaluation metrics must be done

considering the modeling purpose and ecological implications. Finally, we emphasize the need for
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further research in the ADM to explore yet unclear questions to develop this field (e.g., model

extrapolation, effect of calibration area, model ensembles, predictors interactions).
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Table S1. List of the 117 species used in the experiment and summary statistics about their abundance data. Statistics were computed only considering the

occurrence points.

Coefficient
: Occurrence Abundance Mean Median  Variance Standard of
Species _ points range abundance abundance  (c?) deviation \ariation

(ind/ha > 0) (u) (o) &)

1%
Aspidosperma quebracho-blanco Schitdl. 1,849 [2.78, 400] 45.12 30 1,788.13  42.29 0.94
Sarcomphalus mistol (Griseb.) Hauenschild 1,369 [2.78, 443.06] 44.99 30 2,208.55 47 1.04
Schinopsis lorentzii (Griseb.) Engl. 1,034 [2.78, 410] 34.82 20 1,071.89 32.74 0.94
Neltuma nigra (Griseb.) C.E.Hughes & G.P.Lewis 991 [2.78, 350] 41.99 30 1,908.43  43.69 1.04
Senegalia praecox (Griseb.) Seigler & Ebinger 731 [6.25, 464.58] 43.47 30 2,548.24  50.48 1.16
Tabebuia nodosa (Griseb.) Griseb. 710 [2.78, 477.08] 49.19 27.08 3,5669.57 59.75 1.21
Salta triflora (Griseb.) Adr.Sanchez 637 [2.78,1733.33] 110.43 40 38,607.96 196.49 1.78
Libidibia paraguariensis (D.Parodi) G.P.Lewis 620 [2.78, 247.22] 25.65 19.72 720.11 26.83 1.05
Parkinsonia praecox (Ruiz & Pav.) Hawkins 525 [2.78, 190] 21.99 10 418.33 20.45 0.93
Cordia americana (L.) Gottschling & J.S.Mill. 473 [2.5, 285.29] 33.67 20 1,444.25 38 1.13
Sideroxylon obtusifolium (Roem. & Schult.) T.D.Penn. 465 [2.78, 186.86] 30.14 20 857.56 29.28 0.97
Nectandra angustifolia (Schrad.) Nees & Mart. 455 [2.5, 207.65] 31.21 20 900.83 30.01 0.96
Allophylus edulis (A.St.-Hil., A.Juss. & Cambess.) Radlk. 399 [2.5, 612.16] 28.3 10 2,767.65 52.61 1.86
Neltuma alba (Griseb.) C.E.Hughes & G.P.Lewis 366 [2.78, 250] 33.98 20 1,245.49  35.29 1.04
Neltuma ruscifolia (Griseb.) C.E.Hughes & G.P.Lewis 365 [2.78, 510] 87.96 60 8,200.65  90.56 1.03
Ruprechtia laxiflora Meisn. 340 [2.5, 300] 33.86 17.32 2,048.20 45.26 1.34
Ocotea puberula (Rich.) Nees 330 [2.5, 216.08] 27.79 12.5 1,374.96  37.08 1.33
Muellera campestris (Mart. ex Benth.) M.J.Silva & A.M.G.Azevedo 320 [2.5, 267.36] 22.85 10 1,140.10  33.77 1.48
Plectrocarpa sarmientoi (Lorentz ex Griseb.) Christenh. & Byng 318 [2.78, 420] 54.37 30 3,297.53 57.42 1.06
Cabralea canjerana (Vell.) Mart. 310 [2.5, 177.65] 15.64 10 345.69 18.59 1.19
Syagrus romanzoffiana (Cham.) Glassman 307 [2.5, 500.69] 22.7 10 1,627.41  40.34 1.78
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Occurrence Mean Standard Coefficient
u . .
Species points Ab;Jar:%che abundance akIJ\S r?g;?]nce Va(r('y"’;;‘ce deviation vari(;ion
