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Abstract

Amid augmented climate change and anthropogenic influence on natural
environments and agricultural systems, the global socioeconomic and environmental
value of bees is undisputed. Bee products such as honey, pollen, nectar, royal jelly and
to a lesser extent bee venom are important supplemental sources of income generation
especially in the underdeveloped rural African areas. Moreover, bee farming is an
important incentive for forest conservation, biodiversity and ecosystem services in
terms of pollination services. Bee pollination services play a vital role in crop
production, hence directly contribute to food and nutritional security for African
smallholder farmers. Nevertheless, bee farming and bee health in general are under
threat from climate change, agricultural intensification and associated habitat
alteration, agrochemicals intensification, bee pests and diseases. Therefore, there is
need to establish spatial distribution of bees, their food substrates, floral cycle and
biotic and abiotic threats, especially bee pests. Bee pests devastate bee colonies
through physical injury and as vectors of pathogens, hence causing a considerable
reduction in bee colony productivity. Thus, this study sought to establish geospatial
techniques that could be used to improve bee farming and bee health in Kenya. Firstly,
this study aimed to determine the spatial and temporal distribution of stingless bees
in Kenya using six machine learning ecological niche approaches and non-conflating
variables from both bioclimatic, vegetation phenology and topographic features. All
machine learning algorithms used herein performed at an ‘excellent’ level with a true
skills statistics (TSS) score of up to 0.91. Secondly, the study assessed the suitability of
resampled multispectral data for mapping melliferous (flowering plants that produce
substance used by bees to produce honey) plants in Kenya. Bi-temporal AISA Eagle
hyperspectral images, resampled to four sensors’ (i.e., WorldView-2, RapidEye, Spot-
6 and Sentinel-2) spatial and spectral resolutions, and a RF classifier were used to map

melliferous plants. Melliferous plants were successfully mapped with up to 93.33%



overall accuracy using WorldView-2. Furthermore, the study predicted the
distribution of four main bee pests (Aethina tumida, Galleria mellonella, Oplostomus
haroldi and Varroa destructor) in Kenya using the maximum entropy (MaxEnt) model
and random forest (RF) classifier. The effect of seasonality on the abundance of bee
pests was apparent, as indicated by the Wilcoxon rank sum test, with up to 6.35 times
more pests in the wet than the dry season. Furthermore, bioclimatic variables
especially precipitation contributed the most (up to 77.8%) to all bee pest predictions,
while vegetation phenology provided vital information needed to sharpen the
prediction models at grain level due to their higher spatial resolution and seasonal
and phenological features. Moreover, topography had a moderate influence (14.3%)
on the distribution of bee pests. Also, there was a positive correlation between bee
pests” abundance, habitat suitability and high altitude. Anthropogenic influence (as
depicted by human footprint data) on the distribution of bee pests was relatively low
(1.2%) due to the availability of a variety of bee food substrate from the mixed land
use/land cover (LULC) classes, especially farmlands. Using the Pearson correlation
coefficient, the prediction models for all bee pests scored at an excellent level (0.84),
except for the G. mellonella prediction model, which was ranked ‘fair’ (0.55). Due to
the relatively high accuracy for models developed herein to map stingless bees’
distribution, melliferous plants and bee pests” occurrence and abundance, this study
concluded that the models developed could reliably be used to indicate high
suitability areas for bee farming. They could also be used to predict high bee pests risk
areas for mitigation and management purposes, hence improving bee health and hive

productivity.
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CHAPTER ONE

1 General Introduction

A honeybee (Apis mellifera) on a pollination spree. Image by Madrigal (2022); source

https://www.naturettl.com/how-to-photograph-bees/

1.1 Background

The African savanna is characterized by unreliable rainfall with low and dispersed
pockets of natural vegetation. Unreliable rainfall is to a large extent unable to
sufficiently support rainfed agriculture, necessitating for diversification of income to
supplement the unpredictable crop yield (Makori et al., 2017; Raina et al., 2011).
Apiculture and related ecosystem services such as pollinator activities boost local
economies, food and nutritional security and biodiversity. Hence it is a valuable and
sustainable socioecological practice in the African savanna (Kiatoko et al., 2014; Klein

et al., 2007).



Commercially beneficial insects such as bees have been demonstrated as important
conservation incentives especially to communities living near forests (Raina et al.,
2011; Warui et al., 2018a). This is because they are important as income sources due to
products such as honey, wax, dyes and silk on one hand (Adolkar et al., 2007; Kasina
et al.,, 2009), and pollination services in agricultural and forests ecosystems on the
other hand. Furthermore, they have been shown to play a vital role in conservation of
degraded forests and dilapidated land (Blay et al., 2008; Raina et al.,, 2011). An
estimated 60% to 90% of plant species are dependent on both bees, birds and other
animals for pollination (Potts et al., 2010; Raina et al., 2011). For instance, pollination
services are estimated to contribute to about $14 billion of agricultural economy every
year in the USA alone (Hines and Hendrix, 2005; Klein et al., 2007). However
unequivocal the contribution of pollination might be in Africa, its economic
importance is yet to be fully established and documented. Moreover, the abundance
and spatial distribution of stingless bees, honey bees, bee pests and their food

substrate, especially flowers is yet to be well understood.

1.1.1 Stingless bees

Also known as meliponine bees, stingless bees belong to the Meliponini tribe. They
are eusocial (with high level of social organization) in nature and comprise of
hundreds of species that are highly abundant and diverse in the African continent
(Iraheta et al,, 2015; Michener, 2013). There are over 800 meliponine species
documented worldwide with distinctions in body morphology, behaviour and colony
size. However, there are only six genera that have been documented on the African
continent, that is Hypotrigona, Cleptotrigona, Liotrigona, Plebeina, Dactylurina and
Meliponula (Eardley and Kwapong, 2013; Michener, 2013). There are over 20 species
endemic to the African continent, of which 12 have been documented in Kenya
(Eardley, 2004; Michener, 2000). The moliponine bees are characterised by a generalist

pollination (polylactic) nature, hence beneficial to numerous crops and wild plants



(Njoya, 2010; Slaa et al., 2006). In this regard, they supplement honeybees (Apis
mellifera), which have since been the major pollinators of crops and wild plants
(Garantonakis et al., 2016; Giannini et al., 2015; Winfree et al., 2007). Honeybees have
in the past been affected by among others climate change, intensification of agriculture
and pesticides, pests and diseases (Makori et al., 2017; Muli et al., 2014a; Pirk et al,,
2015). This has led to colony collapse hence threatening bee population and the
ecosystem services they offer. Therefore, there is need to study on alternative
pollinators such as meliponine bees that may supplement honeybees in provision of
products and ecosystem services such as pollination. Indeed, studies such as Kiatoko
et al. (2022) and Slaa et al. (2006) have demonstrated improved fruit quality and seed
set in crops pollinated by meliponine bees. In effect, this has substantially increased

interest in meliponiculture (meliponine bee farming) around the African continent.

Furthermore, production of stingless bee honey and other by products has improved
livelihoods of rural communities in Africa (Cortopassi-Laurino et al., 2006; Kiatoko et
al., 2014). Meliponine honey and their by-products are used as a source of income,
food and medicine due to its anti-carcinogenic and antibiotic properties, which are
associated with their unique enzymes (Bijlsma et al., 2006; Libério et al., 2009; Mokaya
etal., 2021). This translates to higher market prices compared to regular honey (Kumar
et al.,, 2012). Additionally, by products such as propolis, cerumen and pollen have
properties associated with immunomodulatory effects, antioxidants, antibacterial and
anti-inflammatory effect, which are desirable for medicinal purposes (Araujo et al.,
2012; Libério et al., 2009).

Nevertheless, the spatial and temporal distribution of stingless bees on the African
continent and Kenya in particular has not been well explored. The anthropogenic
factors and environmental conditions that influence the distribution of meliponine
bees remain largely undocumented (MM Fierro et al., 2012; Iraheta et al., 2015).
Therefore, efforts to exploit technological advancement in the fields of machine

learning, artificial intelligence and ecological niche modelling is highly desirable.



These techniques provide statistical pathways aimed at establishing spatial
distribution of meliponine bees in a spatiotemporal spectrum (Ferndndez and

Hamilton, 2015; Kearney and Porter, 2009).

1.1.2 Flower mapping

In the African Savanna, communities adjacent to the forests either directly or
indirectly depend on various forest resources and ecosystem services (Kiatoko et al.,
2014; Klein et al., 2007). This is because forest habitats are vital to different stages of
various bee species (Allsopp et al., 2008; Kremen et al., 2007). Therefore, apiculture
could be incentivised to improve conservation in such areas. Practices such as
placement of apiaries in close proximity to forest stands has been demonstrated to
double hive productivity as compared to those placed further from such ecosystems
(Sande et al., 2009). Furthermore, identification and utilization of the right types and
amounts of nectar and pollen by bee farmers has a correlation with the quality of hive
products, hive productivity, and ability and agility of bees to fend off enemies such as

pests and diseases (Pirk et al., 2015; Sande et al., 2009; Warui et al., 2018a).

Climate change and habitat alteration from natural land uses to disturbed ones such
as farms and unvegetated land, reduces pollen and nectar available to pollinators
(Ricketts et al., 2008). Furthermore, a reduction or elimination of certain pollen and
nectar sources could have a negative impact to source-specific pollinators which rely
on flower colour, pollen type, flower morphology or physiology (Ushimaru et al.,
2007). This is because insects rely on visual signals such as colour, shape and size for
the choice of flowers to visit (Cooley et al., 2008; Holzschuh et al., 2007; Pohl et al.,
2011). For instance, hummingbirds prefer red coloured flowers, flies like pale colours,
while butterflies and bees prefer brightly coloured flowers (Cooley et al., 2008;
Holzschuh et al., 2007; Lunau and Maier, 1995; Pickering and Stock, 2003; Pohl et al.,
2011). This provides a basis on which conservation measures for flowering plants

around vulnerable communities who depend on both agriculture and apiculture for
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livelihood are anchored. Therefore, identification of the type, location, intensity and
health of flowering plants is essential. Techniques, methods and tools that enables this
objective to be met are highly desirable. Studies such as Landmann et al. (2015)
mapped flowering plants in Kenya using hyperspectral and hyperspatial datasets. The
cost of acquiring these datasets were however inhibitory and the technical skills and
software required to process the data are not easily available. Before this research was
conducted, techniques developed around readily and freely available datasets, and

less technical skills and software had not been developed.

1.1.3 Bee pests

Threats such as habitat alteration, agricultural and agrochemical intensification,
climate change, bee diseases and pests negatively affect apiculture (Muli et al., 2014b;
Zayed, 2009a). Particularly, bee pests affect bees directly through inflicting physical
injury or indirectly as vectors of pathogens (Mumoki et al., 2014; Ongus et al., 2017).
The ability of bee pests to adversely affect bee colonies and their ability to traverse and
thrive across diverse spatial extents and agroecologies, has attracted considerable
scientific interest (Fombong et al., 2012; Muli et al., 2014b; Ongus et al., 2017). The
common and economically important bee pests are the varroa mites (Varroa distructor),
large hive beetles (Oplostomus haroldi), small hive beetles (Aethina tumida) and wax
moths (Galleria mellonella) (Fombong et al., 2012; Muli et al., 2014b; Pirk et al., 2016;
Torto et al., 2010; Zayed, 2009a). Studies such as Fombong et al. (2012), Muli et al.
(2014b) and Torto et al. (2010) have established that these pests are able to thrive in
different agroecological gradients. However, the spatio-temporal distribution of these
pests in Kenya and Africa has not been adequately established. This research was
cognizant that this knowledge lacuna could be addressed by geospatial and earth
observation techniques and tools, by using vegetation phenology, topological and
bioclimatic datasets, and efficient and cutting-edge AI, ML and EN modelling

techniques.



1.2 Aim and objectives
The study aimed at developing geospatial techniques that could be used to improve

bee farming and bee health in Kenya.

Specifically, the study sought to;

i.  Determine the spatial proliferation of stingless bees in Kenya using multi-
source spatial datasets,
ii. Map melliferous plants in Kenya using resampled multispectral data
datasets,
iii.  Predict the spatial distribution of bee pests in Kenya using bioclimatic and
vegetation phenological datasets, and
iv.  Predict the spatial distribution of bee pests” abundance (population) using

bioclimatic and land use/ land cover datasets

1.3 Scope of the study

The study sought to develop geospatial techniques that could be used to improve bee
farming and bee health in Kenya. Firstly, the study established the spatial distribution
and distribution of stingless bees in four main agroecological zones, covering 40
administrative counties in Kenya using bioclimatic, vegetation phenology and
derived topographical variables. Occurrence data for stingless bees was collected from
19 counties within the modelling region. The study also limited itself to six machine
learning algorithms and an ensemble modelling approach to develop prediction
models for determining the spatial distribution of stingless bees. Additionally,
simulation models were developed to establish spatial distribution of stingless bees in

a future epoch (2055).

Secondly the study assessed the utility of satellite-based multispectral datasets with

different spatial resolution and RF classifier for mapping flowering plants in the
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Kasanga region in Kitui County, Kenya. The study region covered 7.88 km? and used
the AISA Eagle imagery with high spatial and spectral resolution. The hyperspectral
datasets had a spectral range from 400 to 1,000 nm with 64 spectral bands and a spatial
resolution of 10 cm. These images were captured in two flowering periods (i.e. onset
and peak flowering periods). They were further resampled to the specifications of four
multispectral sensors (WorldView-2, RapidEye, Spot-6 and Sentinel-2). Due to the
nature of the data sets used in this study, and owing to the cost of capturing the AISA
Eagle hyperspectral images used to simulate multispectral sensor datasets used in this
study, and further due to the cost of tasking the WorldView-2 satellite to collect the
actual 2014 image used to calibrate the flowering models developed in this study, a
smaller study site covering 7.88 km? and located within Kitui County was selected.
The site had a range of differently coloured melliferous plants that could offer a wide
range of spectral mix. In addition, this site had well established apiculture practices
more than any other site within the region. Moreover, this site is within one of the

counties covered by other objectives in this thesis.

Thirdly, the spatial distributions of four species of bee pests were predicted using the
maximum entropy (MaxEnt) model (Phillips et al., 2006). Both the response and
predictor variables were collected from four main agroecological zones within the
Coastal, Mwingi, Kakamega and Mount Kenya regions. The models were also
restricted to these spatial extents. Remotely sensed vegetation datasets were used to
derive a number of phenological variables. The vegetation phenological variables
improved the predictive ability of all models used. Fourthly, bee pests” abundance
data, bioclimatic datasets, vegetation phenological data and human footprint data
used as a proxy for anthropogenic influence, were used to improve bee pests’
prediction techniques previously developed in Makori et al. (2017). The geographical
scope used in Makori et al. (2017) was also adopted herein. The RF algorithm was used
to predict the spatial abundance of the four species of bee pests, which was then

projected to the year 2055.



1.4 Thesis outline

The thesis is comprised of six chapters. The first chapter consists of the general
introduction of the study while the last chapter comprises of a synthesis. Chapter two
through to five are semi-autonomous comprising of stand-alone research papers.
These chapters are made up of the introduction, methodology, results, discussion and
conclusion of the individual research papers. Three of the papers were published in
reputable peer-reviewed journals, while one paper (Chapter 5) has been submitted for
review. The three stand-alone chapters (two through five) have been arranged
chronologically to depict the beneficial insects (stingless bees in Chapter 2) which form
the basis for beehealth, their food substrate (flowering plants in Chapter 3) and their

threats (pests in Chapters 4 and 5).

Chapter one gives the highlights of the study and the general introduction. It consists
of the background of the study, aims and objectives of the study and the thesis

structure.

Chapter two establishes and models the spatial distribution of stingless bees in Kenya
using spatial modelling techniques, and both bioclimatic and remotely sensed
vegetation phenological variables. It aims at establishing suitable bee farming regions

and predicting the effect of climate change on stingless bee farming suitability.

Chapter three highlights the suitability of resampled multispectral datasets in
mapping melliferous plants in Kenya. It aims at developing scalable flower mapping

techniques that are accessible to farmers in Kenya for improved farming management.

Chapter four presents methodologies for predicting the spatial distribution of bee
pests in Kenya using the MaxEnt models, bioclimatic and remotely sensed vegetation
phenological datasets. It aims at establishing high bee pest risk regions in which
management efforts could be directed to diminish their impact on reduction of

beehive productivity.



Chapter five highlights a multi-pronged approach used to predict the spatial
abundance (population) of bee pests using bioclimatic and land use/land cover
(LULC) data as a proxy for anthropogenic influence. It aims at providing bee pests
prediction models that are more accurate and realistic, and which capture bee pest
population dynamics and the effect human activities have on the distribution of bee

pests.

Chapter six on the other hand provides an overall synthesis of the thesis, including

study conclusions and recommendations.

All the references used in this study, including those cited in the four main research
papers have been combined and listed in the references section at the tail end of this

thesis.



CHAPTER TWO

2 The Use of Multisource Spatial Data for Determining the

Proliferation of Stingless Bees in Kenya

Stingless bee searching for pollen and nectar. Image by Gomollén-Bel (2020); source

https://www.chemistryworld.com/news/rare-trehalulose-sugar-found-in-stingless-bees-

honey/4012235.article

This chapter is based on:

Makori, D. M., Abdel-Rahman, E. M., Ndungu, N., Odindi, J.,, Mutanga, O,
Landmann, T., Tonnang H. E. Z. and Kiatoko, N. 2022. The use of multisource spatial
data for determining the distribution of stingless bees in Kenya, GIScience and Remote

Sensing, 59(1), 648-669, https://doi.org/10.1080/15481603.2022.2049536
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Abstract

Stingless/meliponine bees are eusocial insects whose polylactic nature enables
interaction with a wide variety of wild plants and crops that enhance pollination,
hence support ecosystem services. However, their true potential regarding pollination
services and honey production is yet to be fully recognized. Worldwide, there are over
800 species of meliponine bees, with over 20 species documented on the African
continent. Out of these, only 12 species have been well documented in Kenya.
Moreover, interest on meliponine bees has increased amid climate change,
agricultural intensification, and other anthropogenic effects. Generally, stingless bees
are under researched with no previous documented evidence of their ecological niche
(EN) distribution in most African countries. Hence, this study sought to establish the
influence of bioclimatic, topographic and vegetation phenology on their spatial
distribution and change patterns. Stingless response variables from 490 sample points
were collected and used in conjunction with 11 non-conflating features to build
stingless ecological niche models. Six machine learning based EN models were used
to predict the distribution of seven stingless bees’” species combined. The results from
the EN models showed that annual precipitation was the most influential variable to
stingless bee distribution (contributing 43.09% of the modelling information), while
potential evapotranspiration and temperature seasonality contributed 21.18% of the
information needed to predict the spatial distribution of stingless bees. Vegetation
phenology (21.36%) and topography (14.36%) had moderate effect on stingless bees’
distribution. On the other hand, high seasonality in precipitation and temperature
indicated high stingless niche variability in the future (i.e., 2055). The performance of
six EN algorithms used to predict distribution of stingless bees were found to be
“excellent” for random forest (true skills statistics (TSS) =0.91), and ranger (TSS = 0.90),
and “good” for generalized additive models (TSS = 0.87), multivariate adaptive
regression spline (TSS = 0.80), and boosted regression trees (TSS = 0.80), while they

were “fair” for recursive portioning and regression trees (TSS = 0.79). These EN
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models could be utilized to inform stingless bee farming and insects pollinated crops,
by highlighting regions that provide highly suitable conditions for stingless bees.
Additionally, the findings could be harnessed to increase both bee and agricultural
productivity, and forest conservation efforts through supplementary pollination

services.

Keywords:

Stingless bees, climate change, vegetation phenology, artificial intelligence, machine

learning, species distribution modelling (SDM).
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2.1 Introduction

Stingless bees, also known as meliponine bees, are eusocial insects that comprise of
hundreds of highly diverse and abundant species (Iraheta et al., 2015; Michener, 2013).
They are widely spread, with over 800 documented species worldwide that differ in
their body morphology, colony size and behavior. There are six genera of stingless
bees found in Africa; Hypotrigona, Cleptotrigona, Liotrigona, Plebeina, Dactylurina and
Meliponula (Eardley and Kwapong, 2013; Michener, 2013), with over 20 species
documented and endemic to the African continent, and 12 species documented in
Kenya (Eardley, 2004; Michener, 2000). The polylactic nature of meliponine bees is of
particular importance with regard to pollination services they provide to numerous
crops and wild plants (Njoya, 2010; Slaa et al., 2006). They are known to supplement
honeybees (Apis mellifera), which have over the years been the major pollinators of
wild plants and crops (Garantonakis et al., 2016; Giannini et al., 2015; Winfree et al.,
2007). Generally, honeybee colonies are on the decline due to colony collapse disorder
occasioned by the effects of climate change, agricultural intensification, use of
pesticides and bee diseases and pests (Makori et al., 2017; Muli et al., 2014a; Pirk et al.,
2015). This necessitates for inclusion of other pollinators such as stingless bees, to
complement honeybee pollination services. Indeed, it has been demonstrated that
stingless bees improve the quality of fruits and seed set in crops (Kiatoko et al., 2022,
2014; Slaa et al., 2006), hence the interest in meliponiculture has substantially grown

around the African continent.

Furthermore, livelihoods of many rural African communities have improved due to
the production of high quality meliponine bee honey and other bee keeping products
(Cortopassi-Laurino et al., 2006; Kiatoko et al., 2014) used as food, medicine and a
source of income. Stingless bee honey has antibiotic and anti-carcinogenic properties
(Libério et al., 2009) due to the enzymes associated with these properties (Bijlsma et
al., 2006; Mokaya et al., 2021). The medicinal value of meliponine bee honey translates

into higher price in the market compared to regular honey (Kumar et al., 2012). Also
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stingless bee cerumen, propolis and pollen contain anti-oxidants, immunomodulatory
effect, antibacterial and anti-inflammatory properties that are important for medical

purposes (Araujo et al., 2012; Libério et al., 2009).

Generally, the spatial and temporal distribution of stingless bees in Kenya and the
African continent at large has not been well explored. The environmental and
anthropogenic factors and conditions necessary for the distribution of stingless bees
remain largely undocumented (MM Fierro et al., 2012; Iraheta et al., 2015). These
environmental conditions include ambient temperature, precipitation, humidity,
altitude, soil wetness and solar irradiance and other factors such as shading (Ackerly
etal., 2010; Iraheta et al., 2015). Furthermore, the seasonal pattern of vegetation growth
influences stingless bees population dynamics (Miller et al., 2009; Williams et al.,
2012), as their forage circles are within short distances (250-500 m) of their nesting sites
(Grundel et al., 2010; Torné-Noguera et al., 2014). Since food resources significantly
influence their spatial distribution, stingless bees are more sensitive to changes in local
environmental conditions compared to honey and bumble bees (Torné-Noguera et al.,
2014). Additionally, stingless bee species respond differently to food resources whose
distribution is based on local environmental conditions (MM Fierro et al., 2012;
Roulston and Goodell, 2011). Specifically, floral community composition and
distribution play a major role in spatial dispersion of stingless bees than other factors,

such as nesting substrates (Torné-Noguera et al., 2014).

To understand the role of biotic and abiotic factors variations on stingless bees
distribution, artificial intelligence (AI), machine learning (ML) and ecological niche
(EN) models are commonly used to provide a statistical pathways that influence their
distribution in space and time (Ferndndez and Hamilton, 2015; Kearney and Porter,
2009). On the other hand, accurate data on location and temporal distribution of
stingless bee species can provide an important preview for describing their habitats
using reliable EN and species-specific predictions modelling approaches. Therefore,

response and predictor variables used in these models should be carefully selected to
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increase prediction accuracy (Peterson, 2011; Phillips and Dudik, 2008). In this context
overfitting of EN models should be avoided to achieve reliable prediction of species’
spread (Cord et al., 2014a). Also, remotely sensed predictor variables, such as
vegetation phenology should be incorporated into prediction models to minimize
probable biasness brought about by generalist nature of bioclimatic variables. This is
because bioclimatic predictor variables are commonly interpolated from discrete
observations while vegetation seasonality variables are continuous observations
whose resolutions are higher both in the temporal and spatial standpoints (Cord et al.,

2014a; Pau et al., 2012).

Although many studies (e.g., Njoya, 2010; Fierro et al., 2012; Kumar et al., 2012; Nkoba
et al., 2012; Kiatoko et al., 2014; Torné-Noguera et al., 2014; Iraheta et al., 2015; Ndungu
et al., 2019) have documented the importance of biology, nesting patterns and
distribution of stingless bees, exploitation of vegetation phenology and its interactions
with other biotic and abiotic factors to determine the distribution of stingless bees in
Kenya is largely unavailable. Furthermore, vegetation phenology provide detailed
vegetation information that is derived in narrow and accurate patterns which could
be selected using variable selection procedures in EN models to reduce
parameterization and overfitting in prediction, improving model accuracy (Cord et
al., 2014a; Naimi and Aratjo, 2016). In addition, since future bioclimatic conditions are
already modelled and readily available, EN models can offer tools to predict possible
change scenarios, hence providing informed decisions to avert unwarranted future
climatic effects on stingless bee distribution and biodiversity loss. Therefore, this
study sought to establish the influence of bioclimatic, topographic and vegetation
seasonality variables on the spatial distribution of stingless bees in Kenya. This study
also modelled the future distribution scenarios and patterns of stingless bees using

simulated bioclimatic data.
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2.2 Methods

2.2.1 Study site

The study area spans four agroecological zones with a representative climatic gradient
comprising of 40 administrative counties in Kenya. The area covers the coastal,
eastern, Mount Kenya, Nyanza, Rift Valley, and western regions of the country,
totalling 256,638.49 square kilometres (Figure 1). The stingless bee occurrence data
were collected from nineteen (19) counties, i.e., Kilifi, Mombasa, Taita Taveta and
Tana River (in the coastal region), Kitui, Machakos and Makueni (in the eastern
region), Baringo, Bomet, Nandi, Narok and Elgeyo Marakwet (in the Rift Valley
region), Kisii and Nyamira (in the Nyanza region), Meru (in Mount Kenya region),
and Kakamega, Bungoma, Vihiga and Busia (in the western region). The western
region, including Nandi Hills (in Rift Valley region), Kisii (in Nyanza region) and
Mount (Mt.) Kenya regions are characterized by high humidity, with relatively low
temperature and high altitude (Githui et al., 2009). They comprise major natural forest
and water towers such as the Mau Complex, Cherangani Hills, Kakamega Forest and
Kisii Highlands (Kinyanjui, 2011; Odawa and Seo, 2019). The coastal region, a low
altitude area, experiences high humidity and temperature, with one major indigenous
forest (Arabuko Sokoke) which is part of the coastal Kenya and Tanzanian forests arc
(Schiirmann et al., 2020). Natural vegetation in the coastal region is under threat from
agricultural intensification and expansion of human settlement (Habel et al., 2017).
The eastern region, Tana River (in the coastal region) and Baringo (in the Rift Valley
region) receive relatively lower rainfall than other regions, with relatively high
temperature during the day. Vegetation is predominantly shrubs with isolated stands
of acacia trees (Speranza et al., 2009). Elevation of the study site ranges from 2 meters
above sea level at the coastal region to 2,045 meters above sea level in the Nandi Hills

(in the Rift Valley region).

