The importance of hydrologic refugia for the

diversity of the Cape Flora

Supervisor: Dr Jasper Slingsby

Co-supervisor: Professor Tony Verboom



The copyright of this thesis vests in the author. No
guotation from it or information derived from it is to be
published without full acknowledgement of the source.
The thesis is to be used for private study or non-
commercial research purposes only.

Published by the University of Cape Town (UCT) in terms
of the non-exclusive license granted to UCT by the author.



Abstract

Refugia are sites with more stable climate and hydrology than the surrounding area. There is
growing recognition of the need to conserve refugia due to their role in harboring rare and
endemic plants that might otherwise be prone to extinction due to global change. These sites
are considered crucial for preserving species richness in the Cape Floristic Region (CFR) of
South Africa, an area renowned for its exceptional plant species diversity and endemism,
which is increasingly threatened by the impacts of global change. Despite the importance of
refugia in the CFR, very little is known about their distribution. To fill this knowledge gap, I
identify the distribution and character of refugia (mesic or xeric) by mapping total species
richness (TSR), the distribution of widespread species (WS), narrow-range endemics (NREs),
and wetland dependent narrow-range endemics (WD-NREs) and explore the environmental
correlates of these distributions. I make use of Quarter degree square grid cells as a measuring
unit, which are larger (~20 km across), than the scale at which microrefugia typically occur,
however, the broad environmental heterogeneity within these units provides a meaningful
basis for identifying potential refugial areas. From this study I find that the spatial
distributions of TSR, WS, NREs and WD-NREs exhibited topographic and longitudinal
gradients, with more species found in the southwestern CFR and in the mountains.
Differences were observed in their correlates, where productivity, environmental stability
explained TSR and WS, whereas environmental heterogeneity and environmental stability
explained NREs and WD-NREs. Hydrological stability (such as groundwater-fed wetlands
and seeps) and climatic stability (climatic stability index) have been documented to be
indicators of refugia. Where hydrologic refugia provide broad-scale stable conditions for
endemics and were found to play a significant role in maintaining persistence species in the
CFR. These refugial sites face significant threats from groundwater abstraction, invasive
species, and global change, highlighting the need for detailed fine-scale mapping and
conservation of microrefugia within the broader refugial areas. Protecting these sites is

essential for conserving biodiversity and ecosystem function in the CFR.
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Introduction

The term “refugium” has been used increasingly in the scientific literature to refer to an area
which provides buffering capacity against environmental fluctuations and is resilient to
disturbances (Bennet and Provan, 2008; Harrison and Noss, 2017). A growing body of work
suggests that various forms of refugium contribute to preserving biodiversity (Harrison and
Noss, 2017). Moreover, there is reason to believe that sites which have historically been
climatically stable, and so functioned as refugia in the past, will continue to buffer species
against future climate fluctuations by providing cooler and/or wetter habitats (Loarie ef al.,
2008; Keppel et al., 2017; McLaughlin et al., 2017). As such, refugia have been identified as
priority sites for biodiversity conservation in the face of a changing climate (Noss, 2001;
Taberlet and Cheddadi, 2002; Loarie et al., 2008). Identifying and mapping refugia is
challenging, because they are at times not detectable at the scale of most readily available
datasets relating to biodiversity, climate and other environmental variables, resulting in
exaggerated predictions of extinction risk (Randin et al., 2009; Austin and Van Niel, 2011;
Franklin et al., 2013). However, one expectation is that species’ persistence through past
climate change should result in historical refugia accumulating greater numbers of species,
especially narrow range endemics (NREs; Harrison and Noss 2017). While this notion holds
at global extents and for broader scale “macrorefugia” (Sandel et al., 2011; Cai et al., 2023),
it is less well explored within smaller regions and for finer scale “microrefugia” (<1km)- the
scale at which most conservation planning and action takes place (Rull, 2009; Mee & Moore,

2014).

A range of methods have been used to identify refugia using climate or biological data, or
both (Keppel ef al., 2012; Morelli et al., 2016). Ultimately, the best approach depends on the
scale and resolution of the analysis and the data available. Global analyses typically identify
regional “macrorefugia” (Harrison and Noss 2017) based on long-term climatic stability
(Jansson, 2003; Gémez and Lunt, 2007; Sandel et al., 2011). This approach is less useful at
finer scales where “microrefugia”, with favourable local environmental features that allow
small populations to survive in otherwise unfavourable regional environmental conditions
(Rull, 2009), may be maintained by microtopographic and hydrological landscape features
(Morelli et al., 2016; McLaughlin et al., 2017; Ackerly et al., 2020; Cartwright et al., 2020).
In such cases, useful indicators of refugia include areas of greater genetic diversity (Carnaval
et al., 2009). or the presence of relict populations of species that are typical of cooler regions

(Tang et al., 2018). While endemism is often used as an indicator in global analyses and



studies of microrefugia (Jansson, 2003; Sandel et al., 2011), it appears to be less commonly
used in regional studies of microrefugia, possibly because it is a less useful indicator in
regions that have been subject to glaciation and/or have few NRE species, or because we

rarely have suitable data at fine enough spatial scales.

NRE:s are defined as species which occupy restricted geographic ranges because of niche
specialisation, limited dispersal ability, and/or reduced adaptive capacity (Picker and
Samways, 1996; Chichorro et al., 2019; Manes et al., 2021). NREs have become a point of
interest for conservation due to their rarity and influence on the global extinction rate, as their
limited geographic range and specialised niche requirements may make them especially
prone to extinction (Linder, 1995; Myers ef al., 2000). Thomas et al., (2004) estimated that
more than one million species, mainly those with narrow ranges, could become extinct by
2050 due to global climate change. These predictions are heightened for water-limited
regions (e.g. Mediterranean climate regions) where climate change is expected to shift the
water-balance towards more xeric conditions (Flint and Flint, 2012; Dobrowski et al., 2013).
However, Thomas et al., (2004) modelled species range shifts using data for macroclimates,
which would not necessarily account for the buffering effect of microrefugia, so some NREs
may not be as vulnerable as suggested. Ascertaining where NREs are supported by
microrefugia or not is critical for the management of the microenvironments and species in

question.

Identifying microrefugia and their importance for maintaining biodiversity is challenged by
the spatial scale of available data and the conflation of micro- and macro- scale processes.
While the distribution of NREs may be a useful proxy for refugia, it is difficult to tease apart
the influence of microenvironments (microrefugia) relative to broader macroclimatic stability
(macrorefugia). NREs usually inhabit areas that have remained stable over long periods of
time, but this stability may be due to macroclimate, microenvironments, or both (Isik, 2011;
Harrison and Noss, 2017; McLaughlin et al., 2017). In general, refugia have been linked to
modern-day hotspots of both genetic and species diversity (Carnaval ef al., 2009), with
climatic stability and environmental heterogeneity implicated as contributors of high
concentrations of paleo-endemics and neo-endemics in regions such as south-western
Australia (Hopper and Gioia, 2004), the North American Coastal Plain (Sorrie and Weakley,
2001) and the Cape region of South Africa (Linder, 2008). While climatic stability is
generally inferred from coarse macroclimatic data, it can be affected at fine scales by

topographically mediated microclimates and other microenvironments that may



support hydrological refugia (McLaughlin et al. 2017). Similarly, environmental
heterogeneity may act to buffer species against changing climate by reducing climate
velocities (Loarie et al. 2009) but may also support more microenvironments with
potential to act as microrefugia. Untangling the roles of microenvironments versus
stable macroclimate in the creation and maintenance of global biodiversity hotspots
may be key to their conservation, as the management options for mitigation and

adaptation differ between the two scales.

In the absence of fine-scale data it is impossible to map and examine fine-scale environments
that may act as microrefugia, but there are ways to infer the potential importance of
microrefugia from course-scale data. Firstly, the distribution of total species richness (TSR)
and NRE richness may show differences in their response to environmental drivers that
reveal information about their respective genesis and maintenance. These differences may be
more pronounced if one examines the subset of non-endemic widespread species (WS)
richness independently. This approach is somewhat marred in that the three sets will always
be related to some degree since TSR = NRE richness + WS richness, and the split between
NRE and WS is somewhat subjective. Secondly, one may learn about the role of specific
microenvironments in supporting microrefugia by exploring patterns of NREs with known
habitat associations. For instance, when an environment is consistently wetter and cooler than
the regional climate and allows species to survive and thrive over long periods of time, we
characterize those sites as hydrological refugia (McLaughlin ef a/, 2017; Cartwright and
Johnson, 2018; Cartwright ef al., 2020). By mapping and analysing the richness patterns of
narrow-range endemic species that depend on habitats such as wetlands relative to TSR or
WS richness, there is the potential to reveal the distribution and determinants of microrefugia

(Ashcroft, 2010).

