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Abstract

Understanding and predicting biodiversity patterns at fine spatial scales is a key challenge in
biological modeling. Commonly used coarse-resolution variables often lack sufficient resolution for
fine-scale modeling, or the grid size of fine-resolution variables does not align with the scale of
biodiversity sampling. This study investigates whether geodiversity metrics—quantitative measures
of abiotic heterogeneity—can improve both the explanatory and predictive performance of
biodiversity models, using insect metabarcoding data collected across Sweden.

Three major insect orders—Coleoptera, Diptera, and Hymenoptera—are analyzed based on 190
Malaise trap sampling sites from the Insect Biome Atlas Project. The study tests three geodiversity
metrics: mean square roughness (MSR) for continuous environmental features (temperature, soil
moisture, etc.), and landscape Shannon’s diversity index (SHDI) and landscape shape index (LSI)
for categorical ones (soil type and forest presence). To examine spatial differences in explanatory
power, the modeling area is divided into north and south Sweden, reflecting their contrasting climatic
conditions and geomorphological structures.

Model-based inference using AICc and Lasso regression is applied for assessing the explanatory
and predictive power of individual features, and also for feature selection. Supportive vector
regression (SVR) is applied to assess predictive accuracy. Results show that geodiversity variables
improved the AICc optimized model in both north and south Sweden, and to a larger extent in the
south. While AICc optimization for explanatory excludes many geodiversity variables in northern
Sweden, Lasso regression that focuses on prediction tends to retain them, indicating their practical
value in predictive modeling.

With proper feature selection, geodiversity variables improve predictive performance. Models with
geodiversity also better reflect observed biodiversity and ecological expectations than baseline
environmental models. Biodiversity datasets are usually small due to their cost in systematic
sampling; large datasets are hardly available, and feature dimensionality is limited. Assessment of
feature explanatory power has shown that many redundant variables are commonly used, and they
have both less explanatory and predictive power in comparison to geodiversity variables. This not
only suggests that geodiversity variables are potentially good candidate variables but also highlights
the importance of exploration for stronger features.

In conclusion, this study demonstrates that integrating geodiversity into biodiversity models can
significantly enhance their explanatory and predictive capabilities. These findings support the
broader use of geodiversity in biodiversity modeling, especially for fine-scale ecological
assessments and conservation planning.

Key words: Abiotic predictors, biodiversity modeling, geodiversity, insect diversity,
spatial heterogeneity



Glossary

AlCc

Arcsecond

Coleoptera
Diptera

Ecotone

Feature selection

Geodiversity
Hymenoptera

Lasso Regression

LSI

Malaise trap
Metabarcoding

NDVI

Corrected Akaike Information Criterion. A model selection criterion that
balances model fit and complexity, adjusted for small sample sizes.

A unit of angular measurement equal to 1/3600 degrees. Commonly used
in geography, astronomy, and remote sensing to express very fine angular
resolutions. 1 degree = 60 arcminutes, and 1 arcminute = 60 arcseconds.

An order of insects commonly known as beetles.
An order of insects including flies, midges, and mosquitoes.

A transitional zone or boundary area between two adjacent ecological
communities or ecosystems, where characteristics of both ecosystems
overlap and interact.

The process of selecting a subset of relevant variables for use in model
construction.

Feature means: a piece of input data used in a model, such as temperature
or soil type. In this study, feature and (predictor/independent) variable
mean the same thing.

The variety and complexity of abiotic features in the landscape.
An order of insects including bees, wasps, and ants.

A regression technique that performs variable selection by penalizing the
absolute size of coefficients.

Landscape Shape Index. A landscape metric that quantifies the complexity
of patch shapes within a landscape. Higher LS| values indicate more
irregular and fragmented patches, while lower values suggest simpler,
more compact shapes. Used in landscape ecology to assess habitat
configuration.

A type of passive insect trap that intercepts flying insects widely used for
biodiversity sampling.

A DNA-based method for identifying multiple species from environmental
samples using high-throughput sequencing.

Normalized Difference Vegetation Index. A satellite-derived index that
measures vegetation health and density. Calculated using near-infrared
and red-light reflectance, NDVI values range from —1 to +1, where higher
values typically indicate denser, healthier vegetation. Commonly used as
a proxy for plant productivity and habitat quality.



OTU Operational Taxonomic Unit. A cluster of similar DNA sequences used as a
proxy for species in metabarcoding studies, typically defined by a
sequence similarity threshold (e.g., 97%). Number of OTUs allow diversity
estimation when exact species names are unavailable.

SHDI Shannon’s Diversity Index (for landscape). A metric that quantifies
landscape diversity based on the number and proportional abundance of
different land cover types. Higher SHDI values indicate a more
heterogeneous landscape, which is often linked to increased ecological
complexity and potential biodiversity.

SVR Supportive Vector Regression. A machine learning method used for
regression tasks, capable of capturing complex nonlinear relationships
between features and response variables.

Explanatory Power vs Predictive Power

Explanatory power measures the ability of a model to account for variation in the observed data,
helping to understand underlying ecological relationships. Often evaluated using metrics like
adjusted R? and AICc. Predictive power measures the ability of a model to accurately forecast
outcomes for new or unseen data. Typically measured using cross-validation metrics such as
mean absolute error (MAE) or correlation between predicted and observed values.

Coordinate Reference System (CRS) and geographic unit

CRS is a system that defines how geographic data are projected onto the Earth’s surface and
interpreted spatially. It provides a framework to locate points in space using coordinates (e.g.,
latitude and longitude or x/y meters). The two main types of CRS are:

Geographic CRS: Coordinates are expressed in angular units (degrees or radians), typically
latitude and longitude.

Projected CRS: Coordinates are expressed in linear units (e.g., meters), representing positions
on a 2D map projection.

For instance:

WGS 1984 (World Geodetic System 1984) is a global geographic coordinate system widely used
in GPS and global mapping. Coordinates are based on a reference ellipsoid and expressed in
angular units (for instance, arcseconds is one of it)—latitude and longitude, typically in degrees
(but computationally based on radians in much software). It is a geographic CRS, meaning it
models the Earth as a curved surface and is ideal for global-scale applications.

Another example is:

SWEREF 99 (Swedish Reference Frame 1999). The official coordinate system of Sweden.
Based on WGS 1984 but used in a projected form, most commonly SWEREF 99 TM, which
expresses locations in meters on a flat map using the Transverse Mercator projection. It is a
projected CRS, making it more practical for local distance measurements and cartographic
applications in Sweden.



ATm
APm
ATVar
APVar
NDVIm
NDVar
Biom
Peatm
PSeas
SipMean
SDrMean
SMm
SMVar
TSeas
ElevMean
ElevVar
THmM
THVar
FPr

FLSI
FSHDI
STSHDI
STLSI
ST1

ST2

ST3

Abbreviation list (for features)

Mean annual temperature

Mean annual precipitation

Annual temperature variance (mean square roughness)
Annual precipitation variance (mean square roughness)
Mean normalized difference vegetation index
Normalized difference vegetation index variance (mean square roughness)
Mean biomass

Mean peat depth

Precipitation seasonality

Mean slope

Slope derivative variance (mean square roughness)
Mean soil moisture

Soil moisture variance (mean square roughness)

Mean temperature seasonality

Mean elevation

Elevation variance (mean square roughness)

Mean tree height

Tree height variance (mean square roughness)

Forest proportion

Landscape shape index of forest patches

Shannon’s diversity index of soil types

Shannon’s diversity index of soil types

Landscape shape index of soil types (mean)

Proportion of torr mark (dry soil)

Proportion of frisk-fuktig mark (fresh-moist soil)
Proportion of blét mark (wet soil)



1. Introduction
1.1 Biodiversity modeling and mapping for conservation

Spatial modeling is a crucial tool in conservation ecology. Over the past decades, it has evolved to
meet the growing need for ecological planning and biodiversity reporting. In the mid-20th century,
modeling approaches made their early efforts in correlating organisms with abiotic environmental
features (Hutchinson 1957, Whittaker 1967). They laid the first groundwork for the species
distribution modeling (SDM) nowadays. From the 1980s onwards, geographic information systems
(GIS, for example, Franklin 1995, Scott et al. 1993) have allowed rapid growth in complexity and
capability for ecological modeling. First, early climate-envelop approaches (for example, BioClim by
Nix 1986, Pearson & Dawson 2003) were replaced by regression techniques (Guisan &
Zimmermann 2000), followed by the development of machine-learning algorithms and ensemble
modeling (Elith et al. 2006, Araujo & New 2007). Complex modeling methods allow capturing non-
linear relationships between biodiversity and environmental factors, which largely improves our

understanding of ecological patterns and allows more accurate predictions.