Mt. Kenya, Kisii highlands (in Nyanza region) and Western regions are

predominantly agricultural areas with relatively high maize productivity, a staple
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food crop in Kenya. In addition, stingless bees are used to improve crop productivity

both in the field and controlled greenhouse environments (Kiatoko et al., 2022). Small

scale subsistence farming is practiced in the coastal and eastern regions due to the

relatively low precipitation (Githui et al., 2009; Schiirmann et al., 2020).
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Figure 1: The study area indicating extent of the modelled region (blue outline), the national boundary

(in the inset map) in an agroclimatic zone (ACZ) backdrop, ranging from hot and dry (acz id 50 to 70)

to cold and wet (acz id 20 to 40) regions and stingless occurrence data (black points).
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2.2.2 Data Collection and Pre-Processing

The datasets used in this study were divided into response (stingless bee occurrence)
and predictor (bioclimatic, topographic and vegetation phenology) variables (Table
1). The occurrence data were obtained in a point vector format while the predictor
variables were satellite raster images. All the predictor variables were clipped to the
boundaries of the study site. Since the predictor variables were in different spatial
resolutions, hence the bioclimatic and topographic data were resampled to a pixel
resolution of 250 m using the Quantum GIS software (QGIS Development Team,
2021). The warp option under the raster processing tool in QGIS was used to edit the
resolution of the bioclimatic and topographic variables to fit the resolution of the
vegetation phenology variables with intermediate resolution in the predictor
variables. This is based on the recommendation by Mudereri et al (2020) that predictor
variables of different spatial resolution should be harmonized and resampled to the

same resolution, preferably to match the resolution of one of the predictors.

2.2.2.1 Response variables

As aforementioned, stingless bees” occurrence data were collected from nineteen (19)
counties in Kenya during the dry (December to February and June to August) and wet
(March to May and September to November) seasons, between January 2016 and
December 2020 (Figure 1). In each county, meliponaries and colonies observed with
the help of the local community within the study area were randomly sampled, with
their locations and all species of the stingless bees enumerated. Unidentified stingless
bee species were also recorded. Stingless bee presence only data were used for this
study since it was logistically impractical to collect ‘actual absence’ data from the field.
Furthermore, lack of sighting during this study was not guarantee of absence
(Jiménez-Valverde et al., 2011; Yackulic et al., 2013). It was assumed that the stingless
bees had the same probability of occurrence across the landscape, hence every pixel

had the same probability of being tagged as “background” pseudo-absence across the
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environmental and geographic space of the study area (Naimi and Arautjo, 2016).
Moreover, the species diversity modelling (sdm) package (Naimi and Araujo, 2016) in
R software (R Core Team, 2021) used in this study generates and uses the “pseudo-

absence” observations data to compensate for lack of “actual absence” data (Guan et

al., 2020).

Data were collected from a total of 490 sample points distributed along the coastal,
eastern, Kisii, Mt. Kenya, Rift Valley and the Western regions of the country (Figure
1). Specifically, the counties where stingless bee data was collected span across four
main agroecological zones, which had a representative climatic gradient. Data on six
stingless bee species was randomly collected whereby a meliponary with more than
one domesticated colony placed in one location or a wild nest with a colony used as
an observation/sample point. These were Hypotrigona gribodoi (n=64), Meliponula
togoensis (n=24), Meliponula bocandei (n=23), Meliponula ferruginea (n=55), Plebiana
armata (n=44) and unidentified species (n=280 sample points). Locations of the
stingless bees were recorded using a handheld global positioning system (GPS) with

an accuracy of 3 meters (+3).

2.2.2.2 Predictor variables

2.2.2.2.1 Vegetation phenology

The 16-day Enhanced Vegetation Index (EVI) observations acquired by the Moderate
Resolution Imaging Spectroradiometer (MODIS) at 250-metre spatial resolution, was
used to derive vegetation phenological variables (Table 1). EVI over 20-years period
(from 2001 to 2020) was processed using TIMESAT software (Eklundha and Jonsson,
2017) to derive 13 vegetation phenological variables (Table 1) for the two known rainy
seasons. To achieve best fitting vegetation phenological parameters, TIMESAT

settings were configured and set following Makori et al. (2017) recommendation.
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A total of 13 vegetation phenological variables (Table 1) were produced for each of the
two rainy seasons in the study area. However, since the second season in Kenya is not
stable and vegetation phenological indicators are not consistent throughout the years,
only phenological parameters from the first season were used in the present study.
Start of season (start_t) was calculated from the left edge minimum using a 20% EVI
deviation, while time for the end of season (end_t) was calculated using a 20% EVI
deviation threshold from the minimum EVI, detected towards the latter part of the
season. The length of season (length) measures the time from the start to the end of the
growing season and the base level value (base) describes the average value of the right
and left minimum values of the vegetation in the season. On the other hand, middle
of the season (mid) is the mean of the time of the season after removing 20% of the
minimum from both the right and left vegetation productivity indicated by EVI, and
the maximum value (max) is the largest vegetation (EVI) value within the season.
Amplitude (amplitude) gives the difference between the base value and the largest
vegetation (EVI) value in the season, left derivative (left_d) shows how fast the season
is increasing from the left, right derivative (right_d) measures the rate of decrease from
the right and large integral (large_i) describes the season from the start to the end. The
small integral (small_i) variable is used to describe the difference between the season
end and base level, whereas the value of the function at the start of season (start_v)
and the value of the function at end of season (end_v) indicate the vegetation (EVI)

values at the start and end of the season respectively.

2.2.2.2.2 Topographical variables

To investigate the influence and effect of landscape morphology on the distribution of
stingless bees, topographical variables were included in the EN models. Aspect,
hillshade, roughness, slope, topographic position index (TPI) and the terrain
ruggedness index (TRI) (Table 1) were derived from a 3 arc sec resolution (~90m pixel

resolution) digital elevation model (DEM) data acquired by the Shuttle Radar
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Topography Mission (SRTM) instrument (CGIAR-CSI, 2020), and used together with

other variables to predict the distribution of stingless bees within the study sites.

2.2.2.2.3 Bioclimatic variables

To determine the contribution of climatic conditions on the distribution of stingless
bees, the freely available bioclimatic variables with 1 km spatial resolution (Table 1)
from AfriClim (Fick and Hijmans, 2017; Platts et al., 2015) were utilized in this study,
ie, the AfriClim data were downscaled from the WoldClim platform

(www.worldclim.org). These bioclimatic variables contain grids of temperature,

rainfall and derived climatic summaries. The variables describe a long-term mean of
the current conditions (1970 to 2000) and simulated future conditions in 2055. This
study utilized simulated climate data under the intermediate CO: emissions,
representative concentration pathway scenario (RCPs) 4.5 watt/m? (Pachauri and
Mayer, 2015) as set by the International Panel on Climate Change (IPCC) using total
radioactive forcing values. The simulated future bioclimatic data were calculated as a
mean over the years 2041 to 2070 (Guan et al., 2020), and obtained from the fourth
version of the community climate system (CCSM4), which has the most reliable
climate projections (Mohammadi et al., 2019; Mudereri et al., 2020b). For each of the
timesteps, twenty-one (21) bioclimatic variables (Table 1) were utilized. Specifically,
ten (10) temperature and eleven (11) precipitation variables were generated for each

timestep.
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Table 1: Bioclimatic, topographic and vegetation phenology variables used in the prediction of the spatial distribution models of stingless bees.

Variables Description Units

Name Abbreviation

a) Temperature variables (n =10)

Bio 1 biol mean annual temperature °C
Bio 2 bio2 mean diurnal range in temperature isothermality °C
Bio 3 bio3 isothermality °C
Bio 4 bio4 temperature seasonality °C
Bio 5 bio5 maximum temperature warmest month °C
Bio 6 biob minimum temperature coolest month °C
Bio 7 bio7 annual temperature range °C
Bio 10 biol0 mean temperature warmest quarter °C
Bio 11 bioll mean temperature coolest quarter °C
Potential evapotranspiration pet potential evapotranspiration mm

b) Precipitation variables (n =11)

Bio 12 bio12 mean annual rainfall mm
Bio 13 biol3 rainfall wettest month mm
Bio 14 biol4 rainfall driest month mm
Bio 15 biol5 rainfall seasonality mm
Bio 16 biol6 rainfall wettest quarter mm
Bio 17 biol7 rainfall driest quarter mm
Moisture index mi annual moisture index n/a

Moisture index moist quarter mmiq moisture index moist quarter n/a

Moisture index arid quarter miaq moisture index arid quarter n/a



Dry months dm number of dry months months
Length of the longest dry season llds length of longest dry season months
c¢) Topographical variables (n = 6)
Slope slope angle of inclination to the horizontal % rise
Aspect aspect slope direction degrees
Hillshade hillshade shading effect n/a
Roughness Roughness degree of surface irregularity n/a
Topographical position index TPI position of surface inclination n/a
Terrain ruggedness index TRI ground ruggedness n/a
d) Vegetation phenological variables (n =13)
Start of season time start_t time for the start of season decades
End of season time end_t time for end of season decades
Length of season length length of time from start to end of season decades
Base value base average minimum EVI value n/a
Time of middle of season mid time of middle of season decade
Maximum value max maximum value of fitted data n/a
Amplitude amplitude difference between maximum and base level n/a
Left derivative left_d rate of increase of beginning of season %
Right derivative right_d rate of decrease of end of season %
Large integral large_i integral from season start to season end n/a
Small integral small_i integral difference between season and base level n/a
Start of season value start_ v value at the start of season n/a
End of season value end_v value at end of season n/a
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2.2.2.3 Variable selection

Multicollinearity among predictor variables is the single major problem that leads to
instability and volatility in the model’s parameterization and performance (Dormann
et al., 2013; Naimi and Araujo, 2016). Before testing for multicollinearity, the recursive
feature elimination criteria in the “caret” package in R was employed to assess the
possible minimum number of predictor variables that could produce comparable
results. This analysis enabled the study to gain insight into the number of uncorrelated
predictor variables that could give the most accurate modelling results. Thereafter, a
two-stage elimination criteria was performed based on the Pearson correlation
coefficient and variance inflation factor (VIF) to select the predictor variables used in
the EN models. The aim of the variable selection experiment was to reduce
multicollinearity among predictor variables and establish relevant orthogonal
features that are most suited for predicting stingless bee distribution using EN models
(Dormann et al., 2013; Plant, 2012). To detect collinearity among predictor variables,
multiple regression models were utilized. Each predictor variable was regressed
against all other variables, and the VIF was computed for each combination (Plant,
2012). The VIF is commonly used to first select important variables among the
different categories, then iteratively those with high linear regressions coefficients are

eliminated.

This study firstly set the threshold for the Pearson correlation coefficient at th = 0.7 (r
> 0.7), which has been demonstrated to yield the best result without any significant
loss of information (Aratjo et al., 2019; Dormann et al., 2013; Plant, 2012). Secondly,
the “vifstep” function available in the “usdm” package in R (Naimi and Aratjo, 2016)
was used to further assess the collinearity of the selected variables based on a
recommendation by Dorman et al. (2013), that VIF values of 10 or higher between
variables indicate collinearity. The correlation matrix presented in Figure 2 used blue
colour to indicate positive correlation while brown colour denotes negative

correlation. Colour intensity and size of the shape indicate level of collinearity. Shape
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orientation denotes direction of correlation. This figure shows that some of the
essential and relevant variables to the stingless bees” distribution such as isothermality
and mean annual rainfall were highly correlated. Therefore, decision on which
variable to select was based on their importance and ecological significance in species
distribution models using expert-knowledge approach (Dormann et al., 2013; Naimi
et al., 2014). The variable selection experiment enabled the study to select eleven (11)
relevant and uncorrelated variables (Table 1) out of a total of 40 (21 bioclimatic, 6
topographic and 13 vegetation phenology). Using a good number of relevant response
variables would lead to acceptable and reasonable prediction accuracies in EN models
(Stockwell and Peterson, 2002; Wisz et al., 2008). It has been established that 90%
prediction accuracy of machine learning algorithms can be obtained using as low as
10 response variables, but higher number of variables, from 50 sample points, would
ultimately yield better or near maximal accuracy (Araujo et al., 2019; Wisz et al., 2008).
Given that the selected response variables consisted of more than 10 sample points for
each stingless bee species, it was expected that the EN models developed in this study

would yield “acceptably” high prediction accuracies.
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Figure 2: Collinearity matrix of all predictor variables (refer to Table 1) used in the ecological niche

(EN) models for the spatial distribution of stingless bees in Kenya.

2.2.3 Model Fitting

Machine learning EN models in the “sdm” package (Naimi and Aratjo, 2016) in the R
software (R Core Team, 2021) were used to relate the stingless bee presence-only
observations to the selected uncorrelated predictor variables. Since this study utilized
presence-only observations, 1,000 pseudo-absence points were generated in R

environment using the “sdmdata” function in the “sdm” package.
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The “sdm” package has a selection of over 22 EN model executions, which are object
oriented, reproducible and have an extensible framework in R (Naimi and Aratjo,
2016). These machine learning models employ somewhat the same principles of
presence-pseudoabsence response variables. In the present study, trial runs were
performed for all 22 EN modelling algorithms, from which the best six were selected
based on their prediction accuracy (Table 2). The six selected algorithms have been
demonstrated to yield high performance accuracies in predicting species distribution
in complex environments (Mudereri et al.,, 2020a; Naimi and Aratjo, 2016). An
ensemble projection in the “sdm” package inherent in “R” software, was employed to
estimate the mean predictions of stingless bee distribution over the six selected EN

modelling methods based on the ranking of their predicted accuracy.

Table 2: Selected ecological niche modelling methods used in parallel executions in the “sdm” package

in the “R” environment to predict the spatial distribution of stingless bees in Kenya.

S/N  Modelling methods Abbreviation Reference
Random forest “RE” (Breiman, 2001)
Ranger “RANGER” (Wright et al., 2018)
Generalized additive “GAM” (Hastie and Tibshirani, 1990)
models
4 Multivariate adaptive “MARS” (Friedman, 1991)
regression spline
Boosted regression trees “BRT” (Elith et al., 2008)
Recursive portioning and “RPART” (Therneau et al., 2010)

regression trees

It was hypothesized that the model accuracy for six algorithms used in this study
could differ in predicting some stingless bee instances, hence an ensemble modelling
approach was employed to harmonize the variations among the six EN algorithms.
Furthermore, previous studies have demonstrated that ensemble modelling approach

usually has a superior predictive power than individual modelling methods (Araujo
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etal., 2019; Hao et al., 2019; Makaya et al., 2019; Naimi and Araujo, 2016). An ensemble
approach fits and maximizes model accuracy resulting in improved reliability since it
utilizes highly ranked models with higher precision. To run the ensemble model, the
study utilized the “ensemble” function in the “sdm” package under the “R”
environment (Aratjo and New, 2007; Naimi and Araujo, 2016). The results of the six
stingless bee models were harmonized under the ensemble model using the true skill
statistics (TSS) weighted average approach which improves the model predictability
(Naimi and Aratjo, 2016). However, including individual models of low accuracy in
an ensemble experiment would yield a low predictive power. Therefore, the study
included only EN models of a TSS of 0.7 in the ensemble modelling experiment
(Dormann et al., 2013). A TSS is an accuracy measure that estimates the agreement
between the response (e.g., stingless bees presence observations) and predictor (e.g.,
bioclimatic, topographic and vegetation phenology) variables. It ranges between -1

and 1, with 1 indicating high predictive accuracy (Hao et al., 2019).

Predictions for the distribution of stingless bees in this study area were done under
both current and future climatic projections in 2055. For consistency, similar model
settings and packages were used for both prediction scenarios to establish the effect
of climate change on the distribution of stingless bees in Kenya. For consistency and
comparability, the future stingless bee prediction scenario utilized simulated climatic
variables, selected to match predictors used in the current climatic scenario. On the
other hand, the current vegetation phenological and elevation variables were used in
the future model, as projected vegetation phenological scenarios are absent, and
elevation is unlikely to considerably change in future. In this study it was assumed
that elevation and vegetation phenology will remain unchanged over the projected
future period in 2055. The “ensemble” function in the “sdm” package under the “R”

environment was used to predict the spatial distribution of stingless bees in future.
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2.2.4 Stingless Bees’ Distribution Model Validation

This study employed random data splitting method inbuilt in the “sdm” package to
assess the accuracy of the stingless bee distribution models developed in the current
study. In both the current and future cases, a 10-fold cross validation approach was
used (Araujo et al, 2019; Naimi and Aratjo, 2016). Automation was used to
independently and randomly draw a 70% sample for calibration of the SDMs while
the remaining 30% were used to validate their performance. The study utilized both
threshold-independent statistics (i.e., area under curve — AUC of the receiver
operating curves - ROC) and threshold-dependent statistics (i.e., true skills statistics —
TSS, sensitivity and specificity) to assess the performance of the stingless bee EN
models (Phillips and Dudik, 2008). The ROC is a graphical representation of the
model’s fitting of sensitivity (presence data points) and specificity (pseudo-absence
data points) metrics The area under such graphical representation (AUC) indicates the
overall accuracy of model performance. AUC values close to zero (0) indicate poor
ordering or impossible occurrence while those close to one (1) represent perfect
prediction by the model or optimal occurrence (Du et al., 2014). The study modified
the Swets discriminatory power (Mohammadi et al., 2019; Swets, 1988), which ranks
the models” performance in a way that: (i) excellent > 0.90, (ii) good = 0.80-0.89, (iii)
fair = 0.70-0.79, (iv) poor = 0.60-0.69 and (v) fail < 0.59.

This study employed TSS to test the accuracy of the current and future ensemble
models. Equations 1 to 3 describe the TSS variables and their parameters (Richard et
al., 2018). Optimal or perfect occurrence or perfect ordering of observed stingless bee
presence versus its predicted occurrence were presented by TSS values close to +1.
Values lower than zero (TSS < 0) represented poor or impossible stingless bee
occurrence (Guan et al., 2020). The current and future stingless bee distribution maps
were used to calculate the predicted area covered by stingless bees and to quantify
change in their probability of occurrence. To quantify change in area, the probability

of occurrence was converted to presence/absence using the evaluate function in the
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“sdm” package in R. The presence/absence observation data were then used to extract
probability of occurrence in the “raster” package by thresholding maximum TSS
values. This was eventually converted to absolute data frame change estimates whose
areas were calculated and quantified in the “sdm” package in R. The change in
probability of stingless bees” occurrence was grouped into the following classes: (i)
high probability of reduction (< -0.41), (ii) moderate probability of reduction (-0.40 to
-0.21), (iii) low probability of reduction (-0.20 to -0.06), (iv) no change (-0.05 to 0.05),
(v) low probability of proliferation (0.06 to 0.20), (vi) moderate probability of
proliferation (0.21 to 0.40), and (vii) high probability of proliferation (> 0.41) (Araujo
et al., 2019; Rapacciuolo et al., 2014).

TSS = (sensitivity + specificity) — 1 Equation 1

where sensitivity represents the presence observation and specificity is absence

Sensitivity = ﬁ Equation 2

where a is true positive presence and b is false negative presence

Specifity = ia Equation 3

c+

where c is false positive presence and d is true negative presence
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2.3 Results

2.3.1 Variable Interaction and EN Model Development

The collinearity model (Figure 2) indicated that 29 out of 40 variables used in the
current prediction models were conflating. These variables were eliminated from the
EN models based on their importance and individual interactions as indicated in
Figure 3. Hence, 11 non-conflating variables (highlighted in bold in Table 1) were
deemed fit for developing the final EN models. Furthermore, the recursive feature
elimination (RFE) criteria indicated that a few variables (14) could give comparable
results before eliminating the colinear ones (Figure 4). In addition, selected bioclimatic
variables had the highest relative influence (64.27%) on the EN models developed to
predict the stingless bee occurrence, while vegetation phenological and topographical
predictor variables contributed to 21.36% and 14.36% information respectively (Figure

5).

31



TRI=
TFI=
start_v-
start_t=
small_i=
slope =
roughness -
right d-
pet=
mimg =
mid =
miag =
mi =
max -
lids =
length =
left d=
large_i=
hillshade -
end_v-=
end t-
dm =
bic7 =
bici6 -
bio5 =
biod -
bio3 -
bio2 =
bioi7 =
bio16 =
bioi5=
bioi4 -
bio13 -
bioi2 -
bio11 =
bio10=
bio1 =
base -
aspect-
amplitude =

Variable

L]
0.02 0.03 0.04
Variable importance

Figure 3: Relative variable importance of all 40 variables (refer to Table 1) used in EN models for

predicting the distribution of stingless bees.
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Figure 4: Recursive feature elimination (RFE) model using the root mean square error (RMSE) to

indicate variables that could yield comparable prediction model accuracy.
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Figure 5: Relative importance of selected non-conflating predictor variables (refer to Table 1) used in

the ecological niche models.

Additionally, the results showed that among the three selected bioclimatic variables,
mean annual rainfall (bio12) was the most important variable in the EN models. It
contributed almost half (43.09%) of the information required for distribution of
stingless bees (Figure 5). Temperature seasonality (bio4) was the second important
bioclimatic variable, followed by potential evapotranspiration (pet), which together
added 21.18% of the information needed to predict stingless bee distribution (Figure

5). On the other hand, vegetation phenology provided the greatest number (5) of
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variables viz, integral from season start to end (large_i), value at the end of the season
(end_v), difference between maximum and base level (amplitude), rate of increase at
the beginning of the season (left_d) and time for the start of the season (start_t).
However, they ranked among the least important variables for predicting the
distribution of the stingless bees, except large_i, which contributed about 8.98% in the
EN models (Figure 5). For topographical variables, slope and roughness were the most
important with slope having relatively higher comparative influence (7.18%) to the
EN models than the other topology variables. Even though vegetation phenology and
topography contributed the least logit (modelling information) when combined
(35.73%), they both helped to sharpen the EN models further by providing more

prediction information at grain level, hence improving the model’s accuracy.

2.3.2 Stingless Bees’ Prediction Model and Validation

The AUC threshold-independent statistics indicated that all the EN models developed
in this study were “excellent” in their performance according to the modified Swets
discriminatory power (Table 3). On the other hand, the TSS threshold-dependent
statistics denoted that the EN models achieved varied results ranging from “fair” to
“excellent” ranking. In both cases, random forest and ranger algorithms achieved
“excellent” results for both the AUC (0.98) and TSS (0.91). Additionally, the
differences between attained AUC and TSS model accuracies ranged between 7%
(0.07) for random forest to 15% (0.15) for MARS and BRT (Table 3). This was an
indication that the latter two EN algorithms had higher disparities in threshold
dependent and independent evaluation criteria than the rest. The ROC curves (Figure
6) used the red and blue curves to indicated smoothed mean area under curve (AUC)
of the training data and test data, while cyan curves indicated runs for individual
models. The black dotted line showed the one-to-one mid-point interaction between
sensitivity and specificity for each model. All model algorithms demonstrated a good

fit between training and test datasets for smoothed means, with little variations
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between individual 10-fold replicated runs. Random forest and RANGER displayed
better fitting for 10-fold replicates than other algorithms. This ndicated model stability
and relatively consistent predictions within replicates. RPART had the highest
dispersions of AUC for individual replicates, suggesting relative model instability
before mean averaging. Additionally, some individual replicate runs were
demonstrated to be closer to the one-to-one midpoint ordering line between
sensitivity and specificity, in line with the low attained model accuracy (Table 3).
Ultimately, there was no algorithm skewness beyond the one-to-one midpoint of
ordering for specificity and sensitivity. The ordering of presence and absence data
(Figure 7) also indicated robustness of the response variables used to develop
prediction models. Furthermore, presence-absence data of response variables
presented limited dispersion from the mean. This was an indication of good

separability between classes and high integrity within classes.

Table 3: Area under curve (AUC) and true skills statistics (TSS) of six EN modelling methods used to

predict the distribution of stingless bees in Kenya.

Methods AUC TSS Difference Swets (TSS)
RF 0.98 0.91 0.07 Excellent
RANGER 0.98 0.90 0.08 Excellent
GAM 0.96 0.87 0.09 Good
MARS 0.95 0.80 0.15 Good

BRT 0.95 0.80 0.15 Good
RPART 0.91 0.79 0.12 Fair
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Figure 6: Receiver operating curves (ROC) of EN modelling methods used to predict distribution of

stingless bees.
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Figure 7: Ordering of response variables used in training and evaluation of the various models.