(ind/ha > 0) (u) (o) )
n
Ceiba chodatii (Hassl.) Ravenna 306 [2.78, 147.22] 16.8 10 296.83 17.23 1.03
Cupania vernalis Cambess. 304 [2.5, 235.29] 24.16 10.7 1,240.46  35.22 1.46
Neltuma flexuosa (DC.) C.E.Hughes & G.P.Lewis 293 [10, 360] 49.49 30 2,619.19 51.18 1.03
Neltuma kuntzei (Harms) C.E.Hughes & G.P.Lewis 291 [2.78, 270] 28.13 20 939.91 30.66 1.09
Bougainvillea praecox Griseb. 288 [2.78, 230] 29.78 20 1,063.09 32.61 1.1
Nectandra lanceolata Nees & Mart. 287 [2.5, 159.03] 19.74 12.5 467.39 21.62 1.1
Geoffroea decorticans (Gillies ex Hook. & Arn.) Burkart 284 [10, 800] 62.01 30 8,621.44  92.85 1.5
Morisonia retusa (Griseb.) Christenh. & Byng 274 [6.25, 781.25] 55.79 20 9,207.17  95.95 1.72
Pisonia zapallo Griseb. 273 [2.5, 375.29] 28.06 10 1,598.51  39.98 1.42
Celtis iguanaea (Jacq.) Sarg. 266 [2.5, 210] 32.12 20 1,372.06  37.04 1.15
Anadenanthera colubrina (Vell.) Brenan 261 [2.78, 1115.1] 81.13 31.25 16,915.19 130.06 1.6
Chrysophyllum gonocarpum (Mart. & Eichler) Engl. 261 [2.5, 236.08] 24.8 11.11 844.26 29.06 1.17
Phyllostylon rhamnoides (J.Poiss.) Taub. 258 [2.78, 619.8] 73.34 30 9,917.53  99.59 1.36
Luehea divaricata Mart. 252 [2.5, 178.43] 25.07 10 962.31 31.02 1.24
Casearia sylvestris Sw. 242 [2.5, 470.59] 20.48 10 1,644.00 40.55 1.98
Campomanesia xanthocarpa (Mart.) O.Berg 236 [0.88, 489.58] 17.35 10 1,517.80 38.96 2.25
Schinopsis balansae Engl. 235 [2.78, 390.28] 45.09 20 3,340.02 57.79 1.28
Morisonia speciosa (Griseb.) Christenh. & Byng 231 [6.25, 200] 23.04 10 659.29 25.68 1.11
Gleditsia amorphoides (Griseb.) Taub. 228 [2.5, 290] 43.46 30 1,936.41 44 1.01
Balfourodendron riedelianum (Engl.) Engl. 224 [2.5, 173.61] 22.13 10 779.6 27.92 1.26
Copernicia alba Morong 220 [2.78, 1270] 272.5 195 64,605.75 254.18 0.93
Vachellia caven (Molina) Seigler & Ebinger 210 [6.25, 350] 48.87 30 3,091.88 55.6 1.14
Parapiptadenia rigida (Benth.) Brenan 206 [2.5, 229.86] 19.33 10 854.52 29.23 1.51
Ximenia americana L. 199 [2.78, 110] 18.43 10 338.84 18.41 1
Chrysophyllum marginatum (Hook. & Arn.) Radlk. 191 [2.5, 865.28] 22.62 10 415191 64.44 2.85
Sapium glandulosum (L.) Morong 189 [2.5, 310] 12.31 5.35 853.91 29.22 2.37
Zanthoxylum rhoifolium Lam. 185 [2.5, 250] 14 5.87 900 30 2.14
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Occurrence Mean Standard Coefficient
u . .
Species points Ab;Jar:%che abundance akIJ\S r?g;?]nce Va(r('y"’;;‘ce deviation vari(;ion
(ind/ha > 0) (u) (o) )
n
Aspidosperma australe Mull.Arg. 181 [2.5, 98.43] 13.21 10 196.33 14.01 1.06
Vachellia aroma (Gillies ex Hook. & Arn.) Seigler & Ebinger 181 [6.25, 274.51] 27.82 20 938.95 30.64 1.1
Myrsine coriacea (Sw.) R.Br. 173 [2.5, 135] 12.97 7.5 271.74 16.48 1.27
Cordia trichotoma (Vell.) Arrb. ex Steud. 171 [2.5, 196.86] 17.04 10 573.46 23.95 1.41
