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ARTICLE INFO ABSTRACT

Keywords: Elevational distribution affects pedodiversity (a measure or indicator of soil diversity) by controlling factors like
Landscape ecology climate, vegetation, and water drainage. It plays a vital role as a constant variable in soil formation processes (e.
Pedodiversity

g., mineralization, eluviation, and illuviation, etc.) thus promoting diverse soil types at different toposequence
formations. However, the relationship between pedodiversity and elevation at various spatial scales remains
poorly understood and obscure, especially for dryland regions. Here, we first derive a national-scale pedodi-
versity map of Botswana, explaining more than 50 % of the variance. For this map, elevation is among the most
important environmental covariates influencing soil diversity. We further examine how spatial scale indicators
such as spatial extent (i.e., countrywide, and locally) and resolution (i.e., 90 m, 900 m, 9000 m, and 90,000 m)
systematically influence landscape pedodiversity. While viewing the data countrywide, the relationship between
pedodiversity and elevation maintained a negative or inverse linear trend (i.e., meaning that as elevation in-
creases, pedodiversity decreases), but when viewed locally—for the small district, it showed a positive or direct
linear trend (i.e., both elevation and pedodiversity increase simultaneously). This can be explained by differences
in elevation patterns together with complex and dynamic interactions between scale-dependent soil-forming
factors like land use type which tend to dominate local scales. Significant differences in pedodiversity related to
the spatial resolution of geodata inputs were noticeable, for example, the local coefficient of determination
values ranged from 0.06 to 0.65 for fine to coarse spatial resolutions respectively. Together, our findings
demonstrate that the relationships between pedogenesis factors (e.g. elevation) and pedodiversity are scale-
dependent. Even a small change in spatial resolution can lead to significant variations in pedodiversity, espe-
cially in semi-arid areas. Therefore, taking this into account can reduce overly optimistic conclusions about the
landscape patterns we observe.

Botswana

RaO’s quadratic entropy
Soil-forming factors
Spatial scale

1. Introduction their forming factors largely determine the diversity of a landscape and
are crucial to understanding soil-landscape evolution. Further, ecolog-

Landscape patterns and relationships between landscape features (e. ical processes (e.g., nutrient cycling, and soil respiration) are inter-

g., soils, rock or geological outcrops, waterbodies, vegetation, etc.) and connected with landscape patterns and diversity in various ways. For
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example, nutrient cycling involves the movement and exchange of nu-
trients such as carbon, nitrogen, and phosphorus within an ecosystem,
which can influence plant diversity and contribute to the formation of
unique soils. Previous studies by [1,2] have examined the connections
between geodiversity (which includes soils) and biodiversity, as well as
ecosystem productivity and biodiversity, to better understand overall
ecosystem functioning. These studies have shown that ecological con-
nections strongly depend on the spatial scale, meaning that even small
changes in spatial resolution, extent, or combination can lead to unique
landscape patterns and relationships.

Although soil diversity, which we will later refer to as pedodiversity,
is part of geodiversity, the two concepts focus on different components.
Geodiversity encompasses a broader range of natural diversity,
including geology, topography, and soils, combined into a single indi-
cator for decision-making [3,4]. Meanwhile, pedodiversity specifically
describes the diversity of soil classes or taxonomic units in a specific
geographical area [5]. Pedodiversity has been theorized over time and
almost studied extensively in general [6-9], for different types of
landscapes, for example, high mountain ranges in China [10] and on a
country base for the USA [11], Germany [12], and Czechia [13].
Additionally, other studies explore the role of pedodiversity in biodi-
versity [14].

Major factors driving or controlling pedodiversity are geomorpho-
logical characteristics or units plus other environmental factors like
climate, biota, parent material, and age [15]. Human activities also have
an essential influence on the formation of various soils; for example, the
formation of Technosols is primarily associated with the human foot-
print [16]. Pedodiversity can be analyzed mathematically through
known indices such as Shannon’s entropy index and RaO’s quadratic
entropy index or directly assessed using soil parameters like texture, pH,
and microbial communities or populations [13,17,18]. Most studies
analyze pedodiversity based on soil classes since these explain the
overall variability associated with soil-forming factors and chemical,
biological, and physical soil parameters. For instance, Arenosols found
in dryland environments typically have high sand content, low
exchangeable bases, low nutrient levels, and relatively low microbial
activity [19,20]. These soils dominate most land masses, particularly in
areas like Namibia, Botswana, Australia, and Iran [21]. In some of these
dry places, pedodiversity is often quantified as low presumably due to
the arid climatic conditions and delayed or slow pedogenetic processes
when compared to mesic regions [22,23]. We also observe low pedo-
diversity estimates based on the Shannon entropy in dryland regions at
the global scale [24].