2.3.3 Stingless Bees’ Ecological Niche Prediction

The EN models predicted high stingless bee suitability in the western, Kisii (in Nyanza
region), Bomet (in Rift Valley region), coastal, eastern and Mt. Kenya regions of Kenya
for both current (a) and future (b) scenarios (Figure 8). Specifically, Mombasa, Taita
hills, and Kilifi at the coast, Kasanga in Mwingi and Machakos in Eastern region,
Kakamega and Busia in western and Mt. Elgon and Nandi hills in Rift Valley regions
were predicted to have relatively high habitat suitability. Kwale and larger Taita-
Taveta in coastal region, and Rift Valley regions had varied predicted probability of
occurrence, while large parts of Tana River (in the coastal region) and Narok (in the
Rift Valley region) counties had low predicted probability (Figure 8). These regions
have varied temperature and precipitation gradients as well as seasonality.
Additionally, their characteristic climatic and agroecological gradients are diverse
(Camberlin et al., 2014; Ochieng et al., 2016). The coastal region has high temperature
and humidity, while the eastern parts of the country have high temperature and

relatively lower precipitation. Kakamega (in the western region), Kisii in the Nyanza
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region), Nandi hills (in the Rift Valley region) and the Mt. Kenya regions experience
cooler temperatures with elevated levels of precipitation. Indeed, mean annual rainfall
and temperature seasonality (bio12 and bio4) contributed significantly to the EN
distribution models. Furthermore, topography of parts predicted with high suitability
was similar, with high elevation values that are consistent with low temperature and
high precipitation. Mombasa and Kilifi (in the coastal region) and Kitui (in the eastern
region) counties are lower altitude regions, while Kakamega and Busia (in the western
region), Kisii (in the Nyanza region), Nandi (in the Rift Valley region) and Taita hills
(in the coastal region) are largely hilly. The future map (b) displays increased
suitability for stingless bees” in some areas, while low and moderate suitability was
predicted for areas such as Nandi hills (in the Rift Valley region), Mt. Kenya and the
eastern regions of Kenya. Conversely, most regions predicted with high stingless bee
habitat suitability had reduced in 2055. There was an exception in the Kisii highlands
(in the Nyanza region), which indicated increased suitability from moderate to high
suitability of proliferation. The western and eastern (specifically Kasanga in Mwingi)

regions had reduced from high to moderate suitability of proliferation.

39



2°N-
1°N-
0°-
1°s
8
3
s
2s
3s-
4°s-
Prediction
1.0
0.8
. Mos [— e e
s god 0 50 100 150 200 250 300 350 400 450 500km
34°E 35°E 36°E 3TE 38°E 30°E 40°E 34°E 35°E 36°E 3T°E 38°E 30°E 40°E
Longitude Longitude

Figure 8: Predicted stingless bee distribution in Kenya for the current (a) and future (b) developed using ensemble of six machine learning EN models.

40



The change map based on probability of stingless bee occurrence (Figure 9) revealed
that many areas especially Kisii (in Nyanza region), Mt. Elgon and Nandi hills (in the
Rift Valley region), Mt. Kenya, and some parts of Kitui (in the eastern region), had
increased suitability while Kakamega and Busia (in the western region), Bomet (in Rift
Valley region), Mwingi (in the eastern region), and Taita Taveta, Mombasa and Kilifi
counties (in the coastal region) had moderate to high decrease in probability of
stingless bee occurrence. Moreover, the categorized change classes indicated that
probability of stingless bees” distribution increased in regions totalling 35,958.68 km?,
while a total of 99,363.70 km? was predicted to have diminishing probability of
occurrence (Table 4) with unaltered predicted future climate change pathways. Most
interclass variations were centred between moderate and low diminishing probability
to low and moderate probability of proliferation. Overall, there was more probability

of diminishing than proliferation by a total of 63,405.02 km? in the study area.
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Figure 9: Stingless bees distribution change map (c) indicating difference between the current and

future probability of occurrence.

Table 4: Probability of change for stingless bees’ distribution maps between the current and future

predicted areas.

S/No Class Area (km?)

1 High probability of reduction 931.25
2 Moderate probability of reduction 14,449.04
3 Low probability of reduction 83,983.40
4 No change 121,316.12
5 Low probability of proliferation 33,501.14
6 Moderate probability of proliferation 2,234.14
7 High probability of proliferation 223.40

Total 256,638.49
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2.4 Discussion

Stingless bees are important in fragmented landscapes due to their polylactic nature.
Specifically, their wide range of flower preference make them valuable pollinators,
especially in areas with low plant density and diversity. Amid climate change, the
influence of climate on spatial distribution of stingless bees is an important element in

the determination of their future spatial distribution.

2.4.1 Variable Interaction and EN Model Development

Despite stingless bees diverse and generalist foraging ability, climate and vegetation
phenology influence their distribution (Njoya, 2010; Slaa et al., 2006). The EN models
established that precipitation, particularly mean annual rainfall, was the most
influential variable determining the distribution and proliferation of stingless bees.
This variable provided almost half (43%) of the information required by the models to
predict their spatial distribution. The models predicted more stingless bee suitability
in regions with high annual precipitation across the country. Furthermore, it was
established that variability in precipitation affected stingless bees” distribution across
temporal and spatial dimensions. This is consistent with literature (MM Fierro et al.,
2012; Lovett, 2015; Makori et al., 2017, Mwalusepo et al., 2015; Platts et al., 2015) that

note a positive correlation between precipitation and the distribution of stingless bees.

The recursive feature elimination (RFE) model (Darst et al., 2018; Granitto et al., 2006;
Yan and Zhang, 2015) indicated that more than half of the predictor variables initially
poised for the stingless bee distribution models were redundant. The recursive feature
elimination (RFE) experiment established that a few selected features would
otherwise yield same or higher prediction accuracy as opposed to using all the 40
predictor variables. The RFE, collinearity and variable importance procedures were
useful in eliminating redundant features and enhanced the stingless bee EN model,
reducing instability, volatility and parameterization (Dormann et al., 2013; Naimi and

Aratjo, 2016). On the other hand, vegetation phenological variables contributed lower
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permutation on the prediction of stingless bees” distribution compared to bioclimatic
variables, but were palpably greatly valued, as demonstrated by the number of
features tagged important (Figure 5). It was speculated that the availability of pollen
and nectar determine niche colonization of stingless bees and facilitate their
distribution in vegetated areas that could be less suitable in terms of climate. This is
more important for providing foraged bee bread and nectar products that are
indicators of colony strength and trigger of brooding (Pau et al., 2012; Torto et al.,
2010). Indeed, vegetation’s large integral (large_i) and end of season values (end_v),
which indicate the amount of pollen and nectar available for stingless bees within and
end of the season respectively, were tagged as the most important in this category.
Higher large integral values (large_i) indicate abundance of forage within the season
and longer foraging periods which encourage stingless bee colony growth and
distribution. On the other hand, a large value at the end of the season (end_v)
demonstrates availability of enough foraging materials for bees within the season. The
coastal, Mt. Kenya, Kisii (in the Nyanza region), Nandi hills (in the Rift Valley region)
and western regions had high vegetation’s large integral values within the season,
because vegetation seasons start earlier and the vegetation phenology values at the
end of the season were more than other regions. Consequently, these regions were
predicted as highly suitable to stingless bees due to these conducive vegetation

conditions.

Slope and terrain roughness topographic variables contributed substantially (13.64%
of the total logit) to the performance of the stingless bee EN models compared to the
total contribution (14.36%) of the selected topographical variables (Figure 5).
Specifically, suitable ENs spanned through regions with high altitudinal gradients
across the study site. Previous studies (Birrell et al., 2020; Jackson et al., 2018; Kimathi
et al., 2020; Mani, 2013) indicated that most insects have diverse altitudinal regimes
and could thrive in regions with varying topography. In Kenya, the coastal, Baringo

(in the Rift Valley region) and eastern regions are characterized by low altitude, while
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Taita hills (in the coastal region), Nandi hills (in the Rift Valley region), Kisii highlands
(in the Nyanza region), Mt. Kenya, Mt. Elgon (in the Rift Valley region) and Kakamega
(in the western region) are more elevated. Therefore, the impact of varying altitudes
on the probability of stingless bee occurrence could not be conclusively deciphered.
Nevertheless, such an impact could influence other parameters such as food resources
and climate regimes, which could impair or encourage distribution of the bees.
Therefore, topographical variables in seclusion may not be reliable in developing EN
models but should be coupled with other features such as vegetation phenology and

climate.

2.4.2 Stingless Bees’ Prediction Models and Validation

After eliminating the least accurate stingless bee prediction models, scores ranged
from “fair” to “excellent” based on the modified Swets discriminatory power. It is
reported that predictive model precision and accuracy in space depend on careful and
accurate selection of predictor features viz a vis response variables (Aranda and Lobo,
2011; Aradgjo et al., 2019; Naimi and Araujo, 2016). Also, they are largely dependent on

the selection of important non-conflating variables while circumventing redundancy.

Although all predictor models were subjected to same response variables and model
conditions, model disparities were observed especially in threshold dependent and
independent accuracy measurements for MARS and BRT. Models with low prediction
accuracy exhibited less accurate ordering of sensitivity and specificity, closer to the
one-to-one mid-point interaction line on the ROC models. Individual model replicates
used to average model means indicated increased dispersion from both test and
training averaged mean curves. In addition, dispersions increased as prediction
accuracy reduced, pulling closer to the mid-point hence lowering the averaged mean
curves. Observed model instability indicate decreased model dependability for niche
prediction of species, especially where high precision and accuracy are desirable

(Farley, 2017; Felton et al., 2021). However, individual model replicate dispersion
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observed in this study did not pass the one-to-one midpoint ordering of specificity
and sensitivity. Even though prediction accuracy did not reach the excellent level for
at least four of the selected models, prediction skewness was not significant since all
models attained acceptable ordering of sensitivity and specificity (Gao and Tian, 2021;
Kajita et al.,, 2017). Notwithstanding, this study suggests that robust and rigorous
approaches should be employed to ensure accurate collection and collation of
response variables, thorough selection of predictor features, and good choice of
artificial and deep learning prediction algorithms for improved stingless bee

distribution predictability power.

2.4.3 Stingless Bees’ Ecological Niche Prediction

Studies have shown that increased variability in both temperature and precipitation
decrease the population of beneficial insects such as stingless, honey and bumble bees
(Roulston and Goodell, 2011; Torné-Noguera et al., 2014). Indeed, the EN models
indicated that there was a general decline of suitability of stingless bee niches across
the study area by 63,405.02 km?, more than proliferation. Additionally, most regions
reduced in stingless bee niche suitability from high and moderate suitability to lower
classes such as Kakamega (in the western region), Nandi hills and Bomet (in the Rift
Valley region), Mwingi (in the eastern region), Taita hills, and other coastal regions.
Besides, these regions were demonstrated to have reduced annual rainfall with
increased potential evapotranspiration and temperature seasonality (Fick and
Hijmans, 2017; Platts et al., 2015). The interaction of these climate variables could have
shifted the primal climatic conditions for stingless bees in these regions and affected
their phenological patterns. However, the stingless bee distribution EN models
indicated that there was a slight increase in spatial suitability of stingless bees, by
4,197.53 km?, in many regions across the study site. This could be attributed to the
stingless bees’ polylactic nature, since they forage on a wide range of plant species

including weeds, which are predicted to increase with climate change, hence keeping
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their colonies strong. On the other hand, improved colony strength would enable
them to fight off diseases and pests, whose increase has been demonstrated to cause
bee population decrease and colony collapse across the world (Dainat et al., 2012;

Williams and Tarpy, 2010).

The generalist behaviour of stingless bees suggests that over time, they have adapted
to shifting vegetation density and diversity (Njoya, 2010; Slaa et al., 2006). This
adaptation could inform dispersion and distribution of their suitable niches across
different agroecological and agroclimatic zones, with subtle differences within given
zones. For instance, the coastal region of Kenya displayed varied suitability of
stingless bee occurrence, even though temperature and precipitation regimes are
almost similar. Also, the vegetation’s phenological composition varies from Kwale
through Mombasa to Kilifi County in the region. The latter county has more
vegetation diversity and density, making it more suitable for stingless bees. On the
other hand, regions neighbouring Arabuko Sokoke Forest in Kilifi County were
predicted to be more suitable with high prediction accuracy. Besides, their
colonization rates were demonstrated to be higher than the neighbouring Kwale

County.

Furthermore, inclusion of vegetation phenological information in species diversity
models improve their prediction power and sharpens their predictability. Vegetation
phenology variables contain information extracted from MODIS EVI data on each of
the growing seasons, hence reducing the residual signal noise and data dimensionality
in unprocessed EVI time series data (Hinton and Salakhutdinov, 2006; Shen et al.,
2013). This could have introduced bias into the stingless bee distribution prediction
models. Furthermore, vegetation phenology variables reduce overfitting of species
distribution prediction models, since bioclimatic variables are coarser at the grain
level (1 km spatial resolution) and only offer interpolated climatic information, which
depict homogeneity at large spatial extents. On the other hand, vegetation phenology

data is finer at grain level offering higher spatial resolution (250 m), hence have more
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power to incorporate environmental heterogeneity on the ground (Saatchi et al., 2008).
In this regard, remotely sensed vegetation phenology data captures adverse
environmental conditions, which limit the spatial distribution of stingless bees within
homogenous climatic pockets. Also, remotely sensed vegetation phenology data
captures subtle differences in vegetation variability on the ground, which determine
availability of pollen and nectar, the primary sources of food and energy for the
stingless bees. Moreover, remotely sensed vegetation phenology data depicts
heterogenous ground conditions at near real-time basis capturing short term changes
in small spatial extents, contrary to bioclimatic data that is interpolated over large
homogenous regions and over extended temporal periods. In this regard,
incorporating remotely sensed vegetation phenology data into the stingless bee spatial

distribution models made them more realistic and dependable.

On the other hand, the prediction models revealed that topography had little influence
on the distribution of stingless bees (Birrell et al., 2020; Jackson et al., 2018). The
predicted maps showed high habitat suitability across altitudinal gradients with no
regard of ground elevation. Nonetheless, direct impact of topography on the stingless
bees could not be straightforwardly established and its influence on microclimate and
vegetation density and diversity could only be inferred and deduced to have similar

effects on stingless bees” distribution as phenology and climate.

2.5 Conclusions

This study developed the first ever predictive EN models for the spatial distribution
of stingless bees in Kenya using an ensemble modelling approach of six machine
learning EN algorithms. The polylactic nature of stingless bees is particularly
important due to non-selective pollination of a wide range of both food and non-food
plants, in mixed cropping systems and virgin land. Careful selection and preparation
of response and predictor variables is however paramount in developing accurate,

dependable, and robust predictive models. Relative variable importance, recursive
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feature elimination (RFE), collinearity determination procedures and selection of non-
conflating features are equally important. Based on TSS accuracy, six EN modelling
algorithms proved most accurate in predicting the occurrence and spatial distribution
of stingless bees. Specifically, random forest (TSS = 0.91), ranger (TSS = 0.90),
generalized additive models (TSS = 0.87), multivariate adaptive regression spline (TSS
= 0.80), boosted regression trees (TSS = 0.80), and recursive portioning and regression
trees (TSS = 0.79) were the most accurate models that were included in the ensemble
for predicting the EN of stingless bees in the study area. Ensembling these six EN
algorithms enhanced their strengths, while diminishing their weakness, hence
providing a more reliable and accurate stingless bee distribution mapping method.
The bioclimatic data, especially mean annual rainfall, provided the most useful
information needed for predicting the spatial distribution of stingless bees. However,
vegetation phenological variables substantiated most features towards the stingless
EN models. Although topography was significant to the models, its contribution could
not be directly established, hence only inferred through other features such as
vegetation phenology and microclimate. Projection of the EN models into the future
(2055) based on hypothesized and modelled climatic pathways by the IPCC, indicated
that there was more spatial diminishing of stingless bee suitable habitats than
distribution. This was occasioned by high temperature and precipitation seasonality
in 2055, which affected their ecological niches the most. In effect, the stingless EN
models could be utilized to provide important information to beekeepers and farmers
practicing insects pollinated mono and mixed cropping systems for increased
productivity. On the other hand, the results for this study could provide insights for
conservationists grappling with effects of climate change, increased anthropogenic

disturbance and habitat fragmentation towards natural vegetation stands.
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CHAPTER THREE

3 Suitability of Resampled Multispectral Datasets for

Mapping Flowering Plants in the Kenyan Savanna

Terminalia brownie flowering on the landscape of Kasanga in Mwingi, Kenya. Photo taken by the

candidate in January 2014.

This chapter is based on:

Makori, D. M., Abdel-Rahman E. M., Landmann, T., Mutanga, O., Odindj, J., Nguku,
E., Tonnang, H. E., and Raina, S. 2020. Suitability of resampled multispectral datasets
for mapping flowering plants in the Kenyan savanna, PloSONE, 15(9), e0232313,
https://doi.org/10.1371/journal.pone.0232313
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Abstract

Pollination services and honeybee health in general are important in the African
savannas particularly to farmers who often rely on honeybee products as a
supplementary source of income. Therefore, it is imperative to understand the floral
cycle, abundance and spatial distribution of melliferous plants in the African savanna
landscapes. Furthermore, placement of apiaries in the landscapes could benefit from
information on spatiotemporal patterns of flowering plants, by optimising honeybees’
foraging behaviours, which could improve apiary productivity. This study sought to
assess the suitability of simulated multispectral data for mapping melliferous
(flowering) plants in the African savannas. Bi-temporal AISA Eagle hyperspectral
images, resampled to four sensors (i.e., WorldView-2, RapidEye, Spot-6 and Sentinel-
2) spatial and spectral resolutions, and a 10-cm ultra-high spatial resolution aerial
imagery coinciding with onset and peak flowering periods were used in this study.
Ground reference data was collected at the time of imagery capture. The advanced
machine learning random forest (RF) classifier was used to map the flowering plants
at a landscape scale and a classification accuracy validated using 30% independent
test samples. The results showed that 93.33%, 69.43%, 67.52% and 82.18% overall
accuracies could be achieved using WorldView-2, RapidEye, Spot-6 and Sentinel-2
data sets respectively, at the peak flowering period. Our study provides a basis for the
development of operational and cost-effective approaches for mapping flowering
plants in an African semiarid agroecological landscape. Specifically, such mapping
approaches are valuable in providing timely and reliable advisory tools for guiding

the implementation of beekeeping systems at a landscape scale.

Keywords: Melliferous plants, bee health, AISA Eagle, hyperspectral data, resampled

multispectral data sets, random forest.
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3.1 Introduction

African savannas are characterized by unreliable and erratic rainfall with low and
dispersed forest pockets. They do not efficiently support rainfed agriculture,
necessitating for alternative sources of income to supplement the unpredictable crop
yield (Makori et al., 2017; Raina et al., 2011). Apiculture and related ecosystem services
such as pollinator activities boosts local economies, food and nutritional security and
improve biodiversity, hence valuable and sustainable socioecological practices in the
African savanna (Kiatoko et al., 2014; Klein et al., 2007).

Beneficial insects such as honeybees, stingless bees, wasps, butterflies, mulberry and
wild silk moths (Raina et al., 2011; Warui et al., 2018a), are important income sources
to local communities and living adjacent to the forest, paramount in pollination and
pivotal incentives in forest conservation. These insects are valued for among others
production of honey, wax, dyes and silk on one hand (Adolkar et al., 2007; Kasina et
al., 2009), and pollination of agricultural and forest ecosystems, as well as conservation
of derelict land and degraded forest (Blay et al., 2008; Raina et al., 2011). It is estimated
that between 60% to 90% of plant species depend on insects and other animals such
as birds for pollination (Potts et al., 2010; Raina et al., 2011). In the USA for instance,
pollination is estimated to contribute more than $14 billions a year to the agricultural
economy alone (Hines and Hendrix, 2005; Klein et al., 2007). However, whereas the
contribution of pollination in Africa is unequivocal, its economic importance is yet to
be fully documented.

As human pressure on land increases, communities living within four kilometres
radius from the forest increases. These communities directly or indirectly depend on
a range of forest resources and ecosystem services (Kiatoko et al., 2014; Klein et al.,
2007). For instance, placement of apiaries in close proximity of a forest (less than one
kilometre) doubles the production of honey than when placed out of a three kilometre
radius (Sande et al., 2009). Additionally, proximity to the right types and amounts of

pollen and nectar improves hive productivity, honey quality and the agility of bees to
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tight off pests and diseases (Pirk et al., 2015; Sande et al., 2009; Warui et al., 2018a).
Forest habitats are important to the various life cycles of many beneficial insect species
(Allsopp et al., 2008; Kremen et al., 2007). As aforementioned, these insects are useful
for among others pollination, improving biodiversity, diversification of livelihood
options and as natural agents of pest control (Buchmann and Nabhan, 2012; Biichs,
2003). Disturbance of forest stands and savanna vegetation leads to reduction in pollen
and nectar sources and ultimately pollinators, which are susceptible to habitat
alteration and changes in climate (Ricketts et al., 2008). A decline or elimination of
some plant species leads to a reduction of certain type of pollinators which are specific
to either pollen type, flower colour and morphology or physiology (Ushimaru et al.,
2007). Most insects rely on visual signals in the choice of flowers to visit. Colour, shape
and size influence insects in flower preference (Cooley et al., 2008; Holzschuh et al.,
2007; Pohl et al., 2011). For instance, hummingbirds prefer red coloured flowers, flies
like pale colours, while butterflies and bees prefer brightly coloured flowers (Cooley
et al., 2008; Holzschuh et al., 2007; Lunau and Maier, 1995; Pickering and Stock, 2003;
Pohl et al., 2011). Since most of the crops are pollinated by social pollinators such as
honeybees, agricultural production in Africa is predicted to reduce as their numbers
decline (Winfree et al., 2008, 2007). In this regard, measures aimed at locating,
conserving and improving cover of relevant flowering vegetation around vulnerable

communities that depend on agriculture for their livelihoods are necessary.

Geoinformation and earth observation tools are increasingly being used to establish,
locate and secure sources of nectar and pollen for enhanced hive productivity and
ecosystem services (Evans and Schwarz, 2011; Pirk et al., 2015; Zayed, 2009b).
Specifically, plant species mapping techniques adopting remotely sensed data
assumes that each plant species has a unique spectral niche that is defined by the
species biophysical and biochemical make-up (Asner and Martin, 2012; Cho et al,,
2012; Clark et al., 2010). Therefore, it is possible to identify and separate every tree

species using their spectral features. However, commonly, operational mapping of
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tree species using remote sensing systems is hampered by the low spectral resolution
in multispectral images and high acquisition cost of hyperspectral images. The
improved division of the electromagnetic spectrum in hyperspectral data for instance
gives narrow band data the ability to resolve subtle spectral canopy features
associated with carotenoid, chlorophyll content and foliar nutrient content (Cho et al.,
2012; Mitchell et al., 2012; Thulin et al.,, 2012). However, prohibitive cost, high
dimensionality and multicollinearity, especially when using conventional parametric
classification and regression procedures often make the use of hyperspectral data
unfeasible. Specifically, the Hughes effect and the high redundancy rates of some
bands in models developed using hyperspectral data impede landscape classification
(Colgan et al., 2012; Rodriguez-Galiano et al., 2012; Sarhrouni et al., 2012; Yin et al,,
2012). In this regard, it is paramount to explore the utility of multispectral images with
fewer broad bands for optimal discrimination of functional flowering groups (Abdel-
Rahman et al., 2015; Cho et al., 2012; Landmann et al., 2015; Vanbrabant et al., 2020).
However, whereas broadband multispectral data of lower spectral and medium
spatial resolution such as the Landsat series have become popular in landscape
mapping, they could mask out specific spectral features of functional flowering
groups, resulting in very low mapping accuracy. The newly launched relatively
improved spectral and/or spatial resolution sensors such as WorldView-2, RapidEye,
Spot-6 and Sentinel-2 offer great potential in detecting different colours of functional
flowering groups (Hedley et al., 2012; Immitzer et al., 2016, 2012). Such sensors are
specifically designed to capture spectral properties at additional wavebands such as
red-edge and yellow spectrum that mimic over 90% of plant biophysiological
information (Marshall et al., 2012; Zhang et al., 2009; Zheng et al., 2018). However, the
acquisition cost of some of the commercial multispectral data could limit their
operational mapping applications. Hence, there is need first to explore the utility of
simulated image data of such multispectral sensors and compare their usefulness with
freely available ones for flower mapping (Becker et al., 2007; Schmidt and Skidmore,
2003).
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In this study, we explored the utility of four simulated multispectral data (i.e.,
WorldView-2, RapidEye, Spot-6 and Sentinel-2) for detecting and mapping
functional flowering groups in the African savannas during the beginning and peak

flowering seasons.
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3.2 Methods

3.2.1 Study area

The study was carried in Kasanga (0.770°S and 38.143°E and approximately 933 metres
above sea level), about 17 km north of Mwingi town, in Mwingi Central Sub-county,
Kitui County, Kenya (Figure 10). The study area covers about 7.88 km?in a semi-arid
agroecological zone with relatively high temperatures (ranging from 15°C to 31°C).
The lowest temperatures are experienced between the months of July to August, while
higher temperatures are experienced twice a year, from February to March and
September to October. Rainfall in Mwingi is relatively low with typically two peaks
in April and November (mean annual precipitation of between 147 to 270) (Landmann
et al.,, 2015). Vegetation in Mwingi varies from woody plants, shrubs to crops. They
include Azandirachta indica, Melia volkensii, Markhamia lutea, Zizyphus abyssinica, Albizia
gummifera and Vachellia spp. Flowering plants in Mwingi include Terminalia brownie,
Cassia diambotia, Aspilia mossambicensis, Solanum incanum, Cassia semea, Grewia spp,
Boscia spp, and Vachellia spp (Raina and Kimbu, 2005). Most of these plants start
flowering from December to May, with peak flowering season in February. The
flowering season is triggered by the onset of rainfall in November, while the March-

April rainfall extends the flowering through to May.