Using patterns of NRE richness across an entire flora to identify and map microrefugia is not
new (Tribsch and Schonswetter 2003; Weber et al., 2014). However, this approach comes
with challenges of untangling the individual drivers of TSR and NRE richness, because NRE
richness and TSR often respond to the same drivers and/or they depend on each other,
although the direction of this dependency is not always clear (Eriksson, 1993; Ricklefs and
Schluter, 1993). The relationship between NRE richness and TSR is often examined by
regressing the former against the latter (Cornell and Lawton, 1992, Cornell, 1993; Ricklefs
and Schluter, 1993). At low values of TSR, NRE richness may increase as TSR increases.

However, as TSR continues to increase, NRE richness may either keep increasing, level off



and reach an asymptote, or become independent of further increases in TSR (Cornell and
Lawton 1992, Cornell, 1993). The relationship between NRE richness and TSR is important
to understand, because it may inform the extent to which NREs contribute to TSR (Cornell
and Lawton, 1992; Cornell, 1993). It becomes challenging to distinguish the drivers of TSR
and NRE richness, particularly in biodiversity hotspots that have been identified as potential
refugia sites, because their distributions may be highly correlated (Cornell and Lawton,
1992). Understanding the factors that differentiate and shape the distribution of NRE richness
and TSR in biodiversity hotspots requires a closer examination of classic species richness
drivers. It is within these contexts—where environmental stability (Dynesius and Jansson,
2000), productivity (O'Brien, 1993), and environmental heterogeneity (Kreft and Jetz, 2007
can also explain NRE richness patterns—and its links to refugia and its persistence (Harrison

and Noss, 2017).

Environmental stability

Long term stability of climate and hydrology are known to influence the persistence and
distribution of TSR and NRE richness (Dynesius and Jansson, 2000; Jansson, 2003; Jetz et
al., 2004; Cartwright and Johnson, 2018; McLaughlin et al., 2017). Climatic fluctuations
from the Pleistocene (i.e., last 3 Myr) had a detrimental effect on biodiversity, contributing to
widespread extinctions of flora and fauna (Hughes et al., 2013). However, regions that
experienced climatic stability during that period were less affected, leading to the
accumulation of TSR, paleoendemics and neoendemics (Keppel ef al., 2012; Harrison and
Noss, 2017). Similarly, hydrologically stable habitats (like seepages and bogs) also facilitate
the persistence and distribution of TSR and NREs especially in regions experiencing
increasing aridification (Morelli et al., 2016; McLaughlin ef al., 2017). These habitats
maintain stable all year-round hydrological flow which provides cooler and wetter conditions
that enable species to survive effects of climate change, essentially decoupling the habitat
from regional climate fluctuations (McLaughlin et al., 2017; Cartwright and Johnson, 2018).
Therefore, climatically and hydrologically stable environments are expected to support the
persistence of species with narrow ranges, despite otherwise unfavourable surrounding
environments (Rull, 2009; Sandel et al., 2011; Keppel et al., 2012; MoruetaHolme et al.,
2013; Hannah et al., 2014; Feng et al., 2016).



Numerous studies have highlighted the use of GIS climate grids (Hijmans et al., 2005), and
remote sensing tools for delimiting sites of hydrologic stability (Cartwright and Johnson,
2018). These tools can be used along with models to make inference on species distribution,
endemism and refugia (Harrison and Noss, 2017). However, the risk of using GIS and remote
sensing tools is that they often fail to capture the climate-forcing factors generated by habitat
features that decouple regional and local conditions (Grotch and MacCracken, 1991;
Ashcroft, 2010; Dobrowski, 2011). While, GIS and remote-sensing data are valuable, they
may not fully capture the intricate, localized climate-forcing factors that are essential for
identifying true microrefugia (Franklin et al., 2013; Keppel ef al., 2017). Therefore,
integrating detailed field studies and local floristic data is necessary to complement broader
scale climate models and improve our understanding of how environmental stability
potentially shapes biodiversity and refugia (Cartwright and Johnson, 2018; Linder, 2019;
Colville et al., 2020).

Environmental heterogeneity

Another potential driver of NRE richness and species richness is environmental
heterogeneity. This is the spatial or temporal variation in environmental conditions such as
soil composition, microclimatic conditions, and other physical and biological factors within a
given area (Ricklefs, 1977). A physically heterogeneous region directly influences species
richness by providing a variety of ecological niches that different species can exploit (Kreft
and Jetz, 2007; Laliberte et al., 2014; Stein et al., 2014). This creates opportunities for niche
partitioning, reduce competition, enhances evolutionary processes like speciation, increases
habitat complexity (Rosenzweig, 1995; Antonelli and Sanmartin, 2011), and promotes both
rare and endemic species (Stebbins and Major, 1965). Heterogeneous regions are more likely
to buffer species from adverse environmental conditions and periods of climate change,

which in turn promotes persistence (Kallimanis et al., 2010).

A spatially heterogeneous region has the potential to function as a refugium (Jansson, 2003;
Dobrowski, 2011). However, delimiting refugia and the extent to which environmental
heterogeneity contributes to these stable sites can be challenging, unless the refugia are
strongly associated with distinct environmental features, such as mountains and deep gorges
(Médail and Diadema, 2009). These sites may enable NREs to survive periods of climatic

oscillation while steep environmental gradients reduce the distance required to disperse into



more favourable environments (Dobrowski, 2011). This buffering effect of heterogeneous
landscapes on climate can be quantified using a metric termed climate change velocity
(Loarie et al. 2009). Climate change velocity is lowest where stable climates coincide with
mountain ranges, this is important to consider, because this is often used as an approach to
track species distribution shifts linking them to climatic variables and topography (Loarie et
al., 2008; 2009). There are other important aspects of environmental heterogeneity that are
not climate related (Harrison and Noss, 2017). Heterogeneity in environments is often
measured using a ruggedness index, most often applied to terrain/topography, but which can
be applied to other variables such as climate or soils, along with measures of the range and

roughness of the environmental variables (Cramer and Verboom, 2017).

Environmental productivity

Environmental productivity sometimes referred to as the “water and energy hypothesis” can
potentially explain patterns of TSR and endemism (O'Brien, 1993; 1998). For example,
habitat productivity is sometimes used to explain the latitudinal TSR gradients observed
globally, where the number of species in an area is associated with the ambient available
environmental energy (Gaston, 2000). However, the relationship between environmental
productivity and TSR is dependent on the spatial scale at which this relationship is studied.
For instance, at a relatively local scale, there is a marked tendency for a general hump-shaped
relationship between TSR and available energy, with TSR increasing from low to moderate
levels of energy and then declining again towards high levels of productivity when a
sufficient range of energy values are recorded (Rosenzweig and Abramsky, 1993;
Rosenzweig, 1995; Rosenzweig and Sandlin, 1997). The best correlates of productivity for
plants are measures of both heat and water (such as net primary productivity, mean annual

temperature and potential evapotranspiration; Wright, 1983; Currie ef al., 2004).

There are several potential mechanisms that link TSR and endemism patterns to
productivity. A possible mechanism is the more-individuals hypothesis (MIH; Currie
et al., 2004), which states that higher energy availability promotes a higher total
number of individuals in a community, which consequently increases species richness
by allowing for a greater number of species with viable populations (Srivastava and
Lawton, 1998). The MIH is also known as competitive exclusion theory (Grime,

1973), suggests that TSR within a community follows a U-shaped pattern in relation

10



to productivity. At lower levels of productivity, there is insufficient energy to support
a high number of species, limiting richness, while, at higher productivity levels,
competition intensifies, which can suppress TSR, as dominant species outcompete
others (Currie et al., 2004). Another possible mechanism that may drive TSR and
NREs through productivity is the rate-of-evolution theory (Rohde, 1992). This theory
states that evolution occurs more rapidly in more productive environments and that
this leads to greater rates of speciation and species accumulation (Rohde, 1992; Losos
and Schulter, 2000; Hubbell, 2001; Gillooly et al. 2005). All two theories agree at
high productivity NREs can potentially maintain larger populations (Mittelbach et al.,
2001) and be more resistant to extinction and indirectly drive genetic isolation
between local populations (Rohde, 1992; Willig et al., 2003).The Cape Floristic
Region of South Africa

The Cape Floristic Region (CFR) of South Africa has exceptional angiosperm species
diversity with 9400 species in an area of 90,000 km? and 68.8% endemism at the species
level (Manning and Goldblatt, 2012). While high plant species richness is typical of
Mediterranean-type ecosystems (Cowling ef al., 2015), the floristic richness and endemism of
the CFR is exceptional among these, being equal to or higher than comparable areas of
neotropical ecosystems (Latimer et al., 2005; Rundel ef al., 2016). The high endemism of the
CFR flora is associated mostly with fynbos, which is the dominant and most species-rich
vegetation in the region (Cowling ef al., 1992), covering half of its geographic area and

accounting for more than 80% of its species (Goldblatt, 1978; Linder, 2003).

