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ABSTRACT 

The Greater Mau Forest Complex (GMFC) is a socio-economically and ecologically 

significant yet very fragile landscape in southwest Kenya. It hosts an important water 

catchment for East Africa, includes several protected areas, and has been subject to 

significant land use land cover (LULC) change over the past decades. However, few studies 

have comprehensively characterized these changes or their associated implications on 

livelihoods and sustainability of the system. This dissertation addresses three distinct but 

connected research questions: (1) What is the nature and magnitude of LULC patterns, and 

what is the role of biophysical factors in these patterns and processes? (2) How should socio-

ecological sustainability be measured in a significant and fragile yet data-sparse landscape? 

and (3) What is the nature and magnitude of LULC dynamics in the four GMFC counties 

(Bomet, Kericho, Nakuru, and Narok) and what is the perceived likelihood of LULC changes 

impacting livelihoods among the forest-adjacent populations?  

Study 1 performed robust accuracy assessment and characterized LULC changes in 

the GMFC under several topographic scenarios using landscape metrics of fragmentation and 

dominance. The study also applied the Kruskal-Wallis tests to assess statistical significance 

among the differences. Results showed that despite much conservation focus on 

deforestation, grasslands in southwest Kenya are more rapidly decreasing in size and 

becoming more fragmented and that topography has played a significant role in these 

changes. Improved spatiotemporal LULC characterization and projections are important for 

managers and policy makers. Study 2 assessed the stability of GMFC system across time using 

the water-energy-food (WEF) nexus framework. The study used a blend of precipitation, 

energy consumption, vegetation indices, and crop yield data to examine the WEF synergies 



and trade-offs within the GMFC. Results indicate increasing rates of variability among the 

WEF variables in the GMFC over the last 30 years, suggesting that a paradigm shift would be 

necessary to ensure sustainability of this ecosystem in the wake of other local and global 

challenges. Additionally, the research revealed the challenges of measuring sustainability in 

data-sparse areas. Study 3 investigated LULC change dynamics in the four counties of the 

GMFC and examined the interconnections between these changes and livelihoods among 

forest adjacent populations of the GMFC. The study then used data from household surveys 

and ordinal logistic regression to understand the relationship between LULC changes and 

livelihoods. Results indicate that land cover varied by county while level of education, 

household income, and age have statistically significant influence on perceptions regarding 

the intricate nature-society relations.  

This dissertation utilized remote sensing, geographic information systems (GIS), 

statistical, and qualitative techniques to assess the interconnectedness of land cover change, 

climate variability, and livelihoods in a significant yet fragile landscape. The robust methods 

translate well in multiple landscapes and scales. These findings are key for climate change 

mitigation, adaptation, and resilience discourses because peoples’ perceptions influence 

their behavior towards the environment. This work contributes to nature-society research 

and policy in the wake of myriad socio-ecological challenges. 
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CHAPTER 1: INTRODUCTION 

1.1 Research Context 

Different forms of capital assets (i.e., natural, economic, human, and social) are 

necessary for individual or societal survival (Krantz, 2001). Earth’s resources are finite; 

hence concepts of sustainability and sustainable development (SD) are important for the 

long-term functioning of systems. An SD lens helps to find a balance between preserving the 

ecosystem and meeting human needs (Olawumi & Chan, 2018; World Commission on 

Environment and Development, 1987) and is essential for fostering livelihoods. 

Sustainability and SD can be used interchangeably (Olawumi & Chan, 2018; Ruggerio, 2021). 

Some of the key aspects necessary for dissecting sustainability discourses include what to 

sustain, how long the system ought to be sustained, and when to measure sustainability 

(Costanza & Patten, 1995; Daly, 2017; Orr, 2002). Increasing population, consumption, and 

exploitation of natural capital has led to shrinking resources and impacted livelihoods. A 

livelihood is defined to encompass the resources, capabilities, and activities required for a 

means of living. Therefore, a sustainable livelihood is defined as the “ability to cope with and 

recover from stresses and shocks, maintain, or enhance its capabilities and assets, while not 

undermining the natural resource base” (Krantz, 2001). The United Nations (UN) Sustainable 

Development Goals (SDGs) provide a general framework that attempts to define, work 

towards, and measure SD (Nilsson & Costanza, 2015). To understand whether a region is 

making progress towards SD, we need to assess how landscapes and their inhabitants have 

changed over time. 

Land use-land cover (LULC) change analysis is a core tool for understanding change 

in socio-environmental systems and is an essential climate variable (Alemu & Henebry, 2017; 
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Hollmann et al., 2013; Stehman & Foody, 2019). LULC change can modify atmospheric 

conditions, influence the carbon cycle and global warming, intensify natural disasters, and 

alter ecosystem services at local, regional, and global scales (Birhanu et al., 2019; Dahlin et 

al., 2020; Dwivedi et al., 2005; Lambin et al., 2001; Mas et al., 2004; Zhong et al., 2021). For 

instance, unabated human encroachment into forest and grassland dominated ecosystems 

has been shown to have direct and indirect impacts on social and ecological systems such as 

human-wildlife conflicts, increased droughts, irregular planting seasons, interannual 

variability, and increasing atmospheric carbon concentration (Ahlstro m et al., 2015; Riitters, 

Wickham, & Wade, 2009). Developing countries, particularly Sub-Saharan Africa, are more 

vulnerable to climate change related impacts partly due to their limited financial and 

technological capacity to adapt (Bryan et al., 2013). For example, despite being one of the 

leading economies in Eastern Africa, Kenya has in the recent decades continued to grapple 

with a workable balance between environment, social, and economic development. Incessant 

logging, clear felling, human encroachment for settlement and conversion to agriculture have 

continued to decrease the size of land under forest and grasslands in many ecosystems. 

Land-use decisions such as increasing area under cultivation and changing forestry 

practices often result in unintended consequences (DeFries, Foley, & Asner, 2004). Therefore, 

reliable monitoring and assessment of LULC dynamics is essential for identification of human 

induced landscape changes. While most land use decisions are made by people, influenced 

by economics, policy, and society, the biophysical environment also plays a role in 

determining where land use changes occur (Dang & Kawasaki, 2017; Msofe et al., 2019; Zhou 

et al., 2020). For example, topography determines the accessibility, usability, stability, water 

retention, and composition of a landscape, while geology influences soil properties and 
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arability (Turner et al., 2001). Improved understanding of human and environmental 

influences on LULC change will enhance assessment and management strategies important 

to prevent decline in the environmental value of ecosystems (da Silva et al., 2020; Mottet et 

al., 2006), and can allow for better predictions of where future LULC change may occur. 

Remote sensing derived LULC change outputs make it possible for use in natural resources 

mapping and management at local, national, regional, or global scales (Lambin, 1997; Long 

& Qu, 2018).  

The systems approach identifies interconnections where impact on one component 

in a system can have recurring direct and indirect impacts on others and is necessary to 

address the complexity of social-ecological systems (Fischer et al., 2015; Lim et al., 2018). 

For example, the water-energy-food (WEF) nexus is an integrative framework that examines 

interdependencies between these three sectors to achieve cross-sectoral synergies in 

attaining SD (Nhamo et al., 2020). These sectors are critical for sustaining human livelihoods 

and human well-being, yet they are highly susceptible to pressures associated with climate 

change and other anthropogenic pressures such as population (Golam et al., 2015). Future 

generations will rely, to a great extent, on the resources that are at the current generation’s 

disposal for their survival. As such, an ecosystem can be adduced to be sustainable if it 

continues providing various ecosystem services (provisioning, regulating, supporting, and 

cultural) for next generations without significant disruptions or decline in quality and 

efficiency (Bennett et al., 2009). The research here employs a systems approach and political 

ecology framework to understand the interconnections of socio-ecological sustainability by 

analyzing LULC change, ecological trends, and community livelihoods in the context of SDGs. 

To assess the status of livelihood sustainability of the target population, I borrow from 



   

 

4 
 

relevant UN SDG targets and respective metrics used for their measurement (https://sdg-

tracker.org/). The scope will be limited to subsets of two out of the seventeen UN SDG targets 

and indicators that are connected to human livelihoods and whose progress can be measured 

at the household level: SDG 1, No Poverty and SDG 2, Zero Hunger (United Nations, 2015). A 

complete list and description of variables used in assessment of livelihood sustainability, 

connection to SDG indicators, and their rationale is provided in Appendix A and sample 

household survey questions are in Appendix B. The research will leverage mixed methods 

including geospatial analysis, spatiotemporal trend quantification, and household surveys.  

1.2 Purpose and Objectives 

The overarching goal of this dissertation research is to examine interconnections 

between LULC, climate, and livelihoods in Kenya’s GMFC from 1990 to 2021. This time span 

covers a period where there were three national government regimes and enactment of a 

new constitution that affected management of natural resources. Therefore, this research 

addresses the question of how to achieve development that is sustainable for both people 

and the environment. The study achieves this goal by enhancing the characterization and 

attribution of the conservation versus livelihoods conundrum that has bedeviled local 

communities, government, and civil society within the GMFC as well as proposes pragmatic 

solutions. The study leverages remote sensing, machine learning, spatial analysis, social 

science, and mixed methods techniques to achieve three main objectives. The dissertation is 

organized into five chapters: the first chapter constituting this introduction. Each of the next 

three chapters address specific but interconnected themes (land cover change, socio-

ecological sustainability, and livelihoods) and associated objectives. These themes are while 

https://sdg-tracker.org/
https://sdg-tracker.org/
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the last chapter details the conclusions (Figure 1). The following are the three main themes, 

each with research objectives and corresponding rationale. 

 
Figure 1. Conceptual framework of dissertation research. 

1.3 Objective 1: Land Cover Change by Topography 

The objective of this chapter is to assess land cover change dynamics in the GMFC by 

answering the following question: what is the nature and magnitude of LULC patterns, and 

what is the role of biophysical factors in these patterns and processes? The GMFC hosts one 

of the largest water catchments in East Africa and has immense socio-economic and 

ecological significance. However, it is susceptible to numerous pressures, both natural and 

anthropogenic. These pressures include deforestation, forest degradation, reserve 
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encroachment, carbon loss, biodiversity loss, threats to sustainable water supply, declining 

agricultural productivity, and deteriorating livelihoods among the local population. 

Therefore, there is a need to better understand the structure and patterns of this landscape 

across time. This chapter analyzes patterns of LULC in GMFC from 1990-2018 based on 

available remotely sensed land cover data. The chapter also assesses the role of elevation and 

slope in LULC changes within the topographically heterogeneous region using landscape 

metrics of fragmentation (number of patches and interspersion and juxtaposition index) and 

dominance (largest patch index) at the class level. Better characterization of LULC structure, 

pattern, and change is necessary for improved research and policies for sustainable 

management of the GMFC.  

1.4 Objective 2: Socio-ecological Sustainability 

In this chapter, I assess the status of the GMFC using the water-energy-food (WEF) 

nexus approach. The chapter answers the following question: How do you measure socio-

ecological sustainability in a significant and fragile yet data-sparse landscape? Water, energy, 

and food are critical sectors required to sustain human livelihoods. However, these sectors 

are highly susceptible to pressures associated with climate change and other anthropogenic 

pressures which in turn threaten sustainability, as is the case with the GMFC. This chapter 

leverages mixed methods and the WEF nexus lens to examine the interdependency between 

these sectors and to assess the status of sustainability. The chapter utilizes various forms of 

WEF data obtained through remote sensing, field interviews, census, and crop yields to 

characterize the state of the GMFC from 1990-2021.  
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1.5 Objective 3: Land Cover Change and Livelihoods through a Political Ecology Lens  

Chapter four examines the interconnections between land cover change and livelihoods 

among forest-adjacent populations. The chapter answers the following question: a) what is 

the nature and magnitude of LULC dynamics in the four GMFC counties and b) what is the 

perceived likelihood of forest degradation on livelihoods among the forest-adjacent 

populations? People living adjacent to natural resources rely on them for their livelihoods. 

Besides, their routine activities have significant direct and indirect contributions to resource 

conservation or degradation and are affected by laws and regulations aimed at 

protecting/restoring these resources (Newton et al., 2016, 2020). Therefore, decisions by 

residents, policy makers, and law enforcement entities impact natural resources 

management, climate change, and livelihoods sustainability. The chapter examines (i) how 

land cover changes vary based on established administrative/governance demarcations 

across time, and (ii) relationship between LULC changes and livelihoods among people living 

adjacent to MFC. 
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CHAPTER 2: ACCELERATING AGRICULTURAL EXPANSION IN THE GREATER MAU 
FOREST COMPLEX, KENYA1 

2.1 Introduction 

Land use land cover (LULC) change is an essential climate variable (Alemu & Henebry, 

2017; Hollmann et al., 2013; Stehman & Foody, 2019) that can modify atmospheric 

conditions, influence the carbon cycle and global warming, intensify natural disasters, and 

alter ecosystem services at local, regional, and global scales (Birhanu et al., 2019; Dahlin et 

al., 2020; Dwivedi et al., 2005; Lambin et al., 2001; Mas et al., 2004; Zhong et al., 2021). The 

relatively simple and non-technical nature of remote sensing derived LULC change outputs 

make it possible for use in natural resources mapping and management at various scales 

(Lambin, 1997; Long & Qu, 2018). Land-use decisions such as increasing area under 

cultivation and changing forestry practices often result in unintended consequences (DeFries 

et al., 2004) and so reliable monitoring and assessment of LULC dynamics is essential for 

identification of human induced landscape changes.  

While most land use decisions are made by people, influenced by economics, policy, 

and society, the biophysical environment also plays a role in determining where land use 

changes occur (Dang & Kawasaki, 2017; Msofe et al., 2019; Zhou et al., 2020). For example, 

topography determines the accessibility, usability, stability, water retention, and composition 

of a landscape, while geology influences soil properties and arability (Turner et al., 2001). 

Improved understanding of environmental influences on LULC change will enhance 

assessment and management strategies important to prevent decline in environmental value 

 
1 Akanga, Donald O., Kyla M. Dahlin, and Nathan J. Moore. "Accelerating agricultural expansion in the 
greater Mau Forest Complex, Kenya." Remote Sensing Applications: Society and Environment 28 (2022): 
100860. 
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of ecosystems (da Silva et al., 2020; Mottet et al., 2006) and can allow for better predictions 

of where future LULC change may occur.  

Globally, much LULC change analysis is aimed at deforestation (e.g., Armenteras et al., 

2019; Ayele et al., 2000) and urbanization (e.g., Liu et al., 2019; Mansour et al., 2020; Silva et 

al., 2018), with less focus on other LULC categories (Yirsaw et al., 2017). For example, 

emphasis has been placed on forests and forest degradation due to their long-established 

roles in biogeochemical cycles and climate change (Sun et al., 2019; Yang, Li, & Yan, 2018). 

Likewise, urban expansion alters LULC regimes, reduces pasture and agricultural land area, 

and affects ecosystem productivity (Şen et al., 2018; Seto et al., 2012). However, recent 

research suggests that grasslands and semi-arid savannas are also undergoing high rates of 

anthropogenic-driven change (Wilcox et al., 2018) and impact interannual variability and 

trends in atmospheric carbon concentration (Ahlstro m et al., 2015). Compared to forests, 

grasslands tend to occur in relatively lower elevations and are easier to clear for agriculture 

and other human activities. Unabated human encroachment into forest and grassland 

dominated ecosystems has significant direct and indirect impacts on social and ecological 

systems (Riitters et al., 2009). Detecting, quantifying, attributing, and monitoring LULC 

changes at local, regional, and global scales is essential for both understanding current 

patterns and predicting future processes. 

Remote sensing and GIS products such as land cover maps have been used to examine 

spatiotemporal transitions in LULC (DeFries et al., 2004; Turner et al., 2007) which can 

inform natural resources management and have significant ecological, economic, and/or 

social implications (Foody, 2002; Manandhar et al., 2009). However, remotely sensed LULC 

classifications and pre-existing LULC change maps are prone to errors arising from data 
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quality issues, conversion of spatially and categorically continuous conditions to discrete 

classes, the minimum mapping unit problem, and classification algorithm decisions (Foody, 

2010; Olofsson et al., 2014; Spruce et al., 2020). If unaccounted for, such errors could 

reverberate in policy and/or research decisions and recommendations and reduce the 

useability of these LULC products. While most studies stop their analysis of error at 

computing confusion matrices, overall accuracy, and kappa coefficient of agreement (M. R. 

Rahman & Saha, 2008; Rwanga & Ndambuki, 2017; Tilahun & Teferie, 2015), good practice 

recommendations involve rigorous uncertainty analysis and error estimations (Olofsson et 

al., 2014; Olofsson et al., 2019). If substantial uncertainty is found, then this uncertainty 

should be taken into consideration in LULC change analyses and any assessment of changes 

to the geographic structure of the landscape.  

Landscape metrics describing the dominance, connectivity, and fragmentation of 

patches have the capability to depict the geographical structure and functionality of a 

landscape at various scales (Fichera et al., 2012). The use of landscape metrics, however, 

needs to be carefully selected since many of them are highly correlated (Cushman et al., 

2008). Various natural and anthropogenic factors influence the sizes, dominance, and 

adjacency of patches on landscapes as well as their utility and sustainability. For instance, 

spatial metrics that assess the number, size, and evenness of patch adjacencies at landscape 

level have been leveraged to assess suitability of rainwater harvesting (Albalawneh et al., 

2015), freshwater research and management (Kearns et al., 2005),  LULC change in 

heterogenous watersheds (Kumar et al., 2018), and urban sprawl (Das & Angadi, 2021).  

Here, we analyze patterns of LULC change in southwestern Kenya from 1990 to 2018 

based on available remotely sensed land cover data. This landscape is an important water 
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catchment for the surrounding area, includes several protected areas, and has been subject 

to significant LULC change over the past decades. We perform rigorous accuracy assessment 

and area estimation using most recent available high-resolution data (2018) based on 

recommended good practices (Olofsson et al., 2014). We assess the role of elevation and 

slope in LULC changes within the topographically heterogeneous region using landscape 

metrics of fragmentation (number of patches and interspersion & juxtaposition index) and 

dominance (largest patch index) at the class level. Because this region has been occupied by 

humans for millennia, and because deforestation has been a recent concern in Kenya (Klopp, 

2012), we expected that the proportion of grassland and cropland in the higher slopes and 

higher elevation topographic gradients would be relatively stable over the past 30 years since 

these areas are less suited for agricultural development. In contrast, we expected that recent 

human population increases and changes in governance may have pushed cropland into 

historically forested regions, especially at lower elevations and in places with lower slopes. 