In Mwingi, traditional agricultural practices such as tilling, bush clearance and
charcoal burning lead to deforestation of natural forest patches, including melliferous
plants. This in turn leads to reduction in honeybee products, pollination services and

biodiversity (Delaplane, 2010; Landmann et al., 2015; Williams et al., 2010).
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Figure 10: The study area indicating field data sample points on theAISA Eagle image background

captured in February 2013 over the Mwingi study site.

3.2.2 Image acquisition and pre-processing

3.2.2.1 AISA Eagle hyperspectral images

The airborne AISA Eagle hyperspectral images were obtained during the onset and
peak of flowering periods, i.e., 11" January 2014 and 14 February 2013, respectively.
AISA Eagle has a pushbroom scanning sensor with 0.037° instantaneous field of view
and 36.04° and 969 pixels across the spatial axis (Fauvel et al., 2008). To produce an
optimal number of bands with high signal-to-noise-ratio (SNR), the sensor was set on
eight times spectral binning at full width at half maximum (FWHM) of 8 — 10.5 nm in
the 400 to 1000 nm spectral range. Hence, the product had 64 bands and a 0.6m spatial

resolution after geo-referencing. Since this study sought to re-sample AISA Eagle
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hyperspectral images to a range of multispectral sensor specifications, all AISA Eagle

image bands were utilized to accommodate a range of sensor characteristics.

A digital elevation model (DEM) with 90m resolution, interpolated to match the 0.6m
resolution of the images (Rabus et al., 2003), together with a 2m WorldView-2 image
(37S UTM projection) captured over Mwingi in April 2014 were used to geo-reference
the AISA Eagle images. The AISA Eagle raw digital values were also converted to at-
sensor spectral radiance using the CaliGeoPro atmospheric correction tool (Specim

Limited, Oulu, Finland).

3.2.2.2 Resampling of multispectral data from AISA Eagle

Both AISA Eagle hyperspectral images captured in January 2014 and February 2013
were resampled to WorldView-2, RapidEye, Spot-6 and Sentinel-2 multispectral
spatial and spectral sensor specifications using the spectral resampling tool in
Environment for Visualizing Images (ENVI) 5.3 software (Exelis, 2015). ENVI uses the
full-width-half-maximum wavelength information to spectrally resample images.
Since the spectral responses of these multispectral images were predefined in ENVI,
the pre-defined filter function was used as a resampling method under the spectral
resampling tool. These four multispectral image data were used to test the possibility
of mapping flowering plants using 10 m or less spatial resolution. Also, we selected
multispectral sensors that have infrared and red edge bands that have been
established to be effective for detecting vegetation and flowers spectral signals (Abdel-
Rahman et al., 2015; Jung-Rothenhausler et al., 2007). Resampled multispectral data
were used to avoid image acquisition cost before testing their suitability for mapping
tlowering plants. Further, the Sentinel-2 sensor was not yet launched when the study
was conducted. Therefore, we obtained AISA Eagle data from previous studies
(Abdel-Rahman et al., 2015; Landmann et al., 2015) that looked at the possibility of

mapping flowering plants using hyperspectral image data.
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Four multispectral sensors (WorldView-2, RapidEye, Spot-6 and Sentinel-2) were
considered for this study. These images were resampled from their respective January
2014 and February 2013 AISA Eagle images. Additionally, a WorldView-2 image
captured over the study site in April 2014 was used to compare the accuracy of the
classification achieved using the resampled WorldView-2 image and provide insight

on the reliability for our image resampling procedure.

3.2.2.21 WorldView-2

WorldVeiw-2 is an eight (8) waveband multispectral image sensor that was launched
in October 2009 with a 1.84 m spatial resolution and an additional 0.46 metre
panchromatic band (Anderson and Marchisio, 2012; Immitzer et al., 2012; Latif et al.,
2012). The WorldView-2 sensor operates at an altitude of 770 kilometres and images
at coastal, blue, green, yellow, red, red edge, near infrared 1, and near infrared 2
regions of the electromagnetic spectrum (EMS). These wavebands have distinct
spectral separation (Table 5), hence potential for differentiating vegetation
communities, health and other spectral features (Cho et al., 2012; Colgan et al., 2012;
Immitzer et al., 2012; Latif et al., 2012). The cost of acquiring a tasked WorldView-2
image is $58 per km?, with a 100 square kilometre and 5-kilometre minimum order
width.

Table 5: Spectral responses of WorldView-2 indicating the lower and upper wavelength with the

specific resolution of each band.

Waveband Lower A (nm) Upper A (nm)  Spatial resolution (m)
1 | Panchromatic 450 800 0.46
2 | Coastal 400 450 1.84
3 | Blue 450 510 1.84
4 | Green 510 580 1.84
5 | Yellow 585 625 1.84
6 | Red 630 690 1.84
7 | Red edge 705 745 1.84
8 | Near infrared 1 770 895 1.84
9 | Near infrared 2 860 1040 1.84
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3.2.2.2.2 Rapid Eye

RapidEye is a 5-waveband multispectral sensor with 5 m spatial resolution (Table 6)
that was launched in August 2008 (Anderson et al., 2014; Naughton et al., 2011). In
addition to other multispectral bands, RapidEye is notable for its red edge band which
has potential for mapping flower blooms (Abdel-Rahman et al., 2015). The cost of
RapidEye image is $1.90 per square kilometre, with a 500 square kilometre and 10-

kilometre minimum order width.

Table 6: RapidEye wavebands indicating the lower and centre wavelength with the specific resolution

of each band.
Waveband Lower A (nm) Centre A (nm)  Spatial resolution (m)
1 | Blue 440 475 5
2 | Green 520 555 5
3 | Red 630 657.5 5
4 | Red edge 690 710 5
5 | Near infrared 760 805 5

3.2.2.2.3 Spot-6

Spot-6 is a multispectral sensor launched in September 2012. It is characterised by four
wavebands with 6 m spatial resolution and a panchromatic band with 1.5 metres
spatial resolution (Wang et al., 2015). Table 7 further details the sensor spectral and
spatial information. The cost of Spot-6 image is $5.75 per square kilometre, with a 500

square kilometre and 20-kilometre order width.

Table 7: Spot-6 wavebands showing the lower, upper and centre wavelength with the resolution of

specific image bands.

Waveband Lower A (nm) Centre A (nm)  Spatial resolution (m)
1 | Panchromatic 450 597.5 1.5
2 | Blue 450 487.5 6
3 | Green 530 560 6
4 | Red 625 660 6
5| NIR 760 825 6
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3.2.2.2.4 Sentinel-2

Sentinel-2 is multispectral sensor that was launched in 2015. It is characterised by 13
bands in the spectral ranges of visible/near infrared (VNIR) and shortwave infrared
(SWIR) (Table 8), with spatial resolution ranging from 10 to 60 metres (Clasen et al.,
2015; Hedley et al., 2012; Stratoulias et al.,, 2015, p. 2). Sentinel-2 data are freely
available. When this study was conducted, the sensor was not yet launched hence the

need to resample this dataset from AISA Eagle images.

Table 8: Sentinel-2 wavebands showing the central wavelength, bandwidth with the resolution of

specific image bands.

Waveband Central A (nm)  Bandwidth (nm) Spatial resolution (m)
1 | Coastal aerosol 4427 21 60
2 | Blue 4924 66 10
3 | Green 559.8 36 10
4 | Red 664.6 31 10
5 | Vegetation red edge 704.1 15 20
6 | Vegetation red edge 740.5 15 20
7 | Vegetation red edge 782.8 20 20
8 | Near infrared 832.8 106 10
8A | Narrow near
864.7 21 20
infrared
9 | Water vapour 945.1 20 60
10 Sho.rtwave infrared 13735 31 60
— Cirrus
11 | Shortwave infrared 1613.7 91 20
12 | Shortwave infrared 22024 175 20

3.2.2.3 Field data collection

A stratified random sampling approach was used to collect field data on white and
yellow flowering plants, flowering fobs, shrubs, green trees, senesced trees and crops
(maize and sorghum) within three days of the AISA Eagle and WorldView-2 image
data acquisition. Data on crops were only collected in January 2014 as they had

already been harvested in February 2013. Additionally, trees that had chlorophyll-
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inactive leaves were identified, collected and tagged as ‘senesced trees’. The

Geospatial Modelling Environment (GME) tool was used to randomly generate 156

ground control points (GCPs) within the study site (Figure 10), from which the field

data were collected. Table 9 details the number of samples on each sensor data,

depending on their spatial resolution (pixel size) during the flowering seasons (i.e.,

January 2014; onset of flowering, February 2013; peak flowering and April 2014; end

of flowering). The variations in the number of samples on each image data is due to

differences in sensor pixel sizes.

Table 9: Field reference data used in the classification of the various flowering and other plant classes

from different image datasets.

Class AISA WORLDVIEW- RAPIDEYE SPOT- SENTINEL-
Eagle 2 6 2
February 2013
Flowering 320 89 115 34 31
fobs
Green trees 241 36 54 21 15
Senesced 450 85 211 66 56
trees
Shrubs 639 109 149 53 38
Soil 1,369 432 422 142 111
White flowers 472 84 161 54 44
Yellow 319 77 184 53 51
flowers
WorldView
January 2014 -2 (April
2014)
Flowering 1,659 155 22 27 35 148
fobs
Green trees 2,503 226 36 52 44 224
Senesced 1,178 107 19 43 13 101
trees
Shrubs 4304 392 65 112 83 389
Soil 8,740 787 126 236 161 783
White flowers 980 93 18 41 14 87
Yellow 893 85 15 42 16 76
flowers
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To locate the randomly generated GCPs, the data were loaded into a global
positioning system (GPS) device with a 3-metre accuracy that was used to locate
identified trees on the ground. Trees with three (3) metre canopy sizes (or more) were
tagged and measurements taken to ensure all GCP readings were within the tree
crowns. Other GCP’s were collected from a 10 cm spatial resolution Nikon D3X digital
camera image that was captured together with the AISA Eagle image data. Photos of
the various functional groups taken by the lead author during the field surveys

curried out in January 2014 and February 2013 are presented in Table 10 below;

Table 10: Photos of representative plants in the various flowering functional groups used for generating

the flower maps in the Mwingi study site.

FUNCTIONAL GROUP SPECIES

WHITE FLOWERS 1 Terminalia brownie
WHITE FLOWERS 2 Vachellia tortilis
YELLOW FLOWERS Vachellia nilotica
CROPS 1 Zea mays

CROPS 2 Millet
FLOWERING FOBS Ipomea vatke
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SENESCED TREES Senesced trees

* crops 1 and crops 2 both belong to the functional group ‘crops” while white flowers 1

and white flowers 2 both belong to the functional group ‘white flowers’.

3.2.2.4 Random forest classifier

The supervised random forest (RF) ensemble algorithm (Breiman, 2001; Lawrence et
al., 2006; Liaw and Wiener, 2002) with recursive partitioning was used to classify the
different multispectral datasets. The ensemble is a robust machine learning algorithm
that allows for growing of many regression trees (ntree) from bootstrap samples with
replacement from the original data. It uses a majority voting procedure to assign
classes to the reference datasets. Each tree uses two thirds (67%) of the randomly and
independently selected dataset (mtry) for training the algorithm and one third (33%)
of the remaining dataset for testing its accuracy (Breiman, 2001) using the out-of-bag
(OOB) instances. All the bands in the resampled multispectral images were used as
variables in the prediction while being optimized on the OOB error rate (Liaw and
Wiener, 2002) using grid search and a 10-fold cross-validation method (Waske et al.,
2009). RF has a high level of randomness in bagging (selection of datasets) with low
sensitivity towards noise and overtraining, making it more suitable for simultaneous
classification and variable selection (Breiman, 2001; Liaw and Wiener, 2002; Peters et
al., 2007). The randomForest (Breiman, 2001) library in ‘R statistical software’ version

3.6.1 (Liaw and Wiener, 2002) was used for this study.

3.2.2.5 Accuracy assessment

An independent 30% random sample of the reference data points was used to test the
classification accuracy of the RF classification model. To establish the versatility of the
models, the following matrices were calculated; overall accuracy (OA), users” accuracy
(UA), producer’s accuracy (PA), quantity disagreement (QD) and allocation
disagreement (AD) (Cohen, 1960; Congalton and Green, 2008; Pontius and Millones,
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2011). QD and AD are absolute values that are used to evaluate the difference among
predictions and reference data while comparing the percentage of observations that
do not have optimal spatial locations as opposed to the reference samples (Pontius
and Millones, 2011). It gives a better indication of the portion of the predictions that
are of a good fit with the prediction data (Warrens, 2015a, 2015b).
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3.3 Results

3.3.1 Flower compaction and spread

The classification maps for the different flowering seasons; onset of flowering season
(January 2014), maximum flowering season (February 2013) and end of the flowering

season (April 2014), are presented in Figures 11, 12, and 13, respectively.
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Figure 11: January 2014 classification maps for resampled simulated WorldView-2 (a), RapidEye (b),
Spot-6 (c), Sentinel-2 (d) images.
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Figure 12: February 2013 classification maps for resampled simulated WorldView-2 (a), RapidEye (b),

Spot-6 (c), Sentinel-2 (d) images.

69



38°7:0"E 38°7'?0"E
@ &
F ¥
=] =
@ @
e s
o I
=] (=
) L
38°7'0"E 38°7'30"E
| | [ | [ | [ I Kms
0 0.2 0.4 0.8 1.2 1.6
Legend N
I:I Unclassified - White flowers - Farmland
- Soil l:l Yellow flowers - Shrubs
- Green trees - Senesced trees - Flowering fobs

Figure 13: April 2014 classification map obtained using random forest classifier and WorldView-2

image.
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Generally, flower classes were mapped with lower individual class accuracies (up to
87.36%) during the onset of the flowering season (Figure 11 and Table 11) as opposed
to the maximum flowering season (up to 93.33%, Figure 12 and Table 12), using
different multispectral sensor data. Specifically, both yellow and white flowers were
reliably delineated with accuracies of up to 94.44% and 90.00% respectively (Table 11).
These accuracies were higher than mapping accuracies of other non-flowering plants
(Table 11). There was more flower compaction in February (peak flowering season)
than January (onset of flowering season). Furthermore, there was more flowering fobs
spread across the Mwingi study site in the peak flowering season compared to the
onset of the flowering season, but less towards the end of the flowering season (Figure
13 and Table 12). Flowering fobs had the highest classification accuracy compared to
the other flower classes (Table 11). The spread of the flowering fobs reduced as the
peak flowering season came to an end towards April (Tables 12 and 13). Typically,
April is the end flowering season in Mwingi, hence the reduced flowering. On the
other hand, flowering crops reduced towards the peak flowering period as flowering
in other melliferous plants increased. Results also show that crops were mapped with
relatively higher accuracy (79.31%) at the start than later in the flowering season

(65.08%).

The delineation of flowering plant species differed with sensor spatial and spectral
resolutions, with a decrease in spatial and spectral resolution, leading to a decline in
classification accuracies (Tables 11, 12 and 13). WorldView-2 generated the best
overall classification results (87.36% at the onset, 93.33% at the peak and 76.40% at the
end of the flowering seasons, Tables 11 and 12). Using the WorldView-2 data, subtle
tlowering differences were identified between the three capture periods; i.e., January
2014, February 2013 and April 2014.

Visual observation of the classification maps indicated that Sentinel-2 had the poorest
presentation of the different flowering plants under consideration (Figures 11 and 12).

The image and classes were more pixilated with more ‘salt and pepper’ than
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classification maps from other sensors. However, the mapping accuracy presented in
Tables 11 and 12 indicated that Sentinel-2 data mapped the flowering plants more
accurately than RapidEye and Spot-6 data, even though the latter two had better
spatial resolution. Spectrally, RapidEye, Spot-6, WorldView-2 and Sentinel-2 have
tive, six, eight and twelve spectral bands respectively, a clear indication that spectral
resolution influence mapping of melliferous plant species. On the other hand, our
maps show over prediction of senesced tree class, particularly during the peak

flowering season (February 2013).
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Table 11: Confusion matrix for the classification of flowering vegetation communities obtained using resampled simulated WorldView-2, RapidEye, Spot-6

and Sentinel-2 datasets.

January 2014 February 2013
WorldView-2
FBB GT ST SB SL WF YF Totals UA FB GT ST SB SL WF YF Totals UA
FB 38 0 3 2 0 0 43 88.4 25 0 1 1 0 1 0 28 89.3
GT 0 62 1 8 0 2 0 73 84.9 0 10 0 0 1 0 11 90.9
ST 0 0 24 1 0 0 0 25 96 1 0 24 0 0 0 0 25 96
SB 3 5 5 92 0 15 14 134 68.7 0 0 0 29 0 5 5 39 744
SL 2 0 0 0 234 0 0 236 99.2 0 0 0 129 0 0 129 100
WF 0 0 1 2 0 10 1 14 714 0 0 0 1 0 18 1 20 90
YF 0 0 1 2 0 0 10 13 76.9 0 0 0 1 0 0 17 18 944
Totals 43 67 32 108 236 27 25 538 26 10 25 32 129 25 23 270
PA (%) | 884 925 75 852 992 37 40 96.2 100 9% 90.6 100 72 739
OA (%) 87.4 93.3
Kappa 0.811 0.908
AD (%) 6.69 2.96
QD (%) HIgk 3.70
RapidEye
FB 3 0 0 1 0 0 0 4 75 16 2 2 4 0 2 4 30 53.3
GT 0 6 2 3 0 1 2 14 429 0 4 0 0 0 0 1 5 80
ST 0 1 3 1 0 1 0 6 50 7 1 48 3 4 2 3 68 70.6
SB 2 2 0 10 0 2 2 18 55.6 5 2 6 25 0 7 4 49 51
SL 0 0 0 0 37 0 0 37 100 2 0 4 0 122 2 1 131 93.1
WF 0 0 0 0 0 0 0 0 0 2 4 0 6 0 23 12 47 48.9
YF 0 1 0 0 0 1 0 2 0 2 3 3 6 0 12 30 56 53.6
Totals 5 10 5 15 37 5 4 81 34 16 63 44 126 48 55 386
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PA (%) 60 60 60 66.7 100 0 0 47.1 25 762 568 968 479 546
OA (%) 72.8 69.4
Kappa 0.551 0.619
AD (%) 17.28 2642
QD (%) 9.88 415
Spot-6
FB 2 0 0 1 2 0 0 5 40 9 0 2 4 0 2 3 20 45
GT 0 9 1 2 0 1 2 15 60 0 1 0 0 0 3 3 10 40
ST 0 3 4 0 0 2 3 12 33.3 3 2 40 3 4 0 3 55 72.7
SB 0 1 3 24 0 B 3 35 68.6 6 0 1 19 1 9 B 40 475
SL 2 0 0 0 68 0 0 70 97.1 2 0 3 1 83 1 3 93 89.3
WF 0 1 0 2 0 2 0 5 40 3 3 1 3 0 15 7 32 46.9
YF 0 1 0 1 0 1 2 5 40 0 3 0 0 0 6 15 24 62.5
Totals 1 15 8 30 70 10 10 147 23 12 47 30 88 36 38 274
PA (%) 50 60 50 80 971 20 20 391 333 851 633 943 417 395
OA (%) 75.5 67.5
Kappa 0.620 0.597
AD (%) 17.69 24.09
QD (%) 6.80 8.39
Sentinel-2
FB 5 0 0 2 0 0 0 7 71.4 6 0 0 1 0 0 0 7 857
GT 0 11 1 0 0 1 0 13 84.6 0 3 0 0 0 0 0 3 100
ST 0 1 2 0 0 0 0 3 66.7 0 0 14 0 0 0 0 14 100
SB 5 1 0 19 1 2 1 29 65.5 1 0 0 8 0 0 2 11 72.7
SL 0 0 0 1 47 0 0 48 97.9 0 0 2 0 33 0 1 36 91.7
WF 0 0 0 0 0 0 1 1 0 0 1 0 1 0 8 1 11 72.7
YF 0 0 0 0 0 1 2 3 66.7 2 0 0 1 0 5 11 19 57.9
Totals 10 13 3 22 48 4 4 104 9 4 16 11 33 13 15 101
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PA (%) 50 846 667 864 979 50 66.7 75 875 727 100 615 733
OA (%) 82.7 822
Kappa 0.699 0.777
AD (%) 10.58 10.89
QD (%) 6.73 6.93
Key:

FB - Flowering fobs YF - Yellow flowers

GT - Green trees PA - Predictor accuracy

ST - Senesced trees UA - User accuracy

SB - Shrubs OA - Overall accuracy

SL - Soil AD - Allocation disagreement

WF - White flowers QD - Quantity disagreement
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Table 12: Confusion matrix for the classification of flowering vegetation communities obtained the end of the flowering season (April 2014) using the

WorldView-2 image.

Ground truth
Prediction | FB GT ST SB SL WE YF Total UA (%)
FB | 23 2 0 10 2 3 0 40 57.5
GT |1 40 12 6 0 6 8 73 548
ST |0 7 16 0 0 3 0 26 61.5
SB | 8 13 0 83 6 7 7 124 66.9
SL |3 1 0 4 224 1 0 233 96.1
WEF | 1 2 2 0 5 2 13 38.5
YF |0 0 1 0 1 4 8 50
Totals | 36 66 30 106 232 26 21 517
PA (%) | 63.9 60.6 53.3 78.3 96.6 19.2 19.1
OA (%) 76.4
Kappa 0.695
AD (%) 17.79
QD (%) 5.80
Key:
FB - Flowering fobs YF - Yellow flowers
GT - Green trees PA - Producers’ accuracy
ST - Senesced trees UA - Users’ accuracy
SB - Shrubs OA - Overall accuracy
SL - Soil AD - Allocation disagreement
WF - White flowers QD - Quantity disagreement
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3.3.2 Accuracy Assessment

Results presented in Tables 11 and 12 showed consistent differences between the
January 2014 and February 2013 classification maps and between the different sensor
datasets. WorldView-2 data had superior classification accuracy (87.36% in January
2014 and 93.33% in February 2013) than all the other sensor datasets. Spot-6 had the
least overall accuracy (67.52%) in February 2013 while RapidEye had the least overall
accuracy (72.84%) in January 2014. Both the users” and producers’ accuracies reduced
as the spatial resolution decreased (Table 12). On the other hand, the users’ and
producers’ accuracies of Sentinel-2 were higher than those of both RapidEye and Spot-
6.

Moreover, the maps had low quantity disagreement (QD) (3.70 to 9.88%) compared to
the allocation disagreement (AD) (2.96 to 26.42%). Generally, there was more
disagreement both in allocation and quantity as the spatial resolution decreased
(Table 9). WorldView-2 had the best agreement fit in the two dimensions (as low as
2.96% AD), while RapidEye and Spot 6 had the highest disagreements (as high as
26.42% and 24.09% AD, respectively). On the contrary, Sentinel-2 with the least spatial
resolution had better agreement (6.73% QD) than RapidEye and Spot-6.

Table 13: Classification accuracy of flowering vegetation communities during the start of the flowering

season (January 2014) and the peak of the flowering season (February 2013).

Overall Accuracy /.lllocatton Quanttty
Sensor Disagreement Disagreement

2014 2013 2014 2013 2014 2013
WorldView-2 87.36 93.33 6.69 2.96 5.95 3.70
WorldView-2
(April 2014) 76.40 N/A 17.79 N/A 5.80 N/A
RapidEye 72.84 69.43 17.28 26.42 9.88 415
Spot-6 75.51 67.52 17.69 24.09 6.80 8.39
Sentinel-2 82.69 82.18 10.58 10.89 6.73 6.93
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Figure 14 compares deviation in means between different classes in the two flowering
periods. Results showed that flowering plants had less deviation from the mean than
non-flowering plants. There was lower deviation at the peak flowering season i.e.,
February 2013 than at the onset of flowering i.e., January 2014. Contrary to the others,
yellow flowers and flowering fobs signatures deviated more from the mean during
the peak flowering period than at the onset of flowering. In the study site, yellow
flowers start flowering at the onset of October rains while other flowering plants have
their peak in February. Generally, flowering fobs were confused with soil and other

background features in January 2014 than February 2013.
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Figure 14: Box plots distribution of the flowering endmember abundancy of the flowering vegetation

communities at the onset (a) and peak (b) of flowering seasons.

3.4 Discussion

Results in this study showed that resampled multispectral data of different spectral
and spatial resolutions can be used to reliably map flowering plants in a heterogenous
landscape in the African Savanna at different flowering seasons. Multispectral images
provide affordable or freely available data useful for generating flower maps. Such
maps could be operationally valuable in guiding the placement of honeybee apiaries
at a landscape scale. Plants of different flower colour (i.e., white and yellow) were
mapped with relatively higher accuracies. Specifically, we grouped the flowering

plants in the study site into different functional flowering groups of different colours
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as honeybees foraging behaviour is highly influenced by among others, flower colour
(Hempel de Ibarra et al., 2014; Lunau and Maier, 1995; Morawetz et al., 2013; Pernal
and Currie, 2001). Our study shows that large canopy white flowered acacia trees
(predominantly Vachellia tortilis and Vachellia brevispica), white flowered Terminalia
brownie and yellow flowered acacia (predominantly Vachellia nilitica) were mainly
observed on low altitude areas within the study area. These three Vachellia spp and
Terminalia brownie were observed to be the most foraged plants by honeybees in the
Mwingi region (Raina et al., 2011). Therefore, apiaries in such areas could be placed
within the flight radius for honeybees to capitalize on such flowering plants for

optimised productivity.

The high flower mapping accuracy achieved in our study could be attributed to the
relatively large flowering plant canopies, which ranged between 8 and 42 feet. These
flowering plants were also characterized by higher blooming density and compaction
(Landmann et al., 2015), particularly during the peak flowering season in February. A
large plant canopy size with higher flower density enhance the floral spectral signal
detected by the sensor and reduce the background heterogeneity on flowering signal,

leading to improved flower detection accuracies (Shen et al., 2010).