International commitments such as the Convention on Biological Diversity’s framework (European
Commission 2020, KMGB Framework 2022) and the EU Biodiversity Strategy for 2030 have set
ambitious goals for halting biodiversity loss. For instance, the EU 2030 strategy calls for expanding
protected areas to 30% of the EU’s land and sea by 2030 (European Commission 2020). Achieving
such goals requires robust tools to accurately predict biodiversity hotspots, therefore guaranteeing
effective conservation actions by mapping the high-priority areas. Modeling approaches here
provide predictive guidance by integrating data on species or locations, from citizen sciences
(Telenius 2011, Sullivan et al. 2014, Theobald et al. 2015), quadrat sampling (Montgomery et al.
2014) or genetic markers (for example, eDNA: Deiner et al. 2021), and environmental features. And
indeed, methods such as SDMs are said to be a widely used tool for the planning of conservation
strategies (Guisan & Thuiller 2005), indicating that ecological modeling can optimize decision-
making by prioritizing areas for conservation. Moreover, by integrating future climate models (Fick
& Hijmans 2017), researchers can forecast future biodiversity under scenarios such as climate
change (Thomas et al. 2004) and land-use shifts (Jetz et al. 2007). In summary, the development
of biodiversity modeling would benefit both understanding about species-environment relationships

and the practical need to inform global conservation commitments.

1.2 Fine-scale modeling

Spatial biodiversity modeling has been relatively well-developed on a global scale (Newbold et al.

2016) or continental scale (Andermann et al. 2022). There is also a growing interest in modeling at



finer spatial scales, for instance, in multiple landscape genomics studies targeting natural reserves
or national parks (Maier et al. 2023). What is challenging here is that many environmental variables
commonly used in large-scale biodiversity models tend to lose explanatory power at finer spatial
scales. At a large spatial scale, environmental filtering driven by climatic factors operates most
strongly. Environmental filtering refers to the process by which local environmental conditions
(climate, soil properties, topography, etc.) permit only certain species groups from the regional
species pool to survive and establish (Keddy 1992). Environmental filtering is considered the basic
theory for biodiversity modeling (Kraft et al. 2014, Laliberté et al. 2014, Cui 2022), and climate

condition is the most common predictor in all biodiversity modeling.

This is reasonable, since there is a global diversity gradient, where there is generally high species
richness along the equator, while low species richness is close to the poles, and species richness
is negatively correlated with absolute latitude (Hillebrand 2004). However, the determinants for
biodiversity are scale-dependent. When analyzing species on the same latitude, characteristics of

the landform explain the biodiversity hotspots (Antonelli 2018, Muellner-Riehl 2019).

It is similar for fine-scale modeling, where climate factors, and even other environmental factors,
have a small variation given that environmental variables are usually spatially autocorrelated
(Legendre 1993). The variation can be too small to explain the large biodiversity variation, and on
the other hand, the predictive ability would be harmed due to a less explanatory power. Intuitively,
people find that the way to improve fine-scale modeling is to include a set of variables with larger
variation in a small region. And to well-describe those small-scale variations, high-spatial-resolution

raster data is often needed. It is similar to the scale effect in landscape ecology (Levin 1992).

The need for a fine spatial resolution dataset brings criticism for commonly used climate variables.
Since information on temperature and precipitation is usually recorded by weather stations, then
processed by interpolation (Wilby & Wigley 1997, Mardani et al. 2025), finer resolution in these
climate variables is only available through downscaling. This makes the microclimate hardly
available as a feature in modeling problems with a local focus. Another criticism of climate variables
is that, in mountainous regions where climate can be highly heterogeneous, the grid cells represent
an average of local climate conditions, while the heterogeneous climate patterns is lost by averaging
(Scherrer & Korner 2011, Lenoir & Svenning 2015).

However, here comes the paradox of this solution. On the one hand, data of high spatial resolution
are needed, in which the grid cells are small and can better match the spatial scale of biodiversity
sampling. On the other hand, biodiversity at a site is not exclusively affected by the environment
within a single fine-resolution grid cell, but also by broader spatial and ecological contexts (Gotelli &

Colwell 2001). Moreover, many widely used predictors such as interpolated climate variables, lack
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sufficient resolution to reflect microclimate variation. Fortunately, on national or regional scales,
additional high-resolution predictors such as elevation, land cover and forest structure are often

available and can help bridge this mismatch.

Based on all the above, the problem of fine-scale biodiversity prediction nhow becomes - how to
integrate fine-scale information into biodiversity modeling, meanwhile keeping the output grid cell
size of biodiversity mapping biologically reasonable. In this study, geodiversity serves as a potential

solution.

1.3 Involving geodiversity in biodiversity modeling
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Figure 1 Sources of geodiversity. Dimensionality: (a) Geodiversity can be calculated on the 15t
dimension if it can be calculated on an array/vector where spatial distribution of elements is not
needed; (b) Geodiversity should be calculated based on matrix/raster data where spatial distribution
of elements is needed. The color represents continuous value (temperature, precipitation, soil pH,
etc.) for all but ‘richness’, where color represents categorical geographical elements (landcover, soil
type, etc.). The value between light green and green is closer to the value between yellow and green.

Geodiversity describes the spatial heterogeneity of the abiotic features of the landscape, such as
landforms, geology, soils, hydrology, etc. (Serrano & Ruiz-Flano 2007, Zwolinski et al. 2018).
Normally, areas with diverse physical environmental conditions are expected to offer a wider range

of habitats or microclimates, and theoretically, could support a high level of biodiversity (Hart et al.
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2017). While there is also a hypothesis suggesting that such heterogeneity-biodiversity relationships
are unlikely to be linear, the area-heterogeneity trade-off suggests a unimodal relationship between
spatial heterogeneity and biodiversity (Allouche et al. 2012). No matter which case, geodiversity
metrics as a measure of heterogeneity are expected to adds to the models’ ability to explain and

predict biodiversity.

In practice, geodiversity has a relatively loose definition, and almost all metrics quantifying variation
could measure geodiversity (Zwolinski et al. 2018). For instance, mean square roughness (Gerstner
et al. 2023) and multiple landscape indices (Zhang et al. 2024). Despite there are numerous
geodiversity or landscape indices measuring geodiversity, Figure 1 provides an intuitive view of
which landform characteristics can be quantified. Generally, without taking 2-dimensional spatial
information into account, geodiversity or spatial heterogeneity can be interpreted as arising from

one or a combination of these characteristics:

e Evenness: Is there one or few groups of elements that dominate the landscape?
e Richness: How many landscape elements are there in the region?
e Divergence: How large is the degree of variation of these elements? For example, to what

extent does temperature vary across sites?

When taking the 2-dimensional geometric structure into account, spatial heterogeneity can also

arise from the following characteristics:

e Fragmentation and aggregation: Do landscape elements tend to break into many small
patches or tend to cluster into a few large patches?
e Shape regularity (or complexity): Do the shapes of landscape elements tend to be simple and

regular, such as rectangular or circular forms?