2.2 Study Area 

The Greater Mau Forest Complex (GMFC) is located in southwestern Kenya and 

extends over 30,345 km2. Here we define the GMFC as the four counties (Bomet, Kericho, 

Nakuru, and Narok; Figure 2) that include the Mau Forest Complex and surrounding 

landscape. The GMFC is of immense socio-economic and ecological significance. It is home to 

the Maasai Mara National Reserve and most of the Mau Forest Complex (MFC), the largest of 

the five main water catchments in Kenya. Maasai Mara National Reserve is a popular global 

tourist destination that borders Tanzania’s Serengeti and is home to a wide range of wildlife. 

The MFC has an estimated economic value of over $112 billion and supports more than 10 

million people’s livelihoods by providing various ecosystem services (Ngigi & Tateishi, 2004; 
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Ogweno, Opanga, & Obara, 2009; Rwigi, 2014; Swart, 2016; UNEP, 2003, 2008). It is a source 

to 12 rivers (i.e., Mara, Sondu-Miriu, Nyando, Nzoia, Yala, Turkwell, Rongai, Nderit, Makalia, 

Kerio, Molo, Naishi, Ewaso Nyiro, and Njoro) which feed important lakes, including lakes 

Victoria, Turkana, Nakuru, Baringo, and Natron (Ogweno et al., 2009; UNEP, 2003, 2008). 

These water resources support agriculture, urban and rural water supply, hydropower, 

tourism, and wildlife habitats throughout East Africa. LULC in the GMFC is important to study 

because despite its significance, the area has experienced massive deforestation, population 

increase and natural resources-related conflicts in recent decades. 

 
Figure 2. The study area at different geographic scales. A. zoomed in map of the study area 
(orange boundary) that includes the four counties (Bomet, Kericho, Nakuru, and Narok) and 
protected areas (gray polygons), B. study area location (brown polygon) within Kenya 
(orange polygon), and C. GMFC and Kenya’s location on the African continent.  

The study area consists of wet and dry grasslands, savannas, dense forests, and 

grasslands or tundra at high altitudes (Mutugi & Kiiru, 2015). The region is characterized by 

two rainy seasons i.e., long rains which typically extend from March to June and short rains 

from October to December (Kinyanjui, 2011). Average annual precipitation ranges from 

approximately 1,000 mm in the east to 2,000 mm in the west of MFC (BirdLife International, 
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2021). Overall annual mean minimum and maximum temperature are 9o and 24o C, 

respectively (Baldyga et al., 2008).  

2.3 Material and Methods 

2.3.1 Image Classification, Accuracy Assessment, and Area Estimation 

We obtained land cover classification products for the GMFC for the years 1990, 2000, 

2010, and 2018. These years were selected because of data availability. Original digital maps 

were produced by the Regional Center for Mapping of Resources for Development (RCMRD) 

using supervised classification of Landsat data (spatial resolution of 30 m X 30 m per pixel). 

Google Earth and aerial photography were used to obtain high resolution satellite imagery. 

Calibrated dry season (January and February) Landsat surface reflectance products (Landsat 

5, Landsat 7, and Landsat 8 imagery) from 1990 to 2018 were used for image classification. 

Dry season images were used to allow for better discrimination between trees and grasses 

or crops and the random forests classifier was employed (RCMRD, 2016). 

We reclassified the digital RCMRD land cover products from the initial ten detailed 

classes to five coarser classes (i.e., forest, grassland, cropland, water, and other) to suit our 

study area, and to conduct area estimation and independent accuracy assessment. Using the 

2018 map classes as strata, we employed a stratified random sampling design to select 

sample units and allocated the samples size based on good practice recommendations 

(Olofsson et al., 2014) and our specific interest. Total samples allocation was forest = 100, 

grassland = 175, Cropland = 130, water = 25, and other = 50. We used Google Earth Pro’s 

freely available high-resolution imagery to identify the classes of the validation sample units 

for use in accuracy assessment to obtain more accurate representation of reference data 
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compared to the original maps. We conducted the initial accuracy assessment in R statistical 

software (R Core Team, 2022).  

Accuracy assessment and area estimation was based on area proportions of map 

classes following the approach recommended by Olofsson et al. (2014). Area proportions are 

preferred to sample units when calculating the final accuracy and estimating area since they 

are used as input into calculating standard errors of associated classes. Using our sample 

units, we calculated an error matrix with rows as classified map and columns as the 

reference. We then used the equation below to calculate standard errors for each class 

(equation 10 in Olofsson et al 2014).  

𝑆(�̂�.𝑘) = √𝛴𝑖

𝑊𝑖�̂�𝑖𝑘 − �̂�𝑖𝑘
2

𝑛𝑖 − 1
 

Where 𝑛𝑖𝑘 is the sample count at cell (ⅈ, 𝑘)in the error matrix, 𝑊𝑖 is the area proportion of 

map class ⅈ, �̂�𝑖𝑘 = 𝑊𝑖
𝑛𝑖𝑘 

𝑛𝑖.
 (Olofsson et al., 2014). The resultant standard error 𝑆(�̂�.𝑘) was then 

used to calculate the error-adjusted area estimate. 

To obtain the 95% confidence intervals we used ±1.96√�̂�(�̂�𝑖) where 1.96 is the value 

of the 95th percentile from the standard normal distribution, �̂� is the variance of the accuracy 

measures and �̂�𝑖  is the user’s accuracy computed from map proportions. We performed 

accuracy assessment for the 2018 land cover product due to availability of high-resolution 

reference data compared to previous time steps where high-resolution imagery is not 
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available. We assumed that the 2018 accuracy assessment confidence intervals and standard 

errors applied to the earlier classifications as well.  

2.3.2 Topographic Data (Elevation and Slope) 

To investigate the role of physical environmental factors in LULC change in the study 

area, we divided the landscape into topographic classes. National-level Shuttle Radar 

Topography Mission (SRTM) 30 m digital elevation model (DEM) data was obtained from 

http://geoportal.rcmrd.org/ and clipped to the study area extent, which ranges from 573 m 

to 3,896 m elevation. We divided the study area into low (<2,100 m) and high (>2,100 m) 

elevation since most human activity occurs at altitudes below 2000 m (Mottet et al., 2006). 

We used the SRTM 30 m DEM to calculate slope and divided the study area into low slope 

(<25%) and high slope (>25%). We then analyzed land cover transitions for these four 

overlapping landscape classes. We also examined land cover changes for each period based 

on four combinations of the selected slope and elevation thresholds (e.g., high slope-high 

elevation, high slope-low elevation, low slope-high elevation, and low slope-low elevation). 

2.3.3 Landscape Metrics 

To quantify changes to the spatial patterns of the landscape (Cushman, McGarigal, & 

Neel, 2008; Fichera et al., 2012; Kayiranga et al., 2016) in GMFC, we selected and analyzed 

three landscape metrics capable of explaining dominance and fragmentation (McGarigal, 

2015a) of the LULC classes for 1990, 2000, 2010, and 2018 using the R package 

‘landscapemetrics’ (Hesselbarth et al., 2019). Only three parameters were selected for 

analysis to avert possible redundancy since many landscape metrics are highly correlated 

(Cushman et al., 2008; Kumar et al., 2018). Selected parameters include interspersion and 

juxtaposition index (IJI) which measures evenness of patch adjacencies, number of patches 

http://geoportal.rcmrd.org/
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(NP) which measures the total number of patches per class, and largest patch index (LPI) 

which indicates the percentage of landscape occupied by the largest patch (Narmada, 2021).  

Finally, we conducted Kruskal-Wallis tests to compare statistical significance of 

selected metrics derived from the different landscape thresholds. Kruskal-Wallis’s test is the 

nonparametric equivalent of one-way analysis of variance (ANOVA) and was selected for this 

analysis because the data violated assumptions of normality required for ANOVA. 

Independent variables were the different landscape threshold scenarios while LPI, IJI, and 

NP metrics were dependent variables. We did a pairwise comparison using Wilcoxon rank 

sum test to compare the multiple groups and subsequently performed a Dunn post-hoc test 

with Benjamini-Hochberg correction to identify specific groups that had significant 

differences after obtaining initial results. 

2.4 Results 

2.4.1 2018 Map Accuracy Assessment and Area Estimation 

The total mapped area was ~30,345 km2. For the 2018 map, we obtained an overall 

accuracy of 86% after using map proportions to calculate the final error matrix. All classes 

resulted in user’s accuracy greater than 81% and producer’s accuracy greater than 84%, 

except “other” (Table 1). These values, while not superb, are acceptable given the relatively 

low ground validation data. The low producer’s accuracy of “other” class was compensated 

when calculating error-adjusted area by excluding errors of commission but including errors 

of omission. The small standard error bars from calculation of the 95% confidence intervals 

informed our conclusion of good accuracy and our decision to not carry out subsequent 

uncertainty analysis in our assessment of LULC change. 
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Table 1. 2018 error matrix calculated from proportions of map area for all the classes. The 
total map proportions, area, user’s, and producer’s accuracies are shown in respective rows 
and/or columns. The lower section of the table presents results of standard error and 95% 
confidence interval (CI). 

2.4.2 LULC Change and Transition Analysis 

In analyzing the LULC change over the 28-year period, we found that, overall, forest 

and grassland decreased while cropland increased. Cropland expansion occurred mostly 

around the main forest block in the northern side of the study area (Figure 3A-D). The 

southmost forest block notably decreased across the study period and some portions 

transitioned to grassland and the overall size of the forest blocks were largest in 1990 and 

smallest in 2018. 

We also considered the overall patterns of gain and loss for the three main LC types – 

forest, grassland, and cropland. Forest expansion occurred predominantly in the western 

part of the GMFC with some expansion in the southern parts (Figure 4A). Forest loss occurred 

in many parts of the study area but most noticeably around edges of the main forest blocks. 

Grassland gains were most noticeable in the southern part of GMFC and were mostly 

converted from forests. Since water and “other” classes occupied the least area and showed 

very small changes, they were not included in our analyses and discussion. Land use change 

 Forest Grassland Cropland Water Other Total 
Area 
(km2) User’s 

Forest 0.111 0.008 0.009 0.000 0.000 0.128 3,622 0.86 

Grassland 0.005 0.438 0.046 0.000 0.005 0.495 14,234 0.88 

Cropland 0.003 0.023 0.298 0.000 0.040 0.364 10,734 0.82 

Water 0.000 0.000 0.000 0.007 0.002 0.008 198 0.81 

Other 0.000 0.000 0.000 0.000 0.005 0.005 1,556 1.00 

Total 0.119 0.469 0.354 0.007 0.051 1.000 30,344  

Producer’s 0.93 0.93 0.84 1.00 0.09    

Std error 
(km2) 0.61 3.16 4.22 0.005 1.77 

 
 

 

95% CI  1.20 6.19 8.28 0.01 3.46    
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accelerated across the period of study and revealed an increasing trend in area under 

cropland in each time period and a decreasing trend in area under forest and grassland 

(Figure 5). 

 
Figure 3. LULC maps of the GMFC from 1990-2018. The maps indicate the years of analysis 
1990 (A), 2000 (B), 2010 (C), and 2018 (D) and corresponding spatial distribution. The 
study area LULC map was reclassified into five classes (forest, grassland, cropland, water, 
and other). There was a general increase in conversions to cropland and decrease in forest 
and grassland across the years. 
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Figure 4. Spatial representation of LULC change transitions from 1990 to 2018. The transitions 
are represented as net gains and loss for forest (A), grassland (B), and cropland (C) cover 
types.  

 
Figure 5. LULC transitions representing the net proportion of change for each category within 
transition periods. The proportions for the transition periods (1990-2000, 2000-2010, and 
2010-2018) were calculated by subtracting the earlier year from the later year hence 
positive values indicates gain while negative indicates loss.  

There was a decrease in forest cover across the three transition periods with the 

greatest net forest loss observed in the 1990-2000 period (1151 km2). In contrast, the 
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largest decline in grassland (1630 km2) was observed in the 2010-2018 period while the 

largest increase in cropland (3272 km2) was observed in the 2010-2018 period. Results from 

the three transition periods (1990-2000, 2000-2010, 2010-2018) and the overall change 

(1990-2018) illustrated varying proportions in LULC changes (Table 2). 

Table 2. Transition matrices representing percentage of land change from one class to another 
between different transition periods examined (1990- 2000, 2000-2010, 2010-2018, and 
1990-2018). 

Land cover 
class Forest Grassland Cropland Water Other 

 1990-2000 

Forest 61.87 31.59 6.49 0.03 0.02 

Grassland 4.98 79.65 14.95 0.03 0.39 

Cropland 2.54 41.54 55.75 0.03 0.13 

Water 2.44 4.08 1.95 91.25 0.28 

Other 1.5 59.07 22.22 3.51 13.69 

 2000-2010 

Forest 64.17 24.51 11.22 0.08 0.02 

Grassland 5.82 74.97 18.94 0.06 0.2 

Cropland 3.67 34.88 61.17 0.09 0.19 

Water 0.78 10.14 2.29 84.52 2.27 

Other 0.63 73.78 8.32 0.33 16.94 

 2010-2018 

Forest 57.35 23.06 19.39 0.14 0.06 

Grassland 5.42 69.81 24.03 0.28 0.46 

Cropland 5.08 19 75.31 0.17 0.44 

Water 1 5.04 5.67 88 0.29 

Other 1.98 40.87 23.73 8.48 24.94 

 1990-2018 

Forest 46.03 25.53 19.39 0.14 0.07 

Grassland 5.01 63.99 30.32 0.16 0.51 

Cropland 4.07 17.22 78 0.15 0.57 

Water 0.82 5.04 5.67 88 0.29 

Other 1.67 53.98 25.68 8.95 9.71 

For 1990-2000, 31.59% of forest turned to grassland while 6.49% turned to cropland; 

14.95% of grassland turned into cropland and 4.98% turned to forest while 2.54% of 
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cropland turned into forest as 41.54% turned into grassland. For 2000-2010, 24.51% of 

forest turned into grassland while 11.22% turned to cropland; 5.82% of grassland turned to 

forest while 18.94% turned to cropland; 3.67% of cropland turned to forest while 34.88% 

turned to grassland. For 2010 to 2018, 23.06% of forest turned to grassland while 19.39% 

turned to cropland, 5.42% of grassland turned to forest while 24.03% turned to cropland and 

5.08% of cropland turned to forest while 19% turned to grassland (Table 2).  

2.4.3 Elevation and Slope 

 Results from elevation and slope were divided into two categories a) analysis on 

independent slope and elevation gradient and b) analysis on a combination of slope and 

elevation gradient. The proportion of landscape under independent topographic categories 

included low slope (89.7%), high slope (10.3%), low elevation (69.4%), and high elevation 

(30.6%), while proportion of landscape under combined topographic categories included 

low slope-low elevation (65.3%), low slope-high elevation (24.4%), high slope-low elevation 

(4.1%), and high slope-high elevation (6.2%). There was less high slope-high elevation area 

overall than the other landscape types, hence we calculated the net changes as percentage of 

each topographic class across time. 

2.4.3.1 Independent Slope and Elevation Landscape Thresholds  

 In the high elevation topographic class, forest decreased across the three transition 

periods while grassland slightly increased between 1990-2000 but decreased between 

2000-2010 and 2010-2018 (Figure 6A). Most grassland was lost in 2010-2018. Cropland 

increased across the transition periods, though the increase was lower between 2000 and 

2010. In high slope topographic class, forests decreased between 1990-2000 and 2000-2010 

but increased by 0.4% between 2010 and 2018 (Figure 6B), a trend that was not consistent 



 

22 
 

with the overall LULC change pattern in Figure 5. Grassland increased slightly between 1990-

2000 then decreased between 2000-2010 and 2010-2018 with the greatest loss in the latter 

transition period. However, there was continuous cropland expansion across the three 

transition periods with 2010-2018 registering the most expansion. In low elevation 

topographic class, area under forest decreased almost evenly across the transition periods 

(Figure 6C). Grassland decreased and cropland increased across the three transition periods 

with both classes registering greatest changes between 2010-2018. Low slope regions 

experienced a decrease in forest coverage across all the three transition periods with the 

greatest decrease in 1990-2000 and the least in 2000-2010 (Figure 6D). On the other hand, 

grassland decreased throughout the transition periods with the greatest decrease in 2010-

2018. Cropland increased across the three transition periods and the greatest expansion was 

in 2010-2018. LULC change trends in the low slope landscape category matched the overall 

LULC change results in section 3.1.   



 

23 
 

 
Figure 6. Net changes in LULC types for the different transition periods. The changes presented 
include forest, cropland, and grassland LULC types for the different transition periods (1990-
2000, 2000-2010, and 2010-2018) under high elevation (A), high slope (B), low elevation 
(C), and low slope (D) topographic classes. The least changes in area occurred in high slope 
landscape. 

2.4.3.2 Slope and Elevation Combinations 

Forest decreased across the three transition periods in the high slope-high elevation 

topographic class. The biggest decline was from 1990 to 2000 (-9%) while the least decline 

was in 2010-2018 (-1%). Grassland increased slightly (3%) between 1990 and 2000. 

However, there was a decrease of -2% and -11% in 2000-2010 and 2010-2018 transition 

periods, respectively (Figure 7A). Whereas area under cropland expanded in each of the 

three transition periods, the greatest expansion (12%) occurred between 2010 and 2018. In 
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high slope-low elevation regions, forest increased by 0.3% between 1990-2000, decreased 

by -1.6% between 2000-2010, and had the greatest increase (2.5%) between 2010-2018. 

Grassland decreased in all transition periods in this topographic class although the greatest 

decrease occurred between 2010-2018. However, the highest decrease in high slope-low 

elevation (-6.1%) was comparatively lower than in high slope-high elevation topographic 

class. Similarly, cropland increased in all the three transition periods, but the greatest was by 

6.8% between 2000-2010 (Figure 7B).  

In low slope-high elevation, forest decreased across all transition periods, but the 

largest decrease was -11% between 1990-2000 while the smallest was between 2000-2010 

(-0.9%). Grassland increased by 1.3% between 1990-2000 but decreased between 2000-

2010 and 2010-2018 by -7.2% and -13.3%, respectively. Cropland increased across the 

transition periods to a highest of 16.2% between 2010-2018 (Figure 7C). In low slope-low 

elevation areas, forest decreased gradually and evenly across the three transition periods 

ranging between -0.8% in 1990-2000 and -1.5% in 2010-2018. Grassland decreased while 
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cropland increased across all the transition periods and the greatest net change for both 

classes occurred in 2010-2018 (Figure 7D).  

