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Abstract
The biodiversity crisis, which is recognized as one of the major challenges of our time,

highlights the urgent need for effective nature conservation planning. With increasing rates
of species extinction and habitat loss, the development of effective mitigation strategies has
become a priority for researchers, policymakers, and conservationists alike. To combat this
crisis, Species Distribution Modeling (SDM) is widely employed in research and conserva-
tion practice. SDM involves upscaling species occurrence points with environmental data to
create area-wide maps of species distribution, which are used to support the identification
of areas in need of protection, the monitoring of invasive species, the assessment of envi-
ronmental niche dynamics under different climate change scenarios, and the identification of
occurrence sites of rare species, among other applications.

However, despite its widespread use, SDM is not without challenges. The performance of
species distribution models is influenced by the chosen model algorithms, parameter settings,
and validation and testing strategy. Although these topics are often discussed in the litera-
ture, important recommendations for SDM, such as implementing spatial cross-validation
strategies or fine-tuning model parameters for each species, are frequently overlooked. An-
other great challenge in SDM is the availability and quality of input data, including species
occurrence records and environmental variables. Obtaining comprehensive and reliable data
can be difficult, as field surveys are often limited by time and financial constraints. While
globally available environmental variables, such as climate data, are commonly preferred for
SDM, it remains uncertain whether they are also the most suitable variables.

Therefore, the overall aim of this thesis is to enhance SDM by developing advancements
in methodology, and optimizing data usage and acquisition. These efforts can be divided
into two main components: firstly, the refinement of methods, with a key focus on the de-
velopment of a software extension for the popular and widely used SDM software Maxent.
For this purpose, the software extension spatialMaxent is developed, which integrates spa-
tial validation and tuning procedures. spatialMaxent improves model performance compared
to traditionally trained Maxent models and is accessible for users across various expertise
levels, as the software extension can be operated via a Graphical User Interface (GUI). Addi-
tionally, the usability of the software beyond nature conservation purposes is demonstrated
by mapping tick attachment to humans in Switzerland to assist healthcare management.

Secondly, the thesis introduces innovative data usage and acquisition methods for SDM.
To achieve this, an automated sensor network for biodiversity monitoring is developed, ca-
pable of automatically capturing species occurrences (such as bird species through audio
recordings). Furthermore, a workflow for processing high-resolution optical satellite data is
presented, and the value of heterogeneous Light Detection and Ranging (LiDAR) data for en-
vironmental modeling demonstrated. These detailed analysis-ready variables demonstrate
greater value for modeling than widely available generic datasets, as demonstrated by their
application in modeling endangered forest dwelling bat species using spatialMaxent.
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In conclusion, this thesis improves SDM by introducing enhanced methodologies, as well
as more reliable and detailed approaches to data usage and acquisition. These combined ad-
vancements improve the overall performance of SDMs, providing solutions that are beneficial
for effective conservation planning and therefore, mitigating the biodiversity crisis.
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Zusammenfassung
Die aktuelle Biodiversitätskrise ist als eine der größten Herausforderungen unserer

Zeit anerkannt und verdeutlicht damit die dringende Notwendigkeit, Naturschutzmaßnah-
men schnell umzusetzen. Angesichts des schnell voranschreitenden Artensterbens und
dem immer größeren Verlust von Lebensräumen gewinnt die Entwicklung von effizienten
Gegenmaßnahmen für Forscher, politische Entscheidungsträger und Naturschützer immer
weiter an Bedeutung. Um der Biodiversitätskrise entgegenzuwirken, findet die Artver-
breitungsmodellierung weitreichende Anwendung in wissenschaftlicher Forschung und
Naturschutzpraxis. In der Artverbreitungsmodellierung werden Erhebungen zum Vorkom-
men einer Art mit umfassenden Umweltdaten verschnitten um flächendeckende Karten
zur Artenverbreitung zu erstellen. Diese Karten werden in vielfältigen Anwendungs-
feldern, unter anderem zur Unterstützung bei der Identifizierung von Schutzgebieten, der
Überwachung invasiver Arten, der Bewertung von Artverbreitung unter verschiedenen Kli-
mawandelszenarien sowie der Identifizierung von Habitaten seltener Arten genutzt.

Trotz ihrer weit verbreiteten Anwendung ist die Erstellung von Artverbreitungsmodellen
mit vielen Herausforderungen verbunden. Die Leistungsfähigkeit der Artverbreitungsmod-
elle hängt dabei maßgeblich von dem gewählten Modellalgorithmus, den gewählten Mod-
ellparametern und der Validierungs- und Teststrategie ab. Obwohl es für diese Prozesse
Literaturempfehlungen gibt, wie etwa die Implementierung einer räumlichen Kreuzvali-
dierungsstrategie oder die Optimierung der Modellparameter für jede Art, werden diese häu-
fig nicht umgesetzt. Eine weitere große Herausforderung liegt in der Verfügbarkeit und Qual-
ität der Eingangsdaten, die aus Daten zum Artvorkommen und flächendeckenden Umwelt-
variablen bestehen. Die Akquise qualitativ hochwertiger Vorkommensdaten einer Art durch
Experten im Feld wird von zeitlichen und finanziellen Ressourcen begrenzt. Zudem bleibt
ungewiss, ob Umweltvariablen wie Klimadaten, die aufgrund ihrer globalen Verfügbarkeit
häufig anderen Variablen vorgezogen werden, tatsächlich die am besten geeignetsten Vari-
ablen für die Artverbreitungsmodellierung sind.

Das übergeordnete Ziel dieser Dissertation ist es deshalb die Artverbreitungsmodel-
lierung durch eine Weiterentwicklung der Methodik und eine optimierte Datennutzung zu
verbessern. Die Verbesserung der Methodik wird durch die Entwicklung einer Softwareer-
weiterung für die in der Artverbreitungsmodellierung häufig verwendete Software Max-
ent erreicht. Die Softwareerweiterung spatialMaxent integriert räumliche Validierungsver-
fahren und Optimierung der Modellparameter und erhöht damit die Leistungsfähigkeit der
Artverbreitungsmodelle im Vergleich zu traditionellen Modellierungsmethoden. spatialMax-
ent ist für Benutzende mit unterschiedlichen Fachkenntnissen zugänglich, da die Softwareer-
weiterung über eine grafische Benutzeroberfläche bedient werden kann. Zusätzlich wird
die Anwendbarkeit der Softwareerweiterung über den Bereich des Naturschutzes hinaus
demonstriert, indem mit spatialMaxent Zeckenbisse bei Menschen in der Schweiz kartiert
werden, wodurch die Bevölkerung über mögliche Infektionsrisiken informiert und ein um-
fassendes Monitoringsystem durch die Gesundheitsbehörden unterstützt werden kann.
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In dieser Dissertation werden zudem Methoden der Datenaufbereitung und
Datenbeschaffung für die Artverbreitungsmodellierung vorgestellt. Dabei wird das
Potenzial qualitativ hochwertiger Eingangsdaten und differenzierter Datenquellen für
die Artverbreitungsmodellierung aufgezeigt. Dafür wird zum einen ein automatisiertes
Sensorsystem für ein umfassendes Biodiversitätsmonitoring entwickelt, welches in der
Lage ist, Artenvorkommen automatisch zu erfassen (z. B. Vogelarten durch Audioaufnah-
men), die dann als Trainingsdaten für die Artverbreitungsmodellierung verwendet werden
können. Zum anderen wird ein Workflow zur Verarbeitung hochauflösender optischer
Satellitendaten vorgestellt und der Wert heterogener LiDAR-Daten für die Modellierung
demonstriert. Bei der Modellierung gefährdeter Fledermausarten mit spatialMaxent zeigt
sich, dass die Verwendung dieser Variablen zu besseren Modellergebnissen führt als die
Verwendung global verfügbarer, generischer Datensätze.

