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ABSTRACT 

The study assessed historical intraseasonal rainfall variability, generated future 

intraseasonal rainfall scenarios, and made recommendations to build on climate service 

foundations for a sustainable climate change adaptation in East Africa. First, an 

assessment of the performance of regional climate models (RCMs), participating in the 

Coordinated Regional Climate Downscaling Experiment (CORDEX), in simulating East 

Africa’s spatio-temporal precipitation characteristics was done. Using a set of eight 

descriptors of East Africa’s precipitation, the RCM assessment was done to determine the 

best model runs for evaluating East Africa’s historical and future precipitation 

characteristics. The descriptors are the consecutive dry days (CDD), consecutive wet days 

(CWD), simple precipitation intensity index (SDII), mean daily annual (ANN), seasonal 

(March to May, MAM and October to December, OND) precipitation, and 

representatives of heavy precipitation (90p) and very intense precipitation (99p) events. 

Specifically, (i) nine reanalysis data (ERAINT)-driven and (ii) 24 model runs from five 

general circulation model (GCM)-driven CORDEX-Africa RCMs were analysed. 

Relatively better performing RCM runs were then used to assess projected precipitation 

changes (for the period 2071-2099 relative to 1977-2005) over the study domain under 

the representative concentration pathway (RCP) 8.5 scenario. Results showed the 

performance of RCMs to be descriptor- and scope- specific. Overall, RCA4 (r1i1p1) 

forced by CNRM-CERFACS-CNRM-CM5 and MPI-M-MPI-ESM-LR, REMO2009 

(r1i1p1) forced by MPI-M-MPI-ESM-LR, and RCA4 (r2i1p1) forced by MPI-M-MPI-

ESM-LR emerged as the top four RCM runs. Further, an ensemble mean of the top four 

model runs outperformed an ensemble mean of 24 model simulations and ensemble 

means for all runs in an RCM. An analysis of projections showed a reduction(increase) 

in mean daily precipitation for MAM(OND), an increase(decrease) in CDD(CWD) 

events, and a general increase in SDII and the width of the right tail of the precipitation 

distribution (99p-90p). An increase in SDII and 99p-90p implies a possibility of heavy 

and extreme precipitation incidences by the end of the 21st century. Examples of how the 

climate information generated from the analysis could be used in various sectors were 

made. First, an assessment of historical and future rainfall variability over Kilifi County, 

a typical coastal community whose primary source of livelihood is rain-fed smallholder 

farming, was done. Using climate information and data from the social survey on the 

farmers’ perceptions of climate variability, adaptive capacity, and adaptation activities, 

an innovative climate change adaptation model was co-developed with smallholder 

farmers to help build the farmers’ adaptive capacity in Kilifi and beyond. Secondly, the 

study assessed the potential impacts of global warming scenarios of 1.5 oC and 2 oC on 

malaria transmission in East Africa. Under the two warming scenarios, results showed an 

imminent increase in seasons and geographical extents of malaria transmission in East 

Africa. The study recommended intensification of efforts to sustain the gains made 

towards malaria elimination. Lastly, a status review (in terms of climate, population, and 

land-use change over Nairobi metropolis) was done, and recommendations made to help 

safeguard the future of Nairobi National Park. Overall, the thesis findings provide 

essential information to support the region’s climate change adaptation and mitigation 

efforts for sustainability.  
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CHAPTER 1: INTRODUCTION 

This chapter gives some background information on the current study (1.1), a description 

of the problem being addressed (1.2), a list of research questions (1.3), and objectives 

(1.4) that guide the study. It also lays out the hypotheses under investigation (1.5), why 

the current research is necessary (1.6), a conceptual framework (1.7) followed, and 

definitions of Key Terms (1.8). 

1.1 Background 

By the year 2017, human-induced global warming, defined as an increase in combined 

surface air and sea surface temperature averaged over the globe and over 30 years, had 

reached about 1oC above pre-industrial levels (Hoegh-Guldberg et al., 2018). The impacts 

of a warming globe are disproportionately affecting various regions of the world with 

people living in low- and middle-income countries being the most affected (Handmer et 

al., 2012). Small islands, coastal regions, and high mountain range areas are among the 

world’s most affected regions (Albert et al., 2018) given their relatively higher exposure 

to climate hazards. 