The distribution of diversity and endemism in the CFR is not spatially homogeneous
(Cowling and Holmes, 1992; Cowling et al., 1997; Cowling et al., 2017). There are well
documented patterns of richness at a regional scale, the most notable of these being a
concentration of species in the west with a decline toward the east, this being attributed to a
longitudinal gradient in climatic stability (Levyns, 1964; Oliver ef al., 1983; Cowling et al.,
2017). There is also a topographic pattern, with species richness being greater at high
elevations, these areas being cooler, moister, and more climatically buffered (Cowling and
Holmes, 1992; Cowling et al., 1997). These longitudinal and elevational diversity gradients
observed are heavily influenced by rainfall as well as seasonality (Deacon et al., 1992).
Cowling et al., (1992, 1997), showed that western (winter-rainfall) landscapes (i.e. west of
21°E), had more than double the species richness of eastern (non-seasonal rainfall)

landscapes across all area sizes. Linder (1991) showed that the diversity in quarter-degree
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squares (QDS; 634-671 km?) was significantly positively correlated with elevation and range
in rainfall, both measures of environmental heterogeneity. Linder (2019) also showed that
range size variation in Restionaceae species was largely associated with conditions of
climatic stability. These studies highlight how heterogeneity as well as climatic stability has
driven TSR as well as NRE richness patterns in the CFR (Van Mazijk ef al., 2021; Wuést et
al., 2019; Linder, 2019). However, like Mediterranean ecosystems elsewhere, the CFR is

vulnerable to the current climate change occurring in the Anthropocene.

Climate data from the last century have shown that the CFR has become significantly warmer
(Midgley et al., 2003; Midgley et al., 2005; New et al., 2006) and is likely to depart from its
historical limits in the coming century (Mora, 2013). Slingsby et al., (2017) showed a
climate-driven decline in diversity and selection for species that are tolerant of hotter
temperatures. Thus identifying, mapping, monitoring, and forecasting species composition
and ecosystem function in specialised habitats like the CFR’s fynbos region is critical for
conserving the diverse Cape flora (Cowling and Lombard, 2002; Linder, 2019). Of particular
importance are refugial sites which, while functioning as important sites of species
persistence in the past, are not immune to the threat of global change, with moist
microenvironments that may act as hydrological refugia threatened by extreme regional
aridification, invasive species and water abstraction by humans (Slingsby et al., 2021; Boon
et al., 2023). Assessing the importance and location of these potential refugia, and how they

may change over time, will help us highlight specific locations for conservation action.

Study aims

The goals of this study are twofold. First, I seek to identify areas that may have historically
served as refugia (macro and micro) and may continue to do so in the future. To achieve this,
I will create distribution maps of TSR, widespread (WS), NRE and wetland-dependent NRE
(WD-NRE) richness. I anticipate that the results will align with previous studies that have
shown there to be higher species richness and endemism in the southwestern Cape (Cowling
and Holmes, 1992; Cowling et al., 1997; Cowling and Lombard, 2002; Cowling et al., 2017;
Linder, 2019).

Second, I evaluate the degree of covariation of WS, NRE and WD-NRE richness with TSR to
see if the factors determining variation in their distribution are similar or different among the
groups.
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Finally, to understand the factors that determine the richness of the different species sets and
to what extent these factors suggest a role of macro- or microrefugia, I test their relative
dependence on variables relating to environmental stability, environmental heterogeneity, and
productivity. Environmental stability has been documented to indicate patterns of refugia
(Harrison and Noss, 2017), thus we expect NREs and WD-NRE:s patterns in the CFR to be
driven by climatically and hydrologically stable sites, while we expect TSR and WS be
driven by environmental heterogeneity and climatic stability. To explore these relationships, I
fit a Bayesian hierarchical model to assess the correlations between environmental variables

and TSR, WS, NRE and WD-NRE richness, while accounting for spatial autocorrelation.
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Methods

Species data

Data assembly and preparation

A list of NRE vascular species in the CFR was assembled from various data sources. The
primary data source was the Plants of Southern Africa (POSA) online database, maintained
by the South African National Biodiversity Institute (SANBI). This database encompasses all
vascular plant species, derived from vegetation sampling and monitoring programs, as well as
herbarium collections. It contains 25163 unique species across 7440 unique quarter-degree
squares (QDS) in southern Africa. Only species with accurate and precise (<10 000 m
precision) localities were selected within each QDS using the filter() function in the tidyverse
package (v2.0.0; Wickham et al., 2019). The unit of sampling for this study was the QDS,
which varies in size and is roughly 27.4 km long and 27.4 km wide (QDS area roughly 634—
671 km?) in South African latitudes. This sampling unit was used to ensure a consistent and

standardised representation of spatial distribution.

Although microrefugia are typically understood to occur at much finer spatial scales (<1 km),
the use of QDS units in this study was necessitated by the resolution of available species
distribution data (e.g., POSA data). While environmental variables were available at a finer 1
km resolution, they were aggregated to match the spatial resolution of the species data. This
scale mismatch is acknowledged as a possible limitation; however, there is evidence that
plant diversity patterns at broader spatial scales can still reflect underlying fine-scale
ecological processes (Huston, 1999). Furthermore, each QDS has the potential to capture
considerable range of environmental conditions, and this heterogeneity itself is a strong
predictor of species and endemic richness (Stebbins and Major, 1965). Therefore, despite
their coarser resolution, QDS units may still be useful for identifying areas that exhibit

characteristics consistent with microrefugia.

To improve the completeness and representativeness of species richness data, two datasets
were integrated. The first, the POSA dataset, does not include all plant species—particularly
threatened species —which were censored to prevent risks such as poaching or

overharvesting. It is also important to note that most NREs are threatened and are species of
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concern, therefore, most NREs would not be found under the POSA database, hence the
inclusion of the threatened species dataset.

To address this gap, the addition records from SANBI Threatened Species Programme
(TSPP)were added. This data set, which was compiled by numerous research institutions and
conservation non-governmental organisations, comprised of 3239 unique species from the
Western, Eastern and Northern Cape listed as endangered, vulnerable, near threatened or
critically endangered according to the International Union for Conservation of Nature
(IUCN) Red List Categories or Critically Rare according to the SANBI Threatened Species

Programme - http://redlist.sanbi.org/redcat.php. The TSPP data was also cleaned to include

only species with accurate and precise (<10 000 m precision) localities using the filter()
function in the tidyverse package (v2.0.0; Wickham et al., 2019), to ensure that the TSPP data
mirrored the cleaning done on the POSA data and the two datasets had the same resolution.
The POSA and TSPP databases were consolidated using the anti_join() function from the
dplyr package (v1.0-16; Wickham et al., 2023), to return a full list of species within the CFR
without duplicating records that may have been in both the POSA and TSPP datasets. Finally,
the data were cropped with a mask of the CFR drawn in Google Earth™ as outlined in
Manning and Goldblatt (2012), to ensure the inclusion of vegetation types exclusive to the
CFR. This was done by overlapping the full species data and the CFR mask using the
st_intersection() from the sf package (v1.0-16; Pebesma, 2018), where the output was a list of
all species in the fynbos biome of the CFR. To complete the cropping of these data an
additional fynbos lithology layer raster file from the Rutherford ez al., (2006) study was used
to crop the data to only have fynbos vegetation, with the s¢_crop() function in the terra
package (v1.7-78; Hijmans ef al., 2024). The rationale here was that the Manning and
Goldblatt (2012) CFR layer did not fully cover the area, so it was necessary to add the
Rutherford et al., (2006) fynbos layer to crop it further to bring the extents into alignment.
Finally, the South African National Plant Checklist (SANPC) 40504 unique species
(including Mosses, Liverworts and Hornworts) was used to qualify species as invasive or
non-invasive. Invasive species in the SANPC dataset (1715 unique species), were matched to
the consolidated full TSPP and POSA species list in the CFR region so that invasive plants

could be removed from the latter using the anti_join() function.

Response variables

Four response variables were compiled, namely TSR, WS, NREs and WD-NREs richness. To

define NREs I used the South African Red List definition of range-restrictedness (Extent of
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occurrence <500 km?), which identified NREs as species whose ranges do not exceed four
species within a QDS (< /= 4). From these data, a set of NREs were identified and the
number of such species occurring in each QDS was determined using the summarise()

function.