Diese Dissertation verbessert die Artverbreitungsmodellierung, indem sie neue Model-
lierungsmethoden einführt, eine verbesserte Datenerfassung aufzeigt und darlegt, wie qual-
itativ hochwertige, detaillierte Daten zur Modelloptimierung beitragen. Diese Verbesserun-
gen führen insgesamt zu einer höheren Leistungsfähigkeit der Artverbreitungsmodellierung
und tragen so zu einem effektiveren Naturschutz bei, der die Auswirkungen der Biodiver-
sitätskrise verringern kann.
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It is widely acknowledged today that the magnitude of the biodiversity crisis is equated

to that of the climate crisis (Steffen et al., 2015). In the coming centuries, the loss of biodiver-

sity could accelerate to such an extent that it will lead to the sixth mass extinction on Earth

(Barnosky et al., 2011), with an estimated 11 000 to 58 000 species becoming extinct annually

already (Dirzo et al., 2014). This biodiversity loss extends well beyond ecological concerns,

and heavily impacts human well-being, for example through the loss of ecosystem services

(Cardinale et al., 2012). Ecosystem services are essential for human survival and include ser-

vices such as pollination, water supply and regulation, nutrient cycling, climate regulation,

and food production to name just a few (Costanza et al., 1997). The economic impact is also

considerable, as demonstrated by the quanti�cation of economic losses in sectors that rely on

ecosystem services. For example, in the U.S. agricultural sector, annual losses of $3.7 billion

are estimated due to the decline in bat populations, which play a crucial role in controlling

crop pests (Boyles et al., 2011).

To address this biodiversity crisis, it is urgently needed to implement measures aimed at

mitigating biodiversity loss, such as suitable protected areas (Watson et al., 2014). Such mea-

sures can also aid in mitigating climate change, as climate change and biodiversity loss are

closely interlinked (Shin et al., 2022). Traditional methods of targeted monitoring (e.g. collect-

ing data in the �eld), while invaluable for detailed studies in localized areas, are impractical

for large-scale assessments due to resource limitations (Sparrow et al., 2020).

Instead, area-wide maps that depict the distribution or habitat of a species can be used to

support conservation efforts by providing policymakers and stakeholders with the data nec-

essary for informed decision-making, e.g. when determining protected areas (e.g., Butchart

et al., 2015; Venter et al., 2014). Additionally, area-wide maps can serve as essential tools for

monitoring biodiversity changes over time, for example the response of species to environ-

mental shifts (Thuiller et al., 2014), or to discover yet unknown populations of endangered

species by targeted surveys (Guisan and Thuiller, 2005). Such area-wide maps of species

distributions or habitat can be created with Species Distribution Modeling (SDM).

1.1 Species Distribution Modeling: What is it and why does it mat-

ter?

SDM is utilized in both research and practical applications to support a multitude of pur-

poses, which include but are not limited to: monitoring of threatened species, assessing envi-

ronmental niche dynamics under various climate change scenarios, land-use planning, �nd-

ing occurrence sites of rare species, reintroducing species, selection of nature reserve sites, or

monitoring of invasive species (Guillera-Arroita et al., 2015; Guisan and Thuiller, 2005).

From these diverse �elds of application, it is already evident that SDM is of great impor-

tance for nature conservation and spatial planning and will be of even greater importance in

the future (Pecl et al., 2017). In a landmark decision at the 15th Conference of Parties to the

UN Convention on Biological Diversity, the 30 by 30 goal was adopted, with over 100 states

worldwide committing to protect 30% of the Earth's land surface by 2030 (COP15, 2022). Ad-

ditionally, the European Union has outlined in its biodiversity strategy for 2030 that both
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terrestrial and marine habitats should be restored for speci�c ecosystems and species, while

existing protected areas should be expanded (European Commision, 2024). To effectively de-

termine which areas are most suitable for such interventions, SDM can serve as an important

tool. However, the quality of the models plays a crucial role; making decisions based on

inadequate results can have far-reaching consequences (Jetz, Sekercioglu, and Watson, 2008).

To address these challenges effectively, I will now brie�y outline the terminology asso-

ciated with SDM. SDM is used here to describe the process of upscaling species occurrence

points along with environmental variables. This process is known under various other names

which are also used synonymous such as environmental/ecological niche modeling, Habi-

tat Suitability Modeling (HSM), bioclimatic models, or climate envelope models (Elith and

Leathwick, 2009). However, some researchers make a clear distinction between the differ-

ent terminologies (Peterson and Soberón, 2012). The term SDM will be used in this thesis to

describe the modeling of the fundamental niche of a species (Hutchinson, 1957) as it is well

established in the literature. Furthermore, the term HSM will be used to further distinguish

the modeling of the suitable habitat within the range of a species, therefore modeling the so

called Area of Habitat (AOH) as de�ned by Lumbierres et al. (2022), which is also known un-

der the term extent of suitable habitat (Brooks et al., 2019), and which could also be described

as the realized niche (Hutchinson, 1957).

Typically there are two types of data that are needed for SDM: occurrence records of a

species along with environmental covariates, which are comprehensive environmental vari-

ables available for the study area. Environmental variables should cover resources, limiting

factors, or disturbances relevant for the species (Guisan and Thuiller, 2005), while occurrence

records can consist of Presence-Only (PO) or Presence-Absence (PA) points (Brotons et al.,

2004). PO points are the most commonly available and solely describe the occurrence of a

species. If documentation exists regarding both the presence and absence of a species at a

speci�c location, the dataset comprises PA data. However, absence data, especially for mo-

bile species such as birds and bats, may be associated with greater uncertainties (Brotons et

al., 2004), as an observed absence during a �eld survey does not necessarily indicate general

absence from the area. If PO data are utilized for modeling, some methodologies necessitate

the inclusion of Background Points (BP), also referred to as pseudo-absences (Barbet-Massin

et al., 2012; VanDerWal et al., 2009; Wang and Stone, 2019). These BP are sampled across the

study area to capture the environmental characteristics of the entire region. If PO data is used

together with BP, the term Presence-Background (PB) is used (Wang and Stone, 2019).

1.2 State-of-the-art in Species Distribution Modeling and research

needs

1.2.1 Modeling techniques

According to a review conducted by Guillera-Arroita et al. (2015), commonly employed meth-

ods for SDM studies include regression techniques (such as Generalized Linear Models (GLMs)

and Generalized Additive Models (GAMs)), Maxent, boosted regression trees, random forest
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and support vector machines, among others. Maxent emerged as the second most utilized

method in this review, with a usage in 41% of the studies, surpassed only by the usage of

regression models. A benchmark study by Valavi et al. (2022) compared the performance of

these various SDM methods, with Maxent being under the top performing methods, while

the different regression techniques (GLMs and GAMs) which were even more often used did

not perform as favorably. A subsequent study con�rmed these �ndings by assessing model

performance for different methods using spatially independent data (Valavi et al., 2023).

Utilizing spatially independent test data is important in spatial modeling to accurately

assess model performance, as relying solely on randomly separated test data can lead to an

overestimation of model performance (Ploton et al., 2020; Roberts et al., 2017). The use of

spatially independent test data should therefore be established as a standard in SDM in order

to increase comparability between the models and to ensure a realistic assessment of model

results, especially with regard to their application in nature conservation. It has been shown

that species distribution models consistently perform poorly on spatial independent test data

(Lee-Yaw et al., 2022). This can be caused by the fact that spatial dependence in the data

has been ignored when validating and tuning the models to get optimal results (Meyer et al.,

2018; Meyer et al., 2019). While solutions providing spatial validation strategies for SDM

exist, such as the R package ENMeval (Muscarella et al., 2014), users frequently fail to utilize

the spatial validation tools available within it (Kass et al., 2021). Similar behavior is often

observed regarding the tuning of hyperparameters, which is frequently neglected (Morales,

Fernández, and Baca-González, 2017) despite literature indicating that it leads to improved

results (Merow, Smith, and Silander, 2013).

Maxent (Phillips, Anderson, and Schapire, 2006) is widely used in SDM with over 11 000

citations today, which can be attributed to its high user-friendliness and proven performance.

Its Graphical User Interface (GUI) makes SDM accessible to non-programmers, which is es-

pecially advantageous for public authorities and planning agencies. Developing a software

extension for Maxent that meets the current state of the art in spatial modeling such as spatial

validation and automated tuning can therefore offer great advantages in this �eld.