Despite the low pedodiversity and low diversity of soil organisms in
dryland regions, it is important to study their relationship with other
aspects of the landscape, such as ecosystem services, biodiversity, and
elevation changes. This is crucial for environmental and natural
resource conservation efforts, as well as for monitoring trends and
related changes in the physical structures of the area. It becomes
apparent that understanding pedodiversity patterns is important for
various landscape decisions such as the need to delineate suitable
agricultural land for production [9], which is especially important in dry
environments.

However, while making landscape decisions, it is important to
consider various constraints when connecting pedodiversity to other
landscape aspects. For example, one challenge of using pedodiversity to
describe the variation of soil classes in a specific area is the wide range of
physical, chemical, and biological properties expected within individual
soil units, such as a single type of soil that can have a texture ranging
from sandy to clayey at the same time. This is particularly important
when using vector-based soil class maps with distinct boundaries in the
form of multi-polygons. This constraint has been found to limit efforts to
link pedodiversity to ecosystem services in France, that is, considered
not straightforward [25]. Another key issue is scale dependence, which
is likely to affect the relationship between pedodiversity and other
landscape aspects in the same way as ecological relationships like
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geodiversity-biodiversity and ecosystem productivity-biodiversity [1,2].
Vasat et al. [13] investigated pedodiversity and attempted to account for
scale dependency. However, their study only examined the spatial
structure of pedodiversity nationally and did not relate it to any other
landscape aspect. Understanding the relationship between pedodiversity
and other landscape features like elevation can reveal changes in soil
patterns. For example, differences in soil colour at different elevations
can indicate variations in biogeochemical processes in soils [26]. This
knowledge may also be relevant to other areas of research, such as
ecology and biogeography [27], aiming to increase interdisciplinary
understanding of overall landscape diversity-related aspects, including
biodiversity, plant growth, sediment transport, etc.

Different factors such as climate, human activities, geographic po-
sition, vegetation, and geology influence pedodiversity. Here, we focus
on elevation as a key factor that influences pedodiversity and various
soil processes, such as humification and nutrient cycling. Elevation also
affects climatic conditions, vegetation, and soil class variability. The
connection between pedodiversity and elevation is sometimes studied,
but researchers often only consider a one-sided relationship between the
two factors without considering variations in spatial scale. Vacek et al.
[9] found that pedodiversity decreased with an increase in elevation in
forested high-altitude areas of the Czech Republic. Meanwhile, in
Mexico, pedodiversity was observed to increase with elevation because
of erosion occurrences at higher altitudes under semideciduous forests
[28]. The two studies indicate opposing outcomes regarding the
pedodiversity-elevation relationship, which remains unresolved. Aside
from that, none of these studies analyzed the scale-dependent effects
associated with this relationship, a research gap that has received little
attention thus far despite its relevance in helping shed light on the un-
derstanding of overall landscape diversity and ecological functioning
[29]. By scale dependence here we refer to aspects of spatial scale, the
extent of a given area and resolution, and how varying each could
potentially influence pedodiversity dependence on elevation. The term
scale is well-validated and widely used in the digital soil mapping (DSM)
literature and community [30-32]. These studies demonstrate scenarios
where the extent and resolution are varied across different places to
monitor and analyze changes in landscape interactions derived through
models.

Thus, to address these fundamental research gaps, we ask the main
question of whether varying the spatial extent, here from countrywide to
district levels as well as resolution would affect the pedodiversity-
elevation relationship in semi-arid Botswana and how. Assessing the
pedodiversity-elevation relationship in such semi-arid environments is
particularly important because of its implications for agriculture, envi-
ronmental management, and understanding ecological processes. Our
specific objectives were to (1) create a fine-resolution (90 m) soil class
map of Botswana and use it to estimate pedodiversity, (2) evaluate
pedodiversity-elevation relationships in Botswana at varying spatial
extents and resolutions as well as (3) translate our findings on these
relationships for operational purposes. First, we considered four
consecutive spatial resolution (i.e., 90 m, 900 m, 9000 m, and 90000 m)
maps of the two variables across three spatial extents in Botswana (i.e.,
countrywide, a large Central district, and a small Southern district). The
90 m represents the fine resolution, 900 m intermediate resolution,
9000 m coarse resolution, and 90,000 m very course resolution. More-
over, this systematic approach to varying resolution is logical, enabling
scale-dependent landscape relationships to be better understood. Sec-
ond, we extracted pedodiversity and elevation observational data for
each spatial extent and resolution mentioned above. Finally, applying
conventional statistical models, we used the data to assess
pedodiversity-elevation relationships. Botswana is an ecologically
heterogenous semi-arid environment due to different vegetation types
(e.g., sandveld, hardveld, wetlands, miomboveld), rich biodiversity (e.g.,
wildlife), and hydrological characteristics (e.g., underground water re-
serves) [33-35]. Hence, knowledge regarding pedodiversity-elevation
relationships is crucial for inferring similarities in landscape patterns
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and variability, especially for variables closely linked to elevational
changes, for example, vegetation cover.

