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Modeling species distribution is a predictive technique, and its search has increased due to the need to obtain 
rapid information for decision-making in the face of the loss and fragmentation of natural habitats, climate 
change, and anthropogenic actions. It is an important tool used for the conservation of species in different 
environments, and the Caatinga is among the environments that suffer from these threats, being a region with 
high temperatures, low precipitation, and high evapotranspiration, which makes it more vulnerable to climate 
change. This article aims to review the literature on the beginnings of predictive modeling, the area of knowledge 
that gave basis and existence to modeling methods, their development through computing, bioclimatic variables, 
and their applications in the Caatinga biome. The bibliographic survey was structured in publications found 
in the databases Scielo, Google Scholar, scientific journals, among other modalities, National Social Assistance 
Policy-PNAS, Rodriguesia, Ecological Modeling, Research and Development Society, Embrapa, Nature & 
Conservation, Ultrasound, Journal, Biodiversity Informatics, Nature, Intergovernmental Panel on Climate 
Change- IPCC, thesis, dissertation, Monograph, Nature, Ecology letters, Tutorial, Symposium, political politics 
research notebook, Research Brazilian Agriculture between the years 2003 to 2023. There were thirty-four 
scientific articles in twenty data sources. Computing was a great ally in the expansion of species distribution 
modeling processes that applied to the Caatinga, bringing significant gains and important results for this biome, 
being used to predict species occurrences in future scenarios, evaluate the influence of environmental variables, 
and potential distribution of endangered species.
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Species Distribution Modeling is a 
computational method that builds a representation 
of the conditions necessary for the survival of one 
or more species by combining occurrence data 
with environmental variables [1]. It is noteworthy 
that knowledge of geographic distribution has 
limitations, and this problem has contributed to 
the emergence of many studies.

According Barreto [2], the models of the 
potential distribution of species are tools that 
have emerged with the proposal to fill the gaps 
in knowledge about the geographic limits of the 
species of interest and assist in the formulation 
of new hypotheses about the mechanisms that 
determine the distribution of these species.

The interest in this type of modeling is due 
to the need for rapid and reasoned responses to 

the threats that the species has faced [1], seeking 
to define patterns of distribution of threatened, 
rare, and endangered species, assist in decision-
making, predict impacts of climate change in 
future scenarios. The application of predictive 
modeling of species distribution as a tool for the 
study and conservation of biodiversity has been 
developed for decades with the integration of 
different areas of knowledge, the combination of 
various techniques, and the emergence of several 
methods and models to present more robust 
results.

This interest and need to describe, understand, 
and make predictions about the geographic and 
environmental distribution of species has been 
around for a long time [3], and knowing how the 
predictive process of modeling species distribution 
began is as important as its applications. In this 
sense, this article aims to present a literature 
review on the beginnings of predictive modeling, 
an area of knowledge that gave basis and existence 
to modeling methods, their development through 
computing, the use of bioclimatic variables, and 
their applications in the Caatinga biome.
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Materials and Methods

This review work included research in theses, 
dissertations, monographs, symposium, Scientific 
Initiation Congress, Intergovernmental Panel 
on Climate Change (IPCC), National Social 
Assistance Policy (PNAS), and several journals, 
Political Research, Brazilian Agricultural 
Research, Research, Society and Development, 
Ecological Modeling, Rodriguesia, Ecology 
Letters, Nature, Nature & Conservation, 
Computer Ultrasound of Biodiversity, totaling 
34 works of scientific studies that brought the 
history, the beginnings of the work, and the interest 
in modeling, descriptions, conceptualizations, 
new techniques, and methods, from the simplest to 
the most advanced, and references to the modeling 
of the the bibliographic survey was obtained from 
the Scielo and Google Scholar databases, using 
bioclimatic variables to determine the distribution 
of species in the Caatinga.

The review used the terms "Predictive 
modeling of species distribution," "Applications 
of predictive modeling of species distribution," 
"Current challenges of predictive modeling," and 
"bioclimatic variables." The data were refined to 
include modeling studies of species distribution in 
the Caatinga biome.

The inclusion and exclusion criteria are 
indicated below.