1.2.2 Data usage and acquisition

To effectively monitor biodiversity and train species distribution models, comprehensive data

on the presence, or presence and absence of occurrences of individuals of a species are nec-

essary to train and test the models. Typically, such data is acquired by experts in the �eld or

assembled from museum records (Erickson and Smith, 2021; Newbold, 2010). However, rely-

ing solely on �eld observations for comprehensive biodiversity monitoring poses challenges

as �eld campaigns are limited by time and �nancial constraints (Cardillo, Macdonald, and

Rushton, 1999). Museum records are often characterized by great uncertainties, and most of

the time provided only with textual metadata, meaning they must �rst be georeferenced, a

process that can be very error-prone (Wieczorek, Guo, and Hijmans, 2004). Here, a system

is needed that can collect training data for SDM in a comprehensive, time- and cost-ef�cient

manner.
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For SDM bioclimatic variables such as those taken from the WorldClim dataset (Fick and

Hijmans, 2017) are the most used variables in SDM (Booth et al., 2014; Bradie and Leung,

2017; Por�rio et al., 2014). Recently, there has already been a small shift towards integrat-

ing a broader range of variables into SDM, for example remote sensing variables (Leitão,

Santos, and Santos, 2019; Randin et al., 2020; Regos et al., 2022). These can include optical

satellite data as well as vertical structural information, such as data derived from 3D point

clouds (Light Detection and Ranging (LiDAR) data). However these data come with their

own challenges: optical satellite data, namely Sentinel-2 data can be shifted up to 12 m in

its geographic position (Ru�n et al., 2021), and it has been shown that inaccurate position

of variables in SDM can lead to poorer model results (Osborne and Leitão, 2009). Here, a

pre-processing work�ow is necessary that provides satellite data at high quality.

LiDAR data contain valuable information regarding biomass, forest understory, or canopy

height (Lim et al., 2003), which can be valuable input in SDM (Vierling et al., 2008). In Ger-

many and large parts of Europe, LiDAR data are systematically collected by public authori-

ties, offering a viable option for studies lacking resources for their own LiDAR surveys. How-

ever, these data are often collected at irregular intervals, leading to heterogeneous datasets,

and consequently making them particularly challenging for modeling at large spatial scales.

The suitability of these data for environmental modeling remains uncertain.

Studies incorporating additional input variables often resort to land-cover variables, which

are widely utilized. However, it has been noted that land-cover data may yield inferior results

in HSM compared to the use of continuous optical remote sensing data (Oeser et al., 2020).

Nevertheless, for forest-dwelling species, land-cover information at a relatively low level of

detail (e.g., three classes for forest types: deciduous, coniferous, and mixed) is commonly

employed (e.g., Amini Tehrani, Naimi, and Jaboyedoff, 2020; Andersen et al., 2022; Bandara

et al., 2022; Cable et al., 2021; Thomas et al., 2021; True, Perry, and Ford, 2021). Whether

an increased level of detail in land-cover classi�cation leads to improved performance when

modeling habitats remains unclear.

1.3 Objectives and hypotheses

Based on the above identi�ed research needs, it is the objective of this thesis to enhance SDM

by advancing methods and optimizing data input and acquisition. Additionally, there will

be a focus on ensuring the accessibility of the methodological advancements to end-users

in a user-friendly and open-source manner. To achieve these goals, �rst a software exten-

sion for Maxent is developed. The software extension comprises a spatial validation strategy,

automated variable selection, and hyperparameter tuning and is accessible via a GUI. This

ensures that the advanced techniques are accessible for users of varying expertise levels. This

software extension is utilized to investigate whether integrating spatial validation, spatial

variable selection, and tuning into the Maxent software results in improved performance

of species distribution models. The second objective is to demonstrate the applicability of
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this software extension in modeling disease risk. Generating a time series of maps depict-

ing tick attachment to humans shows its utility in both nature conservation and addressing

healthcare-related challenges.

The third aim is to develop a sensor network for biodiversity monitoring, which can be

used to collect data for SDM and can be integrated into a comprehensive biodiversity mon-

itoring work�ow. Furthermore, this thesis aims to enhance SDM by investigating how en-

vironmental variables utilized as predictors can be optimized. To achieve this, the impact

of employing heterogeneous LiDAR data for modeling successional stages of tree species is

tested and a work�ow for processing optical satellite data is developed. The �nal objective

is to integrate environmental variables with a high level of detail into a HSM work�ow for

three forest-dwelling bat species, aiming to determine whether this incorporation contributes

to enhanced predictive performance of the models, compared to commonly used more gen-

eralized variables.

Overall, these objectives aim to advance the �eld of SDM by developing advanced method-

ologies and work�ows that improve model performance, accessibility, and usability, while

also investigating the impact of different modeling approaches, ultimately enhancing our

understanding of species distributions and environmental processes.

1.4 Thesis overview: Concept and structure

This thesis is organized into four main parts:

1.4.1 Part 1

In the �rst part of this thesis (this part), SDM was introduced, including an overview of its

relevance and applications. Research needs within this �eld were identi�ed for two major

topics: methods, and data usage and acquisition. Consequently, the thesis objectives were

formulated based on these identi�ed research needs.

1.4.2 Part 2

Part 2 presents in chapter 2.1 a software extension for improved as well as user friendly mod-

eling of species distribution. Furthermore, it demonstrates that this approach yields better re-

sults than conventional modeling approaches on a benchmark dataset with over 200 species.

In chapter 2.2, the application of this software extension is demonstrated by mapping the

monthly risk of tick attachment to humans in Switzerland from 2015 to 2021. These maps can

assist public authorities in monitoring tick-borne disease risk dynamics, inform healthcare

management, and raise public awareness.

1.4.3 Part 3

The third part focuses on the data usage and aquisition in SDM. In chapter 3.1, the potential

of an automated sensor system for biodiversity monitoring is presented. The data collected
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with such a system can serve as input for SDM. Chapter 3.2 outlines a work�ow for process-

ing high-resolution optical satellite data and providing it in an analysis-ready format. The

optical satellite data in chapters 3.3 and 3.4 utilize this work�ow for optical remote sensing

data preparation. Chapter 3.3 demonstrates that for modeling forest successional stages and

tree species, the inclusion of heterogeneous LiDAR data, in the quality typically collected by

German federal authorities, leads to improved model outcomes compared to models using

solely optical satellite data. The tree species model additionally serves as data input for the

models in chapter 3.4.

Furthermore, I connect the �ndings from chapters 3.2 and 3.3 to illustrate that differenti-

ated data, such as the heterogeneous LiDAR data from chapter 3.3, along with the tree species

model from the same study and high-resolution analysis-ready optical satellite data, as de-

scribed in the work�ow from chapter 3.2, in conjunction with the utilization of the software

from chapter 2.1, result in improved modeling outcomes for three endangered bat species

compared to models utilizing more generalized data (chapter 3.4; Fig. 1).

1.4.4 Part 4

The last part discusses the advancements made in the parts 2 and 3 and evaluates the extent

to which these can be used in practical applications. A nature conservation project is pre-

sented in which some of the advancements of this thesis have already been implemented.

Additionally, it highlights the further research challenges that SDM still has to overcome.
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FIGURE 1: Overall structure of this thesis. This �gure displays the research
components of the thesis in four parts: introduction (Part 1), enhanced meth-
ods and application (Part 2), enhanced data usage and acquisition (Part 3), and
synthesis and conclusions (Part 4). White boxes represent individual studies.
Yellow boxes describe products resulting from these studies, such as software
and datasets. Arrows indicate that the studies build on or are connected to an-
other study, dataset, or software. The box with a gray dashed border in Part 4

highlights a practical nature conservation project associated with the thesis.
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Part 2

Enhanced methods and application
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Abstract Conventional practices in Species Distribution Modeling lack predictive power when

the spatial structure of data is not taken into account. However, choosing a modeling approach

that accounts for over�tting during model training can improve predictive performance on spatially

separated test data, leading to more reliable models. This study introduces spatialMaxent(https:

//github.com/envima/spatialMaxent ), a software that combines state-of-the-art spatial modeling

techniques with the popular Species Distribution Modeling software Maxent. It includes Forward-

Variable-Selection, Forward-Feature-Selection, and Regularization-Multiplier tuning based on spa-

tial cross-validation, which enables addressing over�tting during model training by considering the

impact of spatial dependency in the training data. We assessed the performance of spatialMaxent

using the National Center for Ecological Analysis and Synthesis dataset, which contains over 200

anonymized species across six regions worldwide. Our results show that spatialMaxentoutperforms

both conventional Maxent and models optimized according to literature recommendations without

using a spatial tuning strategy in 80 percent of the cases. spatialMaxentis user-friendly and easily ac-

cessible to researchers, government authorities, and conservation practitioners. Therefore, it has the

potential to play an important role in addressing pressing challenges of biodiversity conservation.