 
Figure 7. Net changes in LULC types for the three transition periods (1990-2000, 2000-2010, 
and 2010-2018) under different combinations of slope and elevation. The slope and elevation 
landscape combination scenarios include HS-HE = high slope-high elevation (A), HS-LE = 
high slope-low elevation (B), LS-HE = low slope-high elevation (C), and LS-LE = low slope-
low elevation (D). The least changes in area occurred in high slope landscape. 

2.4.4 Landscape Metrics 

To assess how the size and shape of patches changed across the landscape, we 

calculated three landscape metrics and their change over time within the different 

topographic classes. Forest and grassland IJI not only increased consistently throughout the 

period of study but also showed similar trends in most of the topographic classes. However, 

grassland depicted an overall decrease from 1990-2018 with significant dip between 2000-
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2010 transition period (Figure 8A-E). Cropland IJI was lower in all topographic classes 

compared to forest and grassland IJI but exhibited a steady increase. Forest IJI surpassed 

grassland IJI in high elevation (Figure 8A), full landscape (Figure 8C), and low slope (Figure 

8E) topographic classes but remained lower in low elevation topographic class (Figure 8D).  

LPI varied by LULC class, year, and topographic class. The overall LPI trend in high 

slope (Figure 8G), full landscape (Figure 8H) and low slope (Figure 8J) topographic classes 

were similar: decreasing grassland, increasing cropland, and plateauing forest. The low 

elevation topographic class maintained a consistent trend among the three classes with a 

higher forest LPI compared to cropland and grassland throughout the period of study (Figure 

8I). Full landscape, low slope, and high elevation regions experienced a steep increase in 

cropland LPI from 2010. Comparatively, cropland LPI was greatest among the three LULC 

classes in high elevation landscape by 2018. Forest LPI was more than corresponding 

grassland and cropland in 1990 but decreased gradually across all the topographic classes 

except in high slope. There was a gradual increase in cropland LPI in low elevation compared 

to full landscape, high elevation, and low slope. Forest had relatively stable LPI across the 

years but remained the highest in high elevation topographic class.  

There was an overall increase in NP in the full landscape for each of the three LULC 

classes from 1990 to 2010 followed by a decrease from 2010 to 2018 (Figure 8K-O). Forest 

and cropland in high elevation (Figure 8K), low elevation (Figure 8N), and low slope (Figure 

8O) topographic classes showed a similar trend while grassland continually increased in each 

of the four topographic classes. The NP for all the three LULC classes increased from 1990 to 

2018 in high slope regions. 
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Kruskal-Wallis test at a 95% confidence interval found a significant difference in LPI 

(𝜒2 = 11.70, P = 0.02, DF = 4) and NP (𝜒2 = 11.96, P = 0.02, DF = 4) among the five topographic 

classes (full landscape, high elevation, low elevation, high slope, and low slope) across the 

study period. Consequently, the post hoc Dunn test revealed that significant differences in 

LPI occurred between full landscape and high slope (P = 0.02), low elevation and high slope 

(P = 0.03), and high slope and low slope (P = 0.02) regions (Table 3). NP depicted significant 

differences between low slope and high elevation topographic classes (P = 0.01) while IJI 

results did not show statistical differences between any of the topographic classes. 

Table 3. Dunn test post hoc result (topography). The results compare the largest patch index 
(LPI) by landscape group (Benjamini-Hochberg correction). Significant results are denoted 
by an asterisk. 

 Full Landscape High Elevation High Slope Low Elevation 

High Elevation 0.33    

High slope 0.01* 0.06   

Low Elevation 0.45 0.34 0.02*  

Low Slope 0.49 0.35 0.01* 0.50 
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Figure 8. Temporal pattern of landscape metrics from 1990 to 2018. (A – E) interspersion & 
juxtaposition index (IJI), (F – J) largest patch index (LPI), and (K – O) number of patches (NP) 
at class level. 
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2.5 Discussion 

The objective of this study was to independently evaluate the uncertainty of existing 

remotely sensed LULC products, characterize spatiotemporal changes, and examine the 

influence of slope and elevation on a socioeconomic and ecologically significant landscape 

across a 28-year period. Here we highlight the relevance of our findings to GMFC and similar 

ecosystems. The producer’s, user’s, and overall accuracies and minimal variance in the error-

adjusted area obtained from accuracy assessment based on the 2018 data and good practices 

(Table 1) showed that our accuracies for the forest, grassland, and cropland classes were 

plausible. Therefore, we did not subject our results to further uncertainty analysis. 

Understanding uncertainty in LULC research is important for planning for natural resources, 

prudent climate change mitigation, adaptation, and resilience strategies.  

The GMFC experienced LULC changes in varying degrees. The greatest gains were in 

croplands which are associated with human encroachment. Most farming activities in the 

study area are practiced on a small scale basis hence the expansion in cropland is indicative 

of human encroachment into the forest and grasslands. When many adjacent small pieces of 

farmland associated with small-scale cultivation are aggregated, they form patchwork-type 

(John & Clark, 2010) of cropland class which become increasingly noticeable through the 

satellite-based LULC classification hence the spatial patterns in landscape composition. The 

area is also occupied by several wealthier settlers who tend to colonize larger tracts of land 

for commercial farming (Mwangi et al., 2017) and are more likely to acquire land in regions 

of lower elevation and slope gradients that support mechanized farming. Through practices 

such as land clearing, tilling, and irrigation, continued cropland expansion and agricultural 

intensification will increase CO2 emissions (Gray et al., 2014). 
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Forest degradation has been a major concern for the GMFC in recent decades and 

since Mau Forest Complex is one of the largest water catchments in East Africa, its 

degradation has been impacting the region’s hydrology and global climate. Forest 

encroachment was highest between 1990-2000, slowed down in 2000-2010 and slightly 

increased between 2010-2018, albeit this increase did not surpass the 1990-2000 rate. This 

can be attributed to the concerted efforts by various stakeholders including government, 

private sector, and non-governmental organizations, among others, to mitigate the forest 

loss. Forest configuration decreased in both size and fragmentation due to cropland 

conversions that occurred at the edges of the forest and isolated forest patches leading to 

smaller compact block types. Forests were least disturbed in areas of high slope and high 

elevation as expected because these areas are not suitable for human settlement nor any 

form of agricultural activities. The strategic, economic, and ecological importance of the 

GMFC mean that despite the continued decrease in forest cover, more ecological conservation 

measures should be channeled to areas least likely to be affected by anthropogenic 

disturbances (e.g., high slope and high elevation topographic regions of the GMFC) as a 

strategy to conserve the ecosystem and slow down the rate of human induced deforestation. 

Grassland exhibited the greatest decline with most being converted to cropland. 

Grasslands often occur in regions of lower slope and elevation gradient making them prone 

to anthropogenic disturbances. Furthermore, they are easier to clear for agriculture 

compared to forests. More people are purchasing and developing land outside the protected 

savanna region (Serneels & Lambin, 2001). Unabated conversion of grassland to cropland 

will likely impact interannual variability and trends in atmospheric carbon concentration 

(Ahlstro m et al., 2015). Additionally, limited grazing grounds for pastoral communities 
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within the GMFC coupled with changing climate will lead to increased human-wildlife 

conflicts while also interfering with tourism activities in the Maasai Mara National Reserve 

(Oduor, 2020).  

Elevation and slope gradients play a significant role in the land cover changes. Low 

slope areas lost most forest and grassland at a more rapid rate than the high slope and 

elevation areas. The lower slope and elevation areas are traditionally suitable for agricultural 

activity and therefore experienced more anthropogenic disturbances. In cases where 

mechanized farming is practiced, these areas have favorable conditions compared to the 

corresponding steep slopes and high elevation which significantly limit mechanized activity. 

Statistical results revealed that slope had a higher influence in determining where land cover 

changes occur, with change more likely on lower slopes. High elevation and slope areas also 

have periods where the transition and change patterns show decreasing rates of forest loss 

and instances of forest gain (e.g., Figure 7B) thus increased conservation activities in such 

regions significantly could reduce deforestation (Bax & Francesconi, 2018). These areas are 

less likely to be encroached by humans and therefore conservation efforts would face less 

challenges compared to relatively lower elevation and slope areas. 

The spatial metrics revealed decreasing LPI (indicative of decreasing dominance) and 

increasing NP (indicative of increasing fragmentation) trends in forest and grassland LULC 

classes within the GMFC in the twenty-eight-year period. Cropland LPI and IJI patterns were 

inversely proportional to those of forest implying that the forest lost was mostly due to 

agriculture-related activities. The increase in cropland IJI is likely due to increased 

cultivation that led to conversion of many small but neighboring pieces of land to cropland. 

Overall increase in both cropland and forest signified increasing uniform configuration, 
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hence decreasing fragmentation. On the contrary, decreasing grassland IJI implied declining 

uniformity in configuration, hence increasing fragmentation. 

One of the main sources of uncertainty in this study was related to the use of four 

LULC images over the 28-year period. Such pre-existing LULC products are prone to errors 

arising from data quality issues, conversion of spatially and categorically continuous 

conditions to discrete classes, scale of analysis, and classification algorithm decisions (Foody, 

2010; Olofsson et al., 2014a; Spruce et al., 2020). Improved access to remote sensing imagery 

e.g., opening of the Landsat archive (Woodcock et al., 2008) and advancements in computing 

power and geospatial technologies have mitigated these challenges. Therefore, analysis of 

LULC change has evolved significantly to incorporate methodologies that detect trends and 

breakpoints in vegetation time series (Landmann & Dubovyk, 2014; Morrison et al., 2018; 

Wanyama et al., 2020). Despite shortcomings associated with LULC classification, valuable 

information continues to be derived from analyses like what has been presented in this study. 

2.6 Conclusion 

The GMFC has undergone substantial anthropogenic LULC changes in the past 28 

years. We conducted rigorous accuracy assessment and area estimation using high spatial 

resolution reference data and attained an overall classification of 86% with minimum 

standard errors, leading us to be confident in our assessments of LULC change. Between 1990 

to 2018, the proportion of cropland increased by 22.5% while forest and grassland decreased 

by 6.6% and 16%, respectively. We surmise that these changes could have influenced socio-

ecological systems within the study area. Our study illustrated that 1) remote sensing and 

landscape metrics can be leveraged to assess spatiotemporal dynamics of topographically 

heterogeneous ecosystems of socioeconomic and ecological significance at varying scales 
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and 2) elevation and slope had significant influence in landscape constitution and 

transformation. Despite much conservation focus on deforestation, we found that grasslands 

within the GMFC are more rapidly decreasing in size and becoming more fragmented. This is 

consistent with recent studies and reinforces the need to better quantify degradation and 

improve management of forests and grasslands. This type of study can be applied in different 

regions and at different scales to assess and monitor anthropogenic influence on important 

yet fragile ecosystems amid the growing challenge of climate change and population 

increase. Future research should employ long-term and continuous time series analysis 

algorithms to quantify the influence of LULC changes on climate and carbon storage, 

investigate drivers of change patterns in the GMFC, and predict future LULC change under 

different socio-ecological scenarios.
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CHAPTER 3: ADVANCING SUSTAINABILITY IN DATA SPARSE LANDSCAPES USING A 
NEXUS APPROACH 

3.1 Introduction 

Earth’s resources are finite, hence fostering sustainability is important for efficient 

functioning of systems, preserving the ecosystem, and meeting human needs for bettering 

livelihoods (Olawumi & Chan, 2018; World Commission on Environment and Development, 

1987). Various elements of nature and society are intricately intertwined in deeply 

coevolutionary relationships (Clark & Harley, 2020; Reyers et al., 2018) and this nature-

society dependence influences functioning of systems across the globe. The complexity and 

delicate nature of these relationships is heightened among populations without adequate 

financial and technological resources to cushion against dynamic challenges exacerbated by 

a changing world and climate. Most populations in developing countries depend on natural 

resources either directly or indirectly for their livelihoods (Jahanger et al., 2022; Maja & 

Ayano, 2021; Zalle , 2019). For example, a sizable population depends on springs, rivers, and 

small-scale rainwater harvesting for their domestic needs because most rural households are 

not connected to tap water. Such populations face perpetual dilemmas that require balancing 

between conserving the environment and sustaining their livelihoods.  

Human perceptions and competing interests influence attitudes and behaviors in 

relation to environmental stewardship resource exploitation (Bennett, 2016; Breckwoldt et 

al., 2018; MacDonald et al., 2015; Rogan et al., 2005). These perceptions, attitudes, and 

behaviors impact the environment at global, regional, national, and local levels. Perceptions, 

attitudes, and priorities vary depending on stakeholders (and hence competing interests) 

and may lead to varying priorities relating to conservation and exploitation of natural 

resources. Therefore, understanding perceptions and priorities of key stakeholders is 
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imperative for fostering integrative and pragmatic sustainability science. Human decisions 

and actions have direct and indirect impacts on the environment (e.g., through policy 

formulation and enforcement) at the local level (e.g., through natural resources abstraction 

and family land subdivisions, clearing land for agriculture, etc.). While such decisions and 

actions may be well intentioned, the impacts may reverberate across different sectors and 

result in externalities. Different stakeholders impact socio-ecological sustainability at 

different levels (Martí nez-Ferna ndez et al., 2021; Videira et al., 2016; Weible et al., 2010). For 

example, experts advise, law makers design policies, government entities enforce the 

policies, pressure groups like civil society organizations (CSOs) and non-governmental 

organizations (NGOs) advocate for vulnerable populations while locals are primary actors 

whose actions contribute immensely to the success and/or failure of the enacted laws and 

policies. There is need for cooperation and synergies across different sectors to reduce 

duplication in policy and bolster sustainability efforts.  

LULC transformations such as urbanization or conversion of forests to croplands can 

modify local, regional, and global socio-environmental systems by impacting water 

resources, energy consumption and supply, and agricultural productivity (Choudhury et al., 

2019; Guzha et al., 2018; Liu et al., 2019b; Mello et al., 2018; Na schen et al., 2019). Recent 

studies indicate that LULC change is an essential climate variable (ECV) which is exacerbated 

by human activities. For example, unabated human encroachment into water catchments and 

forest dominated ecosystems can alter the hydrological cycle of a landscape depending on 

the scale of disturbance. Drying rivers, changing rainfall patterns, shortening of growing 

seasons, frequent and severe drought among other resultant challenges could have ripple 

effects on associated social and ecological systems such as human-wildlife conflicts, 
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increased cases of food insecurity, and increases in social upheavals. Studies that quantify 

the nature, magnitude, and structure of LULC are essential in fostering stable and sustainable 

environments and societies. Yet, sustainability is a critical characteristic of ecosystems that 

is difficult to measure due to its spatially specific nature, compounded by data deficiencies 

(Bali Swain & Yang-Wallentin, 2019; Swain, 2018). Enhancing and measuring socio-

ecological sustainability, therefore, requires integrative approaches and multistakeholder 

partnerships. 

Water, energy, and food are critical resources required for sustaining human life, yet 

they are highly susceptible to climate change and other socio-economic pressures such as 

population increase (Golam et al., 2015). Besides, management of these resources is often 

compartmentalized leading to overlap, duplication, and competition that decreases 

efficiency in attaining sustainability goals (Scott et al., 2015; Weitz et al., 2017). Yet, these 

resources are interconnected e.g., changes in precipitation (water) are expected to influence 

agricultural yields (food), which will increase human influence on the environment in terms 

of energy consumption (e.g., more use of charcoal and wood since people will not be expected 

to afford cleaner sources of energy). While some perturbations may be short-term, some 

footprints persist and threaten sustainability of livelihoods and other socio-ecological 

systems. A nexus approach identifies interconnections where impact on one component in a 

system can have recurring direct and indirect impacts on others and is necessary to address 

the complexity of social-ecological systems (Fischer et al., 2015; Lim et al., 2018). The water- 

energy-food (WEF) nexus is an integrative framework that examines interdependencies 

between water, energy, and food sectors to achieve cross-sectoral synergies in attaining 

sustainable development and has increasingly been used to quantify sustainability in recent 
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years (Leemhuis et al., 2017; Mabhaudhi et al., 2021; Nhamo et al., 2020). Since its emergence 

at the 2011 Bonn Conference (Hoff, 2011), the WEF nexus has been promoted as one of the 

frameworks to reduce trade-offs, promote synergies, increase system efficiency, and seek 

strategies for sustainable development (Wu et al., 2021).  

Many WEF nexus studies focus on theoretical frameworks while few that highlight 

practical WEF nexus research are concentrated in the global north because of readily 

available and accessible data in these regions. To address this research gap in data-sparse 

regions, there is need for more robust research endeavors that transcend simple linkages 

among the WEF nexus by blending multiple data streams and techniques including more 

practical field studies (Albrecht et al., 2018; Dhaubanjar et al., 2017; Endo et al., 2020). 

Remote sensing and mixed methods techniques can be leveraged to ameliorate WEF studies, 

most of which rely on the WEF Nexus Tool 2.0 and are limited to areas with readily available 

data (Daher & Mohtar, 2015). Besides, methods that measure perceptions such as key 

informant interviews and associated analytic techniques (e.g., multi criteria decision making 

process; MCDM) can help researchers understand the roles and priorities among 

sustainability stakeholders across all levels (including policy makers, managers, and locals) 

and how socio-ecological systems are modified by humans. This study examined the 

interdependencies among the water, energy, and food sectors which are critical for fostering 

socio-ecological sustainability in a significant yet fragile landscape in southwest Kenya. We 

hypothesize that: (1) changes in landscape composition correspond with climate trends over 

the past three decades and (2) these changes can influence the balance and vulnerability of 

local communities to climate change impacts. The study leverages a nexus approach, data 
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and techniques from remote sensing, key informant interviews, historical crop yields, and 

quantitative analyses to characterize the state of the GMFC from 1990 to 2021. 

3.2 Study Area 

The GMFC landscape is in the Great Rift Valley and consists of four contiguous 

administrative counties (Bomet, Kericho, Nakuru, and Narok). Total population in the GMFC 

is approximately 4.8 million people (County Government of Bomet, 2023; County 

Government of Kericho, 2023; County Government of Nakuru, 2023; County Government of 

Narok, 2023). The GMFC hosts the largest remaining indigenous forest in East Africa, the Mau 

Forest. This is the largest water catchment in the region (Klopp & Sang, 2011). Average 

annual rainfall ranges from approximately 500 mm to 2,000 mm (Akanga et al., 2022; 

BirdLife International, 2023). The study area experiences two rain seasons, long rains that 

occur from March to early June and short rains that occur in November and December.  