2. Material and methods
2.1. Study area and data sources

Our study followed the workflow illustrated in Fig. 1. Botswana lies
approximately between coordinates 17S and 278 latitude and 20E and
30E longitude. This is a massive semi-arid landmass [36-38] covering an
area of approximately 582,000 km?, with undulating savanna vegetation
in either the hardveld or sandveld ecoregions [39]. Hardveld and
sandveld regions are characterized by varied soils ranging from loamy
highly fertile and sandy less vegetated soils respectively [39-42]. The
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Central and Southern districts were selected based on their area size and
overall landscape features, with the former covering a considerable
portion of the hardveld [43] and the latter mostly comprising the
sandveld ecoregion. Legacy soil class observational data for Botswana
was obtained from the Africa Soil Information Service — AfSIS (https:
//www.isric.org/projects/africa-soil-profiles-database-afsp) [44] and
the Botswana Range Inventory and Monitoring Project — BRIMP under
the Ministry of Agriculture [45]. For the BRIMP data, we applied the
verified soil class centroids across the entire country. Combining these
datasets constituted approximately n = 2060 observational points
(Fig. 2A). These points would be used to generate the soil class model
and fine detail map (90 m resolution) based on expertly chosen cova-
riates that influence soil processes in Botswana (Fig. 2B). These cova-
riates in full names, abbreviations, spatial resolution, and sources are
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Fig. 2. Map of Botswana showing the soil class observational points (n = 2060). (a) The location of Botswana in Africa including the other study areas, Central and
Southern districts all undulating on the elevation map. (b) All environmental covariates stacked together and used to model soil classes across Botswana. [Note: Full
names of the covariate are: Above Ground Biomass (agb), Aspect (aspect), Bare Soil Index (bsi), Carbonate Index (cbi), Clay Index (ci), Clay Mineral Ratio (cmr),
Distance from Highest Elevation (dfhe), Distance from Lowest Elevation (dfle), Elevation (elevation), Two-Band Enhanced Vegetation Index (evi2), Extractable Iron
(extractable_fe), Human footprints (hfp_2013), Iron Oxide Ratio (ior), Magnetics (magnetics), Modified Soil Adjusted Vegetation Index (msavi), Normalized Dif-
ference Vegetation Index (ndvi), Normalized Difference Water Index (ndwi), Longitude (x-axis), Latitude (y-axis), Rainfall (rainfall), Roughness (roughness), Soil
Adjusted Vegetation Index (savi), Salinity Index (si), Slope (slope), Temperature (temperature), Terrestrial Ecoregions (terr_ecosystems). All maps are based on the
World Geodetic System (WGS) 1984 projection].
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provided in Table 1. Table 1
List of covariate layers used to map soil classes across Botswana.
2.2. Modelling and mapping aspects Covariate Full Abbreviation Spatial Unit of Source
ng pping asp D
Name Resolution Measurement
Botswana already has an existing soil class map from the 1990s [51]. Above Ground ~ agb 100 m Megagrams https://
This map provides coarse scale information at 1: 1000000 (~10000 m), Biomass Per Hectare catalogue.ce
with vector polygons displayed as crisp boundaries separating distinct ddl/;sl;l;/ ‘:‘
. . . 1 C
soil classes [52]. For a resolution of ~10000 m, each centimeter on the 1869493
map represents 10 km in real distance. However, to relate pedodiversity 5bSeb1b83
and elevation across scales, we needed a fine-scale map for detailed 6f8291b8
analysis. So, rather than relying on the current coarse-scale conventional Aspect aspect 90 m Degrees https://srtm.
soil class map, we mapped our high-resolution soil class map using a ;:;g]‘"'
Random Forest (RF) model. Modelling using RF is considered suitable Bare Soil Index  bsi 90 m Unitless [46]
for soil class mapping because of its robustness, and ability to produce Carbonate cbi 90 m Unitless [471
reliable predictions, especially for non-linear relationships [53-56]. Index
Nonetheless, we cannot exclude recent advancements and successes in gay Efiex ' < 38 m Enfgess ]V:'//
. . e s a’ ineral cmr m nitless neep: ro.
soil class modelling, such as the use of artificial neural networks — ANNs R v ) .L L .p
atio arcgis.com/
[57-59]. en/p
We adopted the standard DSM approach, specifically the SCORPAN ro-app/help/
model, proposed by McBratney et al. [60] to fit an RF model, hence data/ima
generating a high-resolution countrywide soil class map at 90 x 90 m/ lglig?c/cs—g?
pixel (Fig. 3A). Based on the SCORPAN model, our covariates had to flery.htm
represent soil (S), climatic (C), organism/vegetation (O), relief (R), Distance from dfhe 90 m Meters [48]
parent material (P), age/time factor (A), and space/geographical posi- The Highest
tion (N). Also, we decided to select several covariates to better charac- Elevation
. 1. . . . Distance from dfle 90 m Meters [48]
terize soil diversity across Botswana, a massive landmass. Also, this Lowest
ensured our RF model adapted effectively to landscape variations and Elevation
remained flexible given varying contributions of covariates. The model Elevation elevation 90 m Meters https://srtm.
employed the soil class observational point data (n = 2060) intersected csi.cgiar.
. . . . . org/
with the covar%ates. in Fig. 2B. We used the randomForest Package 11.1 the Two.Band evia %0 m Unitless https://
software R to fit this RF model [61]. Our RF model was validated using a Enhanced developers.
nested cross-validation approach, ensuring all the observational data Vegetation google.com/
was used. The nested cross-validation approach has proven reliable for Index earth-eng
reducing model bias and ensuring optimal hyperparameter tuning, “;e/ d"ll“‘s/et
. . . s/catalog,
especially in cases where the dataset is somewhat small [62]. The model LANDS A&T
accuracy results for our RF model showed an overall accuracy (OA) of L.C08_C02.
56.2 + 3.3 % and a kappa statistic (KS) of 39.7 + 4.6 % respectively. T1.12
Our RF model’s overall accuracy result mirrored other national scale Extractable extractable fe 30 m Parts Per https://
results (i.e., OA ranging from 40 to 70 %) previously published [58, fron Million Wl‘f\n";;:iin/
63-65]. We then used our RF model to map the soil classes across isdasoil/
Botswana based on the covariate stack (Fig. 2B, Table 1) at the desired Human hfp_2013 1 km Unitless https://dat
90 m resolution. Footprints adryad.or
With the countrywide 90 m resolution soil class map (Fig. 3A), we 8/stash/dat
. L . . aset
then estimated pedodiversity (Fig. 3B) as a continuum based on the ;Zf 10,5
RaO’s quadratic entropy index method [66]. This method employs a 061/dryad.
moving window of N pixels, in our case 9 pixels for robustness, that 3tx95x6d9
traverses the countrywide soil class map to compute diversity estimates Iron Oxide for 90 m Unitless http://pro.
for all pixels [18]. Higher and lower diversity estimates represented Ratio Z;"/?‘C“m/
higher and lower soil diversity, respectively. In addition to the moving ro-app/help/
window, this method explicitly considers the spatial distance between data/ima
pixels while computing diversity, ensuring that the resulting map rep- gery/
resents a continuous range of values [18]. We used the Euclidean dis- indices-ga
tance metric because of its simplicity and interpretability [67]. We llery htm
§ X plicity K P N Y ' Aeromagnetics magnetics 50 m Nanoteslas http
present the final RaO’s quadratic entropy index equation here: s://www.bg
n n i.org.bw/
RaO QFE = Didss Modified Soil msavi 90 m Unitless https://
Q ; jzzlplpj v Adjusted developers.
Vegetation google.com/
Wh Index earth-eng
ere: .
ine/dataset
n = The sum of soil classes across Botswana. s/catalog/
pi and p; = relative abundance of soil classes i and j across Botswana. LANDSAT_
;i = The distance metric (e.g., Euclidean, Cosine, etc.) used between #f()ISZ,COZ,
soil classes i and j. . . X . X Normalized ndvi 90 m Unitless lmi)s://
For further details and mathematical proofs regarding this equation, Difference developers.