2.1.1 Introduction

To decelerate the human-induced loss of biodiversity, 140 countries recently agreed on protecting one

third of the planet's lands, coastal areas, and inland waters by the end of the decade (COP15, 2022).

In order to achieve a signi�cant impact on species protection, it is essential to identify areas of high

conservation value. Species Distribution Modeling (SDM) and Habitat Suitability Modeling (herein

both types are referred to as SDM) have become an indispensable tool in ecological research and

nature conservation (Villero et al., 2017). These models have the potential to forecast the distribution

of invasive or endangered species under climate change scenarios and to identify areas of high value
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for the protection of endangered species (Por�rio et al., 2014). Further, government authorities are

increasingly relying on these techniques as a basis for conservation management decisions (Guisan

et al., 2013; Sofaer et al., 2019; Villero et al., 2017). However, the results of SDM cannot be fully relied

upon due to their often in-adequate performance on spatially separated test data (i.e., data not used to

train the model and spatially separated from the data used for model training; Lee-Yaw et al., 2022),

especially if they are tuned with spatially dependent data.

One reason for poor SDM performance is the insuf�cient or even complete lack of model tun-

ing (i.e., �nding the best set of model parameters). A review by Feng et al. (2019) found that only

45% of studies using SDM in 2017 and 2018 reported essential SDM model parameters necessary for

reproducibility. Among the various SDM approaches available, the open-source software Maxent

(Phillips, Anderson, and Schapire, 2006; Phillips et al., 2017) is among the most popular (Guillera-

Arroita et al., 2015) because it is readily available via a user-friendly Graphical User Interface (GUI;

Merow, Smith, and Silander, 2013; Morales, Fernández, and Baca-González, 2017). The complexity

and performance of Maxent models are essentially determined by two model parameters: (1) the

Regularization-Multiplier (RM), which is a numerical value that controls the complexity of the mod-

els; and (2) feature classes, which are a series of mathematical transformations of the variables for

modeling complex relationships (e.g., linear, hinge; see: Merow, Smith, and Silander, 2013). Phillips

and Dudík (2008) identi�ed default settings for these parameters by modeling 225 species from six

regions worldwide contained in the National Center for Ecological Analysis and Synthesis (NCEAS)

dataset (Elith et al., 2020; Phillips and Dudík, 2008). The assumption that these default parameters

are a replacement for model tuning is outdated because several studies have shown that better per-

formances can be achieved with parameters that are speci�cally determined for each species (Bao, Li,

and Zheng, 2022; Hallgren et al., 2019; Radosavljevic and Anderson, 2014). However, for this popular

software, most studies (� 97%) demonstrated that little effort was made to tune models beyond the

default settings provided in Maxent (Morales, Fernández, and Baca-González, 2017).

Another concerning reason for poor SDM performance is the disregard of over�tting during model

training and validation (e.g.during cross-validation runs; Ploton et al., 2020; Schratz et al., 2019). The

scienti�c community has been aware that spatial proximity also implies greater similarity and thus

non-independence of data points since the formulation of Tobler's �rst law of geography (Tobler,

1970). However, the common practice for evaluating the results of SDM is still to randomly exclude

10–20% of the target species locations from model training in order to subsequently use them for

model testing (Sillero and Barbosa, 2021). Several studies have demonstrated that training and val-

idation with spatially dependent data often leads to in�ated performance metrics, overly complex

models, and a poor performance on spatially separated test data (Kattenborn et al., 2022; Meyer et

al., 2018; Meyer et al., 2019; Ploton et al., 2020; Roberts et al., 2017; Valavi et al., 2019). For instance,

variable selection algorithms that select predictors based on cross-validation with spatially separated

folds (e.g., spatial-block cross-validation; Valavi et al., 2019) can decrease over�tting and increase the

predictive performance of models (Le Rest et al., 2014; Meyer et al., 2018).

There are numerous R packages available for utilizing Maxent, including “dismo” (Hijmans et al.,

2022), “SDMtune” (Vignali et al., 2020), or “ENMeval” (Kass et al., 2021; Muscarella et al., 2014), to

name just a few. For a comprehensive overview of R packages for SDM, refer to the review by Sillero

et al. (2023). Among them, the R package “ENMeval” has gained great popularity due to its easy pro-

vision of automatic tuning and spatial cross-validation for Maxent models. This has already made

the application of Maxent models much easier for users. However, there is currently no software that

combines spatial validation and tuning together with an automatic variable selection, which should

lead to a signi�cant improvement in modeling (Meyer et al., 2018; Yiwen, Wei, and Yeo, 2016).

In this study, we implemented functionalities to reduce over�tting in a Maxent advancement
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(called “ spatialMaxent”) with the same GUI as the original Maxent software. In particular, we imple-

mented Forward-Variable-Selection (FVS) and Forward-Feature-Selection (FFS) algorithms together

with Regularization-Multiplier (RM) tuning based on spatial cross-validation to reduce over�tting

during model tuning. We assessed the performance of spatialMaxentin terms of model complexity

and performance with the NCEAS dataset across six regions of the world by repartitioning the occur-

rence records of 218 species of this dataset into spatial blocks (Valavi et al., 2019). We calculated four

different model evaluation metrics on spatially separated test data and compared our results to models

based on Maxent's default settings and tuned models in which spatial dependence was not considered

during model training. We demonstrate that spatialMaxentimproves predictive performance in 80%

of cases and clearly outperforms classical as well as tuned SDM with Maxent.

2.1.2 spatialMaxent

A possible explanation for the lack of tuning in published studies using Maxent is attributed to an

easily accessible GUI, which facilitates the broad applicability of the software but without providing

ready-to-use tuning options (Morales, Fernández, and Baca-González, 2017). To overcome this limita-

tion, we developed a Maxent advancement, “ spatialMaxentversion 1.0.0”, which encompasses a spatial

validation and tuning method, a variable selection procedure, feature selection, and Regularization-

Multiplier tuning.

Recent studies have demonstrated that accounting for spatial dependence at the model tuning

stage results in better performing and less over�tted models (Meyer et al., 2018). The selection of the

best model parameter con�guration ultimately depends on the learning success of the model, which

in turn is determined by the validation strategy. Hence, in spatial modeling, spatial validation is not

just a validation strategy but is an essential tuning strategy. Tuning while accounting for the spatial

structure of the data accounts for each possible model parameter con�guration being validated on data

that is as independent from the training data as possible. This allows strict exclusion of parameters

that do not contribute to an improved model performance on spatially separated data. In the context

of SDM, the selected model parameters are forced toward parameters such as selected variables that

best re�ect the habitat of a species.

spatialMaxentuses three consecutive tuning processes in model training (Figure 2.1.1a): (1) FVS;

(2) FFS; and (3) RM tuning.

All tuning steps in spatialMaxentcan be performed with random cross-validation or spatial cross-

validation. spatialMaxentshould be applied with FVS, FFS, and RM tuning, and all models should be

validated with spatial cross-validation. However, it is also possible to only use parts of the tuning

procedure.

The implementation of spatialMaxentwas performed in Java using openjdk 18. It also runs on Java

SE 18 and newer versions.spatialMaxentversion 1.0.0 is based on Maxent version 3.4.4. It is available

as a stand-alone .jar �le and can be used in the same way as the original Maxent either via the GUI or

the command line. spatialMaxentis distributed under the MIT license. Documentation, a tutorial, and

the source code are hosted on GitHub (https://github.com/envima/spatialMaxent ).