Holocalyx balansae Micheli 171 [2.5, 80] 15.56 10 155.77 12.48 0.8
Myrocarpus frondosus Allemé&o 171 [2.5, 87.5] 11.07 10 147.05 12.13 1.1
Calycophyllum multiflorum Griseb. 155 [2.78, 297.22] 54.43 26 3,619.55 60.16 1.11
Phytolacca dioica L. 154 [2.5, 127.65] 10.7 10 144.87 12.04 1.13
Parapiptadenia excelsa (Griseb.) Burkart 149 [10, 326.08] 40.73 20 2,192.89  46.83 1.15
Morisonia salicifolia (Griseb.) Christenh. & Byng 142 [6.25, 402.08] 31.78 10 3,008.96  54.85 1.73
Senegalia gilliesii (Steud.) Seigler & Ebinger 139 [10, 150] 19.06 10 264.59 16.27 0.85
Castela coccinea Griseb. 138 [10, 112.5] 15.73 10 131.22 11.46 0.73
Schinus longifolia (Lindl.) Speg. 138 [10, 120] 25.43 20 417.56 20.43 0.8
Myrcianthes pungens (O.Berg) D.Legrand 136 [2.5, 500] 56.51 20 6,852.10 82.78 1.46
Annona emarginata (Schltdl.) H.Rainer 135 [2.5, 202.78] 11.62 5.78 436.89 20.9 1.8
Achatocarpus praecox Griseb. 133 [2.5, 156.25] 27.48 20 844.44 29.06 1.06
Sebastiania klotzschiana (Mull.Arg.) Mull.Arg. 133 [2.5, 400] 34.98 10 3,628.39 60.24 1.72
Mimozyganthus carinatus (Griseb.) Burkart 132 [2.78, 150] 24.56 10 712.69 26.7 1.09
Ruprechtia apetala Wedd. 132 [10, 1118.82] 60.12 30 12,994.21 113.99 1.9
Strombocarpa torquata (Lag.) Hutch. ex C.E.Hughes & G.P.Lewis 132 [10, 120] 18.11 10 319.9 17.89 0.99
Aspidosperma triternatum Rojas Acosta 130 [2.78, 200] 27.02 12.15 1,036.47  32.19 1.19
Eugenia uniflora L. 129 [2.5, 420] 30.94 10 3,745.07 61.2 1.98
Helietta apiculata Benth. 127 [2.5, 334.51] 35.88 12.5 3,358.89 57.96 1.62
Maclura tinctoria (L.) D.Don ex G.Don 127 [2.5, 152.08] 17.93 10 560.77 23.68 1.32
Sebastiania brasiliensis Spreng. 127 [2.5, 310] 28.29 12.5 1,285.87  35.86 1.27
Neltuma affinis (Spreng.) C.E.Hughes & G.P.Lewis 126 [2.78, 290] 56.26 40 2,722.48 52.18 0.93
Machaerium oblongifolium Vogel 114 [2.5, 97.44] 15.42 10 318.83 17.86 1.16
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Occurrence Mean Standard Coefficient
u . .
Species points Ab;Jar:%che abundance akIJ\S r?g;?]nce Va(r('y"’;;‘ce deviation vari(;ion
(ind/ha > 0) () (o) )
n
Jacaratia spinosa (Aubl.) A.DC. 110 [2.5, 88.43] 15.88 10 222.79 14.93 0.94
Scutia buxifolia Reissek 101 [2.5, 402.16] 45.39 20 4,450.71 66.71 1.47
Terminalia triflora (Griseb.) Lillo 101 [2.78, 149.31] 28.9 19.44 917.05 30.28 1.05
Blepharocalyx salicifolius (Kunth) O.Berg 100 [2.5, 296.86] 30.89 10 2,586.10 50.85 1.65
Ficus luschnathiana (Miq.) Mig. 99 [2.5, 88.43] 8.59 541 118.13 10.87 1.27
Myrcianthes cisplatensis (Cambess.) O.Berg 96 [10, 280] 46.65 30 2,222.45 47.14 1.01
Acanthosyris falcata Griseb. 92 [2.78, 380] 25.9 10 1,978.16  44.48 1.72
Enterolobium contortisiliquum (Vell.) Morong 92 [2.5, 118.43] 16.51 10 268.74 16.39 0.99
Trichilia claussenii C.DC. 92 [2.5, 147.65] 24.67 10.59 764.09 27.64 1.12
Schinus fasciculata (Griseb.) 1.M.Johnst. 88 [10, 120] 23.29 10 578.44 24.05 1.03