These 2-dimensional metrics are reported to affect the proportion of ecotone/core area of landscape
elements (McGarigal & Marks 1995, Riitters et al. 1995), corridor amount, or connectivity. They
serve as common indicators in conservation ecology and meta-population analysis in population

ecology (Hanski & Ovaskainen 2000).

Geodiversity metrics help to quantify landform characteristics with fine-resolution data in a
biologically meaningful grid cell size, which is another important parameter for quantifying
geodiversity. For instance, large mammals that disperse or forage actively may require a larger grid
cell, as compared to e.g. insects. The body size of plants might matter because of their crown
coverage, and the minimum area of a quadrat required to well capture the local species richness of
this taxonomic group (Gerstner et al. 2023). Grid size should be optimized for different modeling

purposes.



1.4 Objective of the project

The project is focused on building spatial models for predicting insect diversity. As insects represent
a taxonomic group of small body size, we can make the assumption that they require a small cell-
size to assess their biodiversity. This assumption allows us to instead focus on a step-experiment
involving geodiversity metrics in biodiversity modeling. A baseline model is built on a feature set
containing features commonly used in biodiversity modeling. Then, grid cells are centered at
sampling points, and geodiversity metrics of these common environmental features are calculated
and added to the model. The purpose of this project is to examine whether geodiversity metrics are
explanatorily powerful, and whether such explanatory power can be transformed into predictive
power and therefore benefit predictive biodiversity modeling. Based on the potential that
geodiversity metrics are good at improving small-scale biodiversity prediction, the project also
hypothesizes that geodiversity metrics improve both model explanatory and predictive power more

in small-scale regions, where climate varies less than in large-scale regions.



2. Methodology

2.1 Biodiversity dataset and research area
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Figure 2 Research area and biodiversity dataset

A metabarcoding dataset by the Insect Biome Atlas project (htips://www.insectbiomeatlas.org) is

used for this project. The biodiversity dataset was sampled throughout the year 2019, including 198
Malaise traps distributed across Sweden, placed in multiple land cover types such as forest,
croplands, wetlands, grasslands, alpine, and urban areas. Samples were taken weekly (April to
September) or monthly (October to March) and thus contain a time series. In this project, we
aggregate the metabarcoding records throughout the year across all collected samples to represent

the entire local insect diversity at each site.

During sampling, the insect DNA was extracted from the bulk samples, amplified by PCR (targeting
a barcoding region: 418-bp long fragment of the cytochrome ¢ oxidase | (COI) gene), and then
sequenced on an lllumina NovaSeq platform and processed following Sundh et al. (2024). DNA
sequences of high similarity were clustered into operational taxonomic unit (OTU). The number of
OTUs can be used as a proxy for species richness and is used as the metric to describe and model

the local insect diversity in this project. OTUs can also be taxonomically annotated by comparison
10
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to the reference sequences of known species. In this way, each OTU cluster can either be identified
as belonging to a certain species or belonging to a higher taxonomic level, such as genus, family or

order.

After data filtering for sampling points without feature raster coverage, the dataset has 190 remaining
sampling points, in which the orders Diptera, Hymenoptera, and Coleoptera (Figure 2) are the most

common in terms of detected OTUs.

The biodiversity dataset has sites covering the entire range of Sweden, and both modeling and
prediction are conducted within Sweden. To examine whether there is a regional difference in the
geodiversity metrics’ importance, the dataset was split into the south dataset and north dataset by
latitude Y = 661 2156.34 (CRS: SWEREF 99 TM), to equally have 95 points in both datasets. North
Sweden has a larger spatial scale than south Sweden, covering a wider range of latitudes, and the
mountainous condition makes this region more heterogeneous in climate than south Sweden. The
project expect that due to the lack of variation of climatic variables in south Sweden, geodiversity
variables will improve both explanatory and predictive models of insect biodiversity more in south

Sweden than in north Sweden.
2.2 Feature variables

16 environmental features were compiled in this study (Table 1), and all environmental variables
were averaged over yearly observations. Both coarse resolution and fine resolution data are
included. Climate data like temperature and precipitation are derived from WorldClim (Fick &
Hijmans 2017), which is initially in the coarser resolution of 30 arcseconds (CRS: WGS 1984).
Among the more high-resolution feature data, we used Sweden-specific environmental variables
from the national program of airborne-laser scanning data (Skogsstyrelsen & Sveriges
lantbruksuniversitet 2022), compiled from the Swedish Forest Agency (Skogsstyrelsen) website
(skogsstyrelsen.se). Soil type is classified by Skogsstyrrelsen by soil wetness into 3 classes: (1) Blot
mark (wet soil), (2) Frisk-Fuktig mark (fresh-moist soil), and (3) Torr mark (dry soil). Normalized
vegetation difference index (NDVI) and the digital elevation model (DEM) were compiled from
Google Earth Engine. NDVI was compiled from Sentinel-2 satellite images. Elevation was compiled
from ArcticDEM (10 m resolution, (Porter et al. 2018)) and ALOS AW3D30 (12.5 m resolution,
(Japan Aerospace Exploration Agency 2019)). ArcticDEM covers most samping sites, and the
remaining uncovered regions were complemented by the coarser ALOS AW3D30 data. ALOS
AW3D30 are downscaled to 10 m resolution in order to uniform the grid cell size.
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Table 1 Feature set, sources, and initial spatial resolution

Feature Provider Initial CRS Spatial

resolution
Annual Temperature WorldClim WGS 1984 30 arcsec
Annual Precipitation WorldClim WGS 1984 30 arcsec
Biomass Skogsstyrelsen SWEREF 99 TM 10m
Elevation ArcticDEM + ALOS AW3D30 NSIDC + WGS84 10 m
Slope ArcticDEM + ALOS AW3D30 NSIDC + WGS84 10 m
Slope derivative ArcticDEM + ALOS AW3D30 NSIDC + WGS84 10m
Forest distribution Skogsstyrelsen SWEREF 99 TM 10 m
NDVI Sentinel-2 WGS 1984 10 m
Tree height Skogsstyrelsen SWEREF 99 TM 10 m
Peat depth Skogsstyrelsen SWEREF 99 TM 10m
Soil moisture Skogsstyrelsen SWEREF 99 TM 2m
Soil type Skogsstyrelsen SWEREF 99 TM 2m
Temperature seasonality WorldClim WGS 1984 30 arcsec
Precipitation seasonality WorldClim WGS 1984 30 arcsec

Table 2 Environmental and geodiversity feature set after processing grid cell

Feature Environmental feature Geodiversity features
Annual Temperature Mean Mean square roughness
Annual Precipitation Mean Mean square roughness
Biomass Mean Mean square roughness
Elevation Mean Mean square roughness
Slope Mean Mean square roughness
Slope derivative Mean Mean square roughness
Forest distribution Forest proportion SHDI and LSI
NDVI Mean Mean square roughness
Tree height Mean Mean square roughness
Peat depth Mean Mean square roughness
Soil moisture Mean Mean square roughness
Soil type Proportion of 3 soil types SHDI and LSI
Temperature seasonality Mean Mean square roughness
Precipitation seasonality Mean Mean square roughness

2.3 Feature processing and geodiversity computation

The feature rasters are first clipped with a 1.28 * 1.28 km cropping window centered at the sampling
points. Features can be continuous or categorical. For continuous features, the average of all pixel
values is used for the local feature value. For categorical features, a feature with n categories are

transformed into n-1 features that stand for the pixel proportions of each category (Table 2).