2.1.2.1 Spatial cross-validation

spatialMaxentimplements a spatial cross-validation as the internal validation method to account for

over�tting during the three tuning steps. The presence points must be externally grouped by spatially

clustered locations (clusters, blocks) beforehand by using for instance blocking methods as imple-

mented in the “blockCV” R package (Valavi et al., 2019). In each cross-validation iteration, one of the

blocks is held back as validation datum while the models are trained with data from the remaining
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FIGURE 2.1.1: Modeling work�ow of spatialMaxent(a) Software structure of
spatialMaxent. A total of three tuning algorithms are executed successively.
First, the best variables are selected by Forward-Variable-Selection (FVS) and
spatial cross-validation. Next, the best combination of mathematical transfor-
mations of the selected variables (Maxent feature class; hinge, linear, etc.) are
selected by Forward-Feature-Selection (FFS) and spatial cross-validation. Fi-
nally, the best Regularization-Multiplier (RM) is selected based on spatial cross-
validation. After the determination of the optimal parameters (variables, fea-
ture classes, RM), the model is validated by n-fold spatial cross-validation and
results for each fold are reported in the Maxent results �le and the familiar re-
sults html. (b) Data preparation and Forward-Fold-Metric-Estimation (FFME).
Presence records of the NCEAS data were grouped into seven spatial folds.
Five spatial folds were used for model cross-validation. The other two folds
were held back for testing on spatially separated data. This was repeated for
all possible combinations of training and test folds, thus, a total of 21 iterations.
For each of the 21 models, four evaluation metrics were calculated. The median

value of each metric was calculated.
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blocks (Meyer et al., 2018; Valavi et al., 2019). Next, an n-fold cross-validation is performed, where the

number of replicates/folds is equal to the number of distinct blocks.

2.1.2.2 Forward-Variable-Selection

To perform FVS, models are �rst trained with all possible combinations of two variables. The best

combination is selected by spatialMaxentbased on either test-gain or test Area under the Receiver Op-

erating Characteristics Curve (AUC ROC). The decision parameter determining the best model is aver-

aged over the results of all folds. The best performing two-variable combination is trained together

with all remaining variables separately and the best model is selected again. This step is repeated

until no further improvement is obtained by adding more variables to the model (for more details on

FVS see: Meyer et al., 2018). All subsequent models are computed using only the variables selected

by FVS.

Pseudocode for FVS (Meyer et al., 2018):

for each resampling iterationdo

train models using all possible 2-variable combinations and calculate model performance with

spatial cross-validation

end

Keep the best 2-variable model (modelbest)

for each additional number of variables i, i = 3 ...Ndo

for each remaining variable V R do

for each resampling iteration do

train models using the variables of model best and VR and calculate model perfor-

mance with spatial cross-validation

end

end

if mean (error of model i) > mean(error of model best) then

Break

end

Keep the best performing i-variable model (model best)

end

2.1.2.3 Forward-Feature-Selection

Feature classes or features are a series of mathematical transformations of the covariates for modeling

complex relationships. The FFS follows the same basic concept as FVS, except that the �rst models

are trained with only one of the feature classes. The model with the best feature class is selected and

another feature is added until no improvement in model performance is observed. The subsequent

models are trained with only the selected variables and features.

Pseudocode for FFS (Meyer et al., 2018):

for each resampling iterationdo

train models using all possible features and calculate model performance with spatial cross-

validation
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end

Keep the best feature model (modelbest)

for each additional number of features i, i=2 ...Ndo

for each remaining feature FR do

for each resampling iteration do

train models using the features of model best and FR and calculate model performance

with spatial cross-validation

end

end

if mean (error of model i) > mean(error of model best) then

Break

end

Keep the best performing i-feature model (model best)

end

2.1.2.4 Regularization-Multiplier tuning

The RM is a numerical value that controls the complexity of the models. RM tuning is completed by

computing models with RMs from RM min to RMmax in RM increase increments.

Pseudocode for RM tuning:

for each resampling iterationdo

train models using all possible Regularization-Multipliers RM min to RMmax in RM increase incre-

ments and calculate model performance with spatial cross-validation

end

Keep the best Regularization-Multiplier model (model best)

The �nal model is trained with the selected variables, selected features, best RM, and all pres-

ence points. This procedure is extremely computationally intensive which means that large quantities

of variables are linked with large computational costs. To reduce computation time for these exten-

sive tuning schemes, the FVS is fully parallelized in spatialMaxent. Nevertheless, depending on the

computing capacity and dataset, the procedure can take several hours or even days on standard com-

puters.

2.1.3 Materials and Methods

All pre- and post-processing of the data and evaluation of the models (sections 2.1.3.2 and 2.1.3.3) were

performed in R version 4.2.1 (R Core Team, 2023). A tutorial explaining all work-steps using Canada

from the NCEAS dataset as an example is provided online ( https://envima.github.io/spatialMa

xent/ ).

2.1.3.1 Modeling

We compared four modeling approaches to assess the performance ofspatialMaxentin terms of predic-

tive ability and model complexity: (1) Maxent model trained with �ve-fold random cross-validation

and the default settings (default model) of Maxent; (2) Maxent model trained with FFS, RM tuning,

and a �ve-fold random cross-validation (part-tuned random model); (3) Maxent model trained with
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FVS, FFS, RM tuning, and �ve-fold spatial cross-validation (full-tuned spatial model), representing

the full functionalities of spatialMaxent; and (4) Maxent was trained with FFS, FVS, RM tuning, and

random �ve-fold cross-validation (full-tuned random model). The default and part-tuned random

Maxent models are inspired by modeling approaches employed by Valavi et al. (2022). Modeling ap-

proach four allowed demonstration of the importance of spatial validation and that good results are

only obtained by variable and feature selection when each model is trained with a spatial validation

approach.

The models containing RM tuning were tuned from RM min = 0.5 to RMmax = 7 in steps of 0.5. We

used the test AUCROC as the parameter for selecting the best model.

2.1.3.2 Data preparation

The default parameters provided in Maxent were determined by modeling 225 species in a total of

six regions worldwide (Phillips and Dudík, 2008). The NCEAS dataset has recently been published as

an open benchmark dataset explicitly assembled for comparing SDM methods (Elith et al., 2020; data

available from Open Science Framework (OSF):https://osf.io/kwc4v/ ).

The NCEAS dataset covers six regions: Australian wet tropics, Ontario Canada, New South Wales

Australia, New Zealand, South American countries, and Switzerland. The species themselves are

anonymized and only assigned to a biological group. The data consists of Presence-Only (PO) records,

Presence-Absence (PA) records, Background Points (BP), and environmental predictors as raster layers

for each species (spatial resolution between 80 m and 1 km). The PO and BP data are intended to train

and validate the SDM models, and the PA data to test them. For a more detailed description of the

NCEAS dataset, see (Elith et al., 2020).

Presence-Only and Presence-Absence data

The PA data is provided as a separate dataset independent from PO data with the intention to use the

former for model testing. Notably, the presence points in both datasets exhibit a pattern similar to a

random separation of training and test data (Figure 2.1.2), and no spatial delineation between training

and test data is visible. To enable spatial cross-validation and evaluation with a reasonable number

of records per species, we combined the presence records from the PO and the PA data to one new

dataset which was subsequently divided into spatial blocks using the “blockCV” R package (Valavi

et al., 2019).

From the combined presence points, we only selected species with at least 35 occurrence records

because we aimed for �ve-fold cross-validation and evaluation on two external folds. Thus, we created

seven cross-validation folds with at least �ve data records each, leaving a total of 218 out of 225 species

for modeling. Next, we partitioned the data into spatially distinct blocks (spatial folds) for spatial

cross-validation. These spatial folds were created with the function spatialBlock() from the R package

“blockCV” (version 2.1.4; Valavi et al., 2019). The function spatialBlock() divides the study region into

spatial blocks of squared shape and distributes these blocks across a user-de�ned number of folds.

We repeated this process 200 times for each species and the fold assignment with the most balanced

number of presence records per species over all folds was chosen for further modeling (Valavi et al.,

2019).