we refer to Rocchini et al. [66]. Since we wanted to examine the
pedodiversity-elevation  relationship, we also obtained an

(continued on next page)
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Table 1 (continued)

Unit of
Measurement

Covariate Full Abbreviation Spatial Source

Name Resolution

Vegetation google.com/
Index earth-eng
ine/dataset
s/catalog/
LANDSAT_
LC08_C02_
T1.L2
https://
developers.

Normalized ndwi 90 m Unitless
Difference

Water Index google.com/
earth-eng
ine/dataset
s/catalog/
LANDSAT_
LC08_C02_
T1.L2
https://bit
bucket.org

Longitude X-axis 90 m Degrees
/abmoeller
/oge/src
/master
/rPackag
e/0GC/
https://bit
bucket.org

Latitude y-axis 90 m Degrees
/abmoeller
/oge/src
/master
/rPackag
e/0GC/

Millimeters htt
ps://wWww.

Long-Term rainfall 1 km
Mean Monthly
Rainfall worldclim.
org/data/i
ndex.html
https://srtm.
csi.cgiar.
org/
Soil Adjusted savi 90 m https://
Vegetation developers.
Index google.com/
earth-eng

Roughness roughness 90 m Degrees

Unitless

ine/dataset
s/catalog/
LANDSAT_
LC08_C02_
T1.L2
[49,50]
https://srtm.
csi.cgiar.
org/
Degrees htt
Celsius ps://WwWw.
worldclim.
org/data/i
ndex.html
Unitless https
://WWW.Wor
ldwildlife.