Then, geodiversity computation is processed based on the feature type. If the feature type is
continuous, the mean square roughness (MSR) of all pixel values are computed for the geodiversity
of this feature. For a m * m raster whose raster values are z;;, MSR can be computed with Eq. 1:

m
ZZ
i=1

MSR = z ;-2 (Eq.1)

m

(
j=1
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If the feature type is categorical, the landscape Shannon’s diversity index (SHDI) and the mean
landscape shape index (LSI) are used to quantify geodiversity. For a raster with k categories, each

category has proportion p,, and category k have border length E,.

k
Zi:l Ey

SHDI = —¥¥  pilnp; (Eq.2) LSI = =8 (Eq.3)
Where A is the total area of the raster.

After geodiversity calculation, all features and response variables are processed with the min-max

scaler provided by scikit-learn, so that all variables are scaled to range 0~1.
2.4 Explanatory model construction

Building an explanatory model, in this study, means not only maximizing the variance explained, but
also minimizing the cost of degrees of freedom (equivalent to using the least number of features). It
follows the model-based inference that Anderson (2008) proposed, based on AlCc value, which
provides the probability of one model being the best model given data X. Models for such processes
are equivalent to hypotheses, when n hypotheses {H,, H,, ..., H,} are proposed, AlCc values are

tested for hypothesis j:

2k;(k; + 1)

AIch=—21an+2kj+n T
—k —

(Eq.4)

Where k; is the number of estimable parameters of H;, n is the sample size, this article uses AlCc

instead of AIC because of the small sample size. Ej is the maximum likelihood of hypothesis H;:
n ~
InL; = ZIn fu, 0%, 6)) (Eq. 5)
i=1

Where ij(yi|9?l-, 63?]-) indicates the probabilistic function of hypothesis H;, evaluated at the parameter

estimation 5] At sampling point i, y; is the observation of the response variable, and ¥; is the vector

of feature values.

To escape local minima, a Metropolis-Hastings-like acceptance criterion is adopted to let worse
models still get accepted with a probability determined by the simulated annealing schedule, where
P is the probability of accepting a worse model, and T is a temperature parameter that gradually
decreases with each iteration:

AlCc' — AlCc

T ) (Eq. 6)

P = exp <—
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The algorithm has a cooling rate of 0.99, that means when the algorithm updates the t th model, the

temperature T is:
T = T(0.99)t (Eq. 7)

The algorithm stops proposing new models when T < 0.0001, the initial T is set to 100, so it
produces 921 model proposals in total. The whole process is conducted 200 times iteratively, and
the best 10 models (lowest AlCc) are chosen as candidates for model inference. Suppose among

all candidates the best AlCc value is AICc,.,:, the model ranked kth has:
Ak = AICCk _AICCbeSt (Eq 8)
And the Akaike weight (the probability of the model being optimal) of the model k is:

_exp(=0.54)
X exp (—0.54;)

The algorithm often produces models with the same set of features but in different orders, they are
considered the same model, but they also occupy the position of a candidate model. That means, if
we have 10 models with the same feature set, then we have only one candidate model with a 1.00

Akaike weight.
2.5 Lasso regression

Lasso regression also does feature selection, while it is aimed more directly at maximizing the
predictive power of a linear model. To compare the most predictive feature set in terms of linear
model with the most explanatory ones, and to build the simplest predictive model, the Lasso (least

absolute shrinkage and selection operator) regression model is constructed.

Lasso regression is the same as a linear regression model, while an additional L1-regularization
term is added to its loss function. A linear regression model aims to minimize its OLS (ordinary least

square) loss, for a dataset with feature matrix X € R™*? and prediction vector y € R" (where p is

the number of features, n is the number of sampling points). In linear regression y = X,E’ where E is

the estimated coefficient vector. The OLS loss is:
OLS loss = ||y — XE”Z(Eq. 10)
And the loss function of Lasso regression is:
L(A,B) = OLS loss + A||B|, (Eq.11)

where 1 is the term controlling the regularization strength and is the hyperparameter of a Lasso
regression. Module Lasso in scikit-learn 1.2.2 version (Pedregosa et al. 2011) is used for modeling.
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The program loops through regularization strengths: log;, A € [—7, 0] with one hundred intervals,
and the average mean absolute error (MAE) of the test set in a 10-fold cross validation is used to
assess predictive ability. The lambda minimizing MAE is used for the final lasso regression, the
model of each order and region combination has its lambda optimized for the predictive performance
(Appendix A3). For the optimized model, the coefficients of all remaining feature coefficients are
recorded and visualized in boxplot, non-zero coefficients that stably present in each fold indicate

high feature importance.
2.6 SVR-based predictive model.

SVR (supportive vector regression) is employed to evaluate and compare the predictive
performance of base and region-specific feature sets across insect orders and geographic regions.
This non-parametric kernel-based regression method can model complex nonlinear relationships by
transforming the feature space using kernel functions. It is suitable for high-dimensional, small-

sample datasets, such as the insect diversity dataset used in this project.

For training dataset matrix X € R™ ™ and prediction vector y € R", the aim of SVR is to find a

function f(x,) = w - ¢(x,) + b that minimizes:

n
1 .
min, ~[IF2 +C ) (¢ +§) (Fq.12)
i=1

Wb, €l 2

Subject to:

yi—w- o) —b<e+i;

w-p(x)+b—y; <e+& (Eq.13)

fil fl* = 0
Where ¢(-) is a kernel transformation function, C is the regularization term controlling the
regularization strength, € defines an acceptable margin of tolerance of error. ¢, ¢ are slack

variables that allow for soft margins.

SVR module in scikit-learn 1.2.2 version (Pedregosa et al. 2011) is used for model construction.
Each SVR model is trained using a grid search with module GridCV in scikit-learn with 10-fold cross-
validation to find optimal hyper parameters. Two kernel transformations: linear and radial basis
function (RBF) are assessed. The hyperparameter grid includes C € [1073,103], € € [0.001,0.5]
and y € [107%,1071]. Models are evaluated (MAE) and Pearson’s correlation coefficient between

observed and predicted values to measure the linear consistency of ranking.

For each combination of taxonomic group and geographic region, five types of feature sets are

compared: (1) a base feature set including all environmental variables without geodiversity variables
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to represent the baseline model, (2) a full feature set including all environmental variables and
geodiversity variables to represent a geodiversity involved model without feature selection, (3) a
reduced base feature set using the feature set with the optimal linear model AICc (see 2.4), where
the linear model optimization excludes geodiversity variables, (4) a reduced full feature set using
the feature set with the optimal linear model AICc (see 2.4), where the linear model optimization
involves geodiversity variables, and (5) a reduced full feature set using the feature set selected by
lasso regression (see 2.5 and Appendix A2.3), where the linear models are optimized for predictive
performance and involves geodiversity variables. All features and response variables are scaled

using the min-max scaler from scikit-learn to make sure all values are scaled to 0 ~ 1.
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3. Result

3.1 AlCc & annealing-based model exploration

Table 3

Result of AlCc-based model inference, the model with the lowest AICc is used for

comparison if more than 1 model is selected. Env. / Gdiv. Variable refers to the number of features
selected in the model. Model weight is the probability that the model is the best among 2 models.

Region Order Env. Gdiv. Gdiv. model Env. model Gdiv. model Env. Model
Variable  Variable AlCc AICc weight weight

North Col 5 2 530.1589 533.5144 0.8426 0.1574
Dip 4 2 1076.2101 1086.2606 0.9935 0.0065

Hym 3 4 1027.4860 1035.4270 0.9815 0.0185

South  Col 6 4 700.4492 718.6175 0.9999 0.0001
Dip 5 5 1154.9196  1173.1003 0.9999 0.0001

Hym 5 5 1101.6939 1113.3466 0.9970 0.0030

Table 4 Variance explained of Gdiv. and Env. model (linear) for each region + order group.