Our results showed a better delineation of flowering plants using multispectral
sensors with better spectral resolution. For instance, Sentinel-2, with relatively coarser
spatial resolution (10m), mapped flowering plants with better accuracy than RapidEye
(with 5 m spatial resolution) and Spot 6 (with 6 m spatial resolution). This is consistent
with Mumby and Edwards (2002) who demonstrated better mapping accuracy of
marine environments using higher spectral resolution images as opposed to images
with fewer number of bands. Mumby and Edwards (2002) and Stratoulias et al., (2015)
noted that in discriminating vegetation communities, spectral resolution could be

more influential than spatial resolution.

Whereas other studies have argued that spatial resolution is more influential in

vegetation mapping than spectral resolution (Becker et al., 2007; Schmidt and
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Skidmore, 2003; Stratoulias et al., 2015), Abdel-Rahman et al. (2015) and Landmann et
al. (2015) noted that spectral resolution improves the ability of an image to identify
finer vegetation features like flower colour and compaction. However, we
acknowledge that spatial resolution is complimentary to spectral resolution when
mapping features such as flowering since flower blooms are more often smaller in size
compared to other background features (Dalponte et al., 2013; Govender et al., 2008).
It would therefore be expected that an image with higher spatial resolution would

yield higher accuracy when coupled with higher spectral resolution.

The classification of the January 2014 image revealed that the onset of the flowering
season was dominated by green trees and shrubs as compared to the peak flowering
season (February 2013) image. Some of the trees, such as Combretum spp and
Terminalia brownie, that were identified as green at the onset of flowering season
(January 2014 image) were observed to be flowering at the peak of flowering
(February 2013 image). The flowering of these species is triggered by the onset of the
October and April rains (Muok et al.,, 2000). Although Terminalia brownie and
Combretum spp scored lower than the Vachellia spp in honeybee foraging preferences
(Raina and Kimbu, 2005), their adaptation at higher altitudes provide a viable foraging

option for honeybee colonies from nearby apiaries.

The flowering fobs were also observed at higher and lower altitudes. These flowering
fobs (predominantly Ipomoea kituiensis vatke) had the highest classification accuracies
compared to the other flower classes studied. This finding is consistent with
Landmann et al. (2015) who established that flowering fobs were the most accurately
mapped class in the study area using hyperspectral data and spectral unmixing
approach. The flowering fobs were more spread across the landscape as compared to
other flowers that were mainly restricted to farms and vast open grounds. The
flowering fobs had higher flower compaction, which could have supressed the

background interferences from adjoining green leaves and soil. In this regard,
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identification of their specific spectral signature was more accurate, hence the higher

classification accuracy.

Flowering fobs, being ephemeral, are characterized by very short growing periods,
especially on the higher grounds of the study site. The flowering fobs respond to the
change in rainfall both in growth vigour and flowering intensity. The flowering fobs
sprout out at the onset of the rains but lack in sustaining the rapid growth with low
rainfall, hence rapidly die off. These flowering fobs however bridge the pollen and
nectar gaps in low rainfall periods for improved bee diversity and honey production

(Raina et al., 2011).

Additionally, there were more yellow flowers at the onset of the flowering season than
at the peak of the flowering season at the study site. It was also noted that Vachellia
nilotica (with yellow flowers) bloomed earlier than the other flowering trees. These
tree species (Vachellia nilitica and Combretum spp) and flowering crops blossom as early
as October, hence could provide foraging options to honeybees before the peak
flowering periods. It's worth noting that our results showed over prediction of
senesced trees during the peak flowering period, especially in images with low spatial
and spectral resolutions (Spot-6 and RapidEye). This could be due to the confusion
with the signature of some white flowering plants, soil, and trash, especially from bare

farmlands.

Yellow flowers (predominantly Vachellia nilotica), were generally better mapped
across all the data sets than white flowers. On the other hand, white flowering trees
were mapped with the least accuracy as compared to other large sized flower blooms.
This is consistent with Abdel-Rahman et al. (2015), who reported that white flowers
signal was confused with other classes, especially soil, leading to their lower mapping
accuracy than the yellow flowers. This could explain the low deviation in January 2014
as the yellow flowers were more compact during this period as compared to the
February 2013 period. Landmann et al. (2015) also established that the user accuracy

of mapping white flowering plants was lower during the peak than the onset of
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flowering period due to confusion with dry white sand at the study site. The elevated
water content in soil at the start of the flowering period helps distinguish the soil
signature from white flowering plants. As opposed to the onset of flowering at the
study site, peak flowering period is characterized by low rainfall and increased
temperature. Therefore, the soil has bright characteristics that are similar to those of

white flowering plants.

3.5 Conclusions

This study demonstrated the possibility of using multispectral images to map
flowering plants in a semi-arid African savanna. The multispectral images are easily
accessible, less expensive with less complex flower map production methods. Overall,
the multispectral images tested produced acceptable classification accuracies (over
67%) which improved with both spatial and spectral resolutions. WorldView-2
produced maps with the highest classification accuracy while Spot-6 had the least
classification accuracy. It was also evident that spectral resolution was paramount in
mapping flowering plants. Increasing spectral resolution resulted in better
classification accuracies. Furthermore, this study poised the freely available medium
resolution Sentinel-2 as a valuable dataset for mapping flowering patterns in the
African Savannas. Additionally, the methods used herein are more practical and
available to practitioners with limited remote sensing knowledge, skills and resources,
hence could be used to generate more information to farmers in the semi-arid African
savannas. Results from this study could therefore be used to improve farmers” access
to ‘educated” information on the optimal locations for setting up apiaries in the
African savannas to maximize honeybee products output and ecological services such
as pollination. Even though this research considered images from three different
tlowering periods, this methodology could be more applicable to images from other
vegetation periods within the. This could aid in phasing the optimal times for plant

specific mapping and feature selection, which could be upscaled to wider regions.
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CHAPTER FOUR

4 Predicting Spatial Distribution of Key Honeybee Pests in

Kenya Using Remotely Sensed and Bioclimatic Variables:

Key Honeybee Pests Distribution Models

Small hive beetles (Aethina tumida) in a honey bee colony. Image by Giusti (2017); source

https://agronotizie.imagelinenetwork.com/zootecnia/2017/06/09/aethina-tumida-nuovo-focolaio-

ampliata-la-zona-rossa/54432
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Predicting spatial distribution of key honeybee pests in Kenya using remotely sensed
and bioclimatic variables: key honeybee pests distribution models, International
Journal of Geo-Information, 6(66), https://www.mdpi.com/2220-9964/6/3/66
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Abstract

Bee keeping is indispensable to global food production. It is an alternate income
source, especially in rural underdeveloped African settlements, and an important
forest conservation incentive. However, dwindling honeybee colonies around the
world are attributed to pests and diseases whose spatial distribution and influences
are not well established. In this study, we used remotely sensed data to improve the
reliability of pest ecological niche (EN) models to attain reliable pest distribution
maps. Occurrence data on four pests (Aethina tumida, Galleria mellonella, Oplostomus
haroldi and Varroa destructor) were collected from apiaries within four main
agroecological regions responsible for over 80% of Kenya’'s bee keeping. Africlim
bioclimatic and derived normalized difference vegetation index (NDVI) variables
were used to model their ecological niches using Maximum Entropy (MaxEnt).
Combined precipitation variables had a high positive logit (model information)
influence on all remotely sensed and biotic models” performance. Remotely sensed
vegetation variables had a substantial effect on the model, contributing up to 40.8%
for G. mellonella and regions with high rainfall seasonality were predicted to be high-
risk areas. Projections (to 2055) indicated that, with the current climate change trend,
these regions will experience increased honeybee pest risk. We conclude that
honeybee pests could be modelled using bioclimatic data and remotely sensed
variables in MaxEnt. Although the bioclimatic data were most relevant in all model
results, incorporating vegetation seasonality variables to improve mapping the
‘actual’ habitat of key honeybee pests and to identify risk and containment zones

needs to be further investigated.

Keywords: honeybee pests; bioclimatic variables; remotely sensed variables;

phenology; ecological niche modelling
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4.1 Introduction

Bee keeping is an important economic activity globally. Its pollinator services are
particularly indispensable to global food production and nutritional security (Klein et
al., 2007; Nkoba et al., 2012). Additionally, bee keeping aids natural resource
conservation, especially in communities living around forests. It diversifies
households” incomes in African savannas often dominated by erratic and unreliable
rainfall unable to sufficiently support rain-fed agriculture (Raina et al., 2011). The
supplemental income comes from the sale of hive products such as honey, wax,
propolis, royal jelly and to a lesser extent bee venom. However, honeybee health,
pollination services and associated livelihood benefits are threatened by climate
change, habitat alteration (fragmentation and loss), agriculture intensification, over
dependence on agrochemicals, and increasingly by pathogens, pest and diseases (Muli
et al., 2014c; Zayed, 2009a).

Pests are particularly considered the most economically important due to their spatial
coverage and ability to inflict both direct (through physical injury) and indirect (as
pathogen and disease vectors) damage. Despite their role in colony destruction,
occurrence and distribution, honeybee pests remain understudied within the Africa
tropics, with investigations restricted to Kenya, Malawi and South Africa (Pirk et al.,
2016). Furthermore, data on in-country variations from one agroecological zone to
another are scarce. In Africa, small hive beetle (Aethina tumida), large hive beetles
(Oplostomus haroldi and Oplostomus fuligineus), wax moths (Galleria mellonella and
Achroia grisella) and Varroa mite (Varroa destructor), are important pests capable of
causing substantial economic damage (Fombong et al., 2012; Muli et al., 2014c; Pirk et
al., 2016; Torto et al., 2010). Among these, the Varroa mite remains the single most
devastating pest to honeybees due to its ability to inflict direct damage via its
hematophagous (feeding on host) trophic habit and indirectly through the active
transmission of honeybee viruses (Muli et al., 2014c; Mumoki et al., 2014; Pirk et al.,

2016).
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Little is known of the spatial and temporal distribution of these pests on the continent.
The occurrence and distribution of these pests is influenced by various biotic and
abiotic variables. Like other pests, honeybee pests can survive in certain optimal
bioclimatic conditions. For instance, the optimal temperature, humidity, precipitation,
altitude and biomass/net primary productivity ranges for different honeybee pests can
vary significantly (Peterson and Nakazawa, 2008). Studies have shown that the
reproductive ability of honeybee pests can be limited by the prevailing dry conditions
and enhanced by hot and humid conditions (Neumann and Ellis, 2008; Torto et al.,
2010). Vegetation phenology can also influence honeybee pest population dynamics
and their species richness. Vegetation phenology determines the availability of food
resources, which their hosts (honeybees) use to make hive products such as honey and
beebread on which the pests thrive on. In addition, plant resins collected by honeybees
are useful for hive construction and defence against foreign organisms (social
encapsulation) and self-medication (Neumann et al.,, 2001; Simone-Finstrom and
Spivak, 2012). Therefore, vegetation phenology plays a central role in colony health
both directly and indirectly by affecting the life stages of pests such as the hive beetles,
which occur outside the hive environment (Pau et al., 2012; Pirk et al., 2016).
Ecological niche (EN) modelling approaches can provide a pathway that statistically
link the spatial variations in the bioclimatic variables to the distribution of a particular
species (including honeybee pests). EN models rely on the correlations between
habitats where different organisms (e.g., honeybee pests) thrive and environmental
variables such as bioclimatic conditions, terrain and vegetation (Ferndndez and
Hamilton, 2015; Kearney and Porter, 2009). However, the accuracy of the locations
and temporal distribution of the honeybee pests and their habitats are important
factors for deriving accurate models (Champetier et al., 2014; Peterson et al., 2002).
Appropriate EN models that could accurately predict the spatial distribution of
honeybee pest species rely on representative and accurate pest presence data together
with carefully selected ecological and climatic predictor variables (Phillips and Dudik,
2008).
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A fine and realistic geographic distribution of honeybee pest species is attained using
remotely sensed variables such as vegetation ‘greenness’ dynamics (Cord et al,,
2014a). This is because remotely sensed variables are continuous observations with
high spatial and temporal resolution compared to bioclimatic variables that are
modelled or interpolated (Pau et al., 2012). Well processed remotely sensed data also
help in reducing over-fitting (over predicting) of the EN models as such improving
the accuracy and value of species and pest distribution estimates (Cord et al., 2014a).
Although a number of studies have elucidated the effects of various biological,
climatic, vegetation and edaphic factors on some honeybee pests, such as small hive
beetles (Neumann et al., 2016) and large hive beetles (Fombong et al., 2012; Torto et
al., 2010), the contribution of vegetation phenology and bioclimatic interactions on
their distribution and abundance in Kenya remains minimally exploited. Therefore,
mapping the spatial distribution of the honeybee pests is valuable for risk assessment
and zonation of honeybee pest risk areas to establish containment zones and pathways
of source transmission. State of the art remote sensing techniques can be used to derive
phenological variables (such as start and end of the season) from remotely sensed data
that offer fine scaled and specific information for prediction of the spread of honeybee
pests. A model that links remotely sensed and bioclimatic variables provides an
operational system to monitor long term changes related to the spread of pests (Cord
et al., 2014a). It also offers a tool that can model futuristic scenarios of the honeybee
pest distribution since projected climate and phenological responses can be modelled.
In this study, we aimed to identify key ecological/remotely sensed and bioclimatic
variables associated with the distribution of honeybee pests in Kenya. We also sought
to integrate remotely sensed variables for more coherent distribution maps using
derived vegetation phenology parameters. We alluded to future scenarios of the

distribution of these pests using modelled predictive data.
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4.2 Methods

4.2.1 Study site

Occurrence data used in this study were collected from four main regions
(agroecological zones) in Kenya; Coast, Mount Kenya, Mwingi and Kakamega (Figure
15), which are categorized by a representative climate gradient. An area covering
251,322.66 square kilometres, spanning from the coastal region through the central
and eastern part of Kenya to Lake Victoria, was used to model the ecological niches of
these bee pests (Figure 15). This study site consists of 32 administrative counties.
Temperature and humidity are highest in the coastal region while the Mwingi site is
located in a semi-arid savanna region which is hot and dry (Speranza et al., 2009).
Mount Kenya and Kakamega are high altitudes regions that exhibit cooler and wetter

climatic conditions (Githui et al., 2009).
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Figure 15. Distribution of apiaries (white points) from where occurrence data were collected in four

regions in the study area on an agroecological zone backdrop (acz id 0 to 365, series 2).
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4.2.2 Occurrence Data

Honeybee pest species occurrence data were collected during the wet season (March
to April 2014) and dry season (June 2015). An apiary with 5-10 colonies in one location
was treated as one sample point. Four honeybee pest species (A. tumida, G. mellonella,
O. haroldi and V. destructor) were selected for this study. These four pests are the most
frequently encountered and considered the most economically important with
widespread prevalence as invasive pests globally (Fombong et al., 2012; Torto et al.,
2010). A census of pests in five colonies in each apiary was done and their presence
recorded using standard methods as described by Dietemann et al. (2013) for A.
tumida, G. mellonella and V. destructor, and by Torto et al. (2010) for O. haroldi. We
sampled 37 apiaries which had A. tumida present, 38 had G. mellonella, 24 had O.
haroldi, and 45 had V. destructor in all the regions included in this study. These were
within the sample sizes acceptable in the MaxEnt modelling environment (Amirpour
Haredasht et al., 2013; Peterson and Nakazawa, 2008).

We assumed that individuals of these species were uniformly distributed across space.
Presence data were collected from different sites independent from the environmental
variables according to unknown probability of distribution. Therefore, apiaries were
sampled randomly according to the requirements of estimation density, which obliges
that individuals be sampled randomly across landscape in proportion to population

density (Merow et al., 2013).

To test the influence of seasonality on the honeybee pest abundance, Mann-Whitney
U-test was performed to test the significance (p < 0.05) differences between wet and
dry seasons following the observation of heterogeneous variance.

4.2.3 Preparation of Data for Analysis

Prediction analyses were based on various geographical data sets, which were raster
and vector, clipped to the boundary of the study site. These data sets were divided
into two main groups; occurrence and predictor variables. Predictor variables were

categorized into remotely sensed and bioclimatic variables (Table 14).
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Table 14: Variables used in the ecological niche model clustered to remotely sensed biotic, bioclimatic and topographical variables.

Variable Description Units Year
Name Abbreviation
A) Remotely sensed variables

1. Biotic Variables
Start of the season seas_start Time for the start of the season decades 2001-2014
End of the season seas_end Time for the end of the season decades 2001-2014
Length of the season seas_length Length of the season from start to end decades 2001-2014
Mid of the season seas_mid Mid of the season decades 2001-2014
Base level base_level Average minimum NDVI value n/a 20012014
Maximum NDVI max_ndoi Largest NDVI value in the season n/a 2001-2014
Amplitude amplitude Difference between maximum and base level n/a 2001-2014
Left derivative left_der Rate of increase at the beginning of season % 2001-2014
Right derivative right_der Rate of decrease at the end of season % 2001-2014
Large integral large_int Large season integral n/a 2001-2014
Small integral small_int Small season integral n/a 2001-2014
Number of seasons num_seas Number of seasons within the year number 2001-2014

2. Topographical variables
Slope slope Steepness of the ground % rise
Aspect aspect Slope direction degrees
Hillshade hillshade Shading effect n/a
Elevation elevation Ground height m

B) Bioclimatic data

1. Temperature variables
Bio 1 biol Mean annual temperature °C 1961-1990
Bio 2 bio2 Mean diurnal range in temperature °C 1961-1990
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Bio 3 bio3 Isothermality °C 1961-1990
Bio 4 bio4 Temperature seasonality °C 1961-1990
Bio 5 biod Max temp warmest month °C 1961-1990
Bio 6 biob Min temp coolest month °C 1961-1990
Bio 7 bio7 Annual temp range °C 1961-1990
Bio 10 biol0 Mean temp warmest quarter °C 1961-1990
Bio 11 bioll Mean temp coolest quarter °C 1961-1990
Potential . pet Potential evapotranspiration mm 1961-1990
evapotranspiration
2. Precipitation variables

Bio 12 biol2 Mean annual rainfall mm 1961-1990
Bio 13 biol3 Rainfall wettest month mm 1961-1990
Bio 14 biol4 Rainfall driest month mm 1961-1990
Bio 15 biol5 Rainfall seasonality mm 1961-1990
Bio 16 biol6 Rainfall wettest quarter mm 1961-1990
Bio 17 biol7 Rainfall driest quarter mm 1961-1990
Moisture index mi Annual moisture index n/a 1961-1990
Moisture index moist mimg Moisture index moist quarter n/a 1961-1990
quarter

Moisture index arid quarter miaq Moisture index arid quarter n/a 1961-1990
Dry months dm Number of dry months month 1961-1990
::;it: of longest dry llds Length of longest dry season month 1961-1990
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4.2.4 Remotely Sensed Data Processing

4.2.4.1 Biotic Variables

Remotely sensed variables on vegetation productivity dynamics from Moderate
Resolution Imaging Spectroradiometer (MODIS) time series data, at 250-meter spatial
resolution, were processed and used as ecological predictor variables in the EN
modelling (Table 1). Corrected MODIS 16-day NDVI composites were derived for the
years 2001 to 2014 (14-year observation period). The corrected time series data sets
were further processed in TIMESAT software (Eklundha and Jénsson, 2017; Jonsson
and Eklundh, 2004) to derive vegetation seasonality variables that formed part of the
input environmental variables in the Maximum Entropy modelling algorithm (Table
14).

TIMESAT analyses phenological signals found in time series satellite data by fitting
local functions to the time series data points, then combines them into a global model
(Clark et al., 2010; Jamali et al., 2015). Thereafter, a smooth model function is used to
extract phenological variables for each growing season, which in turn reduces the
influence of residual signal noise in the NDVI time series data (Foi et al., 2008; Shen et
al., 2013) and data dimensionality (Fu and Wang, 2003; Hinton and Salakhutdinov,
2006). Function-fitting parameters used in TIMESAT for this study were: a Savitzky-
Golay filter procedure, 3- and 4-point window over 2 fitting steps, adaptation strength
of 3.0, no spike or amplitude cutoffs, season cutoff of 0.0, and begin and end of season
threshold of 20%.

In total, 12 remotely sensed variables were extracted for each growing season; time for
the start of the season (seas_start) which was set at 20% from the left edge minimum,
time for the end of the season (seas_end) set at 20% from the right minimum, length of
the season or time from the start to the end of the growing season (seas_length), base
level, which was calculated by averaging the left and right minimum values
(base_level), time for the mid of the season (seas_mid), largest data value for the fitted

function during the season (max), seasonal amplitude (amplitude), rate of increase at
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the beginning of the season (left_der), rate of decrease at the end of the season
(right_der), large seasonal integral (large_int), small seasonal integral (small_int) and
number of seasons in a calendar year (num_seas) (Table 14). Only variables for the first
season were used in this study since data from the second season were not consistent

throughout all the years.

4.2.4.2 Topographical Variables

Various topographical variables; elevation, slope, hillshade and aspect in radiation
degrees (Table 14) were included in the EN model to predict occurrence of the four
honeybee pests species. The topographical variables were derived from a filled 90 m
digital elevation model (DEM) data from the Shuttle Radar Topography Mission
(SRTM) instruments (Jarvis et al., 2008). The DEM data were resampled to fit the 250

m pixel size and the spatial extent of the MODIS 16-day NDVI datasets.

4.2.5 Bioclimatic Data

For simulation of the honeybee pest species distribution, current climatic conditions
at one kilometre grid resolution from the AfriClim data set were used (Lovett, 2015;
Mwalusepo et al., 2015; Platts et al., 2015). This data set contains grids of temperature,
rainfall and derived bioclimatic summary variables. For prediction of distribution
under future climatic condition simulations, downscaled data of the Representative
Concentration Pathways Scenarios, Fifth Assessment Report (RCPs-AR5) (Pachauri
and Mayer, 2015) future year 2055 (mean over 2041-2070) were used.

Bioclimatic data (Table 14) were divided into temperature and moisture variables. The
temperature variables included mean annual temperature (biol), mean diurnal
temperature (bio2), isothermality (bio3), temperature seasonality (bio4), maximum
temperature for the warmest month (bio5), minimum temperature of the coolest
month (bio6), annual temperature range (bio7), mean temperature of the warmest

quarter (bio10), mean temperature of coolest quarter (bioll), and potential
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evapotranspiration (pet). Moisture variables were; mean annual rainfall (bio12),
rainfall of the wettest month (bio13), rainfall of the driest month (bio14), rainfall
seasonality (bio15), rainfall of the wettest quarter (bio16), rainfall of the driest quarter
(bio17), annual moisture index (mi), moisture index of the moist quarter (mimg),
moisture index of the arid quarter (miaq), number of dry months (dm), and length of
the longest dry season (llds). All the 21 climatic variables were resampled to 250 m cell

size and to the spatial extent of the MODIS 16-day NDVI datasets.

4.2.6 Ecological Niche Modelling

NMaxEnt tool package version 3.3.3k (Phillips et al., 2006). Probability of estimation
for honeybee pest species occurrence was fitted to a set of pixels of features to
maximize entropy of estimation density under given constraints of unknown variable
phenomena. The values of these pixels were then used to estimate the distribution
probability of these pest species. Automated random sampling of pseudo-
absence/background samples from a set of pixels within the boundaries of Kenya
(Rodriguez-Castafieda et al., 2012), where these species have not been detected
(Peterson et al., 2007) was used to maximize predictivity. Pseudoabsence of the
probability of presence which would otherwise be confined to presence only (Ward et
al., 2009). Each species was assumed to have the same probability of being anywhere
on the landscape, hence every pixel or environment on the landscape had the same

probability of being tagged as “background” in geographic and environmental space.

4.2.7 Variable Selection

To minimize multicollinearity among predictor variables (Merow et al., 2013), we
performed a Pearson correlation test between all the predictors presented in Table 14
to get orthogonal features suitable for the EN model. A correlation coefficient of |r| >
0.7 (Dormann et al., 2013) was set as a collinearity indicator for variables that would

severely affect our EN model. Variables that met this criterion were eliminated based
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on the variable importance analysis, which was performed to identify those with high
explanatory power. Test runs were carried out using all bioclimatic and remotely
sensed variables in Table 1 to analyse their contribution (Figure 16) to each pest species
before building their niche models using the jackknife test (Peterson and Cohoon,

1999).
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Figure 16. Collinearity matrix for ecological niche models predictor variables. Darker shades of blue

and red colour indicate high variable collinearity while lighter shades indicate low collinearity.

A summary of the methodology is illustrated in a flowchart (Figure 17). The
interactions of the various variables, occurrence data and selection of the suitable

model are graphically represented.
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Figure 17. Graphical summary of the methodology illustrating the interaction between different

variables used to build the three bee pest models and the selected model.
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4.2.8 Model Setting

We used default MaxEnt settings with a few alterations aimed at attaining precise and
accurate predictions (Merow et al., 2013; Phillips and Dudik, 2008). Twenty percent of
occurrence records were withheld from each model to be used as independent test
data. However, the default settings penalized our model by overfitting. Therefore, we
opted to use the regularization multiplier of three to spread out the predictions and
set the replicate runs at ten to obtain a robust model. Due to increased replication,
random seed was used to select different random test/run partition for each run. We
used the ‘10 percentile training presence threshold” which predicts the 10% most
extreme presence observation as absent (Cord et al., 2014a) to eliminate outliers from
the model.

Modelling was performed under current bioclimatic, vegetation and topographical
conditions. Specifically, models were developed using only bioclimatic predictors
(model 1), only remotely sensed variables (model 2) and both bioclimatic and remotely
sensed variables (model 3) combined. These models were projected into the future
(year 2055). We used future climate simulations from Africlim to project future
scenario and due to absence of vegetation projection we assumed vegetation and

topography to be unchanging over the projection period.