Rainfall in East Africa is quite variable in time and space (Kiros et al., 2017; Ogega, 

2017; Opiyo et al., 2014). While the region tends to experience more deficit than surplus 

precipitation events, major heavy rainfall events have been recorded over time (e.g. Kilavi 

et al., 2018) which, often, lead to massive losses in life and property (Davis et al., 2009; 

Heron et al., 2012). The region experiences a complex blends of stressors brought about 

by environmental, political, socio-economic, and structural factors in the region (e.g. 

Gbegbelegbe et al., 2018). Hence, an occurrence of extreme climate events (in the form 

of prolonged droughts, extensive floods, and heatwaves) is likely to adversely affect the 

region’s socio-economic stability. 

East Africa’s economy is mainly supported by agriculture, tourism, and related sectors, 

which are predominantly rainfed (Alessandro et al., 2015). Here, agriculture accounts for 

approximately 36% of the East African Community (EAC) ’s gross domestic product 

(GDP; AfDB, 2018). About 80% of EAC’s population draws its livelihood from 
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agriculture (EAC, 2018). For instance, agriculture accounts for more than a quarter of 

Kenya’s GDP, 65% of exports, 70% of rural jobs, and 60% of foreign exchange 

(Alessandro et al., 2015; FAO, 2018). Yet, about 95% of farmed land in sub-Saharan 

Africa is rain-fed (Rockström et al., 2010; IWMI, 2018). 

Health is one of the sectors affected by global warming. For instance, a special report on 

global warming of 1.5 oC (hereinafter SR1.5) published by the Intergovernmental Panel 

on Climate Change (IPCC; Hoegh-Guldberg et al. 2018) identified weather and climate 

as one of the primary drivers of the intensity, spatial, and temporal extent of malaria 

transmission (Ren et al., 2016; Semakula et al., 2017). The climatic factors including 

temperature, rainfall, and humidity influence the abundance and survival of mosquitoes 

and, hence, malaria transmission  (Metelmann et al., 2019; Nsoesie et al., 2016). Due to 

a non-linear relationship between weather and climate and the spatial and temporal 

occurrence of malaria, mapping patterns of change in risk is likely to be more difficult 

with additional warming (Ren et al., 2016).  

While efforts are underway towards malaria elimination, malaria remains a significant 

disease burden in East Africa (Bashir et al., 2019; WHO, 2020). In 2018, approximately 

228 million malaria cases and about 405,000 deaths were reported globally (WHO, 2020) 

with about 93% of the malaria cases and 94% of the malaria-related deaths occurring in 

sub-Saharan Africa. In East Africa, Uganda has the highest number of malaria cases, 

accounting for 5% of global totals in 2018. Further, the geographical distribution and 

prevalence of mosquito vectors for Chikungunya, Dengue fever, and Zika virus is 

projected to change in a warmer climate (Colón-González et al., 2013; Mweya et al., 

2016; Tjaden et al., 2017). Hence, a significant investment is required to enhance 

monitoring of changes in environmental factors as well as provide timely adaptive and 

mitigative measures to minimize the risks. 

Overall, the impacts of a warming global climate system (IPCC, 2014) are likely to affect 

the region’s socio-economic well-being adversely. With the structure of East Africa’s 

economy not expected to abruptly shift from being climate-dependent, concerted efforts 

from all actors are required to develop effective climate services to enhance the adaptive 
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capacity of East Africans for sustainable socio-economic development in the face of the 

climate crisis.  

The Global Framework for Climate Services (GFCS) defines climate services as those 

that provide individuals and organizations with information that facilitates climate-smart 

decision making (Hewitt et al., 2012). These services must be produced, translated, and 

delivered promptly (National Research Council, 2001) to make them useful to intended 