 
Figure 9. Long term mean annual precipitation for 1992-2021 across the study area (A). The 
geographic location of GMFC in Kenya is shown in inset figure B.
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3.3 Data 

3.3.1 Precipitation and Vegetation 

Climate Hazards Group InfraRed Precipitation with Stations data (CHIRPS) from 

1990-2021 was used to generate proxy variables for the water metric. The CHIRPS data is 

available through Google Earth Engine (https://earthengine.google.com/) at 5 km spatial 

resolution and provides global daily and pentad (five day) precipitation rasters from 1981 to 

present. Increased variability in precipitation has been shown to influence freshwater 

availability (Rodell et al., 2018) and because GMFC is home to the largest water catchment in 

Kenya (MFC), variation in precipitation is expected to influence availability and access of 

water resources in the study area and the East African region. 

Data on food was represented by Moderate Resolution Imaging Spectroradiometer 

Enhanced Vegetation Index (MODIS EVI; MOD13Q1.V6), a 16-day composite with 250m 

spatial resolution obtained from AppEEARS (https://lpdaacsvc.cr.usgs.gov/appeears/). We 

used EVI because it performs better than normalized difference vegetation index (NDVI) in 

the tropics (Phompila et al., 2015). While Landsat has finer spatial resolution and historical 

coverage, we preferred MODIS due to its daily revisits resulting in less data gaps compared 

to Landsat’s 16-day interval. Additional maize yield data at county scale was obtained from 

Kenya’s Ministry of Agriculture (Government of Kenya, 2022). Data on maize production is 

best suited for characterizing food in the GMFC because maize is the main food crop grown 

in the four counties constituting this landscape. 

3.3.2 Energy Consumption and Supply  

To assess the energy component of WEF, we obtained country-level energy 

consumption and supply data measured in terajoules (TJ) from The International Energy 

https://earthengine.google.com/
https://lpdaacsvc.cr.usgs.gov/appeears/
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Agency (IEA, 2022). We used biofuels consumption, biofuels supply, electricity consumption, 

and hydropower supply for 2000, 2005, 2010, 2015, and 2020. Additionally, we obtained 

gridded population dataset at 1 km spatial resolution for the same years from WorldPop 

(https://hub.worldpop.org/; Tatem, 2017). We unsuccessfully explored the possibility of 

using alternative data from the Kenya National Bureau of Statistics and Kenya’s Ministry of 

Energy. On the other hand, nighttime lights imagery (NTL) and the Gridded Dataset for 

Electrification in Sub-Saharan Africa (GDESSA; Falchetta et al., 2019) were not used for this 

study because the GMFC is predominantly rural with limited electricity and due to the short 

temporal scale of the GDESSA data.  

3.3.3 Data from Fieldwork 

Additional data included anecdotal reports from key informant interviews, household 

surveys, and observations from local communities and the study area. Field data was 

collected from May to July, 2022 (IRB Number: STUDY00007532, NACOSTI License Number: 

NACOSTI/P/22/17366), and involved in-depth interviews with five experts per county (20 

in total for the GMFC) drawn from the national and county governments as well as non-

governmental organizations.  

3.4 Methods 

We modified the WEF nexus framework by blending remote sensing, geospatial, 

qualitative, and quantitative techniques to perform analyses that can translate in multiple 

scales and data sparse landscapes and regions (Albrecht et al., 2018; Dhaubanjar et al., 2017; 

Endo et al., 2020). Data availability and access challenges prevented us from employing some 

commonly used tools customized for WEF nexus studies. Precipitation and vegetation 

analysis was done for the long rainy season because this is when the majority of farmers do 

https://hub.worldpop.org/
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most of their agriculture and stock surplus foods.  Besides, most of the maize produced in the 

area is grown during the long rains. Maize is the staple food in most households in this region 

and is the main ingredient for making the most common meal (ugali). 

We processed the 16-day MODIS EVI files from 2002 to 2021 and applied mandatory 

quality flags and then created monthly composites of mean values for the long rains growing 

season using R statistical software (R Core Team, 2022). Vegetation indices can indicate the 

stress of vegetation and it is expected that it will be an indication of how crops will perform 

in each growing season (Rojas, 2007). Highlights of major methods used are presented in 

Figure 10. 
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Figure 10. Flow chart of methods for study two. 

3.4.1 Precipitation Anomalies  

First, we downloaded daily CHIRPS precipitation data from 1990 to 2021 and 

processed to obtain composites for each month of the long rains growing season (MAMJ). 

Here, we analyzed precipitation in terms of number of extreme dry days (NXDD) for pixels 

with less than 2mm of rainfall and number of extreme wet days (NXWD) for pixels with 

greater than 20mm of rainfall during the long rains season. We used NXDD and NXWD to 

identify the spatial distribution of rainfall frequency because prolonged absence of rainfall is 

expected to influence water availability and access as well as crop health. To obtain the 
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standardized anomalies, we calculated the long-term mean and long-term standard 

deviation and divided the difference by the standard deviation. Negative values indicate less 

NXDD or NXWD for that year compared to the long-term mean while positive values indicate 

more NXDD or NXWD for a specific year compared to the long-term mean. We calculated the 

standard deviation and obtained standardized anomalies for each NXDD and NXWD for the 

annual growing season. Standardized anomalies provide more information about the 

magnitude of anomalies (Dabernig et al., 2017).  

3.4.2 Trend Analysis on Precipitation and Vegetation  

 MAMJ time series were assessed for monotonic trends and magnitude of change in 

precipitation using Mann-Kendall and Sen’s slope estimator. First, we performed the non-

parametric Mann-Kendall statistic to detect trends in precipitation across the study area. To 

calculate Mann-Kendal statistic, data values are evaluated as ordered time series and each 

value compared to subsequent values. The initial Mann-Kendall statistic is 0 and a value of 1 

is added if the subsequent value is higher or subtracted from the subsequent value if the 

latter value is lower (Branco et al., 2019; Priyadarshi et al., 2018; Wanyama et al., 2020). 

Where values are equal there is no change to the statistic (Khambhammettu, 2005; Wanyama 

et al., 2020). Mann-Kendall tests were done based on the annual seasonal NXDD and NXWD 

raster stacks for precipitation and monthly raster stacks for EVI. 

S = ∑ ∑ 𝑠ⅈ𝑔𝑛(𝑥𝑗 − 𝑥𝑘)

𝑛

𝑗=𝑘+1

𝑛−1

𝑘=1

   

 

where  𝑠ⅈ𝑔𝑛(𝑥𝑗 − 𝑥𝑘)  = 1  if 𝑥𝑗 − 𝑥𝑘 > 0 

= 0  if 𝑥𝑗 − 𝑥𝑘 = 0 
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= -1  if 𝑥𝑗 − 𝑥𝑘 < 0  Source: (Khambhammetu, 2005)  

To quantify the magnitude of observed monotonic trends in the GMFC greenness, 

NXDD, and NXWD, we used the Sen’s slope estimator (Lamchin et al., 2018; Murthy & Bagchi, 

2018; Sen, 1968; Wanyama et al., 2020) and masked significant versus nonsignificant pixels 

at 95% confidence threshold. We mapped the results to depict areas of increasing greenness 

as areas of vegetation greening while areas of decreasing greenness as vegetation browning. 

Mann-Kendall and Sen’s slope analysis on precipitation was performed for NXDD and NXWD 

for the entire time series (1990 to 2021) and 2000 to 2021 to correspond with EVI data 

availability. 

3.4.3 Energy 

Energy data was downloaded from the International Energy Agency (IEA, 2022). The 

data is measured in terajoules and is availed as country averages in five-year intervals. To 

obtain energy estimates for the study area, we scaled the country-level energy data using 

county population. Studies indicate that population influences energy consumption and 

supply (Imasiku & Ntagwirumugara, 2020; Shaari et al., 2013).  

3.4.4 WEF Synergies and Trade-offs 

We conducted field work from May 2022 to July 2022 to understand how the experts 

drawn from local and national governments as well as non-governmental organizations 

perceived the state of WEF in the GMFC. We interviewed experts within the GMFC and asked 

them to rank the WEF variables (water, energy, and food) based on their perceived relative 

importance for the functioning and sustainability of the ecosystem and assigned weights 

based on the ranks (Table 4).  
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Table 4. Water, energy, and food (WEF) metrics ranking. 
WEF Metric Rank Assigned Weight 

First 5 

Second  3 

Third  1 

We used Qualtrics survey tool to record responses, assigned weights based on the ranks and 

performed the multi criteria decision making process (MCDM) to analyze the synergies and 

trade-offs associated with WEF. We presented the MCDM results using a radar chart to 

highlight different perceptions of the interviewed experts from the counties and averaged for 

the entire study area. 

To examine socio-ecological variability in the GMFC, we performed nonparametric 

Kruskal Wallis and Dunn post-hoc tests on WEF metrics for the years 2000, 2005, 2010, 2015, 

and 2020. We selected these years for analysis because of energy data availability. We 

employed Kruskal Wallis tests instead of analysis of variance (ANOVA) because the data 

violated the assumptions of normality. We subsequently performed the Dunn post-hoc test 

on the initial statistical results to compare the variances among the WEF metrics in the GMFC.  

3.5 Results 

3.5.1 Precipitation  

We analyzed water resources in the GMFC by examining trends and magnitude of 

rainfall frequency in terms of number of extreme dry days (NXDD) for pixels with less than 

2mm of rainfall per day and number of extreme wet days (NXWD) for pixels with more than 

20mm of rainfall per day. The NXDD and NXWD were analyzed for the long rainy season 

(March, April, May, and June; MAMJ) because this is when most residents undertake intense 

agricultural practices within the study area. Besides, the long rainy season has traditionally 
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favored the growing of maize, a staple among the GMFC population, compared to the short 

rains season.  

3.5.1.1 Number of Extreme Dry Days (NXDD) 

Results of the standardized anomalies revealed variations in extreme rainfall patterns 

across the thirty-two years. The NXDD anomalies represent the number of days with extreme 

dryness in a growing season. Negative values indicate less than average long-term mean dry 

conditions for a specific year and location while positive values indicate more than average 

long-term mean dry conditions. There were fewer extreme dry days in 2018 than the rest of 

the years (Figure 11). This coincided with anecdotal field reports which indicated that 

despite seasonal erratic rain pattern and frequency since the 1990s, the GMFC had registered 

a slight increase in rainfall after 2018. Seven out of thirty-two years (1993, 1995, 1996, 1999, 

2000, 2008, and 2019) had the greatest magnitude of extreme dry days across the entire 

study area and were expected to have lower than average maize yields and impact food 

security. The least NXDD occurred in 2012, 2013, 2018, and 2020 while four years (1994, 

1997, 2003, and 2016) experienced pockets of extreme dry days albeit at lower magnitude 

(Figure 11). 
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Figure 11. Standardized anomalies of precipitation in the GMFC for extreme dry days from 
1990-2021. 

The were no consistent patterns in spatial occurrence of NXDD across the study 

period despite the western region (Bomet and Kericho) traditionally experiencing more 

rainfall frequency and amounts. In 2014, the western part of the GMFC experienced the 

greatest number of extreme dry days. Other years with higher standardized anomalies in the 

western part of the GMFC were 1992 and 2005. The eastern part of the study area 

experienced the greatest number of extreme dry days in 1991. Years with an overall lower 

number of extreme dry days include 1990, 1997, 1998, 2004, and 2006. While 2018 had the 

least number of extreme dry days throughout the period of study, the lowest magnitude was 

in the north (-3). Other years with the lower number of extreme dry days were 1994 and 
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2010. Prolonged drier than average conditions have adverse impacts on livelihoods in the 

GMFC because the food production system relies on rainfall. Key informants noted that 

rainfall was becoming increasingly erratic, and farmers were being encouraged to adopt 

drought tolerant crops.  

3.5.1.2 Number of Extreme Wet Days (NXWD) 

Years with notable number of extreme wet days during the long rains season included 

2012, 2015, 2018, 2020, and 2021 (Figure 12). The greatest spatial extent and magnitude of 

NXWD occurred in 2018 while the least extent and magnitude of extreme wet days occurred 

in 1999, 2000, 2008, 2011, and 2014 (Figure 12). We present trend analyses results for pixels 

that met the 95% confidence threshold of Sen’s slope. Expectedly, shorter time series 

exhibited higher magnitude (Figure 13B and D). Most parts of the GMFC experienced a 

moderate number of dry days per season. The highest magnitude of change during the thirty-

two-year period was -0.4 indicating that there was an average increase of approximately 13 

days in the number of extreme dry days between 1990 and 2021 (Figure 13 A). The southern 

part of the GMFC experienced high magnitudes of NXDD in the 1990-2021 time series. This 

coincided with the loss of sizable patches of forest as found by Akanga et al. (2022). Most of 

the significant NXDD occurred in the northern half of the GMFC which is dominated by 

agricultural and forested areas. However, there were a few NXDD occurrences in the 

grassland-dominated south. The 2000-2021 period experienced a smaller spatial extent of 

extreme dry day events albeit with higher magnitudes of change compared to the entire time 

series period (Figure 13B). 
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Figure 12. Standardized anomalies of precipitation in the GMFC for extreme wet days from 
1990-2021. 

The average magnitude was -0.8 days per season implying that the number of dry days 

increased by approximately 17 days for the 21-year period. The majority of the significant 

slopes occurred in western, northern, and southern parts of the GMFC. The magnitude of 

change was highest (-0.9) in the northern part. The majority of the areas without significant 

changes fall in the grassland-dominated southern parts of the GMFC (Figure 13B). 



   

 

50 
 

 
Figure 13. Trend analysis on precipitation patterns in the GMFC for extreme dry days (A-B) 
and extreme wet days (C-D) for 1990-2021 and 2000-2021.  

There was lower spatial coverage in the NXWD trend compared to NXDD trend for the 

1990-2021 period. The average significant magnitude of change for the number of extreme 

wet day events was 0.2 implying that there was an average increase of 6.4 days in the number 

of extreme wet days for the thirty-two-year period. Sen’s slope results for the 1990-2021 

time series revealed that significant NXWD trends occurred mostly in the cropland-

dominated north and grassland-dominated south with a few pockets in the cropland-

dominated western part of the GMFC. There were limited significant changes observed in the 

eastern parts of the study area. While the NXWD 2000-2021 period depicted higher 

magnitudes of change in the Sen’s slope, the pattern of occurrence was similar to that of 

NXWD 1990-2021 except with extreme wet day events extending towards the eastern parts 

of the GMFC (Figure 13 D).  The average magnitude of change was about 0.4 for the 2000-

2021 period implying that there was an increase of about 9 days of extreme wet events in 

2021 compared to 2000. Overall, most of the extreme wet events occurred in the grassland 

and forested areas with pockets in the cropland. The highest magnitude of change (0.5) 

occurred in areas under cropland. 
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Coefficient of variation analysis on the extreme dry days revealed that the 

northwestern forest dominated areas were more variable than the southern grassland and 

savannas (Figure 14A). This is expected because the grasslands are more likely to experience 

drier conditions unlike the dense forest and its environs. The lowest value was ~0.075 

(7.5%) while the highest value was ~0.175 (17.5%). Contrary, the extreme wet days revealed 

a higher range in coefficient of variation with the lowest variation occurring in forested areas 

(~0.3) and highest variation occurring in the drier grasslands (0.7). Therefore, the extreme 

wet conditions were more variable compared to extreme dry conditions in the study area 

(Figure 14B). Total precipitation showed lower variance in the western regions but higher in 

grassland dominated landscapes (Figure 14C). 

 

 
Figure 14. Coefficient of Variation of precipitation for extreme dry days (A), extreme wet days 
(B), and total precipitation (C) from 1990 to 2021. 

3.5.2 Vegetation 

Results from EVI trend analysis for three sets of time series (2002-2011, 2012-2021, 

and 2002-2021) for the individual long rains season months (March, April, May, and June) 
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and the average of the entire season (MAMJ) showed that the magnitude of change ranged 

from -0.03 for browning to 0.03 for greening (Figure 15). There were minimal changes in the 

southern part of the study area. Overall, the 2002-2011 period experienced more browning 

than greening compared to the 2012-2021 period. Sen’s slope results in March revealed 

notable changes in the cropland and forest-dominated central parts of the GMFC. March 

2002-2011 depicted more browning than greening. There were a few greening pixels in the 

northern and southwestern part of the GMFC. Conversely, March 2012-2021 had more 

greening than 2002-2011 time series. The greening concentrated in the cropland-dominated 

western half of the GMFC. Trend analysis for the entire time series in March (2002-2021) 

revealed more browning than greening with most of these changes occurring in croplands 

and forested areas (Figure 15). However, there were minimal changes in the grassland that 

dominated the south. The majority of the greening occurred in cropland areas. 

April 2002-2011 experienced more widespread browning in most parts of the GMFC 

albeit there was a small patch of greening in the southwest part. Browning extent increased 

in the eastern stretch of the study area with more occurrences to the south compared to 

March of the same time series. Fewer areas depicted significant magnitudes of change in 

April 2002-2011. While greening and browning were scattered, notable greening occurred 

in the cropland dominated western part of the GMFC with a few pockets depicted in the 

northern part. For 2012-2021 April, greening occurred in the western part of the GMFC. Few 

significant changes occurred in forested areas while there was less browning in April 2012-

2022 compared to April 2002-2011. May 2002-2021 depicted larger swaths of greening than 

April of the same time series. Greening occurred in the northern half and western corner of 

the study area and spread across the GMFC but was less concentrated in the southern parts. 
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For May 2002-2011, there was a higher magnitude and spread of browning than greening 

with the grassland dominated south depicting high magnitudes of browning. There was 

notable greening in the northwestern and browning in the northeastern parts of the GMFC. 

For May 2012-2021, significant changes occurred in the northern half of the GMFC and 

consisted of a mix of browning and greening. There were no significant EVI changes in the 

southern part of the study area for this period.  

 
Figure 15. Trend analysis on vegetation greening and browning for long rainy season months 
from 2002 to 2021. 

June 2002-2021 had more greening than browning with most of the significant 

changes concentrated in the northern half of the study area. For June 2002-2011, there was 

more browning than greening. Higher magnitudes of browning concentrated in the grassland 

dominated south and notable greening occurred in the northwest. Surprisingly, June 2012-
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2021 depicted more greening than browning. There was notable browning in the northeast. 

There were few changes in the grassland dominated south, a trend akin to May 2012-2021. 