Background Points

Elith et al. (2020) stated that the 10 000 randomly distributed BP across each region in the original

NCEAS dataset, which is the default number in the Maxent software, might be insuf�cient for some

of the regions. Consequently, previous studies used 50 000 randomly distributed BP for each region
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FIGURE 2.1.2: Example species “awt01” in the Australian wet tropics from the
National Center for Ecological Analysis and Synthesis (NCEAS) dataset. (a)
Presence-Only (PO) and Presence-Absence (PA) data. (b) Presence-Only points
from the PO and PA data as seen in (a), parted into seven spatial folds with
the R package “blockCV”. In the �rst of 21 FFME rounds for the performance
evaluation, the black triangles were used for independent testing without be-
ing part of the modeling. The points of the folds 3–7 were used for model
parameterization based on spatial cross-validation. Data: Elith et al. (2020) and

OpenStreetMap (2023).
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(Valavi et al., 2022). The issue of optimal sampling size and distribution of BP remains a major chal-

lenge in SDM which will not be discussed in this present study. As our study focuses on a compar-

ison between modeling approaches and not on calculating context-speci�c ecologically meaningful

species distribution models, we argue that a comparison is justi�ed as long as modeling conditions

are held constant between different approaches. Thus, we also used 10 000 BP (default setting and

recommended by Merow, Smith, and Silander, 2013) for each region in the NCEAS dataset but did not

sample them randomly over the entire study area. Instead, we used conditioned Latin hypercube sam-

pling (Minasny and McBratney, 2006) as implemented in the R package “clhs” (version 0.9.0; Roudier,

2011) to distribute the BP over the study area whereby all variables of the environmental data were

represented as well as possible. Background points within the same pixel as the environmental layers

as presence records were removed.

Selection of folds and Forward-Fold-Metric-Estimation

Out of the seven spatial folds of presence records, �ve were used for model training and two were used

as spatially separated test data. One of the most crucial aspects in spatial validation is the spatial dis-

tribution of training, validation, and test points because the selection of the folds being removed from

the data for testing can result in large differences in determining model quality. For instance, a model

might predict one fold perfectly even though it has never been part of the training data, but might fail

for others. Randomly excluding one or more spatial folds for external evaluation therefore provides

an incomplete picture of the model quality. To obtain a comprehensive picture of which modeling

approach performs best on the NCEAS dataset, we proposed to remove the effect of random selection

of spatial folds for calculating model quality by using a Forward-Fold-Metric-Estimation (FFME). In

FFME, models are calculated for all possible combinations of training and test data and each model is

evaluated with its respective spatially separated test data. The median of all result metrics is then used

to assess the overall quality of the modeling approach (Figure 2.1.1b). Consequently, every PO point

will eventually be part of the model training, while simultaneously the models are always evaluated

with spatially independent data.

2.1.3.3 Evaluation

We utilized four different evaluation criteria for assessing which modeling approach performs best.

We �rst used the AUC ROC and then the Mean Absolute Error (MAE) as proposed by Konowalik and

Nosol (2021). Both metrics were calculated for each FFME-run on spatially separated test data using

the R package “Metrics” (version 0.1.4; Hamner and Frasco, 2018). The MAE is de�ned as the average

absolute deviance between the predicted value ( = 1) and the observed value ([0,1]) at presence points.

To calculate AUCROC, we randomly sampled the same number of BP as available presence points.

As the AUC ROC is not initially intended to be calculated on BP but on absence data, we follow the

suggestion of Yackulic et al. (2013) and will from here on refer to the AUC ROC as AUCROC Presence-

Only (AUC ROC-PO) to establish a clear distinction between AUC ROC values calculated on PA and PO

data. We are aware of the general problems associated with these metrics, especially the AUCROC

(Lobo, Jiménez-Valverde, and Real, 2008) and thus used these only to compare between modeling ap-

proaches and not to make statements of absolute model performance. As a third metric, we calculated

the Boyce-Index (Boyce et al., 2002) with the R package “ecospat” (version 3.3; Di Cola et al., 2017)

using the prediction raster and spatially separated test data. Finally, as a fourth metric we used the

number of parameters of each model as an indicator of model complexity.

These four metrics were determined for each fold of the FFME and their median value was calcu-

lated for each species separately. The assessment of which modeling approach was the best for each
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species was made based on the highest Boyce-Index, highest AUCROC-PO, lowest MAE, and least com-

plex model (i.e., model with the minimum number of parameters). We compared the metric values of

each species and assigned the species to the approach with the best value for further comparison. The

best modeling approach for each metric (exemplary calculation in Table 2.1.1) was then de�ned as the

one with the highest number of assigned species.

To express the overall performance of each modeling approach in conjunction with model com-

plexity, we created a single Performance-Complexity-Index (PCI) based on all four metrics. To do this,

we scaled the metrics of all models for each species from 0 to 1 with inverted scales of MAE and the

number of parameters. The sum of all four scaled metrics per species and modeling approach formed

the PCI (exemplary calculation Table 2.1.2).

2.1.4 Results

The full-tuned spatial modeling approach achieved the best results compared to the other three ap-

proaches for all four metrics. The least complex models for 210 out of 218 species were produced. The

results were worst for the AUC ROC-PO values, where for a total of 92 of 218 species the best AUCROC-PO

value was achieved. The next best modeling approach was the default modeling approach, achiev-

ing the best results for 52 of 218 species. However, the AUCROC-PO values calculated for the four

methods had a very similar range; therefore, it was dif�cult to determine which modeling approach

provided the best results (Figure 2.1.3f). The Boyce-Index, MAE, and number of parameters clearly

demonstrated that the full-tuned spatial modeling approach performed better on spatially separated

test data (Figure 2.1.3e,g,h). The ratio of the full-tuned spatial modeling approach to the next best

modeling approach for the Boyce-Index and the MAE was 126 to 34 and 198 to 9, respectively (Fig-

ure 2.1.3a). In general, the default modeling approach was the next best compared to the full-tuned

spatial modeling approach; however, the three modeling approaches using random cross-validation

(default, part-tuned random, full-tuned random) recorded a similar range. A direct comparison of

each modeling approach to the default modeling approach can be found in Figure 2.1.4.

The results for the PCI calculated from scaled Boyce-Index, number of parameters, MAE, and

AUC ROC-PO for all species for each modeling approach can be seen in Figure 2.1.3c,d. The full-tuned

spatial modeling approach was best for >80% of the species when directly compared with the other

modeling approaches (Figure 2.1.3d). The other three modeling approaches exhibited very similar

results.

The AUCROC-PO values of the validation on spatially separated test data were signi�cantly closer

to the test AUC ROC of the cross-validation of spatialMaxentcompared to the other three modeling

approaches (Figure 2.1.3b).spatialMaxentalso allowed a more realistic assessment of the quality of the

models based on internal model error rather than the models derived with random cross-validation.
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FIGURE 2.1.3: Comparison of the performance of modeling approaches based
on species. (a) Number of species in each modeling approach with the best
Area under the Receiver Operating Characteristics Curve (AUC ROC-PO), Boyce-
Index (Boyce), Mean Absolute Error (MAE), and number of parameters (NP).
Note that the number of species per metric across the four modeling approaches
sums up to 218, which is to the total number of species used. (b) Absolute dif-
ference between the test AUCROC, as given by Maxent and AUC ROC-PO, cal-
culated using spatially separated test data. (c) Boxplots of the Performance-
Complexity-Index calculated from scaled AUC ROC-PO, MAE, Boyce-Index, and
number parameters for 218 species. (d) Number of species with the best
Performance-Complexity-Index, as calculated from the scaled AUC ROC-PO,
MAE, Boyce-Index, and number parameters. (e) Number of parameters (NP)
for all 218 species by modeling approach. (f) AUC ROC-PO for all 218 species by
modeling approach. (g) MAE for all 218 species by modeling approach. (h)

Boyce-Index for all 218 species by modeling approach.
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TABLE 2.1.1: Exemplary determination of the best modeling approach for
AUC ROC-PO values.

Species
Modeling approach

Full-tuned spatial Default Full-tuned random Part-tuned random AUC ROC-PO

Awt01 0.5623669 0.5026700 0.4984056 0.4559949 Full-tuned spatial

Awt02 0.5013007 0.6569951 0.6133472 0.6052319 Default

Awt03 0.6455855 0.5647337 0.5976606 0.5957396 Full-tuned spatial

. . .

Swi30 0.8891490 0.8914484 0.8900276 0.8897441 Default

Note: Median values for each modeling approach over all Forward-Fold-Metric-Estimation folds.

The result of the best modeling approach is indicated in bold.

TABLE 2.1.2: Exemplary calculation of the Performance-Complexity-Index
(PCI) for the species “awt01”.