Region Order Gdiv. model Env. model Gdiv. model Env. model
feature count feature count Var% explained Var% explained

North Col 7 6 76.86 75.38
Dip 6 3 18.47 13.72

Hym 7 4 43.62 33.92

South Col 10 4 46.71 16.42
Dip 10 5 34.52 21.96

Hym 10 4 29.95 12.95

Feature selection results are listed in supplementary material S1. For most taxonomic + region
groups, the best model has appeared more than 10 times among 200 iterations and therefore is
considered converged, showing good robustness. The geodiversity model for Coleoptera (N) and
Hymenoptera (S) has more than one top model, but still, the model ranked the first place is used as
the best model for later processes. The best geodiversity-based models were compared to the best
environmental-only models, following the approach described in Eq. 8 and Eq. 9 (methodology).
Another explanatory metric is variance explained (Table 4). All Gdiv. models optimized for minimizing
AICc have a larger variance explained than the Env. model with the same optimization. The variance
explained by geodiversity models in south Sweden is about 2~3 times higher than that explained by
environmental-only models. In north Sweden, such difference in variance explained is less
pronounced, but geodiversity models still show a better explanatory ability by variance explained
(Table 4). According to the correlation matrices in Appendix A1, geodiversity variables show weaker
collinearity both internally (Appendix A1b, in comparison to environmental variables in Appendix A1a)
and with environmental variables (Appendix A1c), suggesting that they provide complementary

information and help explain additional variance.
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3.2 Lasso regression
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Figure 3 Feature coefficient of the optimal lasso regression model (Full names of features can be

found in the abbreviation list on page 4). Features on the left of the gray dashed line are

environmental variables, and geodiversity variables are on the right, boxes indicate the quartile (Q25

and Q75) range and black dots are outliers, the lines in boxes indicate median.
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Lasso regression models reveal distinct differences in feature importance across taxa and regions
(Figure 3). Temperature-related environmental features such as annual temperature and elevation
are important in the north, and precipitation, biomass-related factors, soil, and environmental
seasonality are also important. In the south, annual temperature and elevation are less important
than in the north, and biodiversity is mostly predicted by the other factors. Geodiversity variables
are important in both parts of Sweden. The importance of geodiversity seems to be dependent on
the importance of the environmental variables where geodiversity is calculated. Generally, more
predictor variables, especially more geodiversity variables, are preserved in Lasso regression than
AICc model inference. This suggests that linear regression models optimized for explanatory
purposes, such as minimizing feature cost using AlCc, may rely on a smaller and more selective set
of features, while predictive modeling tends to require a broader set of variables to achieve higher

prediction accuracy.

3.3 SVR Modeling

Table 5 SVR model performance for different regions and taxonomic groups. Mean squared errors
are scaled to 0~1 because the response variables are scaled to 0~1 using min-max scaler. The
optimal model is underlined. The brackets under the performance parameter indicate their difference
in percentage compared to the baseline model. Bolded performance parameter indicates a better
performance than the baseline model. (baseline: Baseline model with only environmental feature
set, gdiv: geodiversity model with geodiversity metrics involved, DR: dimensionality reduced by AlCc
model inference, DRL: dimensionality reduced by lasso).

(a) Mean absolute error (MAE, scaled to 0~1, in percentage)

Region Order MAE% MAE% MAE% MAE% MAE%
(baseline) (baseline, DR) (gdiv) (gdiv, DR)  (gdiv, DRL)

North Col 914 9.42 9.15 8.03 8.82
' (+3.06%) (+0.11%) (-12.14%) (-3.50%)

Dip 12.03 11.91 12.04 11.91 11.47
' (-1.00%) (+0.08%) (-1.00%) (-4.66%)

Hym 10.73 10.07 11.07 10.45 10.82
' (-6.15%) (+3.17%) (-2.61%) (+0.83%)

South Col 10.75 11.32 10.85 11.05 10.70
' (+5.30%) (+0.93%) (+2.79%) (-0.46%)

Dip 15.87 16.24 16.43 15.95 16.12
— (+2.33%) (+3.53%) (+0.50%) (+1.58%)

Hym 17.12 16.77 17.38 16.64 16.15
' (-2.04%) (+1.52%) (-2.80%) (-5.66%)

(Table 5(b) is on the next page)
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(b) Pearson’s coefficient between observed and predicted value

Region Order Pearson Pearson Pearson Pearson Pearson
(baseline) (baseline, DR) (gdiv) (gdiv, DR)  (gdiv, DRL)
North Col 0.826 0.812 0.818 0.856 0.829
' (-1.69%) (-0.97%) (+3.63%) (+0.36%)
Dip 0277 0.305 0.306 0.306 0.421
' (+10.11%) (+10.47%) (+10.47%) (+51.98%)
Hym 0.562 0.524 0.578 0.606 0.559
' (-6.76%) (+2.85%) (+7.83%) (-0.53%)
South Col 0.464 0.350 0.328 0.417 0.490
' (-24.57%) (-29.31%)  (-10.13%) (+5.60%)
Dip 0.469 0.422 0.416 0.419 0.386
E— (+9.33%) (+7.77%) (+8.55%) (-17.70%)
Hym 0.328 0.254 0.303 0.367 0.347
' (-22.56%) (-7.62%) (+11.89%) (+5.79%)

Results show that involving geodiversity variables and applying feature selection can enhance
performance of predictivity. Both MAE and Pearson’s correlation coefficients show that the predictive
performance of the SVR model has been improved by co-applying geodiversity and feature selection
(Table 5 (a) & (b)). Predictions of 5 out of 6 groups can be improved when considering both feature
selection approaches by AICc model inference or lasso regression, while Diptera (S) is the only
group that cannot be improved. When involving geodiversity without doing feature selection, none
of the predictions can be improved in evaluation by MAE, and only 2 out of 6 in evaluation by
Pearson. Applying feature selection improves only 3 out of 6 groups in predictive ability evaluated
by MAE, and only 1 out of 6 by Pearson’s coefficient. That could indicate that when building complex
prediction models, the dimensionality of the dataset could already be limiting the prediction capability
before involving geodiversity, and solely involving geodiversity can harm prediction capability by

adding more dimensions.
3.4 Biodiversity mapping

Prediction results are shown in Figure 4 (north) and Figure 5 (south). In north Sweden, the hotspots
for three modeled orders are distributed along the coastline of the Bottniska Viken (Cst in Figure 4),
while Norrbotten (Nb) and Uppsala (Up) are two regions with continuous hotspot distribution. The
geodiversity model for Coleoptera (N) indicates a wider range of biodiversity hotspots in Norrbotten,
while a lower diversity level in Uppsala. For Diptera (N) and Hymenoptera (N), both models are
similar to each other but models for Diptera (N) has made predictions that exhibit more randomness,
or looks more noise dominated, which could result from the low explanatory power of both feature
sets with and without geodiversity involvement (Table 4). In South Sweden, the results have shown
a hotspot shift. In geodiversity models, hotspots for insect diversity are generally distributed along
Lake Malaren (Ml in Figure 5) and Braviken (Br in Figure 5). While in environmental baseline models,
all 3 orders have hotspots in Smaland Héglandet (the Smaland Highland, Sm in Figure 5), while this

region has only been recognized as a hotspot for Diptera (S) by the geodiversity model.
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Figure 4 Prediction map for
3 insect orders in north
Sweden. Col — coleoptera,
Dip - diptera, Hym -
hymenoptera. (g) marks the
geodiversity model that
produced the least MAE in
Table 5(a), (e) marks the
baseline model using only
environmental variables.
Map colors are classified by
quartiles.
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Figure 5 Prediction
maps for 3 insect
orders in  North
Sweden, the same
abbreviations  set
and mapping
method as Figure 4.
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Island predictions are different in terms of inter-order comparison, such as for Oland (Oe in Figure
5) and Gotland (Gt in Figure 5). The environmental baseline model tends to make similar predictions
for every order on these two islands, while geodiversity models have shown an obvious pattern that
island diversity: hymenoptera > coleoptera > diptera. This also applies to Skane (Sk in Figure 5),

which is predicted to be a hotspot for Coleoptera and Hymenoptera, while a cold spot for Diptera.