To classify NREs as wetland-associated the Sieben et al., (2021) data was used. This data
included a list of facultative (generalists) and obligate (specialised) wetland species in
Southern Africa (4124 unique species). A total of 1607 species from the Sieben et al. (2021)
data was not classified as either facultative or obligate wetland species and removed from the
dataset. Species were classified as obligate wetland species (994 unique species) if they were
exclusively found in wet environments. Species that were collected in both wet and dry
habitats were considered facultative wetland species (1466 unique species). The
comprehensive species list, derived by Sieben et al., (2021), was compiled from two distinct
sources to ensure its completeness. The initial source involved herbarium data, where
descriptors indicative of wetland habitat (e.g., ‘wetland’, ‘moist’, ‘wet”) were sought on the
herbarium labels. This method may have overlooked some facultative (generalist) wetland
species that predominantly occur outside wetlands but still exhibit substantial coverage
within wetland extents (Sieben et al., 2017). To mitigate this limitation, Sieben et al., (2021)
incorporated a vegetation database from diverse wetland habitats across the country. This
dual-source approach aimed to provide a more comprehensive and robust list of wetland
dependent plant species (Sieben ef al., 2021).The Sieben et al., (2021) data were compared to
the full list of NREs found in the CFR using the /eft join() function in the dplyr package
(v1.0-16; Wickham et al., 2023), to determine NREs that are wetland-dependent. The TSR of
the CFR was retrieved from Van Mazijk (2021), while the WS were the difference between
TSR and NREs. Ultimately, four response variables were considered for spatial mapping and
analysis: TSR, WS, NRE and WD-NRE richness. Here each QDS (a total of 192), directly
corresponded to a count of the respective response variable within the CFR. Finally, spatial
heatmaps were constructed using the ggplot2 package (v3.5.1; Wickham et al,, 2016), to give
an indication of how each response variable is distributed per QDS. Scatterplots were also

generated to understand the association between all response variables.
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Environmental predictor variables

The covariates were split into three sets representing environmental stability, environmental
heterogeneity and productivity (Table 1). There were six productivity variables, describing
the availability of energy (mean annual temperature, MAT; potential evapotranspiration,
PET), water (mean annual precipitation, MAP; mean precipitation in the driest quarter,
MDAQ), and soil fertility (pH; extractable soil [P]). These variables were chosen from
WorldClim (Fick and Hijmans, 2017), Climatologies at high resolution for the Earth's land
surface (Karger et al., 2017; CHELSA) and Cramer et al (2019). There were three
environmental stability variables, including the climatic stability index from
HerrandoMoraira et al., (2022; CSI), cloud cover frequency (CloudFq) from Wilson & Jetz
(2016) and wetland percentage cover (Wetland %) from the National Freshwater Ecosystem
Priority Areas (NFEPA) map 5 from Deventer et al., (2020). These variables were selected to
explain the stability of the environment from a historical, climatic and hydrological
perspective. There were eight environmental heterogeneity variables, described by the range
(the maximum and minimum mean differences of the focal pixel, averaged out within a QDS)
and the roughness (the difference of the aggregated mean value between the focal pixel and
its eight neighboring pixels). The “range” and “roughness” variables are known to align with
environmental heterogeneity, because they account for the variability in pixels for each of the

environmental variables.
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Table 1: A list of all covariates used for the analysis along with their definition, description source, citation, reasoning, resolution and units.

Covariates

Definition

Description

Source & citation

Reasoning

Resolution and
units

Covariate type

stability index
(CSI)

Average Climatic

This metric was
used to assess
the stability of
climate
conditions over
periods ranging
from 21000 BP
(Before Present)
to 2100 CE

(Common Era).

CSI raster values
were extracted

using the extract()
function where 36
pixels within each

QDS were
aggregated and
then averaged to

find the mean CSI

within each QDS.

The data was from
Herrando-Moraira et
al., (2022) and was

stored in an online

Figshare drive

This metric
provided a measure
of historical
variability of the
climate during the
Pleistocene period,
shaping today's
climate and
biodiversity.

This raster was
at 1 km
resolution and
the variable is
an index
without units.

Environmental

stability
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https://figshare.com/articles/dataset/Raster_layers_R_scripts_zip/14672637
https://figshare.com/articles/dataset/Raster_layers_R_scripts_zip/14672637
https://figshare.com/articles/dataset/Raster_layers_R_scripts_zip/14672637

NFEPA Map 5
(Wetland%)

This metric was
a percentage
cover of water
bodies (rivers,
seeps, flood
plains and
depressions)
within each
QDS. They
represent
groundwater
systems.

The wetland
percentage
shapefile was
intersected with
the NRE QDS

data, and the
percentage of
intersection was
calculated using
st_area() to give
the wetland
percentage per
QDS.

NFEPA map 5 was
derived from Van
Deventer et al.,
(2020) and was
stored in an online
repository managed
by SANBI.

This metric
provided a proxy
measure for
groundwater or
hydrology, which
has the potential to
become refugia
hydrological.

This geospatial
vector was at 1:
5000 scale and
presented as a
percentage
cover per QDS

Environmental

stability
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https://drive.google.com/drive/folders/1yVHqcr-K4KMOpT_yyYP0aGcbMmwehNYB
https://drive.google.com/drive/folders/1yVHqcr-K4KMOpT_yyYP0aGcbMmwehNYB
https://drive.google.com/drive/folders/1yVHqcr-K4KMOpT_yyYP0aGcbMmwehNYB

Average summer
Cloud frequency
(CloudFq)

This metric was
the mean remote
sensing-derived
cloud cover
frequency for the
summer months
from December
to February. This
is from 2000 -
2014

Mean cloud fq
rasters were
stacked (Dec, Jan,
Feb) and
averaged, and
values were
extracted using
the extract()
function where
900 pixels within
each QDS were
aggregated and
then averaged to
find the mean
cloud fq within
each QDS.

Cloud frequency
rasters were from
Wilson & Jetz (2016)
and were stored in an
online repository
known as

EarthEnv

Provided a proxy
measure for
potential moisture
input and reduced
evapotranspiration
due to shading.
This was a
measure of spatial
cooling within a

QDS

This raster was
at 1 km
resolution,
while the
variable was a
percentage
frequency per

QDS

Environmental

stability
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https://www.earthenv.org/cloud
https://www.earthenv.org/cloud

Average Mean
Annual
Temperature

(MAT)

This metric was
the average
maximum and
minimum

temperatures of
the hottest and
the coldest
months of the

year from
19702000.

MAT raster values
were extracted
using the extract()
function where
900 pixels within
each QDS were
aggregated and
then averaged to
find the mean
MAT within each
QDS

Average MAT raster
data were from Fick
and Hijmans,
(2017), while the
weather station data
were stored in

Worldclim

This metric
provided a proxy
for the available
energy within a
QDS.

This raster was
at 1 km
resolution,
while the
variable units
were in Celsius

°O)

Productivity
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https://geodata.ucdavis.edu/climate/worldclim/2_1/base/wc2.1_30s_prec.zip
https://geodata.ucdavis.edu/climate/worldclim/2_1/base/wc2.1_30s_prec.zip
https://geodata.ucdavis.edu/climate/worldclim/2_1/base/wc2.1_30s_prec.zip

Average Mean
annual precipitation

(MAP)

This metric was
the average total
amount of
precipitation
recorded during
a given year

from 1970-2000.

MAP raster values
were extracted
using the extract()
function where
900 pixels within
each QDS were
aggregated and
then averaged to
find the mean
MAP within each
QDS.

Average MAP raster
data were from Fick
and Hijmans,
(2017), while the
weather station data
were stored in

Worldclim

Provided a proxy
for water available
within a QDS.

This raster was
at 1 km
resolution,
while the
variable units
were in
millimetres

(mm)

Productivity
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https://geodata.ucdavis.edu/climate/worldclim/2_1/base/wc2.1_30s_prec.zip
https://geodata.ucdavis.edu/climate/worldclim/2_1/base/wc2.1_30s_prec.zip
https://geodata.ucdavis.edu/climate/worldclim/2_1/base/wc2.1_30s_prec.zip

Mean
evapotranspiration

(PET)

This metric was
the average
value of water
that would
evaporate and
transpire from
plants, soil,
water bodies,
and snow from

1979 to 2018.

PET raster values
were extracted
using the extract()
function where
900 pixels within
each QDS were
aggregated and
then averaged to
find the mean PET
within each

QDS

Average MAP raster
data were from
Karger et al., (2017),
while the weather
station data were
stored in

CHELSA

Provided a proxy
for average water
loss within a QDS
to the atmosphere.

This raster was
at 1 km
resolution,
while the
variable units
were in
millimetres

(mm)

Productivity
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https://envicloud.wsl.ch/?prefix=chelsa%2Fchelsa_V2%2FGLOBAL%2F#/
https://envicloud.wsl.ch/?prefix=chelsa%2Fchelsa_V2%2FGLOBAL%2F#/

Average soil This metric was | Average P raster | Average P raster data | This represents the | This raster was | Productivity
extractable a measure of P in values were was from mean at 1 km
Phosphorus (P) the soil that can ' resolution,
be readily extracted using the| Cramer ef al., concentration of while the
dissolved by extract() function (2019), thesc? data phosphorus in the | yariable units
plants. ' were stored in an soil which is a were in mg/kg.
where 900 pixels | online repository in | limiting resource in
within each QDS | the Supplementary soil nutrients.
information
were aggregated
and then averaged
to find the mean P
within each QDS.
Average soil This metric was a | pH raster values | Average pH raster Fynbos ranges from | This raster was | Productivity

fertility (pH)

measure of the
acidity or
alkalinity of the
soil, which is a
key factor
influencing the
availability of
nutrients to
plants.

were extracted
using the extract()
function where
900 pixels within
each QDS were
aggregated and
then averaged to
find the mean pH
within each QDS

data was from

Cramer et al.,
(2019), these data
were stored in an
online repository in
the supplementary
information

acidic sandstone to
limestone.
Therefore, our
modelling efforts
need to be able to
accommodate this
variability in soil
fertility in fynbos.

at 1 km
resolution,
while the
variable units
were in pH
scale.