Modeling approach Full-tuned spatial Default Full-tuned random Part-tuned random

Boyce 0.299 -0.138 -0.295 -0.326

Boyce scaled 1 0.3008 0.0496 0

AUC ROC-PO 0.5623669 0.50267 0.4984056 0.4559949

AUC ROC-PO scaled 1 0.438791223 0.398701726 0

Number parameters 16 57 74 86

Number parameters scaled 1 0.414285714 0.171428571 0

MAE 0.485469422 0.765030005 0.80018211 0.826386672

MAE scaled 1 0.17997525 0.076864876 0

PCI 4 1.333852187 0.696595173 0

Note: For each metric (AUCROC-PO, MAE, Boyce, and number of parameters), the values for all

four modeling approaches are scaled from 0 to 1 with inverted scales of MAE and the number of

parameters. The sum of all four scaled metrics per species and modeling approach formed the

PCI.

As mentioned earlier, the performance improvement of spatialMaxentis accompanied by higher

computational costs. Among the four modeling approaches used, the median computational time

on one thread was 2.07 min for the default modeling approach, 4.32 min for the part-tuned random

modeling approach, and 16.2 min each for the full-tuned spatial and full-tuned random modeling

approaches. Since the FVS can be executed in parallel, the processing time for the last two approaches

can be improved. When run on 10 threads, the median processing time was 9.33 min for the full-

tuned random approach and 3.39 min for the full-tuned spatial approach. Therefore, spatialMaxent's

computational demands, while higher for the full-tuned settings, remain manageable for researchers

using standard hardware con�gurations.

2.1.5 Discussion

Ignoring spatial dependence in data and a lack of tuning are among the most common mistakes in

SDM (Sillero and Barbosa, 2021). The software Maxent in its standard version offers the user a simple
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FIGURE 2.1.4: Number of species out of 218 (y-axis) which reached the max-
imum Boyce-Index, the maximum AUC ROC-PO value, the minimum MAE, or
the minimum number of parameters for (a) the full-tuned spatial modeling ap-
proach compared to the default modeling approach, (b) the full-tuned random
modeling approach compared to the default modeling approach, and (c) the
part-tuned random modeling approach compared to the default modeling ap-

proach.



26 Chapter 2.1. spatialMaxent: Adapting species distribution modeling to spatial data

way to perform SDM. However, the current Maxent GUI lacks automatic tuning options and func-

tionalities to account for over�tting, which might be the reason for missing model tuning attempts.

In our study, we consolidated current knowledge regarding best practices in spatial modeling and

incorporated them into spatialMaxent, an advancement of the popular Maxent software.

Here, we demonstrated that appropriate tuning and variable-selection methods that account for

over�tting result in more reliable models with improved predictive performance. However, even

when spatial cross-validation in spatialMaxentis used, care must be taken when arranging the spatial

folds. For instance, if data is clustered too heavily, spatial cross-validation is not possible because

a suf�cient independence between cross-validation folds cannot be achieved (Meyer and Pebesma,

2022).

Compared to the random cross-validation results, the internal model AUC ROC of the spatialMaxent

approach also remained much closer to the AUC ROC-PO obtained by external validation with spatially

separated test data. This reiterates the spatial cross-validation during model training better re�ecting

the predictive power and potential error of the model compared to the overoptimistic results obtained

via random cross-validation.

SDM is increasingly being used in a wide variety of ecological �elds, and offers a broad range

of applications in decision-making (Araújo et al., 2019). Therefore, the importance of improving the

quality of SDM is essential. Given the popularity of Maxent and its current application in conservation

research and practice, our results based on the NCEAS dataset are concerning. Even if model tuning

without spatial cross-validation is applied, results are often not better than the default settings. Only

the combination of model tuning with spatial cross-validation resulted in better performance and less

complex models. An analysis of the impact of �ne-tuning on the response curves is also possible

in spatialMaxent, as it provides the same response curve output as Maxent. However, due to the

anonymization of species in this study, we refrained from doing so. Future research can explore the

in�uence of �ne-tuning in spatialMaxenton response curves using non-anonymized species data for

deeper insights.

Most previous studies which reviewed the use of Maxent default settings in SDM applications

only examined peer-reviewed academic publications. However, the application of Maxent as a con-

servation planning tool by government authorities is common and offers great practical application

in nature conservation. Thus, there is a high probability that the lack of adequate tuning and proper

evaluation is even more pronounced in that sector. The resulting models are still treated as realis-

tic and used as a tool for managing endangered species, biodiversity conservation, natural resource

management, and studying the impact of climate change (Guillera-Arroita et al., 2015). Direct neg-

ative consequences for endangered species may occur if interventions in the environment are per-

formed using results from these default models (Lee-Yaw et al., 2022). By implementing the tuning

processes and spatial validation directly into the popular Maxent GUI, we hope to promote the cre-

ation of species distribution models that are meaningful beyond the training data and thereby support

nature conservation.

spatialMaxentis a valuable software for researchers, government authorities, and conservation

practitioners. It can be used to identify areas of high conservation value, improve the accuracy of

predictions for invasive or endangered species under climate change scenarios, and aid in conserva-

tion management decisions. By providing reliable results and being user-friendly, this software can

be an important tool to support the achievement of the recently established COP15 (2022) biodiversity

conservation targets. However, there is no one-�ts-all solution for SDM (Qiao, Soberón, and Peterson,

2015), and even if spatialMaxentimproves SDM in an easily accessible way, this does not free users

from careful quality control.
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Abstract Ticks are the primary vectors of numerous zoonotic pathogens, transmitting more

pathogens than any other blood-feeding arthropod. In the northern hemisphere, tick-borne disease

cases in humans, such as Lyme borreliosis and tick-borne encephalitis, have risen in recent years,

and are a signi�cant burden on public healthcare systems. The spread of these diseases is further

reinforced by climate change which leads to expanding tick habitats. Switzerland is among the coun-

tries in which tick-borne diseases are a major public health concern with increasing incidence rates

reported in recent years. In response to these challenges the "Tick Prevention" app was developed

by the Zurich University of Applied Sciences and operated by A&K Strategy Ltd. in Switzerland.

The app allows for the collection of large amounts of data on tick attachment to humans through a

citizen science approach. In this study, citizen science data were utilized to map tick attachment to

humans in Switzerland at a 100 m spatial resolution, on a monthly basis, for the years 2015 to 2021.

The maps were created using a state-of-the-art modeling approach with the software extension spatial-

Maxent, which accounts for spatial autocorrelation when creating Maxent models. Our results consist

of 84 maps displaying the risk of tick attachments to humans in Switzerland, with the model show-

ing good overall performance with median AUC ROC values ranging from 0.82 in 2018 to 0.92 in 2017
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and 2021 and convincing spatial distribution, veri�ed by tick experts for Switzerland. Our study re-

veals that tick attachment to humans is particularly high at the edges of settlement areas, especially

in sparsely built-up suburban regions with green spaces, while it is lower in densely urbanized areas.

Additionally, forested areas near cities also show increased risk levels. This mapping aims to guide

public health interventions to reduce human exposure to ticks and to inform the resource planning

of healthcare facilities. Our �ndings highlight the effectiveness of using citizen science data for mod-

eling and mapping tick attachment risk, underscoring the potential of using citizen science data for

epidemiological surveillance and public healthcare planning.

2.2.1 Background

Ticks (Ixodes spp.) serve as vectors for various zoonotic pathogens, including viruses, bacteria, and pro-

tozoa (Fuente, 2008), and transmit the most pathogens among all blood feeding arthropods (Durden,

2006). Due to their generalist nature, ticks pose a potential threat by transmitting infectious agents to a

vast array of hosts, exceeding 300 species, including mammals, birds, and reptiles (Gern and Humair,

2002).

In the temperate northern hemisphere, ticks play a considerable role as vectors for disease trans-

mission to humans (Pfäf�e et al., 2013), with reported cases increasing in both the USA (Bacon,

Kugeler, and Mead, 2008) and Europe (Gratz, 2004) in recent years.

Of particular importance are the diseases Tick-Borne Encephalitis (TBE; Lindquist and Vapalahti,

2008) and Lyme borreliosis (Rizzoli et al., 2011), which is the most frequently transmitted tick-borne

human disease in the world (Hubálek, 2009) with 153 120 reported cases in the year 2022 (Lyme

and tickborne diseases dashboard; https://www.hopkinslymetracker.org/overview/ ; accessed

22.06.2024; Johns Hopkins University, 2024). In the year 2022 the US Center for Disease Control (CDC)

reported in the United States of America 63 000 cases and estimates that 476 000 people may be di-

agnosed and treated for Lyme diseases (CDC, 2024). However, ticks are also capable of transmitting

numerous other diseases, including Alongshan virus (Oechslin et al., 2017), Rocky Mountain spotted

fever (Pfäf�e et al., 2013), and Crimean-Congo hemorrhagic fever (Madison-Antenucci et al., 2020).