MAMJ 2002-2021 depicted more browning than greening. The greening occurred in the 

cropland dominated west while there were few significant changes in the grassland 

dominated south parts of the study area. MAMJ 2002-2021 greening and browning patterns 

showed some similarities with April 2002-2021 trends. There was more browning than 

greening in MAMJ 2002-2011 with the highest magnitude of browning occurring in the 

grassland dominated south. There were a few portions of greening in cropland dominated 

west. MAMJ 2002-2011 EVI patterns were almost similar to June 2002-2011. MAMJ 2011-

2021 had more greening than browning with majority of the greening concentrated in the 

west while browning occurring mostly in the eastern part of the GMFC.  

3.5.3 Crop Yields 

The GMFC did not see much increase in area under maize production from 1992 to 

2003 although the increase was higher between 2004 and 2007, ranging from 200,000 ha to 

250,000 ha (Figure 16). While the total area under maize production was consistently above 

250,000 ha between 2008 to 2017, there was not much increase in area under maize 

cultivation. The highest hectarage (~310,000) was in 2010. Total production fluctuated 

across the years and ranged from ~200,000 tons to ~700,000 tons. Years with peak 

production include 1994, 2007, 2009, and 2012. While the highest production was recorded 

in 2009 (~700,000 tons), there was a steep decline of more than ~100,000 in the subsequent 

year (2010) inferring that the high yields in 2009 may have prompted farmers to increase 

individual sizes of land tilled in 2010. The lowest production was recorded in 1993 during 

which the region experienced some of the highest extreme dry events.  
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Figure 16. Maize production in the GMFC by total area (in hectares) and total production (in 
tons).

3.5.4 Energy 

Energy data was scaled by population and presented as total consumption and supply 

by county. Given the abeyance of higher resolution data spatially and temporary, the single 

national data values for energy variables were split into each administrative unit in 

proportion to the population size. This assumes that the energy variables are uniform across 

the country and study region. There was monotonic increase in energy consumption and 

supply across the period of study. Overall consumption was higher than supply for each of 

the categories and county. Nakuru had the highest while Kericho had the lowest energy 

consumption and supply values. The highest demand, supply, and range was on biofuels 

compared to the other energy types. Energy consumption and supply showed an increasing 

trend across the period of study. Nakuru depicted the highest while Kericho had the lowest 

values.  
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3.5.5 WEF Synergies and Trade-offs 

Results from the MCDM analysis revealed competing perceptions among the WEF 

(Figure 17). Experts suggested that increases in population and urbanization, among other 

factors had impacted the water, energy, and food sectors. Water was ranked highest while 

energy ranked low in terms of the relative importance of the WEF for functionality and socio-

ecological sustainability of the GMFC and individual counties. Water scarcity meant erratic 

and decreasing rainfall, declining water volume in major rivers, drying seasonal rivers and 

water points. 

 
Figure 17. Radar chart from multi criteria decision making (MCDM) process.  The MCDM 
involved key informant interviews with experts in the GMFC during fieldwork. 

Narok had the most extreme variability and the WEF were highly separated compared to the 

rest of the counties. Narok was also the most water stressed followed by Nakuru and Kericho. 

Food was ranked second. Increasing cases of low crop yields or total crop failure due to 
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changing climatic conditions, pests and diseases were cited as critical threats for the 

functioning and sustainability of the GMFC. This was reflected across the four counties. 

Energy was ranked third among most experts despite noting that energy demands had 

increased tremendously over the past decades. Most rural households in the GMFC use 

firewood to cook. While the majority of the firewood was initially obtained from adjacent 

forests, government policies and enforcement in recent decades geared at forest 

conservation and restoration had led to scarcity in firewood. Households were being 

encouraged to embrace alternative and sustainable sources of cooking (e.g., biogas) while the 

government had recently launched rural electrification drive to increase household access to 

electricity. 

Results from Kruskal-Wallis test at 95% confidence revealed significant variability 

(𝜒2 = 12.5, P = 0.002, DF = 2) among the WEF variables. Consequently, the post hoc Dunn test 

revealed significant differences in the food and energy metrics of the WEF occurred between 

food and energy (P = 0.0006) among counties while the variance between water versus 

energy and water versus food did not attain the significance threshold. 

3.6 Discussion 

The objective of this study was to employ a modified WEF nexus approach in assessing 

the socio-ecological sustainability of the GMFC using a suite of remote sensing, geospatial, 

quantitative, and qualitative techniques. In this section, we discuss the significant results and 

implications on sustainability of the GMFC and similar landscapes. 

Rainfall influences water availability especially in areas without comprehensive water 

infrastructure (Konapala et al., 2020; Panda & Sahu, 2019). Most agricultural activities in the 

GMFC rely on rainfall hence significant variability in precipitation trends have direct impacts 
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on crop health, domestic water supply, river volumes, etc. The long rains season (MAMJ) 

accounts for more agricultural production compared to the short rains (SON) in most parts 

of Kenya. A consistent optimal rainfall range is good for healthy crops, sustained river flow 

and domestic water supply. Besides uneven rainfall patterns, results from the KIIs revealed 

that the GMFC is increasingly becoming water stressed partly due to the degradation of the 

MFC, East Africa’s main water catchment. Prolonged dry events result in unexpected delays 

and/or shortening of planting seasons, poor crop and animal health, low yields, declining 

water volumes in perennial rivers, and extinction of some seasonal rivers. Recent increases 

in water tariffs and electricity charges have been attributed to declining water reserves and 

receding dam levels. Droughts in protected areas increase incidents of human-wildlife 

conflicts (Abrahms, 2021; Long et al., 2019; Mukeka et al., 2019; Ogutu et al., 2014; Okello, 

2006).  

Rainfall trends indicated fewer NXDD in 2018 coinciding with field reports. While rain 

patterns were erratic and overall amounts decreased over the years, there was notable 

increase in extreme wet conditions between 2018-2021. Most of the significant extreme dry 

events occurred in the northern parts of the GMFC which is dominated by cropland and 

forested areas. Here, the average NXDD was -0.8 for the entire time series (2000-2021) 

implying that the number of extreme dry days decreased by a magnitude of approximately 

0.8 days per season. Prolonged extreme dry day events in arable areas directly impact 

agricultural potential and increase food insecurity through delays in planting, increase in 

crop pests and diseases, and low yields. Negative NXDD trend could mean significantly lower 

extreme number of dry days which partly translates to minimal water-related vegetation 

stress and probable increase in yields for the respective season e.g., 2012 and 2018 (Figure 
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16). The southern part of the GMFC experienced high magnitudes of NXDD in the 1990-2021 

time series which coincided with land cover transformations (Akanga et al., 2022). Extreme 

water scarcity in the grassland dominated south is expected to impact the pastoral lifestyle 

and affect the Maasai Mara National Reserve ecosystem leading to an increase in cases of 

human-wildlife conflicts. 

The GMFC also received sporadic cases of extreme wet events. While this may be good 

for the water sector, unexpected heavy rainfall was associated with pre- and post-harvest 

losses for produce such as maize, wheat, and potatoes, among others. Poor road networks 

hinder access to markets whenever it rains. The average NXWD was 0.5 for the 2000-2021 

time series implying that the number of extreme wet days increased by one day every two 

years and a total of about 10 days for the 20-year period. While extreme wet events may 

benefit the water sector, it may be inconducive for the crops. Notably, some areas experienced 

both extremely dry and wet days. Warmer atmosphere is expected to have more intense rain 

and contraction of the growing season. The lower variance in extreme dry conditions and 

higher range in extreme wet conditions implied that the landscape is continually becoming 

dry albeit experiencing sporadic wet occurrences. Notable lower values around the forest-

dominated areas illustrate that those areas near the MFC experienced more variance in dry 

conditions compared to grasslands while forests experienced more stable extreme wet 

conditions compared to grasslands. These results were consistent with studies that illustrate 

that forests buffer against precipitation variability because of their stable transpiration 

(O’Connor et al., 2021). 
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3.6.1 Food/Vegetation 

Analysis of vegetation trends against rainfall can detect vegetation stress associated 

with drought. Trend analysis results revealed overall more browning than greening in most 

parts of the GMFC. Food production relies mainly on rainfall hence browning indicates 

vegetation stress including poor health of cultivated crops and portends food insecurity. Field 

reports depicted the unpredictable starts of seasons, increased crop failures, declining yields, 

and increased food insecurity at household levels during the period of study. This was 

corroborated by data from the Ministry of Agriculture which showed increasing area under 

maize farming yet somewhat plateauing productivity. Flat production (in kg) with expanded 

area can only indicate that mean yields have declined. Decline in yields in the GMFC has been 

spatially heterogeneous and was attributed to unpredictable and unfavorable weather 

patterns, high costs of inputs, and increased pests and diseases e.g., desert locust invasion 

(Kimathi et al., 2020) and the Maize Lethal Necrosis (MLN) disease that was reported in 

Bomet County (Government of Kenya, 2022; Jozani et al., 2020; Osunga et al., 2017). 

Despite declining production, increasing cost of inputs (e.g., seeds, fertilizers), and 

unpredictable climate, maize remains the staple food crop in the GMFC hence slow adoption 

of alternative and/or drought tolerant crops. Most households in the GMFC practice 

sedentary agriculture thus poor harvests imply that yields will be exhausted sooner leading 

to higher risk of food insecurity before the next harvest. Kenya government reports indicated 

more than 6 million citizens were facing famine as of February 2023, making it one of the 

worst droughts in the country in recent decades. While the entire time series (2002-2021) 

had more browning than greening, there was more intense browning between 2002-2011 

compared to 2012-2021. There were minimal changes in the grassland-dominated southern 
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part of the study area. Most changes (browning) occurred in cropland-dominated areas. The 

dependence on rainfall means that investment in agriculture is not directly proportional to 

the output for a small-scale farmer. For example, erratic rainfall patterns make it difficult for 

farmers to plan. A high-yields season could be followed by a low-yield season despite more 

investment, causing losses.   

Results show increasing pressure on biofuels because the majority of people use 

firewood as their source of energy. While most firewood had been initially obtained from 

forests and open bushes, recent government restrictions have reduced exploitation of the 

protected areas. Charcoal is the second most used source of cooking energy; however, it is 

dirtier, takes longer to heat, and is more expensive. Energy demand is expected to increase 

with the increasing population. Increased pressure on biofuels means probable increase in 

forest degradation for firewood and charcoal despite existing moratoriums. Strict 

enforcement of forest conservation policies limit supply of firewood and charcoal which in 

turn increases their prices and drives a few households towards adopting alternative sources 

of cooking. However, these alternative sources such as liquified petroleum gas and biogas are 

unaffordable for households without stable income. Based on KII and field observations, 

sections of the residents have opted to plant their own trees and prune firewood. 

3.6.2 WEF Synergies and Trade-offs 

This study identified the synergies, trade-offs, and challenges of socio-ecological 

sustainability from a WEF nexus lens. The MCDM analysis illustrated the intricate 

connectedness of water, energy, and food resources in sustaining livelihoods in the GMFC. 

While water was ranked as the most important resource by experts across the four counties, 

food and energy were seen as essential in the functioning and sustainability of the ecosystem. 
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Water stress in recent decades was evidenced by drying rivers, low water volumes in rivers 

and drying springs, erratic rainfall, and shortening growing season, among others. Pressure 

in water influences food. Lower volumes of streams and rivers hamper irrigation among 

households living near water points. Statistical analysis showed variability among the WEF 

variables signaling the need for increased conservation, management, and monitoring of 

these resources to bolster sustainability and improve livelihoods. The nexus approach 

revealed existing challenges that are exacerbated by increasing socioeconomic challenges. 

Gains in one sector may trigger losses in other sectors, hence the need for an integrative 

approach. 

Agroforestry is being encouraged among farmers, individuals growing trees on their 

farms and pruning them for biofuel use. There is a need to invest in more building awareness 

of environmental issues – farmers often plant exotic trees (e.g., eucalyptus) on their farms 

and in riparian areas which have negative impacts on water resources. The residents prefer 

these exotic species because they grow and mature faster compared to indigenous trees and 

sprout upon felling. Local tea factories in Kericho and Bomet also provide a ready market for 

firewood. Based on KIIs, agroforestry and crop diversification is a major synergy in the GMFC 

counties. Growing both fruit and non-fruit trees will supplement household income and 

family food supply. Besides, biomass from the trees is used for firewood thus lowering 

pressure on natural forests hence conserving the MFC water catchment. The non-fruit trees 

are primarily sold for lumber to supplement household income and used for major 

household expenses like paying for school fees. Similarly, improving the adoption and 

diffusion of yield-enhancing technologies (Ogada et al., 2014) is a key WEF synergy. This 

includes using high quality seeds, diversification from maize to short-term drought tolerant 
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crops, and embracing internet and mobile phone technology for better farming practices. 

Alternative crops like sorghum and millet can often give better yields under drier conditions 

which can be sold to obtain funds that can be used to buy and stock maize from other areas 

based on household needs during harvests when prices are lowest. This will alleviate hunger 

vulnerability and decrease overreliance on forest resources. 

Charcoal is a trade-off between forest resources and energy. Despite existing 

legislations on charcoal production and logging, approximately 0.35 ha of forest cover is 

depleted for consumption of one sack (35kg) of charcoal translating to annual loss of 15,174 

ha (Onekon & Kipchirchir, 2016). Forest conservation and restoration related policies should 

involve local communities for more effectiveness and increase survival rate of the trees 

planted by public and private funded partnerships.  

Partnership among government and non-governmental agencies and other 

stakeholders is necessary to enhance mapping, management, monitoring, and evaluation of 

resources to enhance sustainability of the GMFC. Coordination among entities like the Kenya 

Water Towers, Kenya Forest Service, ministries of water, energy, agriculture and livestock, 

the World Bank, among others will increase efficiency and reduce duplication of 

conservation roles and curb pilferage of resources. Therefore, changing the energy ladder by 

promoting alternatives to charcoal and switching to more efficient cooking stoves is an 

important synergy. 

There is a need for concerted efforts to promote adoption and diffusion of yield-

enhancing technologies and practices. For instance, rainwater harvesting can reduce the 

water trade-off in Nakuru and Narok where about 1000 m2 of roof area can increase yields 

of fruits and vegetables by 2,350 kg/year in Nakuru (Amos et al., 2020; Korir, 2020; A. 
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Rahman, 2021). Farmers in our survey reported that they were unwilling to adopt new 

varieties and technology until they were sure of the success rate. This is consistent with 

previous studies by Ogada et al. (2014) and Kalele et al. (2021) which report adoption of 

agricultural technology among smallholder farmers at 10% and 54% respectively (Kalele et 

al., 2021; Ogada et al., 2014). Integrating technology in planning, management, and 

monitoring of natural resources will promote socio-ecological sustainability. Underlying all 

these trade-offs is education and capacity building because farmers practicing agroforestry 

cut trees on their private farms and sell them to meet crucial household needs including 

buying food and paying school fees. Finally, if local and national government could mostly 

pay for school fees it would contribute towards education on these trade-offs, leading to 

conserving forest resources and water catchment. Additionally, higher levels of formal 

education have significant positive association with awareness of the interconnectedness 

between nature and livelihoods among the GMFC population (see Chapter 4). 

3.7 Conclusion 

Recent studies show increasing changes in land cover with decreasing forests and 

grasslands and increasing area under cropland (Chapter 2). These changes impact the water, 

energy, and food security, all of which are essential for sustaining livelihoods. The GMFC is a 

significant yet fragile ecosystem. This study combined remote sensing, geospatial analyses, 

key informant interviews, and statistical analyses to assess the sustainability of the GMFC. 

The WEF nexus approach is important in advancing socio-ecological sustainability among 

vulnerable populations because it addresses the synergies and trade-offs among these 

intricately connected sectors. This study found that water, energy, and food sectors are facing 

unprecedented pressure due to land cover changes, increasing population, climate 
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variability, among other natural and anthropogenic challenges. Analyses revealed increasing 

dry conditions, unpredictable start of growing season, decreasing crop yields, and high 

dependency on bioenergy. The majority of the changes occurred in agriculturally viable areas 

which have more impact on food production. Experts expressed concern about the increasing 

pressure on the WEF sectors and the need for streamlining operations among the 

stakeholders to enhance efficiency in the management of these sectors. Synergies and trade-

offs, statistically significant variability among the WEF variables reinforce the dependencies 

among the WEF and emphasize the need for urgent and concerted efforts to bolster 

sustainability initiatives. Advancing sustainable development research and programs 

requires robust measuring, monitoring, and evaluation. However, data availability is a key 

challenge in effective measuring of socio-ecological sustainability in the often data-sparse 

landscapes in the global south. Despite multiple attempts, we were unable to obtain energy 

data from the Kenya National Bureau of Statistics (KNBS) for use in this study. Integrative 

approaches that combine mixed methods and leverage proxy data can help navigate this 

challenge and support pragmatic research endeavors among vulnerable populations whose 

livelihoods depend on natural resources.   
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CHAPTER 4: INTERCONNECTIONS BETWEEN LAND COVER CHANGE AND 

LIVELIHOODS IN THE GREATER MAU FOREST COMPLEX, KENYA 

4.1 Introduction 

Nature and society have existed for centuries and continue to influence each other 

(Ru lke et al., 2020) at local, national, regional, and global scales. These systems often result 

in temporary and/or permanent modifications to the ecological, economic, and social pillars 

of sustainability. Increasing population pressure and changing climate, among other 

challenges in recent decades, threaten the sustainability of this mutual relationship (Assan 

& Kumar, 2009; Barrios et al., 2008; Lockie et al., 2013; Nightingale, 2003). For example, 

people living adjacent to natural resources rely on them for their livelihoods and their 

routine activities have significant direct and indirect contributions to resource conservation 

or degradation (Newton et al., 2016, 2020). Changes may be positive, negative or at times 

imperceptible. Anthropogenic activities exacerbate landscape transformations and change. 

These influences are more pronounced among vulnerable populations due to their reliance 

on natural resources and inadequate ability to cope with adverse natural or human-induced 

challenges. Balancing between societal, ecological, and economic needs can be onerous 

especially among populations that live adjacent to and rely on finite natural resources. 

Therefore, sustainability stakeholders including policy makers, managers, and locals should 

continually use integrative approaches that address ecological, economic, and social 

vulnerabilities to achieve appropriate synergies and reduce trade-offs in fostering the 

sustainability of the entire system.  