Inclusion criteria: (1) publication of articles 
between the years 2003 and 2023; (2) selection of 
works with a history of pioneering contributions 
on the topic addressed, development in the 
computational field, concept of ecological 
niche, areas of knowledge bases, and that also 
contemplated technological advances; (3) 
approach to bioclimatic variables important for the 
Caatinga biome.
 
Exclusion Criteria: (1) publishing articles in 
a language other than Portuguese and English 
(i.e., only articles in English and Portuguese were 
accepted).

Results and Discussion

A little history of the species distribution 
modeling technique

Soberon and Peterson [4] agree that a species 
distribution results from its dispersal capacity 
and tolerance to the prevailing abiotic and biotic 
conditions. Abiotic factors (such as climate) 
provide the necessary conditions for a species' 
establishment, survival, and reproduction. This 
Understanding allows, through predictive models, 
the estimation of the distribution of a species based 
on its points of occurrence and the environmental 
information of the places already occupied by it.

Paglia and colleagues [5] showed modeling 
techniques from the simplest to the most complex, 
stating that species distribution models are 
based mainly on environmental conditions and 
are generated from a set of rules ranging from 
more straightforward mathematical solutions 
(Euclidean Distance, BIOCLIM), through 
statistical adjustments (Generalized Linear 
Models - GLM, Generalized Additive Models 
- GAM) to algorithms derived from artificial 
intelligence and search (Maxent, GARP, 
Neural Networks); The algorithms calculate the 
environmental similarity between the places of 
occurrence known to the species and other regions 
still unknown, and the places of more remarkable 
similarity will be considered as areas of high 
probability of occurrence.

Brito [6] stated that, although the application of 
predictive modeling has increased since the first 
studies in the 1960s, the interest in studying the 
influence of variables environmental impact on 
species distributions was mainly concentrated in 
the 1970s, 1980s, and 1990s, with the pioneering 
work of Austin in 1971, Nix and colleagues in 
1977, Ferrier's simulations in 1984, the books 
by Verner and colleagues in 1986, Margules and 
Austin in 1991, the revisions by Franklin in 1995, 
and Austin in 1998 are references in the field of 
studies on modeling the distribution of species 
applied to conservation projects. The development 
of the models results from integrating biological 
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knowledge with various technologies, uniting 
areas such as ecology and computing to allow 
researchers to study the real and potential 
distribution of species.

For Guisan and Thuiller [7], these contributions 
were important in promoting a new approach, 
resulting in an increasing number of species 
distribution models proposed in the literature. 
In recent years, predictive modeling of species 
distribution has become an increasingly important 
tool for addressing various issues in ecology, 
biogeography, evolution, and, more recently, 
conservation biology and climate change. 
Species distribution models are based on the 
ecological niche theory. They can be defined 
as models that relate data on the occurrence or 
abundance of species in sites (distribution data) to 
information on the environmental characteristics 
of these sites (physical and chemical parameters) 
to identify areas with potential habitats for the 
target species [8].

Melo and colleagues [9] stated that Grinnell 
was the first to conceptualize and describe the 
niche of several species in 1917, referring to a 
spatial unit represented by the areas with climatic 
and habitat characteristics necessary for the 
occurrence of a species. Later, in 1927, Elton 
presented a niche definition more related to the 
functional role of the species in the community, 
emphasizing biotic factors as interactions between 
organisms. Currently, the most used is the one 
provided by Hutchinson (1957), who defined the 
niche as a hyperdimensional n-volume, that is, 
a set of multidimensional forms in space with 
conditions and resources that allow the existence 
of an organism.

Pinaya modeling of species distribution 
can exclusively use abiotic data [10]. Soberón 
and Nakamura [11] point out that, with the 
development of new modeling techniques, it has 
become possible to include other data sets, such as 
biotic aspects, which correspond to the interactions 
between species and their mutualistic partners, 
predators, and competitors occupying the same 
environment, as well as the spatial movements of 

individuals and populations that determine their 
occupation and dispersal dynamics.