Comparing the prediction results of the two models, the geodiversity model’s prediction shows better
consistency with the dataset. For Coleoptera, the predicted cold spot in Uppsala (Figure 4) matches

with a low Coleoptera diversity spot close to Filmsjon, Uppsala Ian (Appendix Figure A4a). Also, the
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geodiversity model has also well-predicted the coleoptera hotspot in Malaren, south Stockholm lan
(Appendix Figure A4b), Linképing, Norrkdping, and along Braviken (Appendix Figure A4c). These 3
examples have shown that geodiversity models produce better predictions for the local biodiversity
pattern. Appendix Figure A4b also shows that, environmental baseline model provides contradicting
results for Coleoptera at the border between south and north Sweden, while the geodiversity model
provides consistent results for either side of the border. Some regions with contradicting predictions
by the two models are hard to validate, such as Smaland Héglandet, Jonkdping lan, and lake Vattern
(Appendix Figure A4d) due to the insufficient sampling points. For Oland and Gotland, since all
sampling points on both islands are gathered at one single site (Figure 1), the validation for the

island results is also not possible.

23



4. Discussion
4.1 Explanatory power of geodiversity

Using the model inference approach by (Andersson 2008), the involvement of geodiversity variables
does improve the explanatory capability of insect diversity in all regions. Table 3 shows that
dimension-reduced models with only environmental variables does not outcompete the ones with
geodiversity variables involved. This means the added model complexity is justified by the addition
in explained variance. The extent of improvement varies by region. In the south, geodiversity
variables contribute more strongly to explanatory power than in the north, which aligns with the initial

expectation that there is a regional difference in explanatory power of geodiversity.

Examining regional differences more closely, the northern groups prefer using the mean square
roughness of environmental variables as the geodiversity variables (Appendix A2), for instance, the
mean square roughness of annual temperature, annual precipitation, etc. While in the south,
landscape indices for soil types and forests are preferred (Appendix A2). One possible explanation
could be that the effectiveness of geodiversity depends on the environmental layers from which they
are derived. This is consistent with findings in a previous geo-biodiversity study stating that
environmental variables form the foundation for an SDM, while geodiversity variables offer additional
explanatory value (Gerstner et al. 2023). Another complementary explanation could be the nature
of environmental variation differs regionally. North Sweden is mountainous and contains large
elevation range with strong climatic gradients, shaping abiotic heterogeneity. In contrast, south
Sweden is flatter but with the variation arising more from the spatial configuration of forests and
large lakes (Lidmar-Bergstrom et al. 2013, Stroeven et al. 2016). The spatial differences in dominant
geodiversity drivers cause regional variation in which predictors are most informative in biodiversity

models.

Geodiversity variables also give an insight into processing categorical data. Categorical variables
like soil type must be transformed into numerical representations before modeling. One common
approach is one-hot encoding, where each soil category is represented by a separate binary column.
While effective, this transformation increases the number of input features, potentially inflating model
dimensionality and reducing performance if many categories are involved (Brown 2009). This is a
disadvantage, especially when dimensionality is limiting the model performance (as pre-stated in
Result > SVR modeling). The involvement of SHDI and LSI not only describes the soil properties
within one dimension but also takes the surrounding soil information into account. For instance,
animals — especially those with high dispersal capability and a large habitat range would benefit

from taking surrounding environments into account (Gerstner et al. 2023).
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Insects’ living habits are also well-aligned with the observation that their diversity depends on
landscape indices. For instance, the edge of landscapes, or ecotones, can accumulate decaying
organic matter (Kolasa’ & Zalewski 1995) and therefore provide more resources for saprophytic
Diptera species. Furthermore, some Diptera species rely on water bodies for reproduction and prefer
the ecotones between wetland and forest (Frouz 1999, Uchoa et al. 2023). Hymenoptera species
like Bombus spp. are also observed to prefer ecotones (Svensson et al. 2000). Metrics like SHDI
can measure the diversity of landscape types, while LS| can measure the shape complexity and
proportion of edge/core zones of a landscape element (McGarigal & Marks 1995). Therefore, these
metrics can match well with insect habits, have good explanatory power, and could be potential

candidate features for building predictive models.
4.2 Predictive power of geodiversity

The study has used AICc model inference and lasso regression to do feature selection by optimizing
explanatory power-dimensionality balance and predictive power. This enables assessment of how
explanatory power transforms into predictive power. Environmental features generally show
consistent explanatory and predictive power. In contrast, in northern Sweden, geodiversity variables
are often excluded by AICc but reintroduced by Lasso, as seen in the Diptera (N) models (Table 3
vs. Figure 3). This could suggest an over-penalization of features by AlCc. Such over-penalization
leads to predictive performance loss, where lasso-based feature selection results in approx. 50%

performance gain versus 10% from the AlCc-based one (Table 5).

Although AlICc models exclude geodiversity in the north, reduced models including geodiversity still
outperform baseline models, suggesting that predictive power depends on feature dimensionality.
Geodiversity improves performance only when accompanied by effective feature selection,
especially when biodiversity data is small while feature dimensionality is high. The common rule-of-
thumb is a 5~10:1 sample-to-feature ratio for linear models like Lasso, and 10~30:1 for non-linear
models like SVR. While baseline models (16 features) meet this, full geodiversity models (32
features) risk overfitting (Van Der Ploeg et al. 2014). Therefore, this study addresses the need for

feature selection in biodiversity modeling.

Small-scale comparisons reveal that those geodiversity models that have improved predictive
performance have better captured biodiversity patterns in the dataset. Especially good at capturing
the small-scale variation, for instance, in Uppsala and Malaren (Appendix Figure Ad4a & b). Apart
from comparisons with the dataset, geodiversity models have also given different diversity levels of
insects on two islands: Oland and Gotland. These are two ecologically unique Swedish main islands
that are dominated by limestone bedrock and alvar habitats (Partel et al. 1999, Rosén & Van Der

Maarel 2000), which could be linked with the living habits of the two insect orders. High diversity
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level of Coleoptera has been observed in similar habitats (Grandchamp et al. 2005). They require
grass and moss and do not need woody vegetation. Since these species are benthic, it means they
are sensitive to surface temperature variation (Lassau et al. 2005) and local grazing (Grandchamp
et al. 2005), which could be the source of their beta-diversity in such regions. Diptera, on the other
hand, relies on moist substrates, organic matter for saprophagous and fungivorous larvae of diptera
(Campobasso et al. 2001). They also need water bodies for reproduction (Schmid 1992). They prefer
ecotones between forest and water bodies/wetlands where organic matters are abundant (Frouz
1999, Uchoa et al. 2023), which means they have less diversity in dry alvar habitat is reasonable.
At least, it is unlikely that diptera and coleoptera share similar preferences for alvar habitats among

all habitats in southern Sweden. Therefore, predictions by geodiversity models are more reasonable.