Unitless
Degrees

Salinity Index si 90 m
Slope slope 90 m

Long-Term
Mean Monthly
Temperature

temperature 1 km

Terrestrial
Ecoregions

terr_ecosystems ~ ~ 1:
111000*

org/publi
cations/terr
estrial-ecor
egions-of-th
e-world

Footnote: All covariates except for the terrestrial ecoregions* map were
resampled via the bilinear method to a common 90m resolution in the software
R. The terrestrial ecoregions map was a multi-polygon vector layer which was
first rasterized through the Rasterize function in QGIS Open Software and then
resampled to 90m resolution via the nearest-neighbor method in the software R.
Following the SCORPAN factors we group our covariates as follows: Soil (S): bsi,
cbi, ci, cmr, extractable_fe, and si. Climate (C): rainfall and temperature. Or-
ganism/Vegetation (O): agb, evi2, hfp_2013, savi, msavi, ndvi, and ndwi. Relief
(R): aspect, elevation, roughness, and slope. Parent Material (P): ior and
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magnetics. Age/Time Factor (A): terr_ecosystems. Space/Geographical Position
(N): dfhe, dfle, x-axis and y-axis.

equal-resolution elevation map of Botswana from the Shuttle Radar
Topography Mission (SRTM) (Figs. 2B and 3C). Using a bivariate map-
ping approach [68], we overlayed both countrywide 90 m resolution
pedodiversity and elevation maps to visualize their spatial covariation
(i.e., high versus low-value assortment per variable) (Fig. 3D). Details on
this approach are fully discussed in our previous study [69].

Having both countrywide 90 m resolution pedodiversity and eleva-
tion maps, we also created equivalent resolution maps for the two dis-
tricts (Central and Southern) by masking each based on their shapefile.
These two districts were chosen since they are the most populous regions
in Botswana, and most landscape-related decisions are first bench-
marked here before being implemented in other districts due to their
widely diverse ecological contexts. We now had 90 m resolution maps
for the entire country, including the Central and Southern districts. To
account for differences in spatial resolutions, the 90 m resolution maps
of pedodiversity and elevation across extents were aggregated to pixel
sizes of 900, 9000, and 90,000 m, respectively. Such map aggregation
involved taking the original 90 m resolution maps and multiplying them
each time by powers of ten. For instance, 90 x 10 ' = 900 m, 90 x 10?
= 9000 m, and 90 x 10 ® = 90,000 m, respectively across the different
spatial extents [30,31,70] . Next, using the geo-locations (i.e., x and y
coordinates) of the initial observational point data (n = 2060), we
extracted the pedodiversity and elevation information per spatial extent
as well as resolution. We should highlight here that as the spatial extent
reduced, so did the number of observations due to the border shapefile
effect. The countrywide extent included all n = 2060 observations,
which were reduced to n = 633 for the Central district and n = 100 for
the Southern district respectively.

The datasets we extracted were now used to relate pedodiversity and
elevation across different spatial extents and resolutions. We used the
Generalized Linear Model (GLM) and Geographically Weighted
Regression Model (GWR) for this purpose. These models are inherently
interpretable, allowing us to measure the strength (coefficient of
determination) and direction (positive or negative) of the relationships
between variables [71,72]. For the GLM, we fit a regression equation
relating the two variables (pedodiversity ~ elevation, family =
Gaussian) using the glm function from the MASS package in R [73]. We
fit the GWR using the gwss function in the R package GWmodel [74,75].
The GWR enabled us to explore the spatial structures (i.e., local mean
estimates) and relationships (i.e., local Pearson correlation estimates) of
the two variables. For the GWR, we adopted the adaptive bandwidth,
which is more flexible to the density of observations than a fixed
bandwidth [76]. Here, we relied on domain or expert knowledge—also
emphasized by [76]—to assign an appropriate bandwidth, keeping in
mind that soil processes rely not just on nearby components but also on
those farthest away. So, we first defined a fair number of neighbors,
ranging from 30 to 50, based on the adequacy of our datasets and the
need for robust estimates independent of distance or adaptive radius.
Though computational to test different neighbors, the results main-
tained rather consistent spatial patterns, with slightly better outcomes
near the 50-mark range. For this reason, we chose to settle for a band-
width value somewhat less than 50. Once again, we refer to the work-
flow (Fig. 1) for clarity on the study’s methodological procedures.