24



https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37qc017

Range in Mean
Annual

Temperature

This metric was
the difference
between the
highest and
lowest MAT
pixel values
within each
QDS.

Range MAT
values were
extracted from the
MAT raster using
the extract()
function where
900 pixels within
each QDS were
aggregated, then
ranged to indicate
heterogeneity of
the pixels MAT
within each QDS.

Range MAT raster
data was from Fick
and Hijmans,
(2017), these data
were stored in an
online repository in

Worldclim

This represented
the spatial
variability in the
highest MAP pixel
and the lowest
MAP pixel within
each QDS.

This raster was
at 1 km
resolution,
while the
variable units
were in Celsius

°O)

Environmental
heterogeneity
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https://www.worldclim.org/
https://www.worldclim.org/
https://www.worldclim.org/

Roughness dry
season rainfall

This metric was
the difference in
MDQ of the
focal pixel and
eight
neighbouring
pixels within a
QDS.

Roughness in

MDQ values was
obtained by using
the terrain()
function, these
are absolute
differences found
between one focal
pixel and eight
others, then
extract() function
was used to get
the values where
900 pixels within
each QDS were
aggregated, then
averaged to find
the roughness of
the MDQ within
each QDS.

Roughness in MDQ
raster data was from
Fick and Hijmans,
(2017), these data
were stored in an
online repository in

Worldclim

This represented
the spatial
variability of all
the pixels relative
to each of'its
adjacent pixels for
values of MDQ
within a QDS.

This raster was
at 1 km
resolution,
while the
variable units
were in
millimeters

(mm)

Environmental
heterogeneity
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Roughness
Potential
evapotranspiration

(PET)

This metric was
the difference in
PET of the focal
pixel and eight
neighbouring
pixels.

Roughness in
PET values was
obtained by using
the terrain()
function, these
are the absolute
differences found
between one focal
cell and eight
others, then
extract() function
was used to get
the values where
900 pixels within
each QDS were
aggregated, then
averaged to find
the roughness of
the MDQ within
each QDS.

Roughness in PET
raster data was from
Fick and Hijmans,
(2017), these data
were stored in an
online repository in

Worldclim

This represented
the spatial
variability of all
the pixels relative
to each of'its
adjacent pixels for
values of PET
within a QDS.

This raster was
at 1 km
resolution,
while the
variable units
were in
millimeters

(mm)

Environmental
heterogeneity
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Analysis

Model fitting

A regression approach was used to explore the relationship between the four response
variables (TSR, WS, NREs and WD-NRESs) and the complete set of covariates (full model)
and subsets by covariate type (stability, productivity and heterogeneity). To develop a robust
model, assumptions and biases were sequentially tested and accounted for. These included
collinearity among the covariates, the assumption of equal mean and variance (for the use of
a Poisson distribution), and spatial autocorrelation. I began with pairwise correlation
comparison between all environmental covariates using the cor() function. Then proceeded to
removed covariates which were correlated with [r| > 0.7. To conclude I fit a Bayesian
hierarchical model with spatially correlated random effects for each of the response variables.
A Generalised Linear Model (GLM) with a Poisson distribution was used since the response
variables are count data (Nelder and Wedderburn, 1972). The Poisson GLM structure and
function was as follows:

Y ~ Poisson (u;, )

Var () = i

Ww=PRo +Pixi +P2x2 +...+Puxn te€ (1)

This model aimed to examine the relationship between the response variables (i) and
explanatory variables (Bo +B1x1...). For the Poisson GLM, we assume Y ~ Poisson (ui, ) where
the mean of the ith observation is allowed to vary as a function of the covariates for that
observation. Var (Y;) represents the variance of the response for the ith observation. Once all
Poisson GLMs were fitted using the g/m()function, a Likelihood Ratio Test was conducted,
using the anova() function, to test whether the count data exhibited more (overdispersion) or
less variability (underdispersion) than would be expected under a Poisson distribution. Since
the data showed more variability (overdispersion) than expected under a Poisson distribution,
it was necessary to fit a Quasi-Poisson GLM, with the use of the glm() function, which
relaxes the assumption of equidispersion (equal mean and variance) by adding an extra

parameter (0) to scale the variance (Ver Hoef and Boveng, 2007).
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The Quasi-Poisson GLM structure and function was as follows:

Y ~ Quasi-Poisson (ui, )

Var (Yi)) =0-w

log(pi) = Po+ Pix1 + Poxa + ... + PuXal +€ (2)

Similarly, with Quasi-Poisson GLM, we assume Y ~ Quasi-Poisson (u;, ) where the mean for
the ith observation is allowed to vary as a function of the covariates for that observation.
However, the relationship between the mean response (i) and the predictors (Bo +Bix1...) was
considered non-linear. To accommodate this non-linearity, a log-link function (log(w.)) was
incorporated. This function effectively relates the mean parameter (11;) with the explanatory
variables (Bo +B1x1...), creating an exponential relationship and allowing for better estimation
of the parameter coefficients. This model becomes a Quasi-Poisson GLM when combined
with the presence of the theta parameter (0) that allows for adjusting the variance to
accommodate overdispersion. However, the method of fitting a Quasi-Poisson GLM with a
response to environmental variables was not appropriate, because all response variables and

their residuals showed spatial dependency.

Testing for spatial autocorrelation

Moran’s I was used to assess the extent of spatial autocorrelation (SAC) of the response
variables and their residuals in the Quasi-Poisson GLM (Anselin, 1988, 2002). The
moran.test() function from the spdep package (v1.3-5; Bivand et al., 2005), was used to
assess SAC, specifically to determine whether values of the respective response variables and
their residuals were clustered or dispersed across the CFR. To perform the test, two main
inputs were used: first, a numeric vector containing the values of the response of each interest
for each QDS, and second, a list of spatial weights, which defined the relationships between
QDS units and how strongly they are connected. The spatial weights help the function
understand the spatial structure of the data, allowing it to test if nearby areas tend to have
similar or dissimilar values. If significant SAC is found, it suggests that the variable of
interest exhibits spatial patterns that might warrant further investigation. The data was further

investigated using the Lagrange’s Multiplier (LM) diagnostics with the /m.LMtests() function
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(Anselin et al., 1996). This diagnostic test was used to determine the effect of five separate
spatial terms on the spatial dependency exhibited by the response and its residuals. The five
types of spatial terms assessed were: a spatial error (LMerr), a spatial lag (LMIag), a more
robust LMerr (RLMerr), a more robust LMlag (RLMlag) or a spatial autoregressive moving
average (SARMA; Bivand et al., 2008). The LM tested against the null hypothesis of no

SAC, where a lower p-value indicated stronger evidence for SAC.

Modelling spatial dependence

The observed response variables (TSR, WS, NRE richness, and WD-NRE richness) and their
residuals, all exhibited SAC. Failing to deal with SAC in responses and residuals — is
problematic, because the model coefficients have inflated standard errors and wider
confidence intervals. The most common remedy used to account for SAC in the response and
their residuals is to augment a linear predictor with a set of spatially autocorrelated random
effects (Besag et al., 1991). This was done by computing a Bayesian hierarchical model,
which is a statistical model that incorporates multiple levels of random variables, where
parameters at one level are treated as random variables whose distributions are influenced by
parameters at a higher level and estimated in a Bayesian framework (Fei-Fei and Perona,

2005).

Our random effects were represented with a conditional autoregressive model (CAR, Besag et
al., 1991), which induces SAC through the adjacency structure of the QDS. The CAR prior
used in this study was developed by Leroux et al., (2000). This Leroux prior, forced the
random effects to exhibit a single global level of SAC, ranging from independence through to
strong spatial smoothness. This model was fitted using S. CARleroux() from the CARBAYES
package (v6.1.1; Lee et al., 2018). This function made use of the Markov chain Monte Carlo
(MCMC) algorithm to sample the posterior distribution of the Bayesian model. In this study,
we used three chains (chains = 3), that run concurrently, to assess that the chains converged
to the same distribution. The MCMC sampler was used to sample 1 000000 samples
(n.sample = 1 000000), of which the first 500 000 were discarded as burn-in. To reduce
autocorrelation (Besag et al., 1991), the post-burn-in samples were further rarefied by
sampling every 500th sample (thin = 500), to give a total of 1000 samples. Model
convergence was assessed by plotting the model’s § samples of each covariate for one
thousand iterations (N = 1000), to see whether the 3 MCMC chains converged (Fig. A2).
Once the model has converged, the individual chains of the MCMC sampler should produce
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samples that look like bell curves (normal distributions). These distributions represent the

posterior distribution of the covariates ().