4.2.9 Model Evaluation

We used threshold independent area under curve (AUC) of receiver operating
characteristic (ROC) analysis model (Phillips and Dudik, 2008) to assess model
performance. The area under a ROC curve indicates the probability that presence
(sensitivity) versus absence (specificity) or background points (Yackulic et al., 2013)
were ordered correctly by a classifier. AUC values of zero (0) indicate impossible
occurrence area while one (1) indicate optimal occurrence area or perfect ordering (Du
et al., 2014). We used the Swets (Swets, 1988) (discriminatory power to rank the

models as; i) excellent = 0.91-1.00, ii) good = 0.81-0.90, iii) fair = 0.71-0.80, iv) poor =
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0.61-0.70, and v) fail = 0.51-0.60. To assess the utility of remotely sensed variables in
improving the model performance, the null model (Raes and ter Steege, 2007) was
used. Thirty-six randomly generated points from the observed presence cells were
used to extract AUC values from each of the three models (model 3, model 1 and
model 2). Mann-Whitney U-test was used to evaluate the significance (p < 0.05)
differences between the three models. We further calculated the omission error of the
various models developed, since our models used presence only data and calculating

the commission error requires absence data (Hernandez et al., 2006).
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4.3 Results

4.3.1 Honeybee Pest Abundance

Table 15 shows the abundance data of the four honeybee pests combined across the
four regions (Mount Kenya, Mwingi, Kakamega and coastal regions) collected during
the wet and dry seasons. Generally, there were more pests during the wet season
compared to the dry season. There was a significant difference in pest abundance
between seasons. Furthermore, A. tumida and V. destructor appeared to be more

sensitive to precipitation changes as their abundance increased by almost six folds.

Table 15: Mean pest abundance recorded during the surveillance period in the wet and dry season in

Kenya.
A. tumida G. mellonella O. haroldi V. destructor
Wet season 272a 20a 3la 476a
Dry season 58b 2la 15b 75b

4.3.2 EN Models

Table 16 shows the threshold-independent AUC obtained from the ROC analysis
model, which indicated ‘good” performance for all model 3 and all model 1 except G.
mellonella’s, and fair model 2 for all honeybee pests. Model 1 achieved higher AUC
values for all pests than model 2. However, model 3 had higher AUC scores for A.
tumida (0.87), O. haroldi (0.87) and V. destructor (0.88) than model 1 or model 2. The
AUC values for G. mellonella model 3 (0.80) were the same as model 1 (0.80). However,
model 3 prediction maps showed lower overfitting with low standard deviation in all
honeybee pest species models (Table 16).

The null model analysis showed that there was significant difference between model
2 and models 1 and 3 for all species except for O. haroldi. However, there was no
significant difference between model 1 and model 3. Therefore, model 2 was

eliminated from further model comparison.

101



Table 16: Area under curve (AUC) and standard deviation (SD) of model 1, 2 and 3 developed for A.

tumida, G. mellonella, O. haroldi and V. destructor.

Model 1 Model 2 Model 3
AUC SD AUC SD AUC SD
A. tumida 0.85 +0.08 0.80 +0.07 0.87 +0.07
G. mellonella 0.80 +0.11 0.75 +0.09 0.80 +0.08
O. haroldi 0.85 +0.10 0.76 +0.16 0.87 +0.09
V. destructor 0.83 +0.08 0.76 +0.09 0.88 +0.07

The pest models had low omission errors for model 3 than the other models for all
pests (listed as a percentage for model 3, model 1 and model 2 respectively, A. tumida
16.6, 19.4 and 25.0, G. mellonella 27.7, 33.3 and 38.9, O. haroldi 30.5, 33.3 and 38.9 and V.
destractor 19.4, 25.0 and 30.6). Model 3 performed better for all bee pests than the other

models.

4.3.3 Predictor Variable Contribution

In all model 3 for the four honeybee pests, bioclimatic variables combined had the
strongest relative influence than remotely sensed variables combined. Bioclimatic
variables had a contribution of 88.1% for O. haroldi, 83.0% for A. tumida, 68.3% for V.
destructor, and 58.7% for G.mellonella (Table 17). Further, in the bioclimatic cluster,
precipitation variables had more influence (ranging from 58.0% to 81.0%) than
temperature variables (ranging from 0.4% to 7.3%). Remotely sensed variables in
model 3 on the other hand (biotic and topographical) had a total contribution of 17.0%
for A. tumida, 41.3% for G. mollenela, 11.9% for O. haroldi and 31.7% for V. destructor.
The combined relative contribution of remotely sensed biotic variables in model 3
ranged from 11.4% to 40.8% (Table 17). In this variable cluster, maximum NDVI in the
season had a substantial relative contribution (between 7.7% and 29.4%) to the EN
models. Topographical variables had a relatively lower contribution, less than 4.2%

and no modelled effect on V. destructor.
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Table 17: Percentage contribution of various variables to the four ecological niche models using

jackknife.
A. tumida G. mellonella  O. haroldi V. destructor

Remotely sensed variables (biotic variables)
amplitude 4.3 2.0 0.7 6.3
base_level - 8.9 1.5 6.1
large_int 0.8 0.5 - -
max_ndvi 7.7 294 8.3 19.3
small_int - - 0.9 -
RS (biotic) total 12.8 40.8 11.4 31.7
Remotely sensed variables (topographical variables)
hillshade 1.2 0.2 0.5 -
slope 3.0 0.3 - -
Topographical total 4.2 0.5 0.5 -
Bioclimatic variables (precipitation and temperature variables)
bio3 2.0 - 7.3 -
bio7 - 0.7 - 20.5
bio12 1.7 13.7 - 20.5
biol5 43.9 11.9 79.7 28.2
llds - - 1.1 0.5
mimgq 35.4 32.4 - 18.7
Bioclimatic total 83.0 58.7 88.1 68.3
Grand total 100 100 100 100

Based on the jackknife tests, the relative variable importance (both bioclimatic and
remotely sensed) to model 3 (Figure 18), showed varied contribution to the various
EN models. The first five ranked variables (biol5, mimq, max_ndvi, amplitude and
slope) cumulatively contributed to 94.3% in the A. tumida model. The first five
variables (mimq, max_ndvi, biol2, biol5 and base_level) had 96.3% cumulative
contribution to G. mellonella model and 92.8% to V. destructor model, while bio15, bio3

and max_ndvi had a cumulative contribution of 95.3% to O. haroldi model.
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Bio15 had the highest gain on A. tumida (43.9%), O. haroldi (79.7%) and V. destructor
(28.2%) in model 3. Mimq contributed most of the information used in predicting
habitat suitability of G. mellonella (32.4%). All these variables had a positive logit on
the respective model 3. Topographical variables did not have any influence on V.
destructor with little influence on G. mellonella and O. haroldi models. On the other
hand, A. tumida and G. mellonella model 1 indicated that mimq had the highest positive
effect on their distribution, while bio12 influenced V. destructor most. The O. haroldi
model 1 was mostly influenced by biol5. Compared to the other remotely sensed
variables, max_ndvi exhibited the largest influence in all the four EN models

pertaining to the four honeybee pests.
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4.3.4 Visualization of Distribution

The honeybee pest models predicted high habitat suitability in the Mount Kenya and
the coastal regions for all four honeybee pests (Figure 19). Mwingi region was
predicted to have low (G. mellonella) to high (O. haroldi) habitat suitability. However,
Kakamega region had varied likelihood for suitability of all honeybee pests. This area
was predicted to have a low O. haroldi risk, moderate V. destructor to moderately high
A. tumida and high G. mellonella habitat suitability (Figure 20). Mount Kenya,
Kakamega and the coastal regions are characterized by high rainfall seasonality. The
coastal region however had higher temperature and humidity than Mount Kenya and
Kakamega regions. On the other hand, Mwingi had relatively high temperature and
lower isothermality than Mount Kenya and Kakamega. Although the coastal and
Mount Kenya regions had similar rainfall seasonality, they had different temperature
and isothermality gradients. Conversely, the coastal region and Mwingi had higher
mean annual temperature and lower isothermality than the other regions but
exhibited different honeybee pest risk potentials.

Futuristic scenario models for the four honeybee pests generally indicated that high
habitat suitability areas may spread to areas currently classified to have medium to
low pest suitability (Figure 20). Modelled bioclimatic data essentially predict an

increase in amount of rainfall in the wettest quarter and increased rainfall variability.
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Figure 19. Current habitat suitability for (a) A. tumida, (b) G. mellonella, (c) O. haroldi and (d) V. destructor in Kenya.
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4.3.5 Contribution of Remotely Sensed Data

Remotely sensed variables increased the accuracy and precision of the models by
reducing overfitting and refining their predictivity power (Table 16). A subset from
the V. destructor maps showed that model 1 had over predicted distribution compared
to model 3, which had remotely sensed variables with smaller pixel size (high

resolution) and more environmental heterogeneity incorporated (Figure 21).
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Figure 21: Improved predictivity and reduced overfitting of V. destructor observed in model 3 (b) when

using remotely sensed variables compared to model 1 (a) .

Model 3 had lower mean of habitat suitability than the model 1 for all the honeybee
pests investigated and lower standard deviation for A. tumida and V. destructor (Figure
22). Model 3 histogram shows that predictivity was consolidated around the mean
while bio_model histogram shows skewness to the right. Consolidation around the
mean was occasioned by remotely sensed variables, whose measurement at grain size

ensured variability was detectable at higher precision limited by spatial resolution.
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Moreover, model 3 had higher ranked AUC values and lower standard deviations
than model 1 for all models except G. mellonalla, which, however, had lower standard

deviation than its model 1 (Table 16).
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Figure 22. Predictivity frequency of V. destructor for model 3 (b) with lower mean and standard

deviation (SD) than model 1 (a).

4.4 Discussion

Understanding factors that influence the multiplication and spread of honeybee pests
across various spatial extents and the level of risk they pose is important in bee health.
Therefore, improved predictability of pest diversity and accurate honeybee pests’
distribution maps will provide tools and information necessary for honeybee pest
control (Martin et al., 2012). This study sought to identify conditions that encourage
increase of honeybee pests in Kenya and developed models that could be used to
predict their spread. Projected models served to show the level of the risk posed by
the honeybee pest to the beekeepers in future.

Our surveillance data confirmed the presence of variation in abundance and
distribution of the four honeybee pest species across the study sites. There were more
records observed during the wet than the dry season. These findings were in line with

a previous study by Torto et al. (2010) which showed higher hive beetles” abundance
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during rainy than the dry seasons in Kenya. However, observed seasonal variation in
Varroa mite populations is contrary to previous reports of fairly constant mite
infestations across Apis mellifera scutellata (the savanna honeybee) (Strauss et al., 2013).
Additionally, the coastal lowlands are inhabited by A. m. litorea and forest highlands
by monticolla-like bees, which hybridize with savanna bees along their migratory
paths (Raina and Kimbu, 2005). Therefore, there is need to further understand the

interaction of these honeybee pests across the different spatial divides.

4.4.1 Predictor Variable Contribution

Although most honeybee pests have wider spatial ranges and can be found in various
regions with different climatic conditions (Wiley et al., 2003), there are specific climatic
conditions that play a key role in determining their distribution. For instance, hive
beetles and wax moth can thrive on alternative food sources while Varroa is an obligate
ectoparasite. Therefore, the former two are more likely affected by climatic variations
than the latter. We therefore identified four key bioclimatic and remote sensing
variables to be the most important in determining occurrence of the four honeybee
pests. Rainfall seasonality, mean annual rainfall, moisture index in moist quarter and
largest NDVI value in the season had the most influence on the model 3 for the four
honeybee pests (Table 17).

These variables are predominantly linked to precipitation apart from maximum NDVI
in the season. Moreover, field occurrence data (Table 15) showed that there were more
pests recorded in the wet season than the dry season. Similar results were presented
by Torto et al. (2010) who documented that precipitation’s positive effect on Varroa
was indirectly linked to production of bee forage that influence colony growth and
brood increment. This in turn provide ample reproductive sites for the mite
(Dietemann et al., 2013). Distribution maps alluded to the influence of precipitation
on the occurrence and distribution of the honeybee pest. Occurrence and distribution

were high in regions such as Mount Kenya, Kakamega and the coastal strip. Therefore,
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these four precipitation variables can be used to successfully predict the seasonal
variations of these honeybee pests in various regions within country (Torto et al.,
2010). As “precipitation’ is an overly important variable and given the future increases
in predicted precipitation amounts and variability (Lovett, 2015; Platts et al., 2015),
there may be higher occurrences of the four pests we investigated.

Our EN models showed that topography had little to no influence on the occurrence
of the modelled honeybee pests in Kenya. The models predicted both the regions with
high altitude (such as Mount Kenya) and low altitude (such as the coast), to have high
habitat suitability. This was consistent with Mani’s conclusion that most insects
(honeybee pests included) had diverse altitudinal gradients (Mani, 2013). Indeed, the
honeybee pest we investigated had the same habitat suitability across all altitudinal

gradients.

4.4.2 Contribution of Remotely Sensed Data

The inclusion of remotely sensed variables into our EN models improved their ability
to predict the distribution of honeybee pest species. Even though bioclimatic variables
offered the ability to predict potential distribution of the honeybee pests (Aranda and
Lobo, 2011), remotely sensed variables enhanced the predictability of model 3 for the
four pests by reducing overfitting as shown in Figure 21. The prediction ability of
these EN models improved because remotely sensed variables captured fragmented
environmental conditions on the ground. The fine spatial resolution of remotely
sensed variables reduced the errors that emanate from the generalization in
bioclimatic variables over given spatial extents. Furthermore, the model products
(prediction maps) were more realistic in predicting habitat suitability in model 3 and
they had reduced overestimation (Cord et al., 2014a; Saatchi et al., 2008).

Remotely sensed variables also capture ‘adverse’ environmental conditions that limit
distribution of these honeybee pests across homogenous bioclimatic conditions.

Model 1 would predict similar occurrence within regions with similar bioclimatic
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conditions as shown in Figure 21. However, with remotely sensed variables such as
maximum NDVI in the season, high honeybee pest potentials were predicted by
model 3 in areas with high NDVI values as opposed to those that recorded low values.
Torto et al. (2010) demonstrated that honeybee pests” reproduction is influenced by
vegetation phenology such as NDVI. Moreover Pau et al. (2012) also indicated that
success of honeybee pests is determined by availability of pollen and nectar, on which
their hosts depend on. Therefore, remotely sensed variables that capture these
changes (i.e., NDVI variables) offer model 3 information that is not available in the
model 1. Remotely sensed variables also provide the ability to refine the prediction of
honeybee pest distribution as opposed to bioclimatic variables which reflect potential
honeybee pest distribution (Cord et al, 2014a). Further, remotely sensed
environmental variables capture heterogeneity that is reflective of ground condition
on or near real time basis, while bioclimatic data are interpolated at large areas hence
depicting homogeneity at large spatial extents (Attorre et al., 2007; Hijmans et al.,
2005).

4.4.3 Advantages of Using Integrative EN Models and Applicability

EN models rely only on occurrence to estimate predictions. Availability of absence
data improves the model precisions, but such data are not readily available and hence
one cannot conclude with certainty that lack of occurrence in an area confirms absence
(Engler et al., 2004). Therefore, EN models use pseudoabsence to fill this gap.
However, important information such as abundance of a pest in a certain region,
which could improve prediction, is not utilized. Various remotely sensed data with
different spatial-temporal and spectra resolutions are available, thus widening the EN
modelling boundaries (Cord et al., 2014b). Advanced analytical approaches of
remotely sensed data also offer the ability to derive and use specific phenological

information from raw data to improve detectability.
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Although remotely sensed data have been previously used to map the distribution of
various plant species (Bradley et al., 2012; Cord et al., 2014b) our models offer tools
that could be used to accurately map the distribution of honeybee pests and
conceivably other insect species. This is because remotely sensed data incorporated in
our models provide timely (recent) information that allow vegetation changes as a
result of anthropogenic land use, especially in agricultural areas or unprotected
forests under consideration. Consequently, we offer tools that could be used in similar
or differently designed methodologies as those documented herein, to improve pest
management.

Remotely sensed data however have shortcomings that could negatively impact the
prediction models. Since pixel size is an important indicator of the quality of the data,
accuracy achieved by prediction models that have used remotely sensed variables are
limited to the pixel size. Therefore, EN models that use data with coarse resolution
may not give accurate predictions (Saatchi et al., 2008). On the other hand, remotely
sensed data with fine spatial and spectral resolution, such as World View-2 and 3,
AISA Eagle, are costly and unavailable. Additionally, challenges such as cloud cover
greatly degrade the quality of optical remotely sensed data because environmental
measurements may not be accurately captured or unavailable when the cloud cover
is substantial. This however may be overcome by high temporal resolution which
offers options to circumvent data with low quality or using microwave remote sensing
technology that is not affected by cloud cover.

EN models require variables with the same pixel size (i.e., spatial resolution) in
analysis. Seldom will spatial data from different sources have similar spatial
resolution. Resampling the datasets to achieve same pixel size could introduce
uncertainties (Clifford and Tarassenko, 2005; Dikshit and Roy, 1996) to the EN models.
Such uncertainties and those associated with presence data collection may be
misleading (Fielding and Bell, 1997). Therefore, remotely sensed data used to build
prediction models should be carefully selected, considering spatial, spectral and
temporal resolutions. Moreover, vegetation data projected to future scenarios that
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offer EN models the ability to produce more refined prediction maps are not readily
available. This leads to model assumption, which may include similar vegetation
conditions both in the current and future scenarios that may reduce reliability of
projected models in predictions. Additionally, data on flowering conditions that
influence bee and pest populations are also not readily available. Flower maps in
Kenya are only available in small spatial extents that do not span the whole area under
this research (Abdel-Rahman et al., 2015; Landmann et al., 2015). Similarly, even
though apiaries were selected from representative agroecological sites in Kenya, the
full climatic niches of the studied bee pests might not have indeed been captured,
particularly the background points were drawn from the whole extent of Kenya.
Therefore, the individual variable contribution to the spread of the bee pests outside

their training range should be further investigated.
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4.5 Conclusions

EN models developed were ‘good’, hence deemed appropriate in predicting bee pest
habitat suitability. However, it was established that model 1 which used only
bioclimatic data had lower AUC values with higher standard deviations than model
3 that used both bioclimatic and remotely sensed data. Although remotely sensed data
improved the models’ precision, bioclimatic variables influenced the models more
than remotely sensed variables. It was also established from modelled bioclimatic data
that bioclimatic change will have an impact on the distribution of these honeybee
pests. Their spatial distribution would increase to areas currently classified to have
low occurrence. Projected pest predictions could however be improved if appropriate
pest management measures are put in place. Prediction maps could be used to identify
high risk areas for quarantine to limit the spread of the pests. Therefore, these models
would be important tools to decision makers in mitigating effects of destructive pests.
Furthermore, containment zones need further investigation to establish conditions
that prohibit the distribution of these pests. Targeted interventions should focus on

zones where future pest outbreaks are expected.
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CHAPTER FIVE

5 Multi-pronged Abundance Prediction of Bee Pests’ Spatial

Distribution in Kenya
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Varroa mites (Varroa destractor) on the back of a worker bee. Image by Entine (2020); source
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spatial distribution in Kenya.
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Abstract

Bee farming and bee health in general are threatened by climate change, agricultural
intensification and associated habitat alteration, agrochemicals intensification and bee
pests and diseases. Among these threats, bee pest has particularly been identified as a
major obstacle to bee farming and bee health. Although previous studies have
endeavoured to establish the spatial distribution of bee pests, their abundance
(population) and intensification remains poorly understood. Hence, this study sought
to determine factors that influence the abundance and spatial distribution of bee pests
in Kenya. Abundance data on Varroa destractor, Oplostomus haroldi, Galleria mellonella
and Aethina tumida were collected from apiaries in Kenya’s main agroecological
regions during the wet and dry seasons. The abundance data were fitted to non-
conflating bioclimatic variables, vegetation phenological data, topographical variables
and land use/ land cover (LULC) data, as a proxy for anthropogenic influence, using
random forest algorithm. The results indicated a significant (p < 0.05) seasonal
influence on bee pests” abundance, while precipitation-related variables contributed
the most (up to 77.8%) on all bee pests” abundance prediction models. Topographic
and vegetation phenological influence had a moderate influence (at 14.3% and 6.7%
respectively) while anthropogenic influence, as denoted by the LULC, had a low
(1.2%) contribution on bee pests” abundance models. High seasonality in bioclimatic
variables increased the spatial and abundance of projected future (2055) bee pests’ risk
levels across the study site. Three out of four prediction models developed herein
ranked ‘excellent’ in terms of their performance, while the model for predicting G.
mellonella was ranked fair. Due to the high precision of prediction models developed
herein, this study concludes that the results could reliably be used to identify bee

pests” high-risk areas for management and mitigation purposes.

Keywords:

Bee health, food security, ecosystem services, climate change, vegetation phenology,

anthropogenic influence, machine learning, random forest
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5.1 Introduction

Bee pollination services are vital for biodiversity conservation and crop production,
that play a critical role in improving food and nutritional security in many parts of the
world (Aizen and Harder, 2009; Kiatoko et al., 2014; Klein et al., 2007). Additionally,
bee farmers directly benefit from honey and other hive by-products. The semi-arid
African agroecology zones, which are typified by low, erratic and unreliable rainfall,
are unable to support rainfed agriculture and bee farming (Raina et al., 2011). Bee
farming provides supplemental income from hive products such as honey, royal jelly,
propolis, wax and to a smaller extent bee venom (Oladimeji, 2018; Rai et al., 2021). In
return, conservation efforts are enhanced in regions bordering forests where bee
farming is commonly practiced (Chiawo et al., 2011; Potts et al., 2006; Raina et al., 2011;
Warui et al.,, 2018b). Nevertheless, bee farming and bee health are threatened by
climate change, agricultural intensification and associated habitat alterations,

agrochemical intensification, bee pests and diseases (Muli et al., 2014b; Zayed, 2009a).

In particular, bee pests are considerably devastating bee health through colony
collapse as a result of direct physical injury or indirectly as vectors of pathogens that
transmit diseases (Mumoki et al., 2014; Ongus et al., 2017). The impact caused by the
pests on bee colonies and their ability to traverse vast spatial extents within varying
agroclimatic and agroecological zones has recently attracted profound scientific
interest. For instance, various studies have sought to determine the effect of pests on
bee health and performance (Fombong et al., 2012; Muli et al., 2014b; Ongus et al.,
2017), their spatial extents and distribution patterns (Boncristiani et al., 2021; Makori
et al., 2017), and their economic impact on bee health (Boncristiani et al., 2021; Wilkins
et al., 2007). The most common and economically important bee pests are the varroa
mites (Varroa distructor), large hive beetles (Oplostomus haroldi), small hive beetles
(Aethina tumida) and wax moths (Galleria mellonella) (Fombong et al., 2012; Muli et al.,
2014b; Pirk et al., 2016; Torto et al., 2010; Zayed, 2009a). Although these pests are
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known to proliferate across agroecological gradients, their spatial and temporal

distribution in Kenya has not been adequately established.

Bee pests have different optimal bioclimatic conditions for their distribution and
survival. However, studies have established significant variations in optimal
conditions regarding temperature, precipitation, net productivity and altitudinal
range among pests (Mumoki et al., 2014; Neumann and Ellis, 2008; Peterson and
Nakazawa, 2008; Torto et al., 2010). The habitats’ biotic conditions such as net
productivity, measured by vegetation productivity and phenology, affect bee pests’
population dynamics and richness. Specifically, biotic conditions affect pests hosts’
(bees) agility, vigour and ability to produce and accumulate hive products such as bee
bread, on which the pests thrive (Neumann et al., 2001; Pau et al., 2012; Pirk et al.,
2016; Simone-Finstrom and Spivak, 2012). On the other hand, bioclimatic conditions
such as prevailing dry, humid, hot and cold conditions could limit or enhance the
distribution and reproductive ability of bee pests (Neumann and Ellis, 2008; Torto et
al., 2010). Additionally, anthropogenic effects on bee pests and their hosts influence
their spatial distribution and proliferation (Winfree et al., 2009; Zulian et al., 2013). For
instance, landscape fragmentation and agricultural intensification have been
demonstrated to adversely influence landscape continuity, which is important for
flower diversity. Flower intensity and diversity are valuable traits for bees (the bee
pests” hosts) food, hence sustaining the pests’ distribution (Boncristiani et al., 2021;
Cameron and Sadd, 2020). Conversely, human settlements impact bee distribution by
reducing their nesting sites, habitats and eventually their ability to fight off pests’
invasion (Fombong et al., 2012; Makori et al., 2017, Ongus et al., 2017). Therefore,
information that provides various aspects of human effects on the distribution of both

bees and their pests are desirable.

To understand and establish the spatial distribution and proliferation of bee pests,
ecological niche (EN) modelling, artificial intelligence (Al), and machine learning
(ML) algorithms have been adopted (Dormann, 2020; Strebel et al., 2022). In general,
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these algorithms provide statistical pathways for linking a feature(s) of interest
(response) to reliable predictor variables such as biotic, bioclimatic and anthropogenic
factors in space and time (Ferndndez and Hamilton, 2015; Kearney and Porter, 2009).
Moreover, prediction algorithms provide the most relevant predictor variables with
important insights on accurate location-specific suitability, from which linkages with
response variables can be spatially and temporally established (Allouche et al., 2006;
Wisz et al., 2008). To achieve accurate and realistic bee pests” predictions, the predictor
variables should be carefully and meticulously selected (Peterson, 2011; Phillips et al.,
2009). For example, the currently available bioclimatic variables are somehow
generalist in nature as they are interpolated from discrete observations over large
spatial expanses (Platts et al., 2015). On the other hand, satellite-based variables like
vegetation phenology are continuous observations with better spatial and temporal
resolutions that could capture the ‘actual” landscape patterns (Cord et al., 2014b; Pau
et al., 2012). Response variables with the ability to provide extra information other
than ‘location-only” are necessary. For instance, bee pests’ abundance (population)
data can provide both location and population information, which enable relatively
reliable information for understanding the bee pests’ propagation and developing the
best management options (Hallman and Robinson, 2020; Strebel et al., 2022; Waldock
et al., 2022). Additionally, for reliable species distribution predictions, ML algorithms
should be carefully selected, parameterized and optimized to avoid overfitting (Cord

et al., 2014b).