In summary, the result of the project indicates that geodiversity models have improved model
predictive performance both in metrics and mapping results. However, systematic sampling in areas
like Smaland Héglandet, Gotland, and Oland is crucial for validating these two models. These
regions show notable differences between geodiversity-based and baseline models (Figure 5),
suggesting they are areas of high model sensitivity. At the same time, the current sampling coverage
in these regions is sparse or highly clustered (e.g., only one sampling site on each island), making

it difficult to determine which model provides more reliable predictions.
4.3 Potential of geodiversity in small-scale studies

In current studies, climate variables are popular in species distribution or biodiversity modeling, while
climate features do not have dominant power in determining biodiversity at a small spatial scale
(Anderson et al. 2023, Coelho et al. 2023). Normally, such small-scale biodiversity variation is more
likely to be explained by small-scale factors such as microclimate or microhabitat, barriers, or biotic
interactions such as competition and predation (Araujo & Guisan 2006). Geodiversity has been
reported to capture these small-scale factors and improve species distribution modeling
performance for mammals (Gerstner et al. 2023). Similar studies have involved landform metrics
like shape index and connectivity, which help to explain both alpha and beta biodiversity (Zhang et
al. 2024). Besides, geographic elements like hollows and pits, together with geodiversity metrics,
help to enhance the model's predictive capability (Bailey et al. 2018), where hollows and pits
resemble the slope derivative used in this project. In this study, climate variation and area size in
southern Sweden are much smaller than in north Sweden. The larger explanatory power of
geodiversity variables in south Sweden is another proof that geodiversity could be a potential
candidate feature for small-scale biodiversity modeling.

The improvement made by feature selection shows that, for biodiversity modeling with a small data

set, feature numbers should be limited and therefore, candidate features should be competing their
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predictive capability. Ideally, sampling site numbers should be 5~10 times the feature number in
simple linear models, and even a larger number of samples is needed for building non-linear models
like SVR (Van Der Ploeg et al. 2014). Apart from adding more sampling points, exploring powerful

predictive features could be a more feasible solution.

Meanwhile, as mentioned, in highly heterogeneous areas (for instance, mountainous areas like
Yosemite, Maier et al. 2023) climate variable values are usually averaged within a coarse grid cell,
while there are underlying microclimates driven by the elevation range (Dobrowski 2011). Fine
resolution geodiversity data can hardly be accessible since they need to be interpolated from the
climate station data (Hijmans et al. 2005). Geodiversity variables, such as the mean square
roughness of climate variables, estimate the local climate complexity by using the surrounding
information. For instance, a high MSR of annual temperature could indicate high complexity of
temperature distribution. The high importance of MSR of temperature in the lasso regressions for
the north region (Figure 3) could result from the mountainous terrain in the north Sweden and the

limiting effect of temperature.

Using fine-resolution data also comes with problems. Biodiversity sampling on a small quadrat (10
x 10 m, for instance) is not representative of the local biodiversity pattern (Gotelli & Colwell 2001),
especially for large mammals, birds, and large woody vascular plants. Without considering
geodiversity, one can simply process the surrounding environmental information with mean or
median, simple descriptive statistics for the overall pattern. Then it becomes the same problem as
ignoring the heterogeneous pattern. For continuous data, MSR can provide the local variation of
environmental conditions. For categorical data with discrete landscape elements, landscape indices
such as SHDI and LSI can provide even more information, such as the evenness of area, the shape
complexity, and core-edge ratio of landscape elements (McGarigal & Marks 1995). Although not
tested in this study, there are approaches by using natural breaks to categorize continuous data
(Zwolinski et al. 2018, Burnelli et al. 2023, Polman et al. 2024). Further geodiversity studies need to
experiment with more metrics with the inspiration of geodiversity indices, for instance, connectivity,
or spatial autocorrelation (Manosso et al. 2021). For different taxonomic groups, the search range
for biodiversity calculation could also be optimized, for instance, large animals moving actively could
require a larger search range when calculating geodiversity (Gerstner et al. 2023). Further studies
could address the taxonomy—search range relationship.
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5. Conclusion

This project has shown that geodiversity metrics are both good explanatory and predictive features.
By dividing the research area into a north part and a south part, the result revealed a cross-region
difference in feature importance. The local environment and spatial scale are factors that could
cause such a difference. Geodiversity metrics are more important in explaining insect biodiversity in
south Sweden than in north Sweden. While in predictive modeling, both metrics are important in the
output of Lasso regression. To better model the non-linear relationship between features and insect
diversity, an SVR model is applied. Co-applying geodiversity features and feature selection (by either
AICc model inference or Lasso regression) can improve the prediction performance of 5 out of 6
groups in comparison to their respective baseline model without feature selection and geodiversity

features involved.

This result suggests that the commonly used environmental features are potentially redundant. In
biodiversity modeling, where sampling sites are limited, the feature number has to be restricted,
and candidate features should compete with their predictive power. Geodiversity metrics, as newly
introduced features, have outcompeted those previously commonly used features, showing that
there are features to be explored that could potentially enlarge the candidate feature set, and
gradually replace redundant features in biodiversity modeling. Landscape indices that are popular

in landscape ecology could give inspiration in exploiting the potential of geodiversity metrics.

Based on these findings, this project expects that additional explanatory and predictive power can
be gained by further exploring the compilation of additional geodiversity variables, adding more
landform characteristics to biodiversity modeling. For instance, spatial heterogeneity, evenness,
aggregation or fragmentation, shape complexity, connectivity, etc., of landscape elements. This
should involve more processing of raster data with continuous data reclassification, geometric
calculation, and also optimizing the search range to the target organisms’ taxonomy, body mass,
foraging habit, etc. The above would eventually benefit small-scale species distribution or
biodiversity modeling, and eventually benefit regional conservation decision making, national park
monitoring, landscape genomics conservation, etc. Additionally, geo-biodiversity relationship studies
are expected to give insight into linking biodiversity conservation to consequences of global changes,
such as landform changes caused by, for instance, artificial landcover alterations, sea level rise, and

other forms of natural disasters and disturbances.
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Appendices

A1. Feature correlation matrices
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Figure A1a Correlation matrix of environmental variables
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Figure A1b Correlation matrix of geodiversity variables
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Figure A1c Correlation matrix of all features
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A2. Feature selection result

A2.1 AlICc based, With all features (environmental + geodiversity, geodiversity variables are in bold)

For abbreviations: see abbreviation list in glossary

Coleoptera North OTUs.1 ~ ATm + ElevMean + NDVImean + ST1 + ATVar + APVar + PeatVar
(AlICc = 530.1589, Adjusted R? = 0.7360, Pearson’as r = 0.8964, wi = 0.5143)

Coleoptera North OTUs.2 ~ ATm + ElevMean + NDVImean + SDrMean + SlpMean + NDVar +
SMVar (AICc = 530.2731, Adjusted R? = 0.7357, Pearson’s r = 0.8692, wi = 0.4857)

Coleoptera South OTUs ~ Biom + ST1 + ST2 + ST3 + THm + BioVar + EleVar + FLSI + FSHDI +
SMVar + STLSI + NDVar + THVar (AlCc = 700.4492, Adjusted R2 = 0.3622, Pearson’s r = 0.6413,
wi = 1.0000)

Diptera North OTUs ~ ATm + APm + ST2 + SDr + ATVar + APVar
(AICc = 1076.2101, Adj R2 = 0.2466, Pearson’s r = 0.5620, wi = 1.0000)

Diptera South OTUs.1 ~ APm + Biom + THm + TSeas + PSeas + ElevVar + SDrVar + STSHDI +
STLSI + FLSI (AICc = 1154.9196, Adjusted R? = 0.3638, Pearson’s r = 0.6564, wi = 1.0000)

Hymenoptera North OTUs.1 ~ ElevMean + SDrMean + ST2 + ATVar + NDVar + SDrVar + FSHDI
(AICc = 1027.4860, Adjusted R? = 0.3875, Pearson’s r = 0.6585, wi = 1.0000)

Hymenoptera South OTUs.1 ~APm + Biom + THm + TSeas + PSeas + ElevVar + SDrVar + STSHDI
+ STLSI + FLSI (AICc = 1100.5498, Adjusted R? = 0.2661, Pearson’s r = 0.5860, wi = 0.4840)
Hymenoptera South OTUs.2 ~ APm + Biom + THm + TSeas + PSeas + ATVar + SDrVar + STSHDI
+ STLSI + FLSI (AICc = 1101.6939, Adjusted R? = 0.2573, Pearson’s r = 0.5792, wi = 0.2743)
Hymenoptera South OTUs.3 ~ APm + Biom + THm + TSeas + PSeas + SDrVar + STSHDI + STLSI
+ FLSI (AlICc = 1101.9394, Adjusted R? = 0.2442, Pearson’s r = 0.5620, wi = 0.2417)