Correlation of climatic variables in the 
modeling of species distribution in the Caatinga 
Biome

Dalapicolla [12] states that the most used 
variables for modeling are those of WorldClim, 
a total of 19 resulting from only two pieces 
of information: precipitation and temperature.
Therefore, there is a lot of correlation between 
the 19 variables (one variable is influenced by 
another), and this is one of the main criticisms of 
its use. One solution pointed out by the author is to 
choose the variables that are less correlated with 
each other (variables that are not influenced by 
other independent variables).

Many authors seek to reduce the correlation or 
multicollinearity of these variables in their studies 
with various techniques and statistical tests. 

According to Son and colleagues [13], Pearson's 
correlation test is a statistical measure used to 
quantify the linear relationship between two 
continuous variables that vary from -1 to 1. Thus, 
they recommend the use of weakly correlated 
variables and exclude those that present a strong 
correlation.

Another technique used is the Pocket Knife 
Test, which measures and evaluates the importance 
of the variables for the model, that is, which 
variable has the most significant influence on the 
distribution of the species and which will define the 
niche; in this way, the predictor variables can be 
classified according to their relative contribution 
to the elaboration of the model [14].

Pearson and colleagues [15] state that the 
Jackknife test is an approach that excludes a variable 
each time the model is executed. This allows us to 
assess which variable is most important to predict 
species distribution. Variables with gains close to 
0 indicate poor contribution; close to 1 indicate 
good contribution, presenting highly correlated 
information on species occurrences [16].

Rodrigues [17] states that it is a sampling 
technique, as it uses subsamples built from the 
original sample of data to calculate the estimates.
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Already, Vacari [18] shows it as a pre-analysis 
method that adjusts the models by eliminating 
repeated environmental or climatic variables at 
each run. This allows us to evaluate which variable 
is more important to predict species distribution. 
Other techniques are used, such as Principal 
Component Analysis (PCA), a method to choose 
the variables that most contribute to the species' 
distribution and are more independent [12].

Variance Inflation Factor (VIF) is a measure 
of statistics that indicates the degree of 
multicollinearity. A value equal to 1 indicates no 
multicollinearity; the higher the VIF value, the 
greater the presence of multicollinearity.

Several authors, with studies referring to the 
Caatinga biome, used strategies to eliminate 
correlated variables through statistical analysis or 
correlation tests when using bioclimatic variables.

Of the thirty articles researched, 20% of the 
authors applied  Principal  Component Analysis 
(PCA); 20% used all 19 bioclimatic variables; 20% 
used other correlation analyses (not identified); 
20% Pearson correlation; 7% made use of 
specialized literature; 7% performed the Variance 
Inflation Factor; and another Jakknife test of 7% 
(Figure 1).

Many authors, with studies about to the Caatinga 
Biome, also used the bioclimatic variables of the 

Worldclim Project and strategies to eliminate the 
correlated variables (Table 1).

In the area of occurrence of the Caatinga 
Biome, where the semi-arid climate predominates, 
low rainfall and high temperatures are observed as 
predictive climatic variables.

Climatic seasonality, especially precipitation, 
influences the annual vegetation growth cycle 
(phenological cycle), directly correlating with 
annual climatic seasonality [19].

Rainfall seasonality quantifies the variation in 
precipitation during the year based on the standard 
deviation of the monthly averages. Precipitation 
is one of this biome's most important climatic 
variables, which influences the spatial and 
temporal distribution of vegetation, which in turn 
influences the regional climate from the feedback 
mechanism of energy flows (synergy) [19].

Native vegetation has evolutionary adaptations 
for survival in the face of seasonality and 
irregularities of rainfall, namely, leaf loss during 
the season, the annual life cycle of herbaceous 
plants, and metabolism that allows for plant water 
conservation. Gas exchange occurs only during 
the night through the opening of the stomata 
during this period [20].

Several regions of the Caatinga have rainfall 
volumes below 400mm in the rainy season; values 

Figure 1. Strategies applied for eliminating redundant variables in species distribution modeling.
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Table 1. Compilation of thirty studies related to the modeling of species distribution in the Caatinga biome.