The model structure and function of the conditional autoregressive Bayesian hierarchical (CAR

BYH) model is as follows:

Y ~ Poisson (u;, )

B~ N (up, Xp)

12 ~ Inverse-Gamma (0., fBr)

(I)il(l)—i'fz"’N(an:l a)ij’ .TZ ) (3)
Ynj=1 wij xnj=1wij

Here, the parameters (J3;) were distributed normally (f ~ N (ug, Xg)), with the sum of weights
(O."=1 wjj) and defined the relationship between a unique focal QDS and its neighbours as
well as its prior mean (pg) as a weighted average. The weights (wij) defined the spatial
relationship between the QDS area and its neighbours; the prior mean was a weighted
average of the neighbouring QDS. The prior means sampled by the MCMC algorithm had
their variance (1?) follow an inverse-gamma distribution with shape parameter (0.) and scale
parameter (B:). The distribution of the variance of the prior means was important to consider
because it guides the model towards more realistic estimates of variance while accounting for
the spatial random effect (¢;). Ultimately, our BYH model (¢il$-it?) was normal distribution
for the ¢i given all other spatial random effects (¢ -i) and the 1. The pg of this conditional
distribution is a weighted average of the neighbouring random effects, and the variance is
inversely proportional to the sum of the weights. This structure enforces spatial smoothness,
implying that ¢; is more similar to its neighbours' values if the weights are higher. This helped

in drawing more accurate and meaningful inferences about the response in the CFR.

Model performance and plotting

For each response variable, the best models were selected using the deviance information

criterion (DIC) or the change in the deviance information criterion (ADIC) and the log
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marginal predictive likelihood (LMPL). The DIC selected the most appropriate model (with
the lowest value) that best explains of the response variable given the observed patterns,
while ADIC was used to compare model performance between models with the same
response variable, where a ADIC of two units or more was considered better than the
alternative models. The LMPL was used to quantify how well a model predicts new data,
considering the uncertainty in the model parameters, where higher values of LMPL indicated
that the model was better at predicting new data, while lower values suggest poorer predictive

performance.

Reproducibility

The entire study is fully reproducible, as both the data and R code used in the analysis are
publicly available. These resources have been securely stored in a GitHub repository

(https://doi.org/10.5281/zenodo.14608156) to ensure easy access for researchers and students.

The repository includes well-documented and clearly annotated R scripts, which provide step-
by-step instructions for reproducing all analyses presented in the thesis. Additionally, raw and
processed data files are available for download, with the exception of the TSP data, which has
been made exclusive due to the species' vulnerability to poaching. The reproducibility of this
study enables others to verify the results and build upon the work for further research or
application. By making these resources publicly available and reproducible, the study fosters

academic collaboration, knowledge sharing, and transparency.

Results

Patterns of species and endemism richness

The complete dataset, which consisted of 9219 vascular plant species within the CFR,
revealed notable spatial variation in TSR. When exploring this variation, the Cape Town
region (QDS 3318CD), Cape Peninsula (QDS 3418BB), and the Hottentots-Holland
Mountain range (QDS 3318DD) emerged as the most species-rich areas, each with over 2000
species recorded per QDS. (Fig. 1a). Similarly, 4231 WS were found within the CFR, with
most of these species also found in the southwestern Cape region (Fig. 1b). Our study further
identified 4988 NREs in the CFR (Fig. 1c) distributed across 186 QDS. Similar to TSR and
WS, we found a high concentration of NRE species in the Cape Peninsula, the Cape Town
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a)

region and the southwestern region, where more than 500 species were found per QDS. In
stark contrast, only a single NRE species was recorded in the fynbos of the Namaqualand
region (QDS 3118AA). Using data from Sieben et al., (2021), we identified 763 unique
facultative and 397 unique obligate WD-NRE species, producing a total of 1160 unique WD-
NRE species in the CFR (Fig. 1d). As with the distribution of overall NRE richness, WD-

NRE richness was greatest in the southwestern part of the CFR, especially on the Cape
Peninsula. Overall, the distribution patterns of TSR, WS, NRE richness, and WD-NRE richness
exhibit similar spatial patterns of longitudinal (highest in the east) and topographic (highest in

the mountains) gradients.
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Figure 1: Spatial heat maps at a QDS-scale for the CFR of, a) the total vascular plant species richness (TSR), b)
widespread species (WS), ¢) narrow-range endemics (NREs), and d) wetland-dependent narrow-range endemics
(WD NRESs), all at a spatial resolution of 1 km. The map projection used is WGS84.

Relationship among species sets

WS, NRE, and WD-NRE richness are observed to have a strong positive relationship with
TSR (p > 0.67; Fig. 2). We also observe that TSR explains less than half of the variability in
WS, NRE, and WD-NRE richness (R? < 0.40). A one unit increase in TSR leads to a 0.84 unit
increase in the number of WS (an almost 1:1 ratio; Fig. 2a). Additionally, a one unit increase
in the TSR leads a 0.16 (Fig. 2b) and 0.01 (Fig. 2¢) unit increase in NRE and WDNRE
species respectively. The strong relationship observed between NREs, and TSR makes it

difficult to untangle the drivers of NREs and TSR.
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Figure 2: The scatter plots of, a) WS vs TSR, b) NREs vs TSR, and c) WD-NRE vs TSR. These plots also depict
the adjusted R?, confidence interval, as well as the regression line, the x =y dashed line, and the slope (p),
denoting the rate of change between the two variables.

Spatial variation in environmental covariates

Figure 3 shows that both CSI and Cloud Fq exhibit a longitudinal gradient, with CSI being
highest in the southwestern CFR (> -0.09) and lowest in the east, and Cloud Fq highest in the
east (> 50%) and lowest in the west. Additionally, wetland% is highest in the southwestern
region of the CFR, particularly on the Agulhas Plain (>16%). MAT and pH are low in the
mountains and higher in the lowlands (> 17 °C; > 6), while PET is highest in the
northwestern cape (1500 > kg.m. year!). Range in MAT is higher (> 8°C) in the Cape Fold
Mountains and decreases across areas without this elevation. Roughness in MDQ increases in
the west (> 0.3 mm) and decreases in the east. Similarly, the roughness in PET is higher on

the west (> 6 kg m2 year!) and lower on the east
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Figure 3: Maps of a) climatic stability index (CSI), b) cloud cover frequency (Cloud Fq), ¢) percentage wetland cover
(wetland%), d) mean annual temperature (MAT), €) mean annual precipitation (MAP), f) mean potential
evapotranspiration (PET), g) mean pH, h) logged mean soil Phosphorus (log P), i) range in mean annual temperature
(Range in MAT), j) the roughness in the mean temperature of driest quarter (Roughness in MDQ), and k) the roughness in
the potential evapotranspiration (Roughness in PET) all at a spatial resolution of 1 km.

Model performance

A Bayesian model performance table was the starting point of our analysis to test the correlates
of TSR, WS, NREs and WD-NREs against environmental stability, heterogeneity and
productivity. The best model was used in our CAR BYH model, where significant covariates
signal a strong association with the respective response variables. Below (Tab. 2) provided
outputs of a model comparison of all response variables. For each model, the deviance
information criterion (DIC), delta DIC (ADIC) and log marginal predictive likelihood (LMPL)

are shown.

Table 2: The table below is for model performance for various model types, including environmental stability,

productivity, environmental heterogeneity, and the full model. The best models (ADIC < 2) are italicised according
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to a low DIC, ADIC and higher LMPL values, while models marked with an asterisk (*) failed model diagnostics,
indicating that the three Markov Chain Monte Carlo (MCMC) chains did not converge during sampling from the

prior distributions.