Jodina rhombifolia (Hook. & Arn.) Reissek 86 [2.5, 40] 13.52 10 45.26 6.73 0.5
Neltuma caldenia (Burkart) C.E.Hughes & G.P.Lewis 86 [10, 770] 197.44 175 22,095.78 148.65 0.75
Bougainvillea stipitata Griseb. 85 [10, 110] 27.17 20 438.86 20.95 0.77
Vitex megapotamica (Spreng.) Moldenke 85 [2.5, 78.43] 8.71 5 118.59 10.89 1.25
Dahlstedtia muehlbergiana (Hassl.) M.J.Silva & A.M.G.Azevedo 83 [2.5, 78.43] 14.21 10 168.46 12.98 0.91
Peltophorum dubium (Spreng.) Taub. 82 [2.5, 547.22] 26.93 10 4,036.93 63.54 2.36
Trichilia catigua A.Juss. 81 [2.5, 200] 34.29 18.75 1,821.01 42.67 1.24
Jacaranda micrantha Cham. 80 [2.5, 70] 11.32 8.23 165.58 12.87 1.14
Trema micranthum (L.) Blume 80 [2.5, 166.86] 14.68 5 773.87 27.82 1.9
Diplokeleba floribunda N.E.Br. 79 [6.25, 186.11] 37.63 2431 1,068.02  32.68 0.87
Zanthoxylum petiolare A.St.-Hil. & Tul. 78 [2.5, 80] 15.65 10 311.49 17.65 1.13
Erythrina falcata Benth. 76 [2.5, 50] 10.48 10 70.52 8.4 0.8
Myracrodruon urundeuva M. Alleméo 76 [2.78, 193.75] 26.22 12.5 1,005.46 31.71 1.21
Zanthoxylum fagara (L.) Sarg. 74 [2.5, 160] 18.92 10 660.28 25.7 1.36
Myracrodruon balansae (Engl.) Santin 73 [2.78, 210] 42.77 30 1,642.97  40.53 0.95
Sapium haematospermum Mull.Arg. 70 [2.78, 324.51] 37.92 20 3,072.70 5543 1.46
Bougainvillea campanulata Heimerl 69 [2.78, 262.5] 63.47 46.53 3,786.97 61.54 0.97
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Occurrence Mean Standard Coefficient
u . .
Species points Ab;Jar:%che abundance akIJ\S r?g;?]nce Va(r('y"’;;‘ce deviation vari(;ion
(ind/ha > 0) (u) (o) )
n
Ceiba speciosa (A.St.-Hil., A.Juss. & Cambess.) Ravenna 69 [2.5, 34.03] 9.84 10 33.07 5.75 0.58
Pseudalbizzia niopoides (Spruce ex Benth.) E.J.M.Koenen & Duno 66 [2.5, 81.25] 13.55 10 197.26 14.04 1.04
Trithrinax schizophylla Drude 66 [6.25, 840] 134.85 75 30,619.53 174.98 1.3
Didymopanax morototoni (Aubl.) Decne. & Planch. 65 [2.5, 59.22] 7.44 5 66.48 8.15 1.1
Urera baccifera (L.) Gaudich. ex Wedd. 60 [2.5, 271.53] 25.99 10.13 1,84451 42.95 1.65
Plinia rivularis (Cambess.) Rotman 58 [2.5, 247.22] 39.27 20 2,563.16  50.63 1.29
Handroanthus impetiginosus (Mart. ex DC.) Mattos 57 [5.56, 78.43] 19.61 10 303.28 17.41 0.89
Ocotea porphyria (Griseb.) van der Werff 55 [10, 246.86] 40.17 20 2,111.26  45.95 1.14
Cordia ecalyculata Vell. 54 [2.5, 50] 13.71 6.25 219.86 14.83 1.08
Neltuma elata (Burkart) C.E.Hughes & G.P.Lewis 54 [10, 80] 17.22 10 186.73 13.66 0.79
Pterogyne nitens Tul. 53 [2.78, 78.43] 17.32 10 264.25 16.26 0.94
Cedrela balansae C.DC. 52 [10, 156.86] 27.89 12.5 755.33 27.48 0.99
Handroanthus heptaphyllus (Vell.) Mattos 52 [2.5, 70] 14.46 10 212.79 14.59 1.01
Juglans australis Griseb. 52 [10, 137.65] 39.66 20 1,145.79  33.85 0.85
Tabernaemontana catharinensis A.DC. 50 [2.5, 362.94] 22.79 10 2,888.77  53.75 2.36