Authors Year BIO
1

BIO
2

BIO
3

BIO
4

BIO
5

BIO 
6

BIO 
7

BIO 
8

BIO
9

BIO
10

BIO
11

BIO
12

BIO 
13

BIO 
14

BIO 
15

BIO 
16

BIO 
17

BIO
18

BIO 
19

Almeida; Fabricante 2021 x x x x x x x x

Andrade; Guedes 2023 x x x x x x x
Anjos, Miranda 
Ferreira 2019 x x x x x x x x x x x x x x x x x x

Batalha Filho; 
Waldschimidt; Alves 2011 x x x x x x x x x x x x x x x x x x x

Chagas 2018 x x x x x x x x x x x

Carvalho 2021 x x x x x x x

Cavalcante 2016 x x x x x x x
Vacalcante and 
colleagues 2019 x x x

Cavalcante; 
Fernandes; Silva 2020 x x x x

Costa 2021 x x x x x

Gomes-Silva; Leal 2021 x x x x x x x x x x

Junior 2015 x x x x x x x x x x x x x x x x x x x

Lima 2019 x x x x x x x x x x x x x x x x x x x

Matos 2022 x x x x x x x

Mendonça 2022 x x x x x x x x
Motta and 
colleagues 2017 x x x x x x

Nascimento 2019 x x x x x

Nogueira 2019 x x x x x x x x x x x x x x x x x x

Oliveira 2017 x x x x x

Santos 2022 x x x x x x x x x
Santos and 
colleagues 2023 x x x x x x x x x x x x x x x x x x

Silva 2016 x x x x x x x x x x x x x x x x x x

Silva, Montes, Silva 2017 x x x x x

Silva 2017 x x x x x x x x x x x x x x x x x x

Silva 2020 x x x x x x x x

Silva 2022 x x
Silva, Costa, 
Teixeira 2022 x x x x x x x x x x x x x x x x x x

Sobrinho and 
colleagues 2019 x x x x x x x

Teixeira 2022 x x x x

Xavier 2020 x x x x x x x x x x x x x x x x x x x

Bio 1 (Average annual temperature); Bio 2 (Diurnal temperature variation); Bio 3 (Isothermality); Bio 4 (Temperature seasonality); Bio 5 (Maximum 
temperature of the hottest month); Bio 6 (Minimum temperature of the coldest month); Bio 7 (Annual temperature range); Bio 8 (Average temperature of 
the wettest quarter); Bio 9 (Average temperature of the driest quarter); Bio 10 (Average temperature of the hottest quarter); Bio 11 (Average temperature of 
the coldest quarter); Bio 12 (Annual rainfall); Bio 13 (Rainfall of the wettest month); Bio 14 (Precipitation of the driest month); Bio 15 (Rainfall seasonality); 
Bio 16 (Rainfall of the wettest quarter); Bio 17 (Precipitation of the driest quarter); Bio 18 (Precipitation of the warmest quarter); Bio 19 (Coolest Quarter 
Precipitation).Source: Worldclim Project.
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below this limit usually result in significant water 
deficits [21]. Other temperature-related variables 
are also widely used in modeling studies.

Dantas [22] highliths about high 
average annual temperatures with a long 
period of drought characterize the biome. 
Recent studies state that when the temperature is 
similar to or slightly higher than the local average 
ambient temperature, it affects the performance 
of plant photosynthesis and carbon capture in 
the Cerrado [23] -  the same should occur in the 
Caatinga.

Several studies describe different responses of 
Caatinga seeds subjected to different temperatures, 
with a limit between tolerant and less tolerant 
seeds, which do not germinate, exposed to these 
conditions [22].

 
Conclusion

Species distribution modeling is a tool 
for implementing forest restoration projects, 
developing conservation strategies, protecting 
endangered or threatened species, identifying 
priority areas for conservation, conducting 
biogeographic analysis and biodiversity studies, 
analyzing the influence of bioclimatic variables 
on species, and predicting the impacts of climate 
change.

In the Caatinga Biome, the most observed 
bioclimatic variable was the precipitation of 
the coldest quarter - Bio 19 (25). The rainfall of 
the coldest quarter affects the distribution and 
density of vegetation in the Caatinga. During 
the coldest quarter, the amount of rainfall can 
determine the survival of certain plant species 
adapted to low humidity conditions, influence the 
germination, growth, and reproduction of these 
plants, contribute to the feeding of aquifers, and 
increase the availability of water surfaces, which 
are crucial for the local fauna and flora.
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