Studies like Makori et al. (2017) have predicted the spatial distribution of bee pests in
Kenya using presence-only data as a response variable, and climate and vegetation
tfeatures as predictor variables. As previously mentioned, a number of studies have
shown the usefulness of insect abundance data in providing reliable information
(Acevedo et al., 2017; Baldridge et al., 2016; Bradley, 2016; Dallas and Hastings, 2018;
DeMarche et al., 2019; Hallman and Robinson, 2020; Strebel et al., 2022; Waldock et al.,

2022). Furthermore, Makori et al. (2017) used the maximum entropy (MaxEnt) model
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to predict bee pests’ distribution. However studies have shown that other cutting-
edge ML algorithms such as random forest (RF) might perform relatively better
(Abdel-Rahman et al., 2013; Rodriguez-Galiano et al., 2012). Further, the MaxEnt used
only utilized presence-only datasets, while other algorithms that could handle
quantitative observations such as abundance data should be explored. Furthermore,
to the best of our knowledge, studies have not yet included the influence of land use/
land cover (LULC) on the abundance distribution of bee pests in Kenya. The LULC
could adequately explain anthropogenic influence on the distribution and
proliferation of bee pests in Kenya (Chaudhary et al.,, 2015, Maney et al., 2022;
Newbold, 2018; Newbold et al., 2015). Therefore, this study sought to establish the
influence of bioclimatic, vegetation phenology, topography and LULC (as a proxy for
anthropogenic influence) variables on spatial distribution and abundance of bee pests
in Kenya. This study also predicted the future (i.e., 2055) scenarios of the bee pests’

distribution using the above-mentioned predictor variables.
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5.2 Methods

5.2.1 Study site

The study was conducted across 38 counties in Kenya encompassing four
agroecological zones. The area covers 259,004.34 km? and spans more than half of the
country that include the Nyanza, Western, Rift Valley, Mount (Mt.) Kenya, Eastern
and Coastal regions (Figure 23). Abundance data were collected from 14 counties
comprising of Vihiga and Kakamega (in western region), Nandi and Baringo, (in Rift
Valley region), Embu, Nyeri, Laikipia, Meru and Isiolo (in Mt. Kenya region),
Machakos and Kitui (in Eastern region) and Taita Taveta, Kilifi and Kwale (in coastal
region). The study sites varied in elevation from 2 metres above sea level at the coastal

region to 2,045 metres above sea level at the Nandi Hills.
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Figure 23: Study area on agroclimatic zones (acz id 20 to 70) backdrop,bee pests’ abundance and regions

used to predict bee pest distribution in Kenya.

The coastal region is a low altitude area with high temperature and humidity, with
Arabuko Sokoke as the major forest (Schiirmann et al., 2020). Human settlement and
intensification of agriculture are two major threats to natural vegetation in the region
(Habel et al., 2017). Mt. Kenya, Nandi and Western regions are characterized by high
altitude, low temperature and high humidity (Githui et al., 2009). Major water towers
such as the Mau Complex, Cherangani Hills and Kakamega forest are found in these

regions (Kinyanjui, 2011). The Tana River County in the coastal region, Baringo
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County in Rift Valley region and the larger Eastern region are characterized by high
temperature and low humidity. These regions are predominantly covered by shrubs
and few stands of Acacia trees (Speranza et al., 2009). Due to low precipitation in the
larger Eastern region and most parts of the Coastal region, small scale subsistence
farming is the major socioeconomic activity (Githui et al., 2009; Schiirmann et al.,
2020). On the other hand, Kakamega, Kisii highlands, Nandi hills and Mt. Kenya
regions receive higher precipitation hence higher agricultural productivity. These
areas are mainly utilized for maize farming, which is a staple food crop in Kenya
(Mohajan, 2014; Schroeder et al., 2013). In addition, bees are used in these regions to
improve household income from hive products and crop production through

pollination services (Suso et al., 2016; Warui et al., 2018b).

5.2.2 Data collection and pre-processing

Data used for prediction of bee pests” distribution and abundance were categorized
into response variables (bee pests” abundance) and predictor variables that comprised
bioclimatic, vegetation phenology, topological and LULC (representing

anthropogenic influence) variables (Table 18).

5.2.2.1 Response variables

Bee pests” abundance data were collected in point vector format between March and
April 2014 (wet season) and June 2015 (dry season). A sample point consisted of an
apiary with five or more colonies (i.e., hive) in one location. The apiaries were
randomly selected for sampling with help from the local community in the study
regions (Acharya et al., 2013; Endo et al., 2015; Jia and Barabasi, 2013) according to the
requirements of estimation abundance (density) across the landscape in proportion to
population density (Merow et al., 2013). An enumeration of all pests in selected

apiaries was done and data on four bee pests species with global economic importance
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recorded; i.e., Varroa destructor, Oplostomus haroldi, Galleria mellonella and Aethina
tumida (Fombong et al., 2012; Torto et al., 2010) using standard methods as detailed in
Dietemann et al. (2013) and Torto et al. (2010). A total of 45 apiaries had V. destructor,
24 had O. haroldi, 38 had G. mellonella and 37 had A. tumida (Refer to Table 20 for pest
abundance data). These were within the acceptable sample size ranges for most ML
modelling algorithms (Amirpour Haredasht et al., 2013; Peterson and Nakazawa,

2008).

The apiaries considered for all the four bee pests span across four agroecological zones
in the study area, with a representative climatic gradient. A handheld global
positioning system (GPS) device with an accuracy of 3 (+3) metres was used to collect
and record information on positions of sampled apiaries. The Wilcoxon rank sum test
was performed to test the significance influence (p < 0.05) of seasonality on abundance
of bee pests between wet and dry seasons, following heterogeneous variance

observations (Fagerland and Sandvik, 2009; Neuhduser and Ruxton, 2009).

5.2.2.2 Predictor variables

All predictor variables were collected and processed in raster format. The variables in
this category were clipped to the boundaries of the study area and resampled to the
same spatial resolution. According to Mudereri et al. (2020) and Makori et al. (2022),
all predictor variables should be resampled and harmonized to a base resolution.
Therefore, warping was used to edit the resolution of LULC, topographical and
bioclimatic datasets to that of the vegetation phenology datasets, which had moderate

resolution (250 metres).

5.2.2.2.1 Vegetation phenology
Vegetation phenology was derived from enhanced vegetation index (EVI), which was
acquired from the 250-metre resolution Moderate Resolution Imaging

Spectroradiometer (MODIS) imagery at a 16-day interval. This study used EVI
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observations from 2000 to 2021 (21 years) to derive vegetation phenology variables
(Table 18) in TIMESAT software environment (Eklundha and Jonsson, 2017). Best
titting was achieved using the TIMESAT fitting as recommended by Makori et al.
(2017).

A total of 13 vegetation phenological variables (refer to Table 18 for a complete list)
were derived and used in this study. These were start of the season time (start_t), end
of season time (end_t), length of season (length), base value (base), time for middle of
season (mid), maximum value (max), amplitude (amplitude), left derivative (left_d),
right derivative (right_d), large integral (large_i), small integral (small_i), start of season

value (start_v) and end of season value (end_v).

5.2.2.2.2 Topographical variables

Topographical variables derived from a 90-metre pixel resolution (3 arcsec resolution)
digital elevation model (DEM), were used to model the influence of land morphology
on the distribution and abundance of bee pests in Kenya. The DEM was acquired by
a Shuttle Radar Topography Mission (SRTM) instrument (CGIAR-CSI, 2020). Derived
topographical variables included topographical position index (TPI), terrain

ruggedness index (TRI), roughness, aspect and hillshade (Table 18).

5.2.2.2.3 Bioclimatic variables
Bioclimatic variables used in this study were obtained from AfriClim (Fick and
Hijmans, 2017; Platts et al., 2015) at 1 km spatial resolution. The AfriClim datasets

were downscaled from WorldClim platform (www.worldclim.org) for the African

continent. Bioclimatic variables contain derived summaries of rainfall and
temperature and describe current (1970 - 2000) and future (2055) conditions.

Simulated climatic conditions under intermediate CO: emissions, set by the
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International Panel on Climate Change (IPCC) at representative concentration
pathway scenario (RCP) 4.5 watt/m? (Pachauri and Mayer, 2015) using total
radioactive forcing values were used. Under this pathway, future climatic conditions
are simulated means from 2041 to 2070 (Guan et al., 2020) obtained from the fourth
mission of community climate system (CCSM4). This mission has been demonstrated
to contain most reliable climatic projections (Mohammadi et al., 2019; Mudereri et al.,
2020a). Twenty-one bioclimatic variables were used for current and future timesteps,

comprising of 11 precipitation and 10 temperature variables (Table 18).
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Table 18: Vegetation phenology, bioclimatic, topographic and land use/ land cover (LULC) used as predictor variables by prediction models for the spatial

distribution of bee pests in Kenya.

Variables Description Units

Name Abbreviation

e) Temperature variables (n =10)

Bio 1 biol mean annual temperature °C
Bio 2 bio2 mean diurnal range in temperature isothermality °C
Bio 3 bio3 isothermality °C
Bio 4 bio4 temperature seasonality °C
Bio 5 bio5 maximum temperature warmest month °C
Bio 6 biob minimum temperature coolest month °C
Bio 7 bio7 annual temperature range °C
Bio 10 bio10 mean temperature warmest quarter °C
Bio 11 bioll mean temperature coolest quarter °C
Potential evapotranspiration pet potential evapotranspiration mm

f) Precipitation variables (n =11)

Bio 12 biol2 mean annual rainfall mm
Bio 13 biol3 rainfall wettest month mm
Bio 14 biol4 rainfall driest month mm
Bio 15 biol5 rainfall seasonality mm
Bio 16 biol6 rainfall wettest quarter mm
Bio 17 biol7 rainfall driest quarter mm
Moisture index mi annual moisture index n/a
Moisture index moist quarter mmiq moisture index moist quarter n/a
Moisture index arid quarter miaq moisture index arid quarter n/a
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Dry months dm number of dry months months
Length of the longest dry season llds length of longest dry season months

g) Topographical variables (n = 6)
Slope slope angle of inclination to the horizontal % rise
Aspect aspect slope direction degrees
Hillshade hillshade shading effect n/a
Roughness Roughness degree of surface irregularity n/a
Topographical position index TPI position of surface inclination n/a
Terrain ruggedness index TRI ground ruggedness n/a

h) Vegetation phenological variables (n =13)
Start of season time start_t time for the start of season decades
End of season time end_t time for end of season decades
Length of season length length of time from start to end of season decades
Base value base average minimum EVI value n/a
Time of middle of season mid time of middle of season decade
Maximum value max maximum value of fitted data n/a
Amplitude amplitude difference between maximum and base level n/a
Left derivative left_d rate of increase of beginning of season %
Right derivative right_d rate of decrease of end of season %
Large integral large_i integral from season start to season end n/a
Small integral small_i integral difference between season and base level n/a
Start of season value start_ v value at the start of season n/a
End of season value end_v value at end of season n/a

i) Land use variables (n=1)
Landcover Landcover land cover data indicating land use on the ground land use class
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5.2.2.3 Variable selection

Variables used for model predictions should be carefully selected to avoid
multicollinearity that could lead to volatility in model performance (Dormann et al.,
2013; Naimi and Araujo, 2016). However, before testing for multicollinearity, the
recursive feature elimination (RFE) criteria in the ‘caret’ package in R was used to
provide insight on minimum number of uncorrelated variables that could yield
comparable prediction results (Darst et al.,, 2018; Makori et al., 2022). To select
preferred prediction variables, two-stage elimination criteria was performed, firstly
using variable inflation factor (VIF) and Pearson correlation coefficient. This was
meant to reduce multicollinearity amongst predictor variables while establishing
orthogonal variables that were most suited for bee pests prediction models (Dormann
et al., 2013; Plant, 2012). Secondly, multiple regression models were utilized to regress
each predictor variable against all other variables to detect collinearity while
computing VIF for each combination (Plant, 2012). This step was used to select
important prediction variables from the pool while iteratively eliminating those with

high linear regression coefficients.

The Pearson correlation coefficient was set at th = 0.7 (r > 0.7), as the first threshold for
best results (Araujo et al., 2019; Dormann et al., 2013; Plant, 2012). The second
threshold was set using the ‘vifstep” function in ‘usdm’ package in R (Naimi and
Aratjo, 2016). This was used to further assess collinearity among variables from the
tirst step while eliminating collinear ones with more than 10 VIF values (Dormann et
al., 2013). The resultant correlation matrix (Figure 24) show that brown and blue
colours denote negative and positive correlations respectively. Colour intensity and
size of shape denote level of correlation, while shape orientation indicate nature of
correlation. It is apparent that some predictor variables tagged important for bee pests’
distribution were correlated. For instance, start of season time (start_t) and rainfall
driest quarter (bio17) were highly correlated. Hence, 14 important and uncorrelated

predictor variables (Table 18) were selected for prediction of bee pests in Kenya. The

131



selected variables were sufficient to yield high prediction accuracies when fitted with
adequate response variables for ML algorithms used (Araujo et al., 2019; Wisz et al.,

2008).
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Figure 24: Collinearity matrix indicating correlation interaction of all predictor variables (refer to Table

18) used to predict spatial abundance of bee pests in Kenya.

5.2.3 Fitting modelling environment
Bee pests” abundance observations were related to the selected uncorrelated predictor

variables using the RF algorithm. This was done using the RF machine learning
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ecological niche modelling environment (Breiman, 2001) in the ‘sdm” package (Naimi
and Araujo, 2016) in R software (R Core Team, 2021). The RF models were set to ten
iterations in each model run and an ensemble approach was utilized to estimate
species-specific mean abundance predictions. Hence the variations among the
predictions were harmonized (Aratjo et al., 2019; Hao et al., 2019). The ‘ensemble’
function was used in the ‘sdm’ package to harmonize results of individual bee pests’
species prediction replications using true skills statistics (TSS) weighted approach in
both the current and future timestamps. A 0.7 TSS cut off was used to select replicate
models to include in the ensemble. The TSS is a measure of accuracy that estimates
agreement between response and predictor variables. It ranges between -1 and +1,
where -1 indicates the lowest or poorest prediction accuracy while +1 indicates the

highest prediction accuracy (Hao et al., 2019).

Predictions were done under both current and future (year 2055) projections for all
bee pests’ species, with simulated climatic and LULC scenarios. Since projected
vegetation phenology was unavailable and elevation was assumed to be unchanging
in the future epoch, their current datasets were also used for the future projections.
Furthermore, similar model settings and packages were used for both current and

future epochs for consistency.

5.2.4 Prediction model validation

The RF prediction power of bee pests” was evaluated using the Pearson’s correlation
coefficient (r) (Equation 4) that was calculated using the R software (de la Fuente et
al., 2021). Extracted prediction values were used to calculate power of fit between bee
pests” abundance and environmental suitability, which was represented as deviance
of fit explained by the developed models. Degree of agreement, sign and significance
of the models were used to report suitability and prediction power of each model.

Prior to correlation evaluation, data from each model were subjected to covariation
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linear test and scatter plot reported for each prediction model. Then model prediction

power was ranked for each model from fail to excellent (Table 19).

Pearson correlation coefficient (r) used to validate prediction power of developed bee pests’

abundance distribution prediction models Equation 4

r = Z(x - mx)(y - my)
\/E(X - mx)zz(y - my)z

where:
i) xis a vector for observed abundance
ii) y is a vector for predicted abundance

iii) mx and my corresponds to means of x and y respectively

Table 19: Model evaluation ranks used to categorise bee pests’ abundance distribution prediction

models developed for Kenya for Varroa destractor, Oplostumus haroldi, Galleria mellonella and Aethina

tumida.
Pearson’s correlation coefficient (r) value Rank
0.20 and below Fail
0.21 to 0.40 Poor
0.41 to 0.60 Fair
0.61 to 0.80 Good
0.81 and above Excellent
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5.3 Results

5.3.1 Seasonality influence on bee pests” abundance

The Wilcoxon rank sum test with continuity correction performed at 95 % confidence
interval (p < 0.05) indicated that there was a significant difference (p = 0.047) between
bee pests’ abundance observations in the wet and dry seasons across the four
agroecological zones in the study area. Moreover, a visual observation showed high
seasonal variability for bee pests (Figure 25). Generally, there were more bee pests’
abundance in the wet than the dry season (Table 20). Bee pests observations in the dry
season were 42.25 pest counts with relatively low dispersions around the mean. On
the other hand, bee pests’ abundance was more (almost five times) during the wet
season with a mean of 199.75 and higher relative dispersions around the mean
compared to the dry season. The V. destractor had the highest ratio between seasons
(6.35 times more in the wet season) while G. mellonella had the least seasonal ratio (at

0.95 times).

Table 20: Means abundance of Varroa destractor, Oplostomus haroldi, Galleria mellonella and Aethina tumida
for abundance data collected during the wet and dry seasons in Kenya. The seasonal ratios show

difference between seasons.

Wet season Dry season Seasonal ratio
V. destractor 476.00 75.00 6.35
O. haroldi 31.00 15.00 2.07
G. mellonella 20.00 21.00 0.95
A. tumida 272.00 58.00 4.69
Mean of total 199.75 42.25 4.73
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Figure 25: Box plots of bee pests abundance observations for the dry and wet seasons in Kenya, with

significant seasonality influence (p < 0.05).

5.3.2 Predictor variable selectin and bee pests’ prediction

Twenty-seven out of 41 predictor variables used in the collinearity model (Figure 24)
were conflating. Based on their individual interactions and importance (Figure 26),
they were eliminated from further analysis. The 14 variables that were non-conflating
and ranked high in variable importance scale were used to develop refined bee pest
prediction models. The recursive feature elimination (RFE) model (Figure 27) used to
test the least variable interaction before eliminating the collinear ones further

indicated that 14 predictor variables would yield acceptably high predictions.
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Figure 26: Variable importance of all variables (refer to Table 18) used for predicting Varroa destractor (a), Oplostomus haroldi (b), Galleria mellonella (c) and Aethina

tumida (d) abundance.
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Figure 27: The recursive feature elimination (RFE) model used to indicate independent features

(variables) that could yield acceptable prediction accuracy based on root mean square error (RMSE).

Bioclimatic and topographical variable clusters contributed the highest number of
variables and the most information on all bee pest-specific models compared to
vegetation phenological variables. Furthermore, the bioclimatic variables had the
highest influence (77.8%) on V. destractor prediction model by more than three
quarters, compared to other predictor variables combined (Figure 28). Additionally,
rainfall wettest month and annual temperature range alone had almost two thirds
(61.0%) contribution on V. destractor’s prediction models. In general, the rainfall
wettest month alone had the highest influence (42.5%), contributing almost half of
predictor information needed by the models. Topographical influence on V. destractor
prediction models was 14.3%, while vegetation phenological variables contributed
6.7% to the models. On the other hand, the LULC had the least contribution (1.2%) on

V. destractor prediction models.

The bioclimatic and topographical variables contributed 69.9% and 16.3%,

respectively (Figure 28) to O. haroldi prediction models. Topographical effect was
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more substantial (16.3%) than phenological effect (6.8%), suggesting that O. haroldi
was not very sensitive to vegetative food substrate in its distribution. Moreover,
bioclimatic and topographical effect on G. mellonella was relatively similar, at 48.5%
and 31.6% respectively. The contribution of phenological variables was notably higher
(16.6%) to G. mellonella prediction models compared to the rest of bee pests” abundance
prediction models. Furthermore, bioclimatic variables had comparatively lower
contribution on the prediction abundance of G. mellonella than the other bee pests. This
suggests lower sensitivity of G. mellonella to climatic variations, and more
responsiveness to vegetative food substrate. On the other hand, A. tumida’s abundance
prediction models had a much higher contribution for bioclimatic variables (75.1%),
indicating high sensitivity of this bee pest to climatic variation. Also, rainfall wettest
month and potential evapotranspiration had almost two thirds (64.2%) contribution
on the A. tumida abundance prediction models, while the topographical and

vegetation phonological variables contributed 18.2% and 4.6%, respectively.
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Figure 28: Interaction of selected non-conflating predictor variables for Varroa destractor (a), Oplostomus haroldi (b), Galleria mellonella (c) and Aethina tumida (d)

prediction models.
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5.3.3 Bee pests’ abundance prediction validation

The Pearson correlation coefficient indicated that all RF prediction models other than
G. mellonella had high power of fit between bee pests” abundance and the predictor
variables. The V. destractor, O. haroldi and A. tumida abundance prediction models
scored excellent while G. mellonella model scored fair (Table 21). Although all p values
at 95% confidence interval were highly significant (p < 0.05), the G. mellonella model
had a much smaller significance score (p = 0.00045). Furthermore, dispersion of
abundance around line of best fit was much higher in G. mellonella prediction model
compared to other models developed (Figure 29). This was in line with observations
using Pearson's product-moment correlation for the same prediction models,
suggesting that G. mellonella model was weaker in fitting bee pests’ abundance to

environmental suitability than the other models developed in this study.

Table 21: Pearson correlation coefficient (r) and probability scores (p values) of bee pests’ prediction

abundance models developed to predict spatial distribution of bee pests in Kenya.

Abundance prediction model r p Score
Varroa destructor 0.83 7.17E-12 Excellent
Oplostomus haroldi 0.83 1.63E-06 Excellent
Galleria mellonella 0.55 0.0004452 Fair
Aethina tumida 0.84 1.23E-09 Excellent
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Figure 29: Scatter plots indicating distribution of predicted against observed abundance of Varroa destractor (a), Oplostomus haroldi (b), Galleria mellonella (c) and
Aethina tumida (d).
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5.3.4 Bee pests’ distribution and abundance

The RF prediction models indicated varied bee pests” abundance in different regions
of the study area. The western Kenya region was predicted with high abundance for
V. destractor and A. tumida and moderate suitability for G. mellonella. Besides, these bee
pests were predicted to be highly abundant in Mt. Kenya, central, western and coastal
regions of Kenya (Figure 30). These regions have relatively high precipitation
compared to the rest of the study site. Western, Mt. Kenya and central regions
experience low temperatures whereas coastal region experiences high temperature.
On the other hand, eastern region had varied predicted bee pests” abundance while
Tana River, Kajiado and other semi-arid regions were predicted with low abundance
of all bee pests. However, O. haroldi was predicted to have low abundance in most
regions of the study area in the current epoch apart from Mwingi in eastern region.
The latter regions are characterized by relatively dry conditions with low precipitation
levels, isothermality and high temperatures. These regions exhibit varied
agroecological and climatic conditions whose variations are in line with the predicted
abundance. Indeed, rainfall of the wettest month (bio13), rainfall seasonality (bio15)
and annual temperature range (bio7) contributed the most to the bee pests” abundance
models. Furthermore, high altitudes were predicted to have high abundance of all bee
pests. Additionally, high precipitation and low temperature were observed in regions
with high altitudes. Regions with low altitude were also characterised by low
precipitation levels, isothermality and relatively higher temperature. These regions
were consequently predicted to have low bee pests” abundance. They include Narok
county, Kajiado, Kilifi, Kwale, Tana River, the larger Taita Taveta county, Makueni

and Kitui counties.

The future bee pests” abundance prediction indicates a general increase in potential
bee pests” risk in most regions of the study site. There was both increment in
abundance and spatial distribution across the study area (Figure 31). The abundance

maps showed that most parts of the study area previously predicted to have moderate
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bee pests” distribution, increased in abundance at the future epoch. Regions predicted
with high proliferation include Mt. Kenya, western Kenya, coast and Mwingi in the
eastern region. Notably, V. destractor (a) and A. tumida (d) had a higher proliferation
(8,191.62 and 9,387.89 km? respectively) while O. haroldi (b) and G. mellonella (c) had
moderate proliferation rates (2,766.57 and 3,057.60 km? respectively) in the future
prediction maps (Table 22). Furthermore, bee pests” abundance change maps (Figure
32) indicated that most parts of western, Mt. Kenya, central and coastal regions had
high proliferation in the future timestamps while most parts of eastern regions had
changed from low to moderate proliferation for G. mellonella (c). On the other hand,
some parts of the study site had reduced bee pests” abundance distribution (Table 22
and Figure 32) which indicated that these sites became less suitable for bee pests.
However, areas with reduced bee pests” abundance were much less compared to areas
with increased abundance distribution. Bioclimatic data indicated that rainfall
seasonality and rainfall wettest quarter increased in the future epoch compared to

current conditions.

Table 22: Predicted abundance change for Varroa destractor, Oplostumus haroldi, Galleria mellonella and

Aethina tumida between current and future timestamps represented in area (km?).

Class Varroa Oplostomus  Galleria Aethina
destractor haroldi Mellonella tumida
Area (km?)
Decrease 001,436.54 001,887.18 004,492.30 001,725.62
No change 249,376.17 254,382.18 251,454.44 247,890.83
Increase 008,191.62 002,766.57 003,057.60 009,387.89
Total 259,004.34 259,004.34 259,004.34 259,004.34
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Figure 30: Predicted current abundance of Varroa destractor (a), Oplostomus haroldi (b), Galleria mellonella (c) and Aethina tumida (d). Blue, yellow and red colours

indicate low, moderate and high predicted abundance, respectively.
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colours indicate low, moderate and high predicted abundance, respectively.
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5.4 Discussion

There is an elevated global interest in bee health amid increased climate change, and
anthropogenic influence on natural environments and food production. As a
supplemental source of income especially in sub-Saharan Africa, and high nutritional
value of bee products and pollination services, understanding the spatial distribution
and abundance of bee threats is vital. Accurate and reliable predictive tools that
establish and demonstrate extent and severity of potential risks posed by bee pests’
are important in promoting bee health (Makori et al., 2017; Martin et al., 2012).
Establishing natural conditions which encourage distribution of bee pests and
developing appropriate predictive models to establish their spatial and temporal risk
potentials is vital. Bioclimatic datasets, vegetation phenology, topographical variables
and LULC patterns were utilized to develop bee pests” abundance prediction models
in this study. Bee pests’ abundance data were used as response variables in the
prediction models to provide spatially explicit and accurate pest population
information for improved predictability as opposed to modelling occurrence data

only.