Table S2. Source and names of variables used to perform the Principal Component Analysis.

Source

Name

Chelsa

Annual mean temperature

Temperature Seasonality (standard deviation x100)
Mean Temperature of Driest Quarter

Mean Temperature of Warmest Quarter

Annual precipitation

Precipitation Seasonality (Coefficient of Variation)
Precipitation of Wettest Quarter

Precipitation of Driest Quarter

Precipitation of Warmest Quarter

Climate moisture index

Near-surface relative humidity

Vapor pressure deficit

Surface downwelling shortwave radiation

SRTM

Elevation

SoilGrids*

Bulk density

Cation exchange capacity

Volumetric fraction of coarse fragments (> 2 mm)
Proportion of clay particles (< 0.002 mm)

Total nitrogen (N)

Organic carbon density

Organic carbon stocks

Soil pH

Proportion of sand particles (> 0.05/0.063 mm)
Proportion of silt particles (= 0.002 mm and < 0.05/0.063 mm)
Soil organic carbon content

*Variables disponible in seven depths.
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Table S3. Variance explained by principal components selected from the principal component analysis
performed with climate, topographic, and edaphic data.

Principal Components Variance explained for each PC  Cumulative variance explained

1 33.44 33.44
2 26.08 59.52
3 13.11 72.64
4 8.34 80.98
5 4.84 85.82
6 3.04 88.86
7 2.04 90.91




87

Table S4. Hyperparameter values tested for each algorithm in model tunning process. The number of
combinations tested is a multiplication of the number of values tested for each hyperparameter.

Combinations

Model Hyperparameter Range tested tested
mtry {2,3,.., 7}
RAF ntree {100, 300, ..., 1900} 00
n.trees {100, 200, 400, 600, 800}
interaction.depth {1,2,3,.., 10}
GBM n.minobsinnode {5, 10, 15, 20} 600
shrinkage {0.001, 0.01, 0.1}
nrounds {100, 300}
max_depth {4, 6, 8}
eta {0.2, 0.5}
gamma {1, 5, 10}
XGB colsample_bytree {05, 1} 432
min_child_weight {05,1, 2}
subsample {05, 1}
objective reg:tweedie
C {1,3,5, ..., 49}
SVM sigma "automatic™ 50
kernel {"rbfdot", "laplacedot"?}
poly {12}
GLM inter_order i {0, 1.}; " 68
o very suitable
distribution dist%bution*
inter "automatic™
AN distribution Every sullable Y
batch_size 32
learning_rate {0.005, 0.001}
DNN n_epochs {100,200} 128
n_layers {2, 3, 4}
n_neurons {7, 14, 21}
batch_size 32
learning_rate {0.005, 0.001, 0.01}
n_epochs 200
validation_patience {5, 10}
CNN fitting_patience {5, 10} 108**
number_of _conv_layers (convolutional) {3, 4,5}
conv_layers_size {7, 14, 28}
number_of_fc_layers 1
fc_layers_size 14
size {7,12,17, ...,97}
NET decay {0,0.1,0.2, ..., 0.9} 190
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*For GAM and GLM, suitable distributions for the data were achieved using adm. family selector, which
return a set 17 probability distributions, all of them tested: {"NO", "NOF", "RG", "TF", "ZAIG", "LQNO",
HDEL"’ HPIGH’ HWARING", HYULEH’ HZALG", "ZIP"’ HBNBH, HDBURRIzH, HZIBNBH’ HLOH, HPO"}.

**Nine architectures random combining number of layers and layer size were tested. Therefore, this number
comes from batch_size - learning_rate - n_epochs - validation_patience - fitting_patience -
architectures = 1-3-1:-2:2-9=4-9 =108
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Table S5. Estimated means by post-hoc analysis of model discrimination (Spearman correlation), accuracy

(MAE), and precision (PDISP), for different algorithms, partition type, and absence amount. Bold values
denote the highest performance value for each partition and absence amount treatment.

No-absence One-absence Two-absences
K-fold Spatial K-fold Spatial K-fold Spatial
CNN 0.255 0.261 0.152  0.153 0.134  0.136

DNN 0.418 0.384 0,571  0.532 0.555 0.517

NET 0.372 0.332 0.478  0.433 0.469  0.425

GBM 0.396  0.346 0.563  0.508 0.555 0.501

Spearman XGB 0419 0371 0572 0518 0556  0.504
RAF 0.323  0.259 0.472  0.403 0.481 0.414