Model DIC ADIC LMPL Response
Stability 1900.808 0.00 -1009.28 TSR
Productivity 1902.149 1.34 -1006.21 TSR
Heterogeneity 1901.731 0.92 -1014.00 TSR
Full 1901.473 0.66 -1016.49 TSR
Stability 1878.133 0.56 -1009.34 WS
Productivity 1878.396 0.82 -1004.88 WS
Heterogeneity 1877.571 0.00 -996.2 WS
Full 1877.857 0.28 -1005.08 WS
Stability 1389.415 8.07 -765.08 NREs
Productivity 1494.859 113.51 -2257.07 NREs
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Heterogeneity 1386.415 5.07 -753.68 NREs

Full 1381.347 0.00 -751.3 NREs
Stability 821.8767 16.63 -461.43 WD-NREs
Productivity* 3455.447 2650.20 -67628.55 WD-NREs
Heterogeneity 813.515 8.27 -455.51 WD-NREs

Full 805.246 0.00 -440.69 WD-NREs

The full models (which included all the covariates) best explained NRE and WD-NRE
richness, therefore these models were deemed suitable for explaining their spatial
richness patterns and distribution in the CFR. For TSR and WS, environmental stability
and heterogeneity respectively best described their spatial richness patterns and
distribution in the CFR, however the full model for both response variables do not lag
far behind (ADIC < 2). Therefore, the full model (encompassing call covariates) was
chosen as the suitable model to be used to fit the fit the CAR BYH model for all
response variables because it displayed the same level of support for across all response
variables (ADIC < 2). The productivity model for WD-NREs is marked “*”, because the

three Markov chains did not converge, resulting in unreliable estimates (Fig. AS).
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Bayesian model outputs

The full model for each response variable were plotted, allowing for easy comparison of
similarities and differences in the effects of covariates across responses. For
environmental stability, we observe a significant positive effect for wetland across all
response variables. CSI was positive for all response variables, but only significant for
endemic richness (NRE and WD-NRE). While Wetland% is also positive for all response
variables but proving to be important for TSR, WS and NREs, while WD-NRE being
nearly significant. The productivity covariates showed varying effects, with no effect for
P, a significant negative effect of pH on endemics as well as a positive effect for MAP
across all response variables. MAT showed weak positive effects for TSR and WS while
negative effects were observed for endemic richness. PET had little effect on endemic
richness and significant negative effects for TSR and WS. Lastly, two heterogeneity
covariates, roughness in MDQ and roughness in PET had positive effects across all
response variables, with range in MAT displaying significant positive effects for all

response variables except for WS.
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Covariates
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Figure 4: The Bayesian hierarchical conditional model posterior means, 95% confidence intervals and all 11
covariates compared to four response variables: TSR, WS, NREs and WD-NREs. The posterior means
represent the covariates' effects on the respective response variables.
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Discussion

Understanding the character and distribution of refugia and the relative role of micro and
macrorefugia on species richness and endemism is crucial, especially in biodiversity
hotspots like the CFR of South Africa that are threatened by global change. Our study
revealed distinct longitudinal and topographic gradients for all response variables
studied—TSR, WS, NREs, and WD-NREs (Fig. 1). Higher richness is observed in the
mountainous southwestern region of the CFR, particularly in the Cape Town area, the
Cape Peninsula, and the Hottentots-Holland Mountain ranges. Our analysis highlighted
the importance of environmental stability in driving patterns of endemic richness,
particularly for NREs and WD-NREs. Wetland% was found to be important in
explaining endemic richness patterns, whereas CSI emerged as a strong determinant of
TSR, WS, and NRE richness. These findings underscore the critical role of stable
hydrologic and climatic microsites in species persistence, potentially acting as
microrefugia. We refer to these as microsites, because they are relatively smaller,
therefore support smaller refugial populations and harboured less diverse biotic
communities than microrefugia (Mee and Moore, 2014). In contrast, environmental
heterogeneity, the range in MAT, was important in explaining NRE and WD-NRE
richness patterns in the CFR. While pH and PET, moderately explained NRE and
WDNRE richness patterns as well as TSR and WS patterns respectively (Fig. 4).

TSR, WS, NRE and WD-NRE richness show some similarity in their spatial distribution,
which was expected under our hypothesis. These richness patterns align with previous studies
by Cowling and colleagues (Cowling and Lombard 2002; Cowling et al., 2017).

The western CFR has been wetter during the last glacial period than it is today (Cartwright

et al., 1999; Parkington et al., 2000). This explains the relatively higher TSR, WS richness
and prevalence of endemics in the west (Levyns’ Law; Cowling ef al., 2017). Beyond the
east-west diversity gradient, a study on Restionaceae by Linder (2019) identified the
southwestern mountains of the CFR as a “central cradle of diversification” that functioned as
a source area for lineages colonizing the northwestern and eastern mountains. Linder (2019)
also noted that NRE Restionaceae tend to associate with high elevations in the

Kogelberg, western Langeberg and the Klein Swartberg. Our fundings corroborate Linder
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(2019) as well as previous work which found exceptional species richness and endemism in
the western CFR and southwestern mountains (Oliver et al., 1983; Cowling et al., 2017).
However, >40% of the variability in NRE richness is not explained by TSR (Fig. 2b),
suggesting that some of the factors influencing the genesis and persistence of NREs differ
from those driving TSR. The opposite is true for WS richness, The variability in its
relationship with TSR is less than 4% and exhibits a 1:1 relationship (Fig. 2a), which means

the relationship between TSR and WS counts is nearly linear and strongly correlated.

The distribution and correlates of TSR and WS richness are very similar, with
comparable directions and magnitude of the effects, but there are clear differences
relative to NRE and WD-NRE richness. Environmental stability (+Wetland%) and
environmental heterogeneity (+Range in MAT) are both important for explaining TSR
patterns, while productivity (-PET) is important for explaining both TSR and WS
richness. These effects are consistent with earlier work by Cowling and Holmes, (1992);
Cowling, (1997) and Linder, (2019) who all identified higher elevations, especially in
the southwestern CFR, as important centres of hydrological stability. Therefore,
hydrologically stable sites (with high wetland%), with strong topography (reflected by
range in MAT) and cool, moist conditions (low PET) favour high TSR and WS richness.
For NRE and WD-NRE richness, environmental heterogeneity (+Range in MAT) and
environmental stability (+CSI; +Wetland%) were the best predictors, with low
productivity (-pH) in the form of soil substrate acidity being important for the
persistence of endemics species (Fig 4). These patterns make sense because at a
finescale, environmental heterogeneity is an important prerequisite for speciation,
leading to the emergence of neo-endemic species (Verboom et al., 2015; Harrison and
Noss, 2017), while both stability and heterogeneity offer NRE species protection against

extinction (Harrison and Noss, 2017; Jansson, 2003).

It is evident that environmental stability, heterogeneity and productivity play an important
role in both richness and endemism. We observe that climatic stability is important for
explaining NRE and WD-NRE richness in the CFR, we suggest that this is linked to the
CFR climate during the Pleistocene (the last 1.8 million years) being relatively stable
(Dynesius and Jansson 2000; Jansson and Dynesius 2002), this stability has buffered rare

and endemic species and has been a key determinant of the region’s exceptional floristic
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richness (Cowling et al., 1996, 2015; Latimer et al., 2005; Kreft and Jetz 2008;
Sniderman et al., 2012). We also observe that hydrological stability plays an important
role in TSR, WS, and NRE richness. We suggest that the southwestern mountains, which
harbour a high number of NRE species and TSR, contain microsites with perennial
moisture (such as seepages, bogs, and streams). These sites are often associated with
climatic stability from the Pleistocene. (Linder, 2019). These microsites, along with the
broader climatic stability of the region from the Pleistocene, function as both
microrefugia and macrorefugia, contributing to species persistence. However, it's
important to acknowledge the role precipitation (MAP), particularly winter rainfall, plays
in recharging wetland reservoirs in drier periods, by infiltrating deep soils and
mountainous catchments. The nearly significant effect of this productivity covariate
(MAP) emphasises that these mesic environments are not entirely decoupled from the

regional climate (Jobbagy et al., 2011; McLaughlin et al., 2017).

Productivity (or lack thereof) also plays an important role in the persistence of endemic
species in the CFR. For instance, soil fertility (pH) is key to explaining the patterns of
NRE and WD-NRE richness, with higher richness linked to nutrient-poor acidic soils.
These patterns may be linked to acidic soils being commonly found in mountainous
quartzite areas, which are characterized by greater climatic heterogeneity, which drives
speciation (Cowling et al., 2009; Britton and Verboom, 2014, Verboom et al., 2015,
Linder, 2019). The strong association pH has with NREs and WD-NREs is linked to
acidic limestone, which tends to have larger ranges due to less topographic complexity
and isolation of climates (Willis ef al., 1996). These quartzite soils are derived from
Ordovician sandstones of the Table Mountain Group (Cape Supergroup), dating back
approximately 400 million years (Young et al., 2004). They form part of the Table
Mountain Group Aquifer and support many groundwater-fed seeps and bogs, here water is
predominantly stored in the quartzites which serve as important hydrological refugia

(Blake et al., 2010).

However, while our study highlights the importance of these environmental drivers on
TSR, WS, NREs, and WD-NRE richness, our observations are limited by levels of
uncertainty associated with the environmental predictions of NRE and WD-NRE

richness. We suspect that the wider confidence intervals observed for NRE and WD-
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NRE richness may result from the omission of key explanatory variables, as well as a
scale mismatch between our spatial unit of analysis (QDS), the resolution of the
environmental data, and the finer spatial scale at which refugia—particularly
microrefugia—are expected to operate. Missing such variables in our models likely
increases the uncertainty of our estimates, as the absence of crucial environmental

factors can lead to less precise predictions and wider confidence intervals.