3. Results and discussion

Together, our findings show that the connection between pedogen-
esis factors, like elevation with pedodiversity is significantly affected by
changes in spatial scale (i.e., extent and resolution). The relationship
becomes stronger as the area’s spatial extent and resolution decrease,
such as in the case of the Southern district. Our findings support the
importance of considering spatial scale when analyzing the relationship
between pedodiversity and elevation, as both factors are closely linked
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Fig. 3. Pedodiversity — elevation interplay in Botswana. (a) The random forest (RF) soil class map at 90 m x 90 m pixels with overall accuracy (OA) = 56.2 + 3.3 %
and kappa statistic (KS) = 39.7 + 4.6 %, (b) RaO’s quadratic entropy index documenting the alpha () diversity of the soil classes at 90 m x 90 m pixels, (c) The
Shuttle Radar Topography Mission (SRTM) elevation layer at 90 m x 90 m pixels and (d) overlaps between the pedodiversity and elevation maps. [Note: Covariation
between pedodiversity and elevation represent regions with low elevation-low pedodiversity (grey shade), low elevation-high pedodiversity (purple shade), high
elevation-low pedodiversity (orange/yellow shade), and high elevation-high pedodiversity (brown/wine shade). All maps are based on the World Geodetic System
(WGS) 1984 projection].
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to various landscape features like vegetation. This underlines the need
for stakeholders to develop landscape policies and frameworks that
address multiple scales to effectively plan and make decisions.

3.1. Spatial covariation between pedodiversity and elevation

Elevation significantly influences the distribution of pedodiversity in
Botswana. This was highlighted as one of the most important covariates
in our RF model variable importance plot (refer to Fig. S1). Our analysis
of the spatial covariation map revealed that the relationship between
pedodiversity and elevation varies greatly across Botswana (Fig. 3D).
Upon further investigation, we observed that the hardveld region in
eastern Botswana exhibits higher pedodiversity (depicted by a purple
shade) compared to the sandveld region in the west (depicted by an
orange/yellow shade). This observation aligns with our expectation that
the hardveld region’s diverse soil classes contribute to its higher pedo-
diversity compared to the sandveld region [40]. Moreover, this also
reflects distinct land cover types and optimal climatic conditions
(Fig. 2B; Ringrose et al., 2002). Soils in the hardveld region are highly
fertile allowing them to sustain more vegetation cover as well as human
activities including cultivation and livestock rearing [42]. Meanwhile,
the sandveld had low pedodiversity observed from the Arenosol deposit,
which dominates most of the country. Most arid regions exhibit slower
pedogenic activity [77] due to many factors (e.g., erratic climatic con-
ditions, and low vegetation cover), resulting in less diverse soils. How-
ever, this does not imply that arid soils do not undergo pedogenic
processes, certain processes, like eluviation and salinization, may be in
effect [78]. Meanwhile, elevation varied widely though showing mostly
high values towards the western sandveld region.

In our observation of the two districts, we noticed that distinct soil
classes corresponded with the spatial patterns of vegetation, climate,
and elevation (refer to Figs. 2 and 3). The Central district contains most
of the soil classes found in Botswana, such as Solonchaks, Solonets,
Leptosols, Regosols, Lixisols, Luvisols, Vertisols, and Arenosols, result-
ing in higher pedodiversity. This district is more vegetated than the
Southern district, and it has a higher proportion of lowlands compared
to highlands (Fig. 3D). These lowlands are crucial for soil processes, such
as soil carbon storage and sequestration, and they also help reduce the
potential effects of erosion and land degradation. Meanwhile, the
Southern district is characterized by soil classes like Acrisols and Nitisols
that are not found in the Central district and it mostly undulates on
highlands ranging between 1000 and 1300 m above sea level (Fig. 3D).
High elevation may impact climatic conditions, influencing different soil
processes such as organic matter decomposition or nutrient fluxes which
strongly depend on temperature and rainfall variation or patterns
[79-81]. The two districts receive different temperature and precipita-
tion levels (Fig. 2B). While the Central district experiences high and low
annual mean temperature variations depending on location, with typi-
cally moderate annual mean precipitation amounts between 400 and
700 mm per year, the Southern district has lower annual temperatures
yet higher precipitation levels of about 800 mm. Precipitation affects
different soil nutrient balances while also ensuring soils retain ample
moisture to sustain plant growth [82,83]. Invariably, different factors
are bound to affect pedodiversity and its response to elevational changes
in these two districts.