Land-use land-cover (LULC) change is an essential climate variable that is central to 

sustainability research. Recent studies indicate some LULC changes involve conversions to 

cropland at the expense of forests and grasslands (Akanga et al., 2022; Fenta et al., 2020). 
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Global and regional changes in land cover have resulted in major disturbances that have 

impacted biodiversity and socio-economic stability (Brink & Eva, 2009) and these impacts 

affect ecosystem services. For example, Costanza et al. (2014) showed that the global value 

of ecosystem services decreased by $US 4.3-20.2 trillion per year between 1997 and 2011 

while Fenta et al. (2020) found that overall, cropland expansion accounted for an increase of 

approximately $US 125 billion per year in sub-Saharan Africa 1992-2015 (Costanza et al., 

2014; Fenta et al., 2020).  

The agricultural sector is integral in East African countries’ socio-economic strategic 

plans, contributing to approximately 33%, 26%, and 24% of gross domestic product (GDP) 

in Kenya, Tanzania, and Uganda, respectively, where much of the population practice 

subsistence crop farming, livestock rearing or both on a small scale. However, most 

agricultural practices in these countries rely on rainfall; hence, changing rain patterns and 

increasing drought occurrences impact productivity. Besides, increasing cost of inputs (e.g., 

seeds and fertilizers) and inflation, among other challenges, make it difficult for small scale 

farmers to maximize agricultural production. Decreasing productivity drives some farmers 

to increase area under tillage (Van Ittersum et al., 2016) or increase use of fertilizers. Yet, 

increased use of chemical fertilizers, ever increasing prices, and overall decline in their 

effectiveness, among other problems, may make fertilizer use not a sustainable solution to 

poverty and hunger (Jarosz, 2012; Robbins, 2012). Declining soil fertility, erratic rainfall, and 

increasing cases of prolonged and severe droughts further impede the progress towards 

eliminating poverty and hunger, two of the seventeen United Nations Sustainable 

Development Goals (SDGs) among developing countries. For example, more than 5.4 million 

people in Kenya were likely to experience acute food insecurity by March 2023 as the country 
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experienced one of the worst droughts in decades (International Rescue Committee, 2023). 

More financial and human resources are required to support vulnerable and small-scale 

farmers e.g., through subsidized inputs like seeds and fertilizers and field extension services. 

Land is a key factor of production (Semin & Namyatova, 2019) and land issues have 

always been very emotive (Klopp & Lumumba, 2017) in developing countries. Access to 

farming land and settlement in Kenya is driven by a combination of factors including 

economic and political ones (Kweyu et al., 2020). The more productive the land the more 

contested it becomes. Increasing population, increased food demand, and cultural practices 

(e.g., land inheritance) continue to increase the demand for land, making it more expensive 

over past decades. The MFC provides some of the most fertile lands in the country and is one 

of the main water catchments in Kenya. Increasing socio-economic challenges and political 

patronage have contributed significantly to the degradation of the water catchment. Besides, 

the adoption of local, regional, and/or global markets and the need to meet the insatiable 

demand of these markets motivate local communities to engage in practices that are 

economically beneficial to their livelihoods disregarding other important social or ecological 

considerations. 

Integration of appropriate social and ecological/biophysical dimensions can boost 

sustainable development research and practice. For example, analysis of remotely sensed 

imagery could reveal patterns and magnitude of LULC change at varying scales. In contrast, 

incorporating mixed methods including household surveys and other participatory and 

integrative approaches can reveal the complexity of socio-ecological systems and driving 

forces that contribute to land use decisions, particularly where data availability is a 

challenge. Integrating both quantitative and qualitative approaches including satellite 



   

 

69 
 

remote sensing, landscape metrics, key informant interviews (KIIs) and household surveys 

can, therefore, reveal subtle social, cultural, economic, and institutional processes in systems 

(De Vreese et al., 2016; Getu & Bhat, 2021). 

Socio-ecological system challenges are complex and require integrative approaches 

and robust techniques that focus on analyzing patterns and processes and identifying 

relevant interventions that have the potential to reduce socio-ecological vulnerability. Siloed 

approaches leave loose links that compromise the entire socio-ecological system. Integrating 

land change science and political ecology frameworks accounts for both ecocentric and 

anthropocentric angles of a socio-ecological system (Thiault et al., 2019). In this study, we 

investigate the nexus between LULC change and livelihoods among forest-adjacent human 

populations by a) examining the variance in spatiotemporal trends of LULC changes based 

on established political administrative demarcations and b) investigating the relationship 

between LULC changes and livelihoods among people living adjacent to MFC. This study 

borrows from relevant UN SDGs targets and respective metrics used for their measurement 

(https://sdg-tracker.org/). I limited the scope to subsets of two out of the seventeen SDG 

targets and indicators that are connected to human livelihoods and whose progress can be 

measured at household level: SDG 1, No Poverty, and SDG 2, Zero Hunger (United Nations, 

2015). 

4.2 Study Area 

Agriculture is the mainstay of the economy in the four counties of the GMFC. The 

northern half receives adequate rainfall (two rainy seasons) that support farming activities. 

Bomet and Kericho counties are dominated by tea farming both on a small and large scale. 

The GMFC elevation ranges from approximately 550m to 3100m. Most of the contiguous 
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official gazetted forest blocks and tea plantations are located in high elevation areas found in 

Bomet and Kericho (County Government of Bomet, 2023; County Government of Kericho, 

2023; Figure 18). There are several tea factories that provide a ready market for the tea 

grown while also employing many locals. However, a bigger percentage of the locals are hired 

to perform unskilled jobs (Langat, 2017). 

 
Figure 18. Study area for study 3 showing GMFC counties, elevation, and buffer around the core 
gazette forest, and sampled locations and points. Sampled locations where samples were 
drawn during the fieldwork exercise are shown in purple (A) while inset B shows the GMFC 
location in Kenya and the rest of the county administrative boundaries in Kenya. 

4.3 Data and Methods 

4.3.1 Data 

Land cover datasets were obtained from the Regional Center for Mapping of 

Resources for Development (RCMRD, 2016) for 1990, 2000, 2010, and 2018. The original 
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raster land-cover data were reclassified to five dominant land cover classes (e.g., cropland, 

forest, grassland, water, and other) and assessed for accuracy (Akanga et al., 2022).  

Household surveys and KIIs were conducted from May to July 2022. Household survey 

respondents were drawn from people living within 25-km buffer from official gazetted forest 

boundary (Figure 18A). We selected this distance because people living within this area are 

more likely to experience direct effects of laws aimed at fostering forest conservation, and 

there exists a relatively fair road network that facilitated data collection. We used a stratified 

systematic sampling technique to collect household survey data. First, we overlaid results of 

the 1990-2018 LULC change analysis (Akanga et al., 2022) on Google Earth Pro to identify 

GPS locations for five target strata per county based on the following characteristics: forest 

gains, forest loss, cropland gain, cropland loss, and no change (for control purposes). The 

sample size consisted of 230 households based on a) 90% confidence interval and 10% 

margin of error that is acceptable for studies that seek to deduce inferences (Islam, 2018), 

and b) the minimum requirement of ten samples per independent variable sufficient for 

ordinal logistic regression analysis (Ottenbacher et al., 2004). The strata were selected prior 

to site visits. Once in the field, the nearest homestead to the selected GPS location per stratum 

constituted the first household for the survey. To select participating households, we 

employed systematic sampling by selecting every tenth homestead starting from the 

identified origin per stratum. Survey data was keyed into Qualtrics-based questionnaires 

using tablets, and comprised a mix of nominal, categorial, ordinal and ratio questions 

(Appendix B).  

Surveys were administered in either English or Swahili depending on the 

respondent’s level of language proficiency. English and Swahili are the national languages in 
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Kenya and are widely used by most of the residents within the GMFC. However, Swahili is 

most preferred among most people with less than high school-level education. We 

occasionally sought help from university students from the local community for translation 

into native languages where necessary. The selected translators were obtained through a 

snowballing process, after which we trained them in ethical conduct of research, had them 

observe several interviews, and then took them through practice sessions until we deemed 

them competent before we allowed to assist with the data collection process. Involving 

individuals from respective local communities helped ease tensions among some 

respondents because fieldwork coincided with the country’s electioneering period where 

residents were wary of outsiders. 

Survey questions were aimed at investigating the relationship between forest 

degradation and livelihoods sustainability among people living adjacent to MFC. As such, we 

focused on five independent variables including income (Achiba, 2018; Fisher et al., 2017), 

education level (Gebru et al., 2018; Maziya et al., 2017), food security (Mutea et al., 2019; 

Novienyo & Simatele, 2021), land tenure security (Keovilignavong & Suhardiman, 2020), and 

age (Mazzone, 2019; Myers & Medley, 2018) (see Table 5).  The dependent variable for the 

study was respondents’ perceived likelihood of GMFC degradation to impact livelihoods. 

Table 5. Independent variables used for the ordinal logistic regression and the respective 
levels applied in the study. 

Independent variable Categories 

Income Decreased No change Increased 

Education level Primary Secondary College 

Food secure No - Yes 

Land tenure security (binary) No - Yes 

Age in years (ratio data)    
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The selected independent variables are connected to livelihoods and can be measured at a 

household scale. Some of the targets incorporated in the questionnaire are subsets of the 

indicators that are considered important in shaping target outcomes of the following SDG 1, 

No Poverty and SDG 2, Zero Hunger (Appendix A). 

Key informants consisted of representatives from civil society organizations and 

officials from agriculture, environment, and forestry sectors both at county and national 

levels. Five KIIs per county (total of 20 KIIs for the entire study area) were conducted to 

assess the perceptions of experts regarding the introduction of decentralized governance in 

natural resources management. The KIIs consisted of a blend of closed and open-ended 

questions to obtain information from experts regarding: (a) opinion about forest cover 

changes before and after the enactment of new laws on forest governance, (b) opinion about 

whether the introduction of decentralized system of governance has had positive or negative 

impact on forest management and accompanying reasons (Appendix C). Each interview 

lasted for an average of forty minutes. Images/results from LULC change analysis described 

below formed the basis for discussion and explanation of changes by the key informants. 

Both the researcher and the field assistant took summary notes during the KIIs. The notes 

were compared by highlighting key points to identify any omissions and fill the gaps and then 

grouped by theme, expert, and county. 

 Fieldwork was conducted after ethical conduct of research approval by Michigan State 

University Institutional Review Board (IRB; STUDY00007532), Kenya’s National Commission 

for Science, Technology & Innovation (NACOSTI; License No: NACOSTI/P/22/17366), and 

the County Directors of Education, and County Commissioners of Bomet, Kericho, Nakuru, 

and Narok (Appendix D).  
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4.3.2 Methods 

4.3.2.1 LULC Change Analysis by County 

While recent studies illustrate changes within the GMFC, these studies were limited 

to biophysical analysis of the landscape including slope and elevation (Akanga et al., 2022). 

Here, we performed LULC change and fragmentation analysis at the county level (Bomet, 

Kericho, Nakuru, and Narok) to identify variance in spatiotemporal trends and magnitudes 

of major land cover classes across the years. Besides, we quantified trends in spatial patterns 

of LULC classes across the counties by analyzing the IJI to measure evenness of patch 

adjacencies, LPI to measure the percentage of landscape occupied by the largest patch, and 

NP to measure the LULC fragmentation across the counties (Akanga et al., 2022; McGarigal, 

2015b; Sertel et al., 2018; Singh et al., 2014). Spatial metrics are important in assessing 

patterns of landscape change across time and space and quantifying landscape degradation. 

For example, high rates of forest fragmentation are associated with biodiversity loss (Arroyo-

Rodrí guez et al., 2017). The MFC is the largest water catchment, hence increased 

fragmentation and decreased dominance will impact the hydrological cycle in the region and 

across the country.  

4.3.2.2 Analysis of Survey and Interview Data 

Data from the KIIs was analyzed through cross-tabulation and content analysis 

(Angessa et al., 2021; Munthali et al., 2019). Key points from the interviews were grouped 

and tabulated based on thematic similarities and differences to capture the latent or hidden 

aspects that would be elusive in a strictly remote sensing approach such as peoples’ 

perceptions and awareness of the nature-society interconnectedness. Descriptive statistics 

for the household survey data were computed to understand the data distribution (Table 8).  
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4.3.2.3 Mau Forest Complex Degradation and Livelihoods Interconnectedness 

We examined the relationship between LULC changes and livelihoods among people 

living adjacent to the MFC by interrogating the extent to which the locals perceived that their 

livelihoods would be affected by forest degradation. The dependent/response variable 

assessed the degree to which respondents believe that forest degradation could negatively 

affect their livelihood (Appendix B, Question 24). The response variable was measured using 

a three-level Likert scale i.e., unlikely, not sure, and likely.  

 To assess the perceptions of residents regarding land cover changes (specifically 

forest loss) and climate change on livelihoods, we performed ordinal logistic regression using 

ordinal package of the R statistical software (Christensen, 2022). Ordinal logistic regression 

is used to model the relationship between an ordinal dependent/response variable and one 

or more independent/explanatory variables that are either categorial or continuous (Harrell, 

2015). The dependent variable was obtained by asking respondents to state their opinion on 

whether they thought there was a likelihood of their livelihoods being impacted by the 

depletion of the MFC. Logit is the natural log of the odds ratio expressed as in Equation 1. 

logit(p) = ln (
p

1−p
) = β0 + β1x1 + ⋯ + βkxk                                                                                                                (1) 

Where p is the probability of perceived likelihood of a respondent’s livelihood being 

impacted by forest depletion, 𝛽0 is the intercept, 𝛽1 to 𝛽𝑘  are the log odds of the likelihood 

(and correspond to independent variables) and 𝑥1 to 𝑥𝑘  are the independent variables (Table 

5). The inverse logit returns the probability of the perceived likelihood (Cox et al., 2018; 

Kotikot et al., 2020). Computing the antilog of the logit allows us to solve the estimated 

regression equation (Equation (2)). In an ordinal logistic regression model, an increase in 

one variable results in a shift towards either end of the spectrum of ordinal responses. 
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Therefore, a significant positive coefficient suggests that as the level of the independent 

variable increases, the mean of the dependent variable also tends to increase, while a 

negative coefficient indicates that an increase in the independent variable leads to a decrease 

in the dependent variable. 

4.4 Results 

We analyzed LULC change by county administrative boundary to illustrate the 

changes per class by county. Land cover change trends varied by year and county. While LULC 

results for the entire GMFC landscape indicated a high rate of forest loss, analysis by county 

revealed lower rates (i.e., the sum of the changes by each county resulted in the overall 

landscape change). There were parallels between grassland and cropland LULC change 

results at the entire landscape and county scale. 

4.4.1 Area Estimation and Change 

Area under cropland increased continuously during the study period across all the 

counties albeit at different magnitudes. Cropland was the most dominant land cover in 

Bomet, Kericho, and Nakuru counties by 2018. In Bomet, cropland increased from 27% in 

1990 to 67% by 2018 with a steep increase in 2010 (Figure 19A). Similarly, grassland was 

the most dominant land cover class in 1990 in Bomet, Nakuru and Narok counties but 

decreased across all the counties. By 2018, grassland was the least dominant LULC class in 

Bomet, Kericho, and Nakuru but remained the most dominant in Narok county. Much of the 

increases in croplands were from grasslands owing to the inverse trends in change across 

the four counties. There was a small but steady increase in the area under forest in Bomet 

�̂� =
𝑒𝛽0+𝛽1𝑥1+⋯+𝛽𝑘𝑥𝑘

1+𝑒𝛽0+𝛽1𝑥1+⋯+𝛽𝑘𝑥𝑘
=

1

1+𝑒−(𝛽0+𝛽1𝑥1+⋯+𝛽𝑘𝑥𝑘)
          

     

(2) 
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during the study period going from 22% to 23%, 24%, and 26% for 1990, 2000, 2010, and 

2018, respectively (Figure 19A). Grassland accounted for the greatest land cover class in 

Bomet in 1990 at 51% but shrank to 7% by 2018 making it the least dominant of the three 

LULC classes. The steepest decrease in grassland was from 2010. In Kericho, both cropland 

and grassland accounted for approximately 40% of LULC between 1990 and 2000 (Figure 

19B). However, cropland increased steeply to 78% while grassland decreased to 8% making 

it the least dominant among the three LULC classes. There was a 3% decrease in Kericho’s 

forest cover from 17% in 1990 to 14% in 2018.  

 
Figure 19. Land cover change trends from 1990 to 2018 by county (A-Bomet, B-Kericho, C-
Nakuru, and D-Narok). 

In Nakuru, the proportion of cropland increased gradually to more than double from 

21% in 1990 to 49% in 2018 constituting the most dominant land cover in the county (Figure 

19C). Similarly, grassland decreased gradually from 60% in 1990 to 40% in 2018. However, 

the decrease in grassland was steeper from 2010. The area under forest decreased from 15% 
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in 1990 to 8% in 2000 and remained at 7% in 2010 and 2018. Nakuru County experienced a 

slight decrease in forest cover across the period of study. In Narok County, the area under 

grassland increased slightly from 73% in 1990 to 75% in 2000 but decreased to 71% in 2010 

and 65% in 2018. Narok County also underwent an increase in cropland from 5% in 1990 to 

21% by 2018 with an accelerated increase being registered from 2000. In contrast, forest 

LULC decreased gradually and consistently from 21% in 1990 to 13% by 2018, constituting 

the least dominant of the three land cover classes. 

4.4.2 Landscape Metrics 

Cropland IJI increased in all counties across the study period. Bomet and Kericho IJI 

had a similar trend although Kericho had a steeper increase from 2010 to 2018 (Figure 20B). 

While cropland IJI was lowest in Bomet and Kericho in 1990, it peaked by 2018 in these two 

counties. Forest IJI increased gradually across all the counties and decreased from 2010 to 

2018 in Bomet and Kericho but increased continuously in Nakuru and Narok counties 

(Figure 20C-D). Decreasing IJI implies increasing fragmentation. Forest LPI was highest in 

Nakuru by 2018. Grassland IJI depicted minimal changes across the four counties although 

Narok had the highest proportion throughout the study period. Similarly, LPI changed across 

the counties, land cover classes, and year. Cropland LPI increased across all the counties and 

by 2018 it was the highest of the three land cover classes in Bomet, Kericho, and Nakuru. 

While there was an overall decrease in grassland LPI, Bomet decreased by the highest 

magnitude. Grassland LPI accounted for the least land cover classes in Bomet and Kericho by 

2018. Narok maintained the highest LPI across the study period (Figure 20H). Forest LPI 

depicted minimal changes across all the counties and was least in Nakuru and Narok (Figure 
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20G-H). Increasing LPI implies increasing dominance while decreasing LPI indicates 

decreasing dominance of the land cover class. 