Tick-borne diseases are not only medically signi�cant due to their high incidence rates, but they also

pose a burden on the public healthcare systems (Panatto et al., 2022; Šmit, 2012). Furthermore, as tick-

borne diseases keep spreading to new geographic areas and higher altitudes (Medlock et al., 2013), the

risk of infection is increasing for a larger human population, and climate change is also contributing

to the further spread of tick-borne diseases (Semenza, Rocklöv, and Ebi, 2022).

Whether a person becomes infected with a tick-borne disease depends on the presence of ticks

and whether they are carrying pathogens, but also to a large extent on human behavior. Contact with

ticks, in western countries primarily occurs during recreational activities such as hiking, as well as

in green spaces within urban areas (Oechslin et al., 2017; Salkeld et al., 2019; Mulder et al., 2013).

Data on direct tick attachment to humans can be challenging to acquire and therefore, information on

tick attachment to humans is typically extrapolated from disease cases and tick distribution patterns

(Salkeld et al., 2019). However, tick attachment to companion animals has already been mapped before

for Great-Britain (Arsevska et al., 2024). Many other previous studies focus on mapping the habitat

suitability of ticks (Kopsco, Smith, and Halsey, 2022) which can assist in understanding the drivers

of their distribution. However, for healthcare planning purposes, it is valuable to also consider the

spatio-temporal distribution of tick attachment to humans, as it has a signi�cant impact on the strain

placed on the healthcare system.

Switzerland is one of the countries where the incidence of tick-borne diseases has increased in

recent years (Rubel and Brugger, 2020). To address this, the Zurich University of Applied Sciences
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developed the "Tick Prevention" app, which uses a citizen science approach to collect data on tick

attachment to humans (Fraisl et al., 2022). Operated by A&K Strategy Ltd. (Tischhauser and Grunder,

2015), the app enables users to report tick bites and thereby provides crucial data for monitoring and

understanding tick-borne diseases and spatio-temporal trends.

The data collected by the Tick Prevention app (Fig. 2.2.1, 2.2.3) can be upscaled with environmen-

tal variables to create wall-to-wall predictions through Species Distribution Modeling (SDM). SDM

is widely used for mapping in various research areas (Guisan and Thuiller, 2005). However, Lee-

Yaw et al. (2022) pointed out that the majority of species distribution models perform poorly when

tested against independent data, leaving modelers faced with many signi�cant challenges. A possible

explanation for the poor model performance could be the insuf�cient attention given to the spatial

properties of the data, especially their spatial non-independence, during model training. Recent stud-

ies have emphasized the importance of accounting for the characteristics of spatial and temporal data

when formulating validation and testing strategies in environmental modeling (Roberts et al., 2017;

Ploton et al., 2020; Meyer et al., 2019; Meyer et al., 2018).

In order to overcome the above-mentioned challenges, this study addresses three major objectives:

(1) to collect large-scale data on tick attachment to humans through a citizen science approach, (2)

to apply a state-of-the-art modeling method that addresses current challenges in SDM for enhanced

reliability of the modelled results, and (3) to generate, monthly maps of tick attachment to humans in

Switzerland at a spatial resolution of 100 m from 2015 to 2021, providing crucial information for both

the population and policymakers.

2.2.2 Material & Methods

Data processing was executed with the utilization of the R packages sf (version 1.0.12; Pebesma, 2018;

Pebesma and Bivand, 2023), raster (version 3.6.20; Hijmans, 2023) and terra (version 1.7.18; Hijmans

et al., 2023b). We used SDM to map the monthly tick attachment to humans (Fig. 2.2.1). The maps

created in this study were modelled with spatialMaxent(Bald, Gottwald, and Zeuss, 2023), a software

extension for the SDM software Maxent (Phillips, Anderson, and Schapire, 2006). All data processing

was done in R (version 4.3.1; R Core Team, 2024).

2.2.2.1 Modeling approach

The data collected by the users of the Tick Prevention app (Fig. 2.2.1; section 2.2.2.3) consisted of

Presence-Only (PO) data. These data represent occurrence points of a species without providing in-

formation on where the species is absent. When additional data on species absences are collected, they

are referred to as Presence-Absence (PA) data. Occurrence points of a species, or in this case of tick

attachment to humans, can be utilized to generate area-wide predictions. To achieve this, PO or PA

points are upscaled with comprehensive environmental variables to produce wall-to-wall predictions.

Models that are created using PO points often require additional Background Points (BP), also known

as pseudo-absences (Phillips, Anderson, and Schapire, 2006; Guillera-Arroita, Lahoz-Monfort, and

Elith, 2014; see section 2.2.2.4). These data are randomly or systematically sampled points throughout

the whole study area, intended on covering the entire value space of the environmental variables used

for modelling.

Various methods are employed in SDM to process these data to area-wide maps, including random

forest, boosted regression trees, support vector machines, or Maxent among many others (Valavi et al.,

2022; Valavi et al., 2023). Maxent is a standalone Java software for SDM that uses a maximum entropy

approach to create the species distribution models, and is very popular due to its good performance

(Valavi et al., 2022; Valavi et al., 2023) and user-friendliness (Morales, Fernández, and Baca-González,
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2017). In a review by Guillera-Arroita et al. (2015) it was used in 41% of the reviewed SDM studies.

Furthermore, it was speci�cally designed to create species distribution models with PO data (Guillera-

Arroita, Lahoz-Monfort, and Elith, 2014).

As previously noted, poor SDM performance (Lee-Yaw et al., 2022) may result from neglecting

spatial data properties during model training, validation, and testing (Roberts et al., 2017; Ploton

et al., 2020; Meyer et al., 2019; Meyer et al., 2018). This issue is particularly pronounced in Maxent

models, where adequate tuning and validation are often neglected (Morales, Fernández, and Baca-

González, 2017; Merow, Smith, and Silander, 2013; Kass et al., 2021). Especially the use of random

cross-validation in which test data are separated randomly from training data tends to result in an

overestimation of model predictive power (Ploton et al., 2020). Furthermore, model tuning is also

heavily in�uenced by the chosen cross-validation strategy (Meyer et al., 2019; Meyer et al., 2018; Bald,

Gottwald, and Zeuss, 2023). The same applies to the selection of variables. It has been shown, that

automated variable selection yields superior outcomes compared to modeling approaches without

such functionalities (Meyer et al., 2019; Yiwen, Wei, and Yeo, 2016).

Therefore, we required a modeling method that (1) can handle PO data, (2) offers good per-

formance compared to other methods, and (3) provides the capabilities for spatio-temporal cross-

validation, automated tuning, and automated variable selection. For this reasons, we used the

software extension spatialMaxentversion 1.0.0 (Bald, Gottwald, and Zeuss, 2023) for modeling and

mapping of tick attachment to humans. spatialMaxentserves as an extension for Maxent version

3.4.4 (Phillips, Anderson, and Schapire, 2006), offering automated functionalities for Regularization-

Multiplier (RM) tuning, feature selection, and variable selection based on spatial cross-validation

(Bald, Gottwald, and Zeuss, 2023). On a benchmark dataset of over 200 species (Elith et al., 2020)

it was demonstrated that spatialMaxentmodels outperform those produced using traditional Maxent

methods on spatially independent test data (Bald, Gottwald, and Zeuss, 2023).

For the training, validating, and testing of the model with spatio-temporal data, the data were

partitioned into 5 folds using the biogeographical regions of Switzerland (Fig. 2.2.2) for spatial sep-

aration (Gonzalez, Soto-Centeno, and Reed, 2011). For temporal separation, the data were divided

by months, ensuring that each month exclusively occurred in one of the 5 spatial folds during spatial

cross validation (Fig. 2.2.2).

With these data a model was trained with a 5-fold spatio-temporal cross-validation, variables se-

lection, feature selection and RM tuning (for details see Bald, Gottwald, and Zeuss, 2023). This model

was used to create 84 maps of risk of monthly tick attachment to humans fom 2015 to 2021 (Fig. 2.2.1).
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