A2.2 AlCc-based, with only environmental features

Coleoptera North OTUs ~ ATm + ElevMean + NDVIm + Peatm + ST1 + TSeas, (AICc = 533.5144,
Adjusted R? = 0.7226, Pearson’s r = 0.8605, wi = 1.0000)
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Coleoptera South OTUs ~ Biom + FPr + Peatm + ST3 (AlCc = 718.6175, Adjusted R? = 0.1220,
Pearson’s r = 0.3987, wi = 1.0000)

Diptera North OTUs ~ ElevMean + ATm + SDrMean (AlCc = 1086.2606, Adjusted R? = 0.1283,
Pearson’s r = 0.3954, wi = 1.0000)

Diptera South OTUs ~ APm + Biom + FPr + ST3 + TSeas (AlCc = 1173.1003, Adjusted R*=0.1755,
Pearson’s r = 0.4679, wi = 1.0000)

Hymenoptera North OTUs ~ ElevMean + SDrMean + SMm + ST1 (AlCc = 1035.4270, Adjusted R?
= 0.3061, Pearson’s r = 0.5796, wi = 1.0000)

Hymenoptera South OTUs ~ APm + Biom + ST3 + THm (AICc = 1113.3466, Adjusted R? = 0.0893,
Pearson’s r = 0.3573, wi = 1.0000)

A2.3 Lasso-based

'North_Coleoptera': |
'‘AnnualTemp_mean', 'AnnualPrecip_mean’, 'Elevation_mean’, 'prob_Forest 1.0',
'NDVI_mean','TreeHeight_mean','SlopeDerivative_mean’,
'prob_SoilType_2.0','TempSeasonality_mean’,
'AnnualTemp_var', 'AnnualPrecip_var', '‘Biomass_var', 'Slope_var','SHDI_Forest',
'NDVI_var', 'PeatDepth_var', 'SoilMoisture_var', 'LSI_SoilType', 'SHDI_SoilType',

"TempSeasonality _var','PrecipSeasonality_var'

'South_Coleoptera': |
'AnnualPrecip_mean', 'prob_Forest_1.0','prob_SoilType 3.0','TempSeasonality_mean’,
'PrecipSeasonality var','Biomass_var','LS|_Forest', 'SHDI_Forest','PeatDepth_var’,
'SlopeDerivative_var','SoilMoisture_var','LSI_SoilType',

'SHDI_SoilType','PrecipSeasonality var'
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'North_Diptera': [
'AnnualTemp_mean', 'Elevation_mean', 'prob_Forest 1.0',
'SlopeDerivative_mean', 'prob_SoilType_2.0',
'‘AnnualTemp_var','/AnnualPrecip_var', 'Biomass_var',
'Slope_var', 'LSI_Forest','SHDI_Forest', 'NDVI_var’,

'SlopeDerivative_var','SoilMoisture_var'

'South_Diptera': |
'‘AnnualPrecip_mean','Elevation_mean','prob_Forest_1.0',
"TreeHeight_mean','prob_SoilType_3.0',
"TempSeasonality_mean','PrecipSeasonality_var',AnnualPrecip_var','Biomass_var',
'LSI_Forest','SHDI_Forest','SlopeDerivative_var',

'LSI_SoilType','SHDI_SoilType','PrecipSeasonality _var'

'North_Hymenoptera': |
'Elevation_mean’, 'prob_Forest_1.0",'prob_SoilType_3.0',
'AnnualTemp_var', '‘Biomass_var','Elevation_var', 'LS|_Forest', 'SHDI_Forest',

'NDVI_var','PeatDepth_var','SlopeDerivative_var', 'SoilMoisture_var'

'South_Hymenoptera': |
'AnnualPrecip_mean', 'TreeHeight_mean’, 'Biomass_var', 'LS|_Forest', 'SHDI_Forest',

'SoilMoisture_var'
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A3. Lasso & SVR hyperparameters

Table A3a Optimal hyperparameters for Lasso regression models

Region Order Log10(lambda)
North  Col -0.13
Dip 1.45
Hym 1.40
South  Col 6.30
Dip 1.66
Hym 6.85
SVR hyperparameters:

C: Controls how much the model tries to avoid errors. A high value means the model fits the data
more closely but might overfit.

epsilon (g): Sets how close the prediction needs to be to the real value to be considered “good
enough.” Smaller values mean the model is more sensitive.

gamma (y): Decides how far one data point influences others. A small gamma gives smoother
results, while a large gamma focuses more on nearby points.

Table A3b Optimal hyperparameters for baseline ENV SVR models

Region Order kernel C epsilon gamma
North  Col rbf  185.47811900706148 0.05 0.0007139347751502866
Dip rbf  0.0945387283130794 0.005 0.2597970087225647
Hym rbf  0.1657723885589317 0.001 0.7988017808015702
South  Col rbf 1.183506729519469 0.001 1.4006881788178693
Dip rof 0.893757115105424 0.1 1.057767560283176
Hym rbf 0.1657723885589317 0.001 0.7988017808015702

Table A3c Optimal hyperparameters for reduced ENV SVR models

Region Order kernel C  epsilon gamma
North  Col rbf  1.5671910803783082 0.01 0.03638945990099393
Dip rbf  0.2906796537132128 0.001 0.0481866605015224
Hym rbf  0.1657723885589317 0.01 0.14816025176256625
South  Col rbf  0.1251875025862529 0.001 4.306717067640514
Dip rbf  0.6749448574119237 0.1 0.7988017808015702
Hym rbf 0.38491590219496813 0.1 4.306717067640514

Table A3d Optimal hyperparameters for GDIV SVR models without feature selection

Region Order kernel C epsilon gamma
North  Col rof  2.7480484808533427 0.001 0.11188722115874222
Dip rbf  0.2906796537132128 0.001 0.0481866605015224
Hym rbf 755.1770453120364 0.001 0.006749448574119237
South  Col rbf  0.1251875025862529 0.001 4.306717067640514
Dip rof  0.6749448574119237 0.01 0.6032367686157227
Hym rbf 5.907837911587944 0.1 4.306717067640514
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Table A3e Optimal hyperparameters for reduced (by AlCc) GDIV SVR models

Region Order kernel C epsilon gamma
North  Col rbf  140.06881788178694 0.001 0.0481866605015224
Dip rbf  2.0752631321450576 0.005 0.027480484808533427
Hym rbf  0.1251875025862529 0.05 1.4006881788178693
South  Col rbf 1000.0 0.05 0.0050970286316889026
Dip rbf 0.893757115105424 0.1 4.306717067640514
Hym rbf 0.38491590219496813 0.1 7.551770453120364

Table A3f Optimal hyperparameters for reduced GDIV (by lasso) SVR models

Region Order kernel C epsilon gamma
North  Col rbf 1000.0 0.05 0.00023219542502889813
Dip rbf  0.0945387283130794 0.005 0.2597970087225647
Hym rbf  0.1251875025862529 0.01 2.456087882417329
South  Col rbf 1.183506729519469 0.001 1.4006881788178693
Dip rbf  0.1251875025862529 0.001 0.6032367686157227
Hym rbf 1000.0 0.05 0.00030747150813218354

A4. Small scaled comparisons
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Figure Ada Comparison for the geodiversity (GDIV) model and environmental baseline (ENV)
model in Uppsala lan (white boundary) for Coleoptera (N). A cold spot is shown in the sampled
dataset in north Uppsala. Geodiversity model have made cold spot prediction at this region while
the baseline model considers the whole region as hotspot.
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