Overall, the NP for cropland and forest LULC classes showed a similar decrease in 

Bomet County across the study period. NP decreased for Bomet County across the study 

period. While the cropland NP decreased gradually throughout, forest NP increased 

gradually from 1990 to 2010 followed by a steep decrease from 2010 to 2018 (Figure 20I).  

 
Figure 20. Landscape metrics trends from 1990 to 2018 by county. (A – D) interspersion & 
juxtaposition index (IJI), (E – H) largest patch index (LPI), and (I – L) number of patches (NP) 
at class level. 

Bomet County’s grassland NP showed an overall increase with steady increases between 

1990 and 2010 followed by a steep decrease between 2010 and 2018. However, the total 

count of grassland NP remained higher in 2018 than 1990. Kericho County NP trends 

depicted a small range among the LULC classes with cropland and forest following a similar 
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flat trend while grassland increased slightly from 1990 to 2010 and decreased afterwards 

(Figure 20J). Nakuru and Narok cropland and forest NP depicted an overall decrease while 

grassland increased steadily in both counties (Figure 20K). However, Nakuru cropland 

decreased steadily across the study period (Figure 20K), Narok cropland increased from 

1990 to 2010 before showing a steep decrease between 2010 to 2018. Increasing NP implies 

increasing dominance while declining dominance is depicted by decreasing NP. 

There was a statistically significant difference in NP among the four counties (Bomet, 

Kericho, Nakuru, and Narok) upon running the Kruskal-Wallis’s test for the LULC classes for 

the entire study period 95% interval (𝜒2 = 9.75, P = 0.02, DF = 3). Subsequent Dunn post hoc 

test showed that the most significant difference occurred between Kericho and Narok 

counties (Table 6). IJI and LPI did not show significant statistical differences between the 

four counties.  

Table 6. Dunn post hoc test results by county administration for the number of patches (NP) 
by county administration using Benjamini-Hochberg correction. Significant results are 
denoted by an asterisk. 

 Bomet Kericho Nakuru 

Kericho 0.21   

Nakuru 0.16 0.04  

Narok 0.06 0.01* 0.25 

Overall, these results show that the area of cropland in these four counties is increasing and 

consolidating into larger tracts of land, but at different rates. Bomet and Kericho have seen 

the most dramatic landscape changes, while Nakuru and Narok are changing but less rapidly. 

4.4.3 Crop Yields 

Bomet and Kericho did have lower magnitudes of change in total area under maize 

production compared to Nakuru and Narok. Similarly, Bomet and Kericho experienced their 

lowest production more recently (2015 and 2014) compared to Nakuru and Narok (Table 7). 
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This implies that the steep increase in cropland (Figure 19 A and B) could be because farmers 

opted to plant alternative crops, including tea, due to the maize failure. Many farmers still 

grow maize despite the changing climatic conditions, hence need to diversify into other 

crops. Adoption of drought resistant crops, short term crops like sorghum and potatoes and 

sell proceeds to buy maize for subsistence consumption.  

Table 7. Years of highest and lowest maize productivity in the GMFC counties during the study 
period. 

 Highest Production Lowest Production 

Year Yield  

(Tons) 

Productivity 

(Tons/Ha) 

Year Yield  

(Tons) 

Productivity 

(Tons/Ha) 

Bomet 1994 126,677 3.16 2015 38,720 1.08 

Kericho 2006 188,486 4.52 2014 68,913 1.68 

Nakuru 2012 298974 3.33 2000 23,607 0.37 

Narok 2009 342250 2.56 1993 55,080  1.62 

Despite many respondents increasing the land allotted for agriculture in recent years, 

yields remained relatively stagnant or even decreased. Diminishing yields were attributed to 

increasing climate variability, increasing cost of agricultural inputs such as seeds and 

fertilizer, and outbreak of pests and diseases in recent years. Many of the small-scale farmers 

indicated that they had resorted to planting poor quality seeds with little or no fertilizers. 

Most of the farmers in the GMFC who grow maize reported declines in yields despite some 

increasing total areas under cultivation in recent years. This information was corroborated 

by results of maize yields and productivity from Ministry of Agriculture, Livestock, and 

Fisheries (Figure 21) and locals and experts attributed the decline in maize production to the 

Maize Lethal Necrosis (MLN) that was first reported in the county in 2011. Nakuru and Narok 

reported better maize yields compared to the other two counties despite the challenges of 

climate variability and increased cost of inputs across the study area in recent years. 
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4.4.4 Interview and Household Survey Analysis 

4.4.4.1 Key Informant Interviews 

Some experts in the KIIs decried the lack of political will in addressing forest 

conservation challenges. While most of the interviewed experts agreed that the 

decentralized governance system had resulted in access to more financial and human 

resources at a local level, some respondents divulged that allocation and access of these 

resources was prioritized for infrastructural projects. The older farmers averred that prior 

to transfer of the Ministry of Agriculture functions from the national to county governments, 

field extension officers would frequently visit farms and/or organize group meetings to offer 

technical support before and during the growing seasons. However, the relatively younger 

farmers said that they had rarely received government support from field officers. 

Nonetheless, there were reports of some partnerships between the national government and 

several non-governmental organizations to train farmers on climate smart agriculture within 

the counties. Some of the projects are implemented through Kenya government and World 

Bank partnerships like the National Agricultural and Rural Inclusive Growth Project 

(NARIGP), Kenya Climate Smart Agriculture Project (KSCAP), as well as by NGOs e.g., the 

Rainforest Alliance. Most of the projects were still at a pilot phase as of July 2022, and plans 

were underway to expand coverage within the respective counties. However, a majority of 

respondents who reported increases in revenue from agriculture opined that there was no 

substantial improvement in quality of livelihoods because of the rising cost of living including 

prices of food, school fees, and other essential expenditures. 
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4.4.4.2 Household Surveys  

4.4.3.2.1 Descriptive Statistics 

The total number of household survey respondents was 230 with a minimum, median 

and maximum age of 19, 44, and 82 years, respectively (Table 8). Data revealed that 45.2% 

of respondents had primary education or less, 37.4% some college-level education, and 

17.4% had attained at least college-level education. 
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Table 8. Household survey statistics. The total number of observations for the entire GMFC 
was 230 (Bomet = 61; Kericho = 60; Nakuru = 61; Narok = 48) 

Variable Description Statistics/Frequency per county 

 Bomet Kericho Nakuru Narok 

Freq. % Freq. % Freq. % Freq. % 

Age  Categories in years  

Below 40  28 46 26 43 22 36 20 42 

41-60  19 31 24 40 25 41 20 42 

Above 60  14 23 10 17 14 23 8 17 

Education Highest level of education 

of education attained 

        

Primary  20 33 27 45 25 41 32 67 

Secondary  26 43 20 33 29 48 11 23 

College  15 25 13 22 7 11 5 10 

Income           

Decreased  24 39 21 35 23 38 23 48 

No Change  7 11 7 12 13 21 11 23 

Increased  30 49 32 53 25 41 14 29 

Land Secure Respondents feel their 

land rights are secure  

        

No  1 2 0 0 4 7 9 19 

Yes  60 98 60 10

0 

57 93 39 81 

Food Secure Respondents can afford a 

meal when they need to 

eat 

        

No  3 5 11 18 12 20 10 21 

Yes  58 95 49 82 49 80 38 79 

Overall, 93.9% of the respondents in the GMFC did not express concerns of possible evictions 

as opposed to 6.1% who were concerned about eviction. For income, 39.6% of respondents 

reported a decrease, 16.5% no change, while 43.9% reported an increase over the last ten 

years. However, most of the respondents who reported an increase in income opined that 

these increases did not translate to improved wellbeing because of the soaring cost of living 

in recent years. Finally, 25.2% of the respondents suggested that the destruction of the MFC 

was unlikely to impact their livelihoods, 23% were not sure, while 51.7% reported that 
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livelihoods would be impacted if the MFC was severely disturbed. See Table 8 for the detailed 

distribution of the data by counties. 

4.4.3.2.1 Ordinal Logistic Regression Analysis of Household Surveys 

We performed ordinal logistic regression on 230 observations based on household 

survey data collected in Bomet, Kericho, Nakuru, and Narok counties. The results are 

presented in Table 9. We computed the null model to get an overall measure of the model fit 

and subsequently compared it with the predictors, which was a significantly better fit (AIC= 

440.60; X2 =0.000001; DF = 4) than the null model (AIC = 476.22; p<0.001).  

Table 9. Results of the ordinal regression analysis with dependent variable - perceived 
likelihood of forest degradation to impact livelihoods and five predictors (income, education 
level, land tenure security, age, and county). 

Coefficients:  Estimate  Std. Error  z value  Pr(>|z|)  

Income  -0.617169  0.219124  -2.817  0.004855 ***  

Education level  1.488143    0.318285  4.676  0.00000293 ***  

Land tenure security  -1.481924  0.766728  -1.933  0.053262 ** 

Age  0.029585  0.009756  3.033  0.002425 ***  

County 1.098895 0.308533 3.562 0.000369 *** 

          

Significant codes:  <0.01 ***, 0.05 **, 0.1*   

There was a significant negative association between income and perceived likelihood 

of GMFC to impact livelihoods (-0.62), meaning that respondents who had registered an 

increase in income in recent years were less likely to perceive the degradation of the GMFC 

as a threat to their livelihoods. On the other hand, level of education indicated a significant 

positive association with the dependent variable (<0.01), meaning that the higher the 

respondent’s level of education, the more likely they would perceive GMFC degradation to be 

a threat to their livelihoods. There was a significant positive association between age and 

perceived likelihood of GMFC degradation to impact livelihoods (0.03). Results indicated that 
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most older respondents who had lived in the area for longer periods of time were more likely 

to have witnessed varying climate over the years and corresponding effects on agriculture, 

which is the mainstay of the local and national economy, compared to the relatively younger 

respondents. The significant positive association between counties and the dependent 

variable implied that peoples’ perceptions regarding impacts of land cover changes on 

livelihoods are likely to vary based on the county of residence.  

4.5 Discussion 

Cropland increased in all the four counties with the greatest change occurring in 

Bomet and Kericho (Figure 19A-B) which have a more conducive climate for agriculture. 

However, this drastic change was not reflected in the maize yields, implying that farmers may 

have opted to grow alternative crops other than maize. Tea is widely grown in Kericho and 

Bomet and is preferred because of the ready market provided by several factories within the 

county. Overall, Nakuru and Narok had moderate increase in area under cropland (Figure 

19c-D) but higher increase in area under maize production (Figure 21C-D). 
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Figure 21. Maize yields production trends from 1992 to 2017 by county. Total area in ha is 
illustrated by the bar charts and production in tons depicted by the line graph. 

Analysis of landscape metrics revealed a decrease in grassland IJI in all four counties 

implying declining uniformity in LULC configuration. Lower evenness signifies higher 

fragmentation while the increasing IJI implied decreasing fragmentation. While we expected 

that increases in conversion of forest and grasslands to agriculture would result in more 

fragmentation, we surmise that the numerous small but adjacent pieces of cropland may 

have influenced the structure of the cropland LULC from a remote sensing perspective. 

Overall, forest IJI increased (1990-2010) followed by a decline (2010-2018) in Bomet and 

Kericho counties, implying that forest fragmentation decreased and then increased, 

respectively. Increasing forest IJI in Nakuru and Narok mean increasing uniformity in the land 

cover structure, hence decreasing fragmentation. Cropland cover increased in dominance 

while grassland decreased, likely because of new conversions to croplands.  
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LULC change is influenced by natural and anthropogenic factors. Because most LULC 

changes occurred after 2010, we opine that these changes may have been influenced by the 

adoption of the country’s new constitution and enforcement and/or lack of relevant 

associated policies. KIIs with local and national government officials attributed the 

increasing climate variability to rampant degradation of the MFC. Several conservation 

efforts have been put in place to promote conservation in recent decades. Some include 

involving local communities in forest conserving and restoration efforts through capacity 

building initiatives led by local administrators. Forest scouts are recruited from communities 

living next to the cutline (border between forest and tea plantation buffers) and paid by KFS 

to monitor and report unauthorized entry into the protected forest. Similarly, there is 

enhanced community surveillance at the Narok/Bomet forest border where locals are 

encouraged to report any persons entering the forest to the KFS officers who live next to the 

cutline. Local administrative officers (Chiefs) organize meetings to sensitize community 

members on the importance of planting indigenous trees as opposed to exotic species like 

eucalyptus, which impact the hydrological cycle. Despite this awareness, some locals 

continue to plant the straight fast-growing Eucalyptus grandis species (Oballa et al., 2010) 

because they sprout after harvesting, hence providing a steady revenue stream. Wood 

products from these trees have high market demand especially in Bomet and Kericho, 

because they are used for firewood as a source of energy during tea processing in the 

numerous tea factories within the counties. The slight yet steady increase of forest land cover 

in Bomet County (22%, 23%, 24%, and 26% in 1990, 2000, 2010, and 2018, respectively) 

could be attributed to heightened enforcement of forest conservation regulations, increased 

environmental conservation initiatives, and embracing of an avocado tree planting project 
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within the county. Decreasing forest in Kericho could be attributed to high demand for 

firewood from numerous tea processing factories. 

Results from the ordinal logistic regression analysis revealed that respondents whose 

income had increased in recent years were less likely to perceive that forest degradation 

could have an influence on their livelihoods. For as long as they did not “experience direct 

negative effects” on their livelihoods and their revenue continued to increase, such 

respondents would not mind carrying on their routine activities. Based on the regression 

analysis results, a substantial decrease in revenue from agricultural activities among most 

people would likely prompt such individuals to consider the MFC degradation a significant 

influence on their livelihoods. Therefore, there is need for creating more awareness among 

the people living adjacent to the MFC on the interconnectedness of nature and both 

individual and community livelihoods. The positive association between level of education 

and perceived likelihood of MFC to impact livelihoods reveals the role of formal education in 

understanding human-environment relationships because respondents who had higher 

levels of education could easily understand the relationship between forest degradation, 

climate variability, and livelihoods. Different courses are offered in primary and secondary 

school as well as college curricula and these contribute to the broad awareness of nature-

society interactions and the interconnectedness of systems. Improved access to education 

would in the long term likely enlighten future generations and increase their awareness, 

hence increase the much-needed pragmatism in bolstering the sustainable development 

agenda.  

Land tenure security had a weakly significant negative association – respondents with 

perceived land tenure security were less likely to report that forest degradation would 
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impact livelihoods. This was an unexpected result because our initial hypothesis was that 

people with a sense of permanency in the area would be more protective of their resources 

compared to those living in the area on a temporary basis.  

Expectedly, age showed a significant positive association with the dependent variable 

implying that older respondents had likely witnessed firsthand changes in rainfall patterns, 

shifting planting seasons, increased droughts, and declining yields, among others. Younger 

respondents projected contrary perceptions because climate changes often occur gradually 

and become apparent after a long period of time.  

The study revealed the intricacies surrounding nature-society interactions among 

populations in the GMFC landscape. Future research should leverage robust quantitative and 

qualitative techniques to examine the human-environment synergies and trade-offs of the 

GMFC and similar socio-ecological systems. This could result in effective and contextualized 

programs that can improve the livelihoods of the population while enabling communities to 

contribute positively to ecological sustainability.  

4.6 Conclusion 

 Nature and society are extremely complex and inextricably connected. While human 

actions influence landscape dynamics, populations that reside adjacent to natural resources 

and rely on them for their livelihoods find this complexity more confounding. Area under 

cropland increased in Bomet, Kericho, Nakuru, and Narok counties as more land was 

converted from forest and grassland for agricultural use. Forest loss was not as rampant as 

expected because of myriad conservation initiatives (e.g., tree planting, law enforcement, 

awareness creation) in the region by multiple stakeholders, most of which prioritize 

involvement of the GMFC residents. Besides, more residents in Kericho and Bomet are 
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embracing avocado growing projects as others (including tea processing factories) plant 

eucalyptus trees for use as firewood. These actions, while having different results, contribute 

to the increasing tree cover in the two counties. This study demonstrated that leveraging 

mixed methods can reveal the nuances contributing to how anthropogenic activities 

influence land cover change dynamics. We found that in predicting respondents’ perceived 

likelihood of forest degradation to impact livelihoods, age and level of education had a 

significant positive association, income and land tenure security had significant negative 

association, while status of one’s food security was not a significant predictor. The robust 

methods employed in this study including LULC change analysis, fragmentation analysis, and 

quantitative analyses coupled with in-depth interviews and household surveys can translate 

well in multiple landscapes, regions, and scales. The findings of this study illustrate that 

perceptions influence behavior in human-environment interactions and stewardship among 

populations that rely on natural resources for their livelihoods. The complexity of these 

interactions is more confounding among vulnerable populations and is influenced by various 

socioeconomic factors. Comprehensive assessment and nuanced understanding of 

socioeconomic and ecological dynamics will bolster sustainable development by informing 

the design of unique programs that address the challenges in the GMFC and similar socio-

ecological systems. This study adds new perspectives to the growing literature and 

methodologies of socio-ecological sustainability research by integrating land change science 

and political ecology frameworks at different scales.  
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CHAPTER 5. CONCLUSIONS 

5.1 Major Conclusions 

This dissertation utilized remote sensing, GIS, statistical, and qualitative techniques 

to assess the interconnectedness of land cover change, climate variability, and livelihoods in 

the GMFC. I used the systems approach to address research questions related to three study 

themes: land change science, sustainability, and livelihoods.  

The first study assessed the LULC patterns and processes, including the role of 

elevation and slope, from 1990 to 2018. Here, I found that the GMFC experienced land cover 

changes in varying proportions over the last three decades. Cropland increased by 22.5% 

and became less fragmented, forest decreased by 6.6% and became less fragmented, while 

grassland decreased by 16% and became more fragmented. There was a statistically 

significant difference (p < 0.05) in LULC change among different topographic classes which 

implied that elevation and slope influenced patterns and processes in the GMFC. There has 

been increased encroachment in the past decades as population increase continues to hike 

food consumption and spur conversions to cropland at the expense of grassland and forests. 

Improved spatiotemporal LULC characterization and projections are important for managers 

and policy makers. 

In the second study, I measured sustainability in the GMFC using the WEF nexus 

framework. Here, I used a blend of precipitation, energy consumption, vegetation indices, 

and crop yield data to examine the WEF synergies and trade-offs within the study area. 