5.4.1 Seasonality influence on bee pests” abundance

The effect of seasonality on bee pests” abundance was apparent. There was an average
of almost five times (4.73) more bee pests during the wet season than the dry season.
This was much pronounced for V. destractor with more than six times (6.35) pests in
the wet season compared to the dry season (Table 20). However, previous studies have
indicated constant infestation patterns of V. destractor across all seasons (Strauss et al.,
2013) contrary to findings of this study. Also, all bee pests were significantly more in
the wet than the dry season, apart from G. mellonella which had slightly more pest
counts in the dry season. Similarly, Torto et. al (2010) reported higher incidences of A.
tumida during the wet than dry season. Seasonality directly and indirectly affects bee

pests” abundance and distribution through their hosts (honeybees). Essentially, bee

148



pests depend on their hosts for food substrate and feed on their brood. On the other
hand, bee, as pests hosts, collect nectar and pollen from plants, which are affected by
seasonal variations. Moreover, seasonality affects the ability of honeybees to collect
and make food substrate on which the pests prey. Vegetation phenology indicate a
reduction in raw materials (nectar and pollen) in the dry season and vice versa. This is
influenced by mean annual rainfall and rainfall seasonality, which were high in the
wet season. In addition, both pollen and nectar collected from flowering plants
triggered by either onset or end of the rainy season, are available within apiaries

preying by bee pests (Fombong et al., 2012).

5.4.2 Predictor variable selection and bee pests’” abundance prediction

Honeybee pests proliferate at varying climatic and altitudinal gradients and can be
found across varying agroecological and agroclimatic regions (Boncristiani et al., 2021;
Fombong et al., 2012; Makori et al., 2017). Their abundance is largely dependent on
their hosts distribution and survival, and various climatic and vegetation conditions.
Obligate ectoparasites such as V. destractor depend fully on their hosts for survival,
hence their success and distribution are dependent on the hosts’ resilience and
vibrancy. Also, generalists” pests such as A. tumida and G. mellonella depend on other
food substrates as well, hence more susceptible to climatic variations. Prediction
models developed in this study established that the bioclimatic variables contributed
the most (between 48.48% to 77.84%) towards prediction of distribution of bee pests’
abundance than vegetation phenology, topography and LULC. Furthermore,
precipitation variables were more predominant than temperature variables in this

category for all the studied bee pests.

Rainfall wettest month, rainfall seasonality and annual temperature range contributed
about half of the information needed by prediction models for spatial abundance

distribution of bee pests. The models predicted high bee pests” abundance in regions
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with high precipitation levels. Moreover, precipitation variation affected distribution
and abundance of bee pests across space and time. There was a positive correlation
between precipitation and spatial-temporal distribution of all bee pests as indicated
by their current increase in abundance and spatial presence in the future epoch (2055).
This was in line with findings by various studies (Mm Fierro et al., 2012; Lovett, 2015;
Makori et al., 2022, 2017; Mwalusepo et al., 2015; Platts et al., 2015) that recorded
positive correlation between precipitation and insects’ distribution. Additionally,
response variables indicated that there was a significant difference between
abundance observations done in the wet and dry seasons (Table 20 and Figure 25).
There was higher bee pests’” abundance in the wet than the dry season. This is in
agreement with Torto et al. (2010) who indirectly linked distribution of A. tumida to
precipitation via increased forage that trigger bee colony growth and increase of

brood.

Most predictor variables (27 out of 41) that were originally thought could be used for
prediction of bee pests” abundance were deemed redundant, hence eliminated from
the final prediction models. The recursive feature elimination (RFE) model (Darst et
al., 2018; Granitto et al., 2006; Yan and Zhang, 2015) was useful in determining the
least number of predictor variables that could be used while providing fundamental
information necessary for accurate prediction of bee pests’ distribution (Figure 26). In
conjunction with collinearity and variable importance elimination criteria, model
prediction power was enhanced while minimizing parametrization and volatility
(Dormann et al., 2013; Naimi and Aratjo, 2016). Although vegetation phenological
and topographical variables were not highly palpable towards bee pests” prediction
models and contributed comparatively lower permutation, they were important in
sharpening the prediction models as indicated by the number of variables from these
categories tagged by prediction models (Figure 28). Moreover, vegetation phenology
imply availability of both pollen and nectar which are vital to hosts in the production

of food substrates and colony strength. Both time and value at the start of the season
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(start_t and start_v respectively), length of the season (length) and right derivative
(right_d) were among vegetation phenological variables tagged important by the bee
pests” prediction models. All these variables are important indicators of nectar and
pollen availability in a region. Right derivative (right_d) on the other hand indicates
minimum vegetative matter that is available for foraging in between seasons, hence
available food substrate to carry both bees and their pests through the next season.
Mt. Kenya, central, western and coastal Kenya regions had high values of these
predictor variables indicating a positive correlation with bee pests” abundance, which

were also high in these regions.

Slope, terrain roughness index (TRI) and topographical position index (TPI) were
among topographical predictor variables that contributed the most to the prediction
models. Combined permutation contribution of topographical predictor variables to
bee pests” abundance prediction models ranged from 14.3% to 31.6%. Indeed, most
regions predicted with high abundance of bee pests had high altitude such as Mt.
Kenya, Cherangani hills and areas around Mt. Elgon in western Kenya region.
However, coastal Kenya and eastern regions were predicted with high abundance of
bee pests as well. This was in accordance with previous studies (Birrell et al., 2020;
Kimathi et al., 2020; Makori et al., 2022) which reported that insects have diverse
altitudinal gradients. Although topographical variables were crucial in prediction of
bee pests, their direct impact could not be conclusively deciphered. Their impact could
however be derived from altitudinal effect on precipitation, temperature regimes and
vegetation phenology. In this regard, different categories of predictor variables could
not reliably be used in seclusion to predict spatial and abundance distribution of bee

pests, hence they should be coupled with other complementary predictor variables.
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5.4.3 Bee pests’ abundance prediction validation

Model accuracy is dependent on the selection of appropriate response variables and
important non-conflating predictive features while circumventing redundancy
(Aragjo et al., 2019; Naimi and Aratjo, 2016). Response variables in this study
employed the abundance of four species of bee pests, which were fitted with an initial
41 predictor variables to determine the best environmental fit. Under the same model
settings, V. destractor, O. haroldi and A. tumida abundance prediction models’
performance ranked excellent (Table 21), indicating more accurate ordering of
specificity and sensitivity. On the other hand, the G. mellonella abundance prediction
model scored fair, indicating lower accuracy. Ordering of observed versus predicted
abundance (Figure 29) indicated low dispersions that pulled closer to the line of best
fit in ‘excellent’ models” performance, with higher dispersion for the ‘fair’ models’
performance with notable outlier abundance scores. Hence, the low scoring model
suggested higher instability in abundance and suitability prediction, and thus could
not be used with high certainty to predict bee pests” abundance spatial distribution
(Farley, 2017; Felton et al., 2021). Despite notable lower prediction accuracy in the G.
mellonella model (fair accuracy of r = 0.55), it had insignificantly low prediction
skewness. Consequently, all models developed in this study could be used to reliably
order sensitivity and specificity (Gao and Tian, 2021). Nevertheless, rigorous, and
robust acquisition of substantial observed abundance data is necessary to improve

predictive power of bee pests” abundance prediction models.

5.4.4 Bee pests’ distribution and abundance

Climate simulation under different CO:2 emission pathways suggest an increase in
temperature, and localized and cumulative precipitation intensity in future (Fick and
Hijmans, 2017; Platts et al., 2015). As a result, the abundance and agility of most
beneficial insects such as bees, which hosts some pests, will decrease (Torné-Noguera
et al., 2014). This could reduce their ability to defend themselves against enemies
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including bee pests. On the other hand, prediction models established a positive
correlation between levels of precipitation and bee pests’ distribution. Bee pests’
abundance increased with an increase in precipitation in the simulated future epoch
(2055). Indeed, prediction models demonstrated increased abundance of bee pests in
future in some regions in Kenya from moderate to high (Table 22 and Figures 30, 31
and 32). Furthermore, the Wilcoxon rank sum test with continuity correction indicated
significant (p < 0.05) differences in observed bee pests” abundance between the wet
and the dry seasons (Table 20 and Figure 25). These differences were more
pronounced in V. destractor and A. tumida. Their prediction models revealed notable
differences between predicted bee pests’ abundance in current and future epochs.
Specifically, there was increased area suitable for V. destractor by a total of 8,191.62 km?
and a decrease of only 1,436.54 km?. Besides, A. tumida suitability increased by 9,387.89
km? and decreased by only 1,725.62 km?2 The Mt. Kenya, central, western and coastal
Kenya sites were the most affected regions by these changes. These regions are
characterized by high precipitation (Githui et al., 2009). In addition, these regions have
been demonstrated to have higher rainfall and temperature seasonality with elevated
levels of evapotranspiration in future (Fick and Hijmans, 2017; Platts et al., 2015). The
primal climatic conditions for bee pests could have shifted with interaction of
changing bioclimatic variables in these regions. In addition, these interactions could
affect the phonological patterns in habitats of bee pests” habitats and their hosts (i.e.,
bees). A positive shift of precipitation levels in regions such as Kitui, Narok and
Kajiado directly or indirectly triggered an increase of both suitability and abundance
of bee pests in the future epoch (Figure 32). Furthermore, such changes affects the
hosts negatively (Dainat et al., 2012; Makori et al.,, 2022; Williams and Tarpy, 2010)
making them more susceptible to the pests” invasion. Hence, bee pests threat levels

increased in most areas across the study site.

The inclusion of LULC as a proxy for anthropogenic influence and vegetation

phenological variables improved the predictive power of bee pests’ abundance,
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making them more reliable. While LULC data indicate human population effect to the
prediction models, vegetation phenological variables provided data on growing
seasons at grain level, hence availability of food substrates. Moreover, vegetation
phenological variables were processed from MODIS EVI at higher spatial and
temporal resolutions (250 metres spatial resolution) as opposed to bioclimatic data
(1,000 metres spatial resolution). Therefore, vegetation phenological variables
provided prediction models with higher environmental heterogeneity at higher
spatial resolution than the bioclimatic variables (Saatchi et al., 2008). In this regard,
vegetation variations enabled the prediction models to identify heterogenous pockets
on the landscape which either hinder or limit the abundance and distribution of bee
pests. In addition, vegetation phenological variables were derived from monthly
MODIS EVI datasets, which provide higher temporal resolution (16 days) compared
to the bioclimatic variables that are interpolated over longer periods and large
homogenous spatial extents. Therefore, vegetation phenological variables provided
prediction models with detailed near real-time and actual information that improved

their predictive power, hence more credible and dependable.
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5.5 Conclusions

Amid elevated global interest in climate change and anthropogenic influence on
natural environments and agricultural patterns, bee farming has gained more
relevance, especially in African agroecological regions where food and nutritional
security are often elusive. However, bee health is threatened by among others bee
pests which ravage colonies and even apiaries. This study developed bee pests’
abundance and distribution prediction models for four bee pests viz V. destractor, O.
haroldi, G. mellonella and A. tumida. Abundance data were integrated with bioclimatic,
vegetation phenological, topographical and LULC (as a proxy for anthropogenic
influence) variables to develop precise and reliable bee pests” abundance prediction
models. The models ranked excellent for V. destractor, O. haroldi and A. tumida, and fair
for G. mellonella using the Pearson correlation scale. Precipitation variables
contributed the most to bee pests’ abundance prediction models and seasonal
variations proved significantly (p < 0.05) influential in bee pests’ abundance as
indicated by the Wilcoxon rank sum test with continuity correction. Furthermore,
regions under the study area with high rainfall variability and high humidity were
predicted with higher threat of bee pests. Furthermore, bee pests’” threat levels were
predicted to increase both spatially and in intensity (abundance) with climate
variations across the study site. The bee pests’ abundance prediction models
developed in this study were deemed precise, hence could reliably be used to map
high risk areas, where management efforts and resources could be employed to curb
the spread of bee pests. Therefore, these prediction models could provide decision

makers with essential tools to assuage spread of bee pests, hence improving bee

health.
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CHAPTER SIX

6 Geospatial techniques in bee farming and bee health: a

synthesis

A Dbee on a flower collecting pollen and nectar. Image by (Madrigal, 2022); source

https://cdn.naturettl.com/wp-content/uploads/2021/05/21151609/How-to-Photograph-Bees-13.jpg

157



6.1 Introduction

Ostensible climate change and anthropogenic influence on natural environments and
agricultural systems have heightened the significance of bees on global socioeconomic
and environmental aspects. In the rural African savanna, bee products such as honey,
pollen, nectar, royal jelly and bee venom are important as supplemental sources of
income. These products are particularly important in the underdeveloped rural
African savanna. Furthermore, financial benefits associated with apiculture are
important incentives to forest conservation, ecosystem services such as pollination of
crops and wild plants, and vital to food production, particularly for improving food
and nutritional security for smallholder farmers. However, apiculture and bee health
are under threat from climate change, agricultural and agrochemical intensification
and associated habitat alteration, bee pests and diseases. Therefore, this study sought
to establish spatio-temporal distribution of bees (stingless bees), their food substrate
(flowering plants) and threats (bee pests) in Kenya using earth observation and
geospatial techniques. Firstly, the study predicted the spatial distribution of stingless
bees in Kenya using machine learning algorithms based on occurrence data and non-
conflating features drawn from bioclimatic, vegetation phenological and
topographical variables (Chapter 2). Moreover, the study upscaled flower mapping
approaches using hyperspectral datasets captured in both onset and peak flowering
periods, to the spectral and spatial specifications of four readily available
multispectral sensors (Chapter 3). These datasets were used to map the distribution of
flowering plants in Kenya and developed techniques that could be readily available
and usable by various stakeholders. Furthermore, the study used both bee pests’
occurrence-only datasets, in conjunction with bioclimatic, vegetation phenological,
topographical and LULC variables, to predict spatial distribution of bee pests, as biotic
threats, using MaxEnt (Chapter 4). The study sought to further refine the prediction
of the spatial distribution of bee pest using detailed abundance data and superior

machine learning algorithms (Chapter 5). All findings and scientific techniques
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developed herein are wrapped up in the synthesis chapter (Chapter 6, this chapter)
giving general conclusion and recommendations/way forward based on specific

chapter that supersede this one.

6.2 Study implications

This study provides earth observation and geospatial modelling tools, and techniques
that could be utilized to improve bee health and apiculture in Kenya, which are also
upscalable to other parts of the world. Prediction models and mapping techniques
developed in this study ranged from ‘fair’ to ‘excellent’ in mapping high suitability
areas for meliponiculture. Further, the techniques were utilized for predicting high
bee pests risk areas for mitigation purposes, hence improving hive productivity and
bee health. The findings in Chapter 2 implied that the stingless EN models developed
in this study could reliably be used to predict stingless bee distribution in Kenya,
upscalable to a future epoch (2055). The findings indicated that as the effects of climate
change and anthropogenic alterations of natural environments increase, the suitability
and spatial distribution of meliponine bees decrease. Therefore, these findings are key
for both meliponine bee farming and insect pollinated crops for identification of
regions with suitable conditions. Additionally, authorities could utilize these data and
techniques to improve apicultural and agricultural productivity. In addition, these
findings could provide a basis to incentivise apiculture for conservation of natural
vegetation by communities adjacent to forests through supplementary pollination

services.

Furthermore, in Chapter 3 this study was able to demonstrate methods that could be
used to map melliferous plants using readily and freely available datasets. This is vital
due to the cost limitations occasioned when acquiring hyperspectral datasets that had
only been previously used to map flowering plants. In addition, this study was able
to use mapping methods inherent in open source software, as compared to

commercially developed software with inhibitory costs. Ultimately, this study
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provided the first ever cost-effective approaches for mapping flowering plants in an
African semiarid agroecological landscape. These approaches also provide valuable,
timely and reliable advisory tools for guiding implementation of beekeeping systems

at a landscape scale.

In Chapter 4, this study developed mapping methods that could be used to monitor
spatial distribution and proliferation of major bee pest. Under this chapter, the study
used simple and straight forward techniques in open source MaxEnt and Timesat
software. The novelty of these methods was demonstrated by incorporating
vegetation phenology variables derived from freely available MODIS NDVI datasets.
These data improved the predictive power of models developed for mapping bee

pests” habitat and containment zones.

However, the mapping methods developed in Chapter 4 were limited to predictions
that were based on only occurrence data. They did not incorporate important bee pest
abundance data, that could not only predict spatial risk zones, but also indicate the
severity of the threats. The methods developed under Chapter 5 harnessed this
important aspect to provide bee farmers and policy makers with “excellent’ tools that
could be utilized to map bee pest hot spots where containment and management
measures could be prioritized. To this end, this study has been able to demonstrate
the implementation of earth observation and geospatial techniques in improving
apiculture and bee health. Therefore, researchers, farmers, managers and policy
makers have been provided with tools, methods and techniques that could be used to
make apiculture more beneficial. In addition, these techniques could help improve the
livelihoods of smallholder farmers, increase their resilience to climate change and

improve natural vegetation cover.
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6.3 Study limitations

This study sought to develop techniques that could be reliably used to map spatial
distribution of stingless bees, bee pests and flowering plants in Kenya. Firstly, it
successfully developed models that could predict the spatial distribution of stingless
bees across 40 counties in Kenya. To achieve this, it used occurrence-only data from 5
species of stingless bees, collected from 19 out of the 40 administrative counties. Even
though the 19 counties covered the main agroecological zones in the country, there
could have been subtle micro-climatic pockets that may not be represented. A wider
spatial representation in all counties could have been more representative and hence
improve model’s accuracy and reliability, albeit slightly. On the other hand, even
though this study collected species specific field data, it did not develop species-
specific distribution models. There could have been species-specific differences which
could be easily missed by bundling all species data together. Further, this study used
meliponine bees” occurrence-only data to develop spatial distribution models. It did
not harness the demonstrated benefits of abundance data to offer the spatial models

with more modelling information.

The flower mapping techniques used in this research relied heavily on resampled
satellite imagery. The final multispectral image datasets that were developed
inherited characteristics of the original AISA Eagle hyperspectral image. Therefore, all
taults that could have been associated with acquisition, processing and storage of the
hyperspectral datasets could have been inherited by the simulated multispectral
datasets. Using ‘actual’” multispectral dataset might have enabled the study to avert
some inaccuracies associated with such errors. In addition, field data was used to train
flower mapping models developed herein was collected within three days of
acquisition of the imagery data. This is despite alteration of atmospheric conditions
within short periods. Therefore, collection of field data within the shortest time
possible of the acquisition of image data is recommended. In addition, use of a

handheld spectrometer to collect field data could have offered the flower mapping
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models developed in this research with more superior training data to improve their

accuracies.

The bee pests” models developed in this study were largely excellent but exhibited
limitations similar to the models developed for stingless bees. For instance, the spatial
distribution of field data used to train models exhibited spatial biasness. Even though
they largely covered a representative agroecological zone gradient, there were pockets
of the study area that were not covered. In addition, methods developed in Chapter 4
utilized occurrence-only as opposed to abundance data. Furthermore, only MaxEnt
software was used as opposed to advanced machine learning (ML) algorithms such
as Random Forest (RF). However, these setbacks were largely addressed by methods
developed in Chapter 5. Abundance data and ML were used to develop more

advanced mapping methods.

Variable multicollinearity was also observed across all spatial prediction models
developed in this study. For instance, out of 40 variables presented for modelling
distribution of both stingless bees and bee pests, 11 variables were eligible. This was
mostly due to both bioclimatic, biotic and topographic variables exhibiting collinearity
issues. Even though it was concluded that the excluded variables did not provide the
models with substantially extra information and only marginally improved the
information base available to the spatial models, they could contain unique
information which is lost when they are illuminated from the modelling environment.
Therefore, models that could utilize an array of variables while circumventing

parameterization could be more desirable.
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6.4 Conclusions

Due to the polylactic nature and pollination uniqueness of stingless bees and the
economic importance of bee farming in sub-Saharan Africa, the earth observation and
geospatial techniques developed herein could improve bee farming and bee health in
the region. Specifically, the geospatial techniques studied and developed in this
research were demonstrated to be beneficial to bee health in reliably mapping the
spatial distribution of stingless bees, bee food substrate (flowering plants) and their
biotic threats (bee pests). The study was able to develop the first ever known ecological
niche models for mapping of stingless bees in Africa. It harnessed careful selection of
both response and predictor variables, and six best machine learning algorithms to
develop “excellent’ modelling approaches. Ensembling the best modelling approaches
however yielded higher accuracies and more realistic spatial models. It was apparent
that bioclimate, especially precipitation variables were most important for stingless
bee models. However, vegetation phenology which did not contribute most logit to
the prediction models, more legible variables to the models. Indeed, the models were
more realistic and accurate with the inclusion of the biotic variables. The effect of
topography was not immediately discerned from the contribution of topological

variables, but was inferred especially from biotic factors in the models.

Similar conclusions were drawn from bee pest distribution models, especially since
bioclimatic variables specifically precipitation proved most important. Mean annual
rainfall contributed most of the information to the models. In addition, it was apparent
that machine learning algorithms and ensemble methods were the most accurate with
more realistic products. Furthermore, careful selection of non-collinear variables and
accurately collected and representative response variables improved the accuracy of
models developed. Even though occurrence-only EN models could yield products
that could give an indication on the pest risk zones, they could not provide much

needed information on bee pest severity and intensity. The abundance spatial models
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however could indicate bee pest risk and containment zones, severity and changing

conditions over time.

Temporal upscalling of the EN models to the year 2055 based on the hypothesized and
modelled pathways provided an insight on the effects of climate change and the
anthropogenic influence on both bees and their threats. As habitat suitability of
stingless bees reduced, the risk levels and spatial distribution of bee pests increased.
The same projection epoch indicated high precipitation and temperature seasonality,
variables that affected both stingless bees and pests the most. Even though upscaling
of vegetation phenology was not available in this study, an increment of the
anthropogenic effect from the human footprint data implied a reduction of natural
vegetation and in effect both habitat and food sources for bees. As the habitat
suitability of stingless bees reduced, the risk intensity and spatial extent of bee pests
increased. It was concluded that there was an inverse relationship between the habitat

suitability of beneficial insects and their threats.

Food resources/substrates (flowers) were successfully mapped in this study as well
using resampled multispectral imagery datasets. The images with higher spatial
resolution had higher overall accuracy. In addition, spectral resolution improved the
classification accuracy of flowering plants. This study concluded that an improvement
in both the spatial and spectral resolutions improves classification accuracy of

flowering plants.

164



6.5 Recommendations

The study demonstrated the importance of earth observation and geospatial
techniques in apiculture and bee health. It showed how these techniques can be used
to predict the spatial distribution of bees (stingless bees), their food substrate
(flowering plants) and their threats (bee pests). The inverse relationship between bees
and their pests that has been demonstrated in this study should be an eye opener to
researchers, farmers, conservationist, policy makers and authorities concerned with
agriculture, environment and forestry. Farmers should embrace friendlier and less
invasive practices and reduce intensification of agrochemicals on their farms. On the
other hand, they should use the tools that have been developed herein for better
informed placement of apiaries to realise improved hive productivity and farm field
outputs. Moreover, the tools developed in this study should provide relevant bodies,
organization and policy makers with the impetus to improve apiculture within the
region and reverse the negative effects occasioned by climate change, habitat
alteration, and agricultural and agrochemical intensification. Improved apiculture
and agricultural practices could positively impact on the livelihoods of smallholder

farmers in the African savanna.

Furthermore, advancement of earth observation and geospatial techniques, and new
discoveries around artificial intelligence and climate change, should advance studies
around new cutting-edge mapping algorithms including ultra-deep machine learning.
Moreover, there is continuous advancement on climate (e.g., wind speed, direction
e.t.c.), vegetation (e.g., 3D canopy to height and canopy cover fraction) and
anthropogenic (e.g., human footprints) datasets that could be utilized to study their
effects on farming and bee health. Therefore, more research should be carried out to
incorporate all these advancements in understanding the dynamics of bee farming
and bee health. More specifically, future studies should be directed towards optimal

exploitation of the following recommendations:
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ii.

1ii.

iv.

Climate change will in a larger part shrink suitable habitats for bees. Therefore,
more accurately upscaled datasets available in near real-time and downscaled
to regional or country level should be explored and used to develop reliable
prediction models.

Bee population datasets (abundance) rather than presence-only datasets should
be used to provide more accurate prediction of bee and bee pests’ distribution
at regional scale.

Species-specific prediction models should be explored in the prediction of
spatial distribution of bees since there are subtle variations between bee species
which non-species-specific models may be insensitive to.

Mapping of temporal floral patterns should be explored further using high-
resolution phenotypic camera and other sensors mounted on unmanned aerial
vehicles (i.e., drones and balloons) and artificial intelligence algorithms. In
addition, handheld hyperspectral spectrometres should be used to collect floral
spectra field training data for improved classification accuracies.

Research should be expanded beyond the prediction of spatial distribution of
bee pests” species studied in this research. Further research should be carried
out on species interaction, especially interaction among the bees as hosts and

the pests (i.e., areas that are suitable for different bee and pest species).
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