The omission of key ecological variables known to influence species richness in the
fynbos region—such as fire regimes (Magadzire et al., 2019)—may have limited the
explanatory power of our environmental predictors for species richness and endemism.
Fire plays a crucial ecological role in the CFR’s fynbos vegetation, promoting species
persistence and post-disturbance regeneration (Kruger and Bigalke, 1984; Magadzire et
al., 2019). Much like hydrologic refugia, fire acts as a dynamic driver of biodiversity,
potentially functioning as a form of disturbance-mediated refugia by creating niche
opportunities that support coexistence and diversification (Cowling and McDonald,
1995; Proches, 2006). However, fire regimes are increasingly altered by climate change,
invasive species, and direct human activity, which may challenge reseeding species that
require longer fire-free intervals for successful recruitment (Cowling et al., 2015). The
absence of fire regime data from our model likely contributes to increased uncertainty in
parameter estimates, as reflected in the wider credible intervals observed for NRE and

WD-NRE richness (Fig. 4).

Another limitation of this study is the potential mismatch in spatial scale between the
measuring units (QDS) and the fine-scale nature of microrefugia — where localized
features that may not be fully captured at the resolution of our analysis. Nevertheless,
the observed correlation TSR and finer-scale richness patterns suggests that meaningful
ecological variation is still being detected at the QDS level. Furthermore, the
considerable environmental heterogeneity within individual grid cells likely reflects
microrefugia-like conditions, reinforcing the ecological relevance of our findings for
identifying broader refugial patterns. Finally, issues related to data quality and sampling
bias must also be acknowledged. Species richness records are often spatially biased

toward more accessible or frequently surveyed regions (Reddy and Davalos, 2003;
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Newbold, 2010). If this sampling bias aligns with environmental gradients, it can
introduce systematic bias into species—environment relationships and potentially skew
model outcomes. These spatial dependencies were addressed using a random spatial
effect term, which helped account for spatial bias and improve the robustness of our

estimates.

Conclusion

Ultimately, TSR, WS, NRE, and WD-NRE richness show a longitudinal and topographic
gradient, with greater species richness in the southwestern CFR and at higher elevations.
Environmental stability, through CSI and Wetland%, drives high richness by buffering
species in both microrefugia (e.g., seepages and bogs) and macrorefugia (larger,
climatically stable topographic features), offering localized and broader species
buffering over time (Cowling and Lombard 2002; Cowling et al., 2017).

While productivity (in the form of PET and pH) is important for TSR, WS, NRE, and
WD-NRE richness, high persistence is driven by poor soil nutrient quality, often
associated with acidic soils from the Table Mountain Group Aquifer. These soils support
groundwater-fed seeps and bogs that provide moist conditions in the

Anthropocene (Willis et al., 1996; Blake, et al., 2010). Environmental heterogeneity (in the
form of Range in MAT) is only important for NREs and WD-NREs, driving high
persistence of endemics possibly by facilitating speciation and coexistence through a

strong topographic effect.

Our findings support Linder (2019), who suggested that some parts of the southwestern
mountains (the Kogelberg region and western Langeberg) are potential refugia sites, due
to the stability they exhibit. In our case, hydrological stability coupled with climatic
stability has created these wetter conditions in the southwestern region since the last
glacial period (Parkington et al., 2000). However, it’s important to note that stable sites
like these are not entirely decoupled from the regional climate, as rainfall typically plays
an important role in the replenishment of hydrological refugia (Cowling and Lombard,
2002; Linder, 2019). As global temperatures rise and habitats shift, these putative
refugial sites may serve as critical buffer zones that enable the persistence of genetic

diversity and evolutionary potential (Harrison and Noss, 2017). Thus, identifying and
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protecting these sites is essential for biodiversity and ecosystem function (Keppel et al.,
2015). However, in the CFR, many hydrological refugia face threats not only from
groundwater abstraction but also from invasive species. Invasive plants, alter the
hydrology and fire regimes of these refugial sites, which may reduce their capacity to
support native species (Gallardo et al., 2017). Recent proposals to abstract water from
the Kogelberg and Hottentots Holland Mountains present a potentially serious
biodiversity threat, especially to species associated with mesic environments (Slingsby et
al., 2021). Therefore, there is a need to critically analyse the consequences of
groundwater abstraction and invasive species in the context of a rapidly changing
climate in NRE-rich sites in the CFR. There is a pressing need for more detailed
finescale spatial analyses of refugia, particularly in mesic regions with high species
richness and endemism, such as the Cape Peninsula, to guide efforts to conserve and

manage these protectors of the Cape’s unique floristic biodiversity.
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Appendix

Multicollinearity test
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Figure Al: Correlation matrix of all covariates used in the study
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Tests for spatial autocorrelation

Moran's I
Table A4: Moran’s I for all response variable for the different response variable to test for spatial autocorrelation
Response Estimates P-values
Species Richness 0.4 3.25x 10%
Narrow range endemics 0.2 8.13x 108
Wetland-dependent narrow-range
endemics
0.3 1.62x 1071

Lagrange Multiplier’s test

Table A2: Lagrange Multiplier’s test to test for spatial autocorrelation in the spatial lag (LMlag), spatial error
(LMerr), robust spatial lag (LMlag), robust spatial error (RLMerr) and the spatial moving average model

(SARMA)
Test P-value Response
LMerr 0,03671 Species Richness
RLMerr 0,03612 Species Richness
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LMlag 0,53165 Species Richness
RLMlag 0,51744 Species Richness
SARMA 0,0915 Species Richness
LMerr 0,09366

Narrow range endemics
RLMerr 0,07618

Narrow range endemics
LMlag 0,03514

Narrow range endemics
RLMlag 0,02892

Narrow range endemics
SARMA 0,02256

Narrow range endemics
LMerr 0,00112

Wetland-dependent Narrow range endemics
RLMerr 0,00046

Wetland-dependent Narrow range endemics
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LMlag 0,24927

Wetland-dependent Narrow range endemics
RLMlag 0,08403

Wetland-dependent Narrow range endemics
SARMA 0,00111

Wetland-dependent Narrow range endemics
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Figure A2: Bayesian Model diagnostic test for the total number of species in the CFR
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Data Management plan

1. Data and software outputs

1.1 The data and software outputs your research will generate?

The data and software will produce spatial heatmaps of :
1) The total species richness,

2) Narrow range endemic plant species,

3) Widespread species

4) wetland-dependent narrow range endemic species.
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1.2 When you intend to share your data and software?

These data will be accessible as soon as the dissertation is submitted and will be shared on

ZivHub as a raster images and vector files.

1.3 Where your data and software will be made available?

The R scripts and the species data will be saved on Zendo

(https://doi.org/10.5281/zenodo.14608156) repository and institutional repository (ZivaHub)

respectively. The data, in the form of shapefiles as well as supplementary data from other

such studies will be accessible on ZivaHub.

1.4 How will your data and software will be accessible to others?

The reproducible code will be made accessible to through Zendo, which is an online, data
repository that serves as a publishing and access platform to research data and scholarly
outputs. In this repository there will be a folder for clearly annotated R scripts and data

folders with vector and raster image datasets clearly labelled.

1.5 Are any limits to data and software sharing required?

No, this study does not have any limits to data and software sharing.

1.6 How datasets and software will be preserved?

The raw data with geolocations of threatened and vulnerable species will be saved in a private

repository while only QDS counts will be available to the public for usage.
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2. Research materials

2.1 What materials your research will produce and how these will be made available?

This research will produce an endemism (NREs and WD-NREs) as well as a total species
richness map of the Cape floristic region (CFR). The endemism maps are documented to
relate to long term stability sites in the region. Therefore, this study will also produce a
hydrological refugia map of the CFR. These species distribution data will be saved as a raster

image (tif) file and will be accessible on: https://doi.org/10.5281/zenodo.14608156.

3. Intellectual property

3.1 What IP your research will generate?

My research will generate a map of the character and distribution of refugia in the CFR's

fynbos Biome.

3.2 How IP will be protected?

The raw data will be saved on a private repository with clean data in the form of raster and

vector files saved in the publicly accessible repository.

3.3 How IP will be used to achieve health benefits?

This IP will be used to inform conservation efforts in hydrologically stable sites that buffer

rare and endemic species from the effects of climate change.
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4. Resources required

4.1 People and skills

These data and code do not require a data manager or data scientist; however, they do require
that some coding knowledge on R and some experience with spatial data for people that

might need to use the data.

4.2 Storage and computation

The data will be stored a repository: https://doi.org/10.5281/zenodo.14608156

4.3 Access

No access 1s needed.

4.4 Deposition and preservation of data, software and materials

The study will store spatial data in different formats, with the rough R scripts saved in

GitHub, where most of the version control occurs.
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