Results showed that: 1) there has been increasing pressure and variability among the WEF 

resources over the past 30 years and 2) it is extremely challenging to measure sustainability 

in a data-sparse landscape. In the wake of a changing climate among other socio-economic 
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challenges, it is imperative to apply integrated approaches to assess, manage, and predict the 

stability of systems.  

The third study investigated LULC change dynamics in the four counties of the GMFC. 

Besides, I performed ordinal logistic regression on household survey data to examine the 

interconnections between these changes and livelihoods among forest adjacent populations 

in the study area. Here, I found that: 1) land cover patterns and processes varied by county 

administration, 2) education and age had significant positive association on perceptions, and 

3) income and land tenure security had significant negative association on perceptions.  

My dissertation research revealed that society, economy, and environment are 

intricately intertwined as evidenced by increasing dry conditions, unpredictable start of 

growing season, decreasing crop yields, and high dependency on bioenergy. I found that 

peoples’ perceptions regarding nature-society interactions in the GMFC can be positive, 

negative, or imperceptible, hence there is a need for more interdisciplinary and pragmatic 

research. The robust methods employed in this study including LULC change, fragmentation, 

and quantitative analyses coupled with in-depth interviews and household surveys can 

translate well across landscapes, regions, and scales. Comprehensive analysis of the structure 

and magnitude of land cover changes, climate variability, and their associations with 

livelihoods is important for advancing socio-ecological sustainability research and policy. 

These findings are key for climate change mitigation, adaptation, and resilience discourses 

because peoples’ perceptions influence their behavior towards the environment. This work 

contributes to nature-society research and policy in the wake of myriad socio-ecological 

challenges. 
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5.2 Study Limitations 

The interaction with multiple stakeholders from the conceptualization of the research 

to the execution of fieldwork showed how challenging it is to conduct research in a data-

sparse landscape. While most data required for this type of study in developed countries is 

publicly available and somewhat accessible, most of the crucial data for the GMFC was either 

unavailable, inaccessible or both. For example, despite multiple attempts and assurances, we 

were unable to obtain finer scale energy data from the KNBS for use in Chapter 3. Similarly, 

obtaining necessary approvals for field research from different authorities was time 

consuming. Multiple overlapping licenses were required before beginning the fieldwork in 

each of the counties, yet some of the officials responsible for granting approvals were not 

available when needed. A poor road network and rough terrain also slowed down the data 

collection exercise in some areas. Some roads were impassable which forced us to trek long 

distances to access respondents based on the sampling design. Therefore, this research 

highlighted the need for more fieldwork and better data access protocols to understand 

control points in a bid to protect such important yet fragile landscapes. 

COVID-19 pandemic-related travel restrictions led to delays in starting the field data 

collection exercise. Consequently, I conducted fieldwork close to the Kenyan general 

elections when residents were wary of outsiders because of the mistrust associated with 

political campaigns among neighboring communities. However, incorporating local 

university students illustrated the importance of partnering with local communities. While a 

few initial interactions with some respondents were tense because of the timing, most 

interviews quickly evolved into friendly conversations and residents were willing to 

participate in the interviews. 



   

 

95 
 

This dissertation challenged me to continue furthering sustainable development 

among vulnerable populations through interdisciplinary and pragmatic science. Despite the 

data availability and access challenges, there exist many opportunities to contribute to 

sustainability of systems through integrating various data, methods, and techniques. 

5.3 Future Research 

Vulnerable populations are disproportionally affected by impacts of climate change 

such as increasing average temperatures, increasing frequency of extreme weather events, 

and shifting seasons. Therefore, achieving sustainability requires a holistic approach in 

research and policy implementation. Besides utilizing robust geospatial, quantitative, and 

qualitative techniques, future research should focus on engaging local communities in socio-

ecological sustainability discourses. This is because while many of the UN SDGs are based on 

generalized metrics, sustainable development is context-specific, not a one-size-fits-all 

solution. 

Promoting sustainable development in the GMFC will require short-term, mid-term, 

and long-term interventions by all stakeholders, including local communities, county 

governments, national government, NGOs, and international partners. Short-term and mid-

term interventions include increasing food security through supporting climate smart 

agricultural practices. For example, growing short-term and drought tolerant food crops will 

improve yields and decrease cases of hunger and famine in the study area. Additionally, the 

counties and national government should revive agricultural field extension services to 

support farmers in making informed decisions that will increase agricultural efficiency by 

better management of crop pests and diseases and minimizing post-harvest losses.  
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Long-term interventions include investing in alternative sources of livelihoods (to 

reduce overreliance on rainfed subsistence agriculture) and alternative sources of energy (to 

reduce overreliance on biofuels). Besides, there is a need for increased community 

engagement initiatives to harness local knowledge and improve systems awareness among 

the GMFC population. This will also facilitate the design of effective and contextualized 

programs that will bolster local, regional, and global sustainability efforts. Active 

involvement of communities as well as partnerships among various stakeholders will likely 

increase the success rate of environment and development related projects.
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APPENDIX 
Selected Variables and their Connection to United Nations SDGs 

Variable/ 
Metric 
Name 

Rationale Definition and connection to Livelihoods 
and Sustainable Development Goals (SDGs) 

Land tenure 
security 
 
Measured on 
a Likert scale 
(Never, 
Rarely, A few 
times, Quite 
regularly, 
Always) 
concerned 

Determined by whether a 
respondent perceives 
their right to land 
ownership as secure or 
are concerned about 
possible evictions by 
either government or 
other conflicts.  
(Question 12 of the 
household survey) 

Land is a major factor of production and central 
to sustaining livelihoods of most populations in 
developing countries. This metric is adopted 
from SDG Indicator 1.4.2 that seeks to ensure all 
men and women, in particular the poor and 
vulnerable, have equal rights to economic 
resources, control over land and other forms of 
property, and consider their land tenure secure. 
 

Food 
security 
 
Measured on 
a Likert scale 
(Definitely 
No, Probably 
No, Probably 
Yes, 
Definitely 
Yes). 
 

Lack of food security will 
be determined by 
whether a respondent’s 
household has been 
unable to afford a meal 
when they were in need 
at any point in the last ~ 
12 months. 
 
 
(Question 20 and 21 of 
the household survey) 

The ability to afford meals when in need is one 
of the major indicators of sustainable 
livelihoods among vulnerable populations. This 
metric is adopted from SDG indicator 2.1.2 that 
aims at achieving food security by 2030 
through ending moderate and severe food 
insecurity for all. It is based on one of the Food 
Insecurity Experience Scale (FIES), a statistical 
scale developed by Food and Agriculture 
Organization (FAO) to measure unobserved 
traits (https://www.fao.org/in-action/voices-
of-the-hungry/fies/en/). 
 

Income 
 
Measured on 
a Likert scale 
(Decreased a 
lot, 
Decreased a 
little, 
remained 
relatively the 
same, 
Increased a 
little, 
Increased a 
lot). 

Determined by how a 
respondent’s household 
income changed in the 
last ~5 years. Most 
potential respondents 
are small-holder farmers 
who do not keep 
accurate records of 
income and expenditure. 
However, they are 
expected to be aware of 
whether their income 
has increased, 
decreased, or remained 

Income is essential for sustaining the 
livelihoods of small-scale food producers. This 
metric is adopted from SDG indicator 2.3.2 
whose aim is to double the average income of 
small-scale food producers by 2030. A 
substantial increase in income will signify 
progress towards a sustainable livelihood. 
 

https://www.fao.org/in-action/voices-of-the-hungry/fies/en/
https://www.fao.org/in-action/voices-of-the-hungry/fies/en/
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relatively the same in the 
last few years. 
 
(Question 14 of the 
household survey) 

 

Household Survey Questionnaire 

These questions have been exported from Qualtrics survey tool. 

GMFC Livelihoods Survey, 2022 via Qualtrics 

You are being asked to participate in a research study. The purpose of the study is to examine 

the link between land cover change and local livelihoods. You will be asked to respond to a 
few questions that will help the researcher to understand the livelihoods of people living 

close to the Mau Forest. Your participation is voluntary. You can skip any question you do not 

wish to answer or withdraw at any time. You must be 18 or older to participate. You indicate 

that you voluntarily agree to participate in this research study by proceeding with the 

interview. 
 

Start of Block: A. Introduction 
 
Q.1a Name of the County (COUNTY) 

o Bomet (1)  

o Kericho (2)  

o Nakuru (3)  

o Narok (4)  

 
Q.1b Name of the Village 

________________________________________________________________ 
 
Q.2a Name of respondent (first and last) 

________________________________________________________________ 
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Q.2b What is your gender? 

o Male (1)  

o Female (2)  

o Non-binary / third gender (3)  

o Prefer not to say (4)  

 
Q.3 What is your year of birth? 

________________________________________________________________ 
 
Q.4 How many people are in your household? 

________________________________________________________________ 
 
Q.5 What is your highest level of education? 

o Primary school or less (1)  

o High school (2)  

o College and above courses (3)  

 
Q.6a How long have you lived on your current farm? 

o 0-5 years (1)  

o 6-10 years (2)  

o 11-15 years (3)  

o 16-20 years (4)  

o 20+ years (5)  
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Q.6b Overall, how has the area/size of land you use for farming changed during this period? 
 

o Decreased a lot (1)  

o Decreased a little (2)  

o Remained relatively the same (3)  

o Increased a little (4)  

o Increased a lot (5)  

 
Q7a Overall, how can you describe the rain patterns in relation to farming for the period 
you have lived in this area? 
Note: Can select more than one option 
 

▢ Decreased (1)  

▢ Remained relatively the same (2)  

▢ Increased (4)  

▢ Fluctuating (inconsistent by year/season) (3)  

▢ Other (5)  

 
 
Display This Question: 

If: Overall, how can you describe the rain patterns in relation to farming for the period 
you have li... = Other 
 
Q7b If Other, please state. 

________________________________________________________________ 
 

 
Start of Block: B. Land Tenure 
 



   

 

120 
 

Q.8 Do you own land? 

o Yes (1)  

o No (2)  

 
 
 
Q.9 On average, how much land do you use for farming? 
Note: Answer in acres 
 

________________________________________________________________ 
 
Q.10a How did you acquire the land that you own? 
Note: Can select more than one option 

▢ Purchased (1)  

▢ Inherited (2)  

▢ Leased (3)  

▢ Other (4)  

Display This Question: 
If: How did you acquire the land that you own? Note: Can select more than one option = 

Other 
 
Q.10b If Other, please list 

________________________________________________________________ 
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Q.11 Do you have a title deed for your piece of land? 

o Yes (1)  

o No (2)  

o Not sure (3)  

Q.12 How concerned are you about possible eviction from your home/land? 
 

o Never (1)  

o Rarely (2)  

o A few times (3)  

o Quite regularly (4)  

o Always concerned (5)  

 
Start of Block: C. Income 
 
Q.13a Name your two main economic activities/occupation by their rank/order? 
______ Salaried/Wage employment (1) 
______ Business (Informal/Registered) (2) 
______ Crop production only (3) 
______ Livestock production only (4) 
______ Both crop and livestock production (5) 
______ Other (6) 
Display This Question: 

If: Name your two main economic activities/occupation by their rank/order? [ Other], is 
Displayed. 
 
Q.13b If Other, please list 

________________________________________________________________ 
 
Q.13c Over the past 12 months, what was the average monthly revenue from your two main 
economic activities/occupation? 

o Economic activity/Occupation 1 ________________________________________________ 

o Economic activity/Occupation 2 ________________________________________________ 
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Q.14 Overall, you can say that your average monthly revenue in the last ~5 years has: 
 
 

o Decreased a lot (1)  

o Decreased a little (2)  

o Remained relatively the same (3)  

o Increased a little (4)  

o Increased a lot (5)  

 
Start of Block: D. Food Security 
 
Q.15 What type of farming do you practice, if any? 

o Crop production only (1)  

o Livestock production only (2)  

o Both crop and livestock production (3)  

o None (4)  

 
Q.16 Overall, you can say that your crop yields in the last ~5 years have: 

o Decreased by a lot (1)  

o Decreased a little (2)  

o Remained relatively the same (3)  

o Increased a little (4)  

o Increased by a lot (5)  
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Q.17 What is your main source of food in the household? 

o From family farm (1)  

o Mostly from farm but buy sometimes (2)  

o Mostly buy (3)  

 
Q.18 How many months in a year do you feed the family on homegrown food? 

________________________________________________________________ 
 
Q.19 How many meals do you have in a day? 

________________________________________________________________ 
 
Q.20 During the last 12 months, was there a time when, because of lack of money or other 
resources: 
You were hungry but did not eat? 
 

o Definitely No (1)  

o Probably No (2)  

o Probably Yes (3)  

o Definitely Yes (4)  

 
Q.21 During the last 12 months, was there a time when, because of lack of money or other 
resources: 
You went without eating for a whole day or slept hungry? 
 

o Definitely No (1)  

o Probably No (2)  

o Probably Yes (3)  

o Definitely Yes (4)  

 

Start of Block: E. Affordable Energy 
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Q.22a Is your home connected to electricity? 

o Yes (1)  

o No (2)  

 
Q22b. Do you have access to biogas or solar energy? 

o Yes (1)  

o No (2)  

 
Q23a Name two main types of stoves that you use for cooking by their rank/order. 
 Note: 1. Used to cook most meals in the household; 2. Used occasionally  
 
______ Traditional (3-stone) firewood stove (1) 
______ Charcoal stove (2) 
______ Kerosene wick stove (3) 
______ LPG stove (Gas) (4) 
______ Electric stove (5) 
______ Other (6) 
 
Display This Question: 

If Name two main types of stoves that you use for cooking by their rank/order? Note: 1. 
Used to cook... [ Other], is Displayed. 
 
Q.23b If Other, please list 

________________________________________________________________ 
 

Start of Block: F: Perceptions of residents' interaction with the environment 
 
Q.24 To what extent is a degraded Mau Forest likely to affect your livelihood? 

o Extremely unlikely (1)  

o Somewhat unlikely (2)  

o Neither likely nor unlikely (3)  

o Somewhat likely (4)  

o Extremely likely (5)  
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Q.25 To what extent are your actions likely to contribute to environmental degradation? 

o Extremely unlikely (1)  

o Somewhat unlikely (2)  

o Neither likely nor unlikely (3)  

o Somewhat likely (4)  

o Extremely likely (5)  
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Guide Questions for Key Informant Interviews 

Interconnections between land use-land cover change, climate variability, and 

livelihoods in the Greater Mau Forest Complex, Kenya 

You are being asked to participate in a research study. The purpose of the study is to examine 

the link between land cover change and local livelihoods. You will be asked to do respond to 

a few questions that will help the researcher to understand the livelihoods of people living 

close to the Mau Forest and the interviews will be focused on sustainable forest management 

theme. Your participation is voluntary. You can skip any question you do not wish to answer 

or withdraw at any time. You must be eighteen (18) years or older to participate. You indicate 

that you voluntarily agree to participate in this research study by proceeding with the 

interview. 

Guide questions for key informant interviews 

Start of Block: 1. Introduction 
 
Q1 Name of the County 

o Bomet (1)  

o Kericho (2)  

o Nakuru (3)  

o Narok (4)  

 
Q2a Name of the Department/Agency 

o County Agriculture Office (1)  

o National Environment Management Authority (NEMA) (2)  

o Kenya Forest Service (3)  

o NGO (4)  

o Other (5)  

Display This Question: 
If Name of the Department/Agency = Other 

 
Q2b Name of department/agency/entity if "Other" was selected in Q2a. 
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_______________________________________________________________ 
 
Q2c Name and title of official 

________________________________________________________________ 
 
Q3 Please rank the following resources in terms of their relative influence on the 
functioning, livability, and sustainability of the GMFC.  
 
Water (1) 
Energy (2) 
Food (3) 
 
Q4a Please describe the state of forest coverage in your county. 

 
Decreased 

a lot (1) 
Decreased 
a little (2) 

Remained 
the same 

(3) 

Increased 
a little (4) 

Increased 
a lot (5) 

Past 10 
years (1)  o  o  o  o  o  
Past 20 

years (2)  o  o  o  o  o  
Past 30 

years (3)  o  o  o  o  o  
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Q4b Please give the main reasons for your answer above i.e., How do you determine or 
conclude that pattern as changed? 

o 1. (1) ________________________________________________ 

o 2. (2) ________________________________________________ 

o 3. (3) ________________________________________________ 

o 4. (4) ________________________________________________ 

o 5. (5) ________________________________________________ 

o 6. (6) ________________________________________________ 

o 7 (7) ________________________________________________ 

o 8 (8) ________________________________________________ 

 
Q4c What are the key drivers of the pattern you have stated above? 

o 1. (1) ________________________________________________ 

o 2. (2) ________________________________________________ 

o 3. (3) ________________________________________________ 

o 4. (4) ________________________________________________ 

o 5. (5) ________________________________________________ 

o 6. (6) ________________________________________________ 

o 7 (7) ________________________________________________ 

o 8 (8) ________________________________________________ 
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Q5a Overall, the impact of decentralized governance of forest management has been: 

o Definitely positive (1)  

o Somewhat positive (2)  

o Neither positive nor negative (3)  

o Somewhat negative (4)  

o Definitely negative (5)  

 
Q5b Please give reasons for your answer above. 

o 1. (1) ________________________________________________ 

o 2. (2) ________________________________________________ 

o 3. (3) ________________________________________________ 

o 4. (4) ________________________________________________ 

o 5. (5) ________________________________________________ 

o 6. (6) ________________________________________________ 

o 7 (7) ________________________________________________ 

o 8 (8) ________________________________________________ 
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Q6 List some factors that are/can be promoted to conserve the forest and/or the 
environment while improving livelihoods of the residents living adjacent to the forests. 

o 1. (1) ________________________________________________ 

o 2. (2) ________________________________________________ 

o 3. (3) ________________________________________________ 

o 4. (4) ________________________________________________ 

o 5. (5) ________________________________________________ 

o 6. (6) ________________________________________________ 

o 7 (7) ________________________________________________ 

o 8 (8) ________________________________________________ 
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Approvals for Field Research 

Figure 22. NACOSTI research license. 
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Figure 23. County Director of Education research authorization, Kericho. 
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Figure 24. County Commissioner research authorization, Kericho. 
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Figure 25. County Commissioner research authorization, Bomet. 
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Figure 26. County Director of Education research authorization, Bomet. 
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Figure 27. County Commissioner research authorization, Nakuru. 
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Figure 28. County Director of Education research authorization, Nakuru. 
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Figure 29. County Director of Education research authorization, Narok. 
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Figure 30. County Commissioner research authorization, Narok. 