3.2. Pedodiversity-elevation relationships inferred through statistical
models

Our GWR results demonstrated that as the spatial resolution
decreased, the local correlation between pedodiversity and elevation
observational point data increased significantly. This phenomenon
could not be attributed to the differences in spatial extent, as evidenced
by Figs. 4, 5, and 6. Meanwhile, our GLMs for Botswana and the Central
district unequivocally indicated a negative correlation between pedo-
diversity and elevation across various spatial resolutions (Figs. 4, 5, and
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7). In contrast, for the Southern district, a clear positive correlation was
observed (Figs. 6 and 7). Consistent with previous findings [9], our
research in Botswana revealed a consistent decrease in pedodiversity as
elevation increased. Across different spatial extents, this relationship
became distinctly stronger as the spatial resolution decreased, display-
ing either positive or negative correlations, with R? values ranging from
0.00048 to 0.017 (National), 0.007 to 0.015 (Central), and 0.061 to
0.650 (Southern). Notably, the wide range of R? values indicates that the
relationship between pedodiversity and elevation is weak for larger
extents (Botswana) compared to smaller ones (Southern district). These
results are linked to spatial averaging effects [84], leading to more
simplified spatial distributions of pedodiversity and elevation
throughout the country compared to within specific districts (see
Fig. S2). Nevertheless, we acknowledge the imperative need for further
research to seamlessly grasp the impact of spatial averaging effects on
pedodiversity-elevation relationships. Such understanding will un-
doubtedly facilitate generalizing results across different scales and
contribute to methodological advancements in comprehending and
analyzing this significant relationship. We should also emphasize here
that, a 90,000 m resolution is insufficient to capture the variability in
the pedodiversity-elevation relationship specifically at the smallest
extent (i.e., southern district). However, by intentionally pushing the
resolution to its limits, we also show the potential biases and limitations
of using coarse resolutions for such small spatial extents when modelling
pedodiversity or pedodiversity-elevation relationships. Here, our find-
ings suggest that finer resolutions are necessary to accurately capture
the variability at this extent. We also support our GWR and GLM model
results through a non-parametric Spearman correlation approach which
happens to capture fairly comparable relationships (Fig. 8).

Our findings show significant differences in landscape changes and
variability across different spatial extents. We know that the distribution
of pedodiversity does not only rely on elevation but also on a complex
landscape system that involves various additional factors such as local
human activities like agriculture. Elevation is a factor that affects soil on
a local to medium scale. However, as mentioned earlier, other factors
such as land cover types, which are primarily local, may also play a
crucial role in driving pedodiversity, especially at the district level.
These local-scale factors may have contrasting effects on pedodiversity.
For example, there is evidence of pedodiversity reduction due to human-
related alterations in a small town in Sicily, Italy [85]. It was found that
soils once composed of different subgroups of Mollisol, Entisol, and
Alfisol were now largely converted to a single anthropogenic soil class
owing to prolonged cultivation. In contrast, some cultivation practices,
including cover cropping and rotational cropping may favour overall
soil quality [86] as well as limit soil erosion through runoff under steep
slopes as shown by Duran Zuazo et al. [87]. These cropping systems
when applied continuously have been shown to improve the chemical,
biological, and physical properties of soil under different elevation
gradients, all of which boost its capacity to function optimally [88,89].
By optimally, we mean the soil’s ability to support key ecosystem ser-
vices including controlling erosion facilitated by good structure or
particle aggregation, nutrient cycling, and climate regulation [90]. All
these are expected to affect pedodiversity locally, here particularly in
the two districts.

Aside from land cover-related issues, localized landscape differences
which comprise factors like aspect, slope variation, and microclimatic
conditions [91] may result in variances in soils observed especially at
the district levels. Such differences are important for vegetation (e.g.,
annual grasses), which usually follow similar distributional patterns like
microclimatic conditions, elevation, slope, and aspect [91,92]. Vegeta-
tion cover may reduce the chances of erosion by ensuring soil particles
remain tightly held together hence limiting potential negative impacts
on pedodiversity especially in hilly as well as semi-arid settings [93,94].
Meanwhile, microclimatic conditions may be associated with suitable
conditions including enough sunlight, greater water availability, active
soil microbial activity, and balanced nutrient amounts that enable the
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Fig. 4. National pedodiversity elevational relationships via generalized linear models (GLMs) across spatial resolution and corresponding geographically weighted
(GWR) local summary statistical maps showing observational data point locations (n = 2060). [Note: Images A to D represent different spatial resolutions, 90 to
90,000 m respectively. The geographically weighted statistics from the maps are based on the default Gaussian kernel with a bandwidth of 48. Maps are based on the
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support of biological groups ranging from mega- to micro-fauna and
flora [95]. These suitable conditions may foster diverse, resilient, and
highly fertile soils under varying elevations, hence contributing posi-
tively to pedodiversity. Microclimates are reliable in protecting forest
biodiversity from climate change [96].

The Central district, being closer to the equator than the Southern
district, supports greater plant cover (Fig. 2B) and consequently, more
diverse soils due to higher solar energy reception [97]. Nonetheless, we
also assume the same for the Southern district’s most elevated areas
(1250 to 1300 m; Fig. 2A), because certain plants growing at these al-
titudes may have access to enough solar energy. This may explain why
some of the high-altitude areas of the Southern district have more
diverse soils (Fig. 3B), apart from favourable climatic conditions
(Fig. 2B). Plants use solar energy to produce their food through photo-
synthesis. This in turn supports plant growth. As plants develop, they
contribute carbon both above- and below-ground through litterfall and
rhizodeposition [98,99]. These processes promote the formation of
nutrient-rich soils [100,101], and eventually diverse soils. Overall, even
with varying spatial resolution, these different factors are expected to
influence the pedodiversity-elevation relationship reported countrywide
and across the two districts.