SVM 0.351 0.285 0545 0.474 0534 0.464

GLM 0.405 0.368 0.554  0.511 0.542 0.501

GAM 0.376  0.331 0542  0.492 0532 0.484

CNN 0.088  0.088 0.063 0.064 0.044 0.044

DNN 0.077  0.080 0.053  0.055 0.038  0.040

NET 0.099 0.105 0.073  0.078 0.056  0.060

GBM 0.080 0.081 0.056  0.057 0.041 0.041

MAE XGB 0.082 0.084 0.054  0.055 0.039  0.040
RAF 0.094 0.100 0.065 0.069 0.050 0.053

SVM 0.081  0.085 0.056  0.058 0.042 0.044

GLM 0.081  0.083 0.056  0.058 0.041  0.042

GAM 0.083  0.086 0.056  0.058 0.041  0.042

CNN 0.811  0.827 0420 0.435 0.388  0.403

DNN 0.995  0.995 0.989  0.988 0.990 0.989

NET 1.000 1.000 1.000 1.000 1.000 1.000

GBM 0.803  0.797 0.910 0904 0946 0.939

PDISP XGB 1.000 1.000 1.001 1.000 1.000 0.999
RAF 0.606  0.599 0.598 0.591 0.599 0.592

SVM 0.914  0.932 0.809  0.826 0.760  0.777

GLM 0.992  0.993 0.998  0.998 0.978 0.978

GAM 0.828  0.807 0.974  0.953 0.910 0.888

Performance metrics  Algorithms
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Figure S1. Data partitioning example with Ceiba speciosa (A.St.-Hil.) Ravenna points. a) K-fold random
partition. b) Spatially structured block partition. For both, numbers and color refer to which fold the points
belong.
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Figure S2. Residuals of GAMLSS model used for evaluating the performance ADM based Spearman’s
correlation metric for different algorithms, partition type, and absence amount.
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Figure S3. Residuals of GAMLSS model used for evaluating the performance ADM based Mean Absolute
Error metric for different algorithms, partition type, and absence amount.
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Figure S4. Residuals of GAMLSS model used for evaluating the performance ADM based Dispersion
metric for different algorithms, partition type, and absence amount.
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Figure SS. Frequency of species with the highest discrimination (i.e., the highest Spearman’s correlation)
different algorithms, partition type (columns), and absence amount (rows). Red-colored bars represent the best
algorithm.



K-fold Spatial
80 1
60 1 g
)
40 1 7
@
S
ey -
L
%: 0- ---- — __-- [
\-/80_
o
a ,
8 40 >
© g
§ 0_._ — ———, | — I — ——— —
(on J
0‘280
=
- 60+ 5
)
40 1 il
@
S
04 || || I s

CNN DNN NET GBM XGB SVM GLM GAM CNN DNN NET GBM XGB SVM GLM GAM

Figure S6. Frequency of species with the highest accuracy (i.e., the lowest MAE) different algorithms,
partition type (columns), and absence amount (rows). Yellow-colored bars represent the best algorithm.
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Figure S7. Frequency of species with the highest precision (i.e., PDISP near to 1) different algorithms,
partition type (columns), and absence amount (rows). Blue-colored bars represent the best algorithm.
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Figure S8. Post-hoc analysis of model discrimination based on Spearman metric for different partitions,
partition type (columns), and algorithms (rows). Different letters within each panel indicate statistical
significance differences according to the HDS Tukey test (p < 0.05).
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Figure S9. Post-hoc analysis of model discrimination based on MAE metric for different partitions, partition
type (columns), and algorithms (rows). Different letters within each panel indicate statistical significance
differences according to the HDS Tukey test (p < 0.05).
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Figure S10. Post-hoc analysis of model discrimination based on PDISP metric for different partitions, partition
type (columns), and algorithms (rows). Different letters within each panel indicate statistical significance
differences according to the HDS Tukey test (p < 0.05).
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Figure S12. Post-hoc analysis of model discrimination based on MAE metric for different absence amounts,
partition type (columns), and algorithms (rows). Different letters within each panel indicate statistical
significance differences according to the HDS Tukey test (p < 0.05).
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Figure S13. Post-hoc analysis of model discrimination based on Spearman metric for different absence
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statistical significance differences according to the HDS Tukey test (p < 0.05).
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Figure S14. Density distribution of abundance (Individuals/Hectare), transformed with log+1, for the three
absences amount treatment tested, No-absence, One-absence, Two-absences. Densities include entire data

from the 117 species.
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Figure S15. Algorithms’ performance under different absence amount and data partitioning treatments.
Spearman correlation (x-axis) and MAE (y-axis) are shown with uncertainty bars. Higher Spearman and lower

MAE indicate better performance.
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Figure S16. Algorithms’ performance under different absence amount and data partitioning treatments.
Spearman correlation (x-axis) and PDISP (y-axis) are shown with uncertainty bars. Higher Spearman and
PDISPT closer to 1 indicate better performance.
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Figure S17. Algorithms’ performance under different absence amount and data partitioning treatments. PDISP
(x-axis) and MAE (y-axis) are shown with uncertainty bars. PDISP closer to 1 and lower MAE indicate better
performance.