3.3. Semi-arid region characteristics in pedodiversity-elevation
relationship

Semi-arid regions like Botswana are characterized by sparse vege-
tation patterns, recurrent soil erosion and deposition events, greatly
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varying soil moisture regimes, and erratic climate conditions. These
affect the pedodiversity-elevation relationship in various ways. For
instance, sparsely vegetated areas have lower plant cover which reduces
soil protection. This exposes soils, leaving them more vulnerable to
agents of erosion (e.g., wind). In high-elevation areas, such exposure
accelerates soil erosion, often leading to rapid deposition. Pedodiversity-
elevation relationship is also affected by soil moisture regimes and
ambient climatic conditions. As elevation increases, both ambient and
soil temperatures become slightly cooler. Such cool temperatures affect
microclimatic conditions and eventually soil composition. Together,
these characteristics contribute to the diversity of soils in semi-arid
regions.

3.4. Implications for operational purposes

Our results corroborate the following operational considerations: (1)
the need to support the development and implementation of scale-
specific interventions for conserving soils under elevational variations.
Such interventions are critical in identifying areas where elevation
might contribute to soil loss through processes like erosion. Scale-
specific targeting of these areas may allow for the conservation of
soils and other landscape features that are closely related to soils (e.g.,
vegetation). Given our findings, particularly regarding the large spatial
extents (i.e., countrywide, and Central district), conservation efforts
could focus on limiting soil degradation at higher elevations where
pedodiversity is low. Meanwhile, for the small spatial extent where a
positive relationship between pedodiversity and elevation is shown,
conservation efforts might be directed toward safeguarding and
enhancing diverse soils in higher-elevation regions. This brings up
another key point (2) biodiversity conservation, which can be effectively
achieved through landscape restoration programs aimed at safeguarding
and enhancing the soil quality across different elevational scenarios. For
the fine spatial resolution where a positive relationship between pedo-
diversity and elevation is shown (i.e., Southern district), focused efforts
to protect and conserve critical habitats could be put in place to ensure
long-term benefit from natural resources (i.e., soils, vegetation). Again,
soil erosion is a pressing issue, thus, (3) emphasizing erosion control,
which is critical for semi-arid regions due to their vulnerability to cli-
matic extremes (e.g., high maximum temperatures, aridity, drought) can
help to ensure that different soils under varied elevational patterns are
targeted to reduce any form of soil or sediment loss. Such losses may
alter the soil’s composition, thereby reducing pedodiversity. For all
spatial extents, high pedodiversity regions require stringent measures
limiting erosion and degradation of soils, while more generalized
erosion strategies could be adopted for regions with lower
pedodiversity.

4. Conclusion

Our study shows that the relationship between pedodiversity and
elevation is highly dependent on the spatial scale, both the extent of an
area and resolution. Specifically, we show that as both spatial resolution
and extent decrease, the pedodiversity-elevation relationship
strengthens. This relationship shifts from a negative to a positive cor-
relation, capturing major environmental heterogeneity. These findings
suggest that landscape management strategies in semi-arid regions
should account for spatial scale to reliably monitor pedodiversity
changes driven by elevation. This way, policy, and decision-makers can
be able to account for variations in local scale factors, such as land use,
microclimatic conditions, and slope. Overall, this study advances our
understanding of scale-dependent pedodiversity-elevation relationships.
Also, underscoring the importance of integrating scale for soil man-
agement and monitoring efforts in semi-arid settings.
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map of Botswana are available for download at: https://doi.org/10.5
281/zenodo.14246108. We used most of the legacy soil class observa-
tional point data obtained from ISRIC Data Hub: https://data.isric.
org/geonetwork/srv/eng/catalog.search#/metadata/b88870b4-6af8
~4e78-a3ac-38871d757525. The remaining observational data were soil
class centroids validated by Botswana’s Ministry of Agriculture as part of
the Botswana Range Inventory and Monitoring Project (BRIMP). The
GWR codes were modified from: https://zia207.github.io/geospatial-
r-github.io/geographically-weighted-summary-statistics.html. The map
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covariation code was adopted from: https://gist.github.com/scb

rown86,/2779137a9378df7b60afd23e0c45¢188.

The nested cross-

validation code was modified from: https://dionysus.psych.wisc.
edu/iaml_2020/unit-04.html#nested-cross-validation. The soil class
mapping code was modified from: https://link.springer.com/book/
10.1007/978-3-319-44327-0.

Appendix A. Supporting information

Supplementary data associated with this article can be found in the
online version at doi:10.1016/j.geomat.2024.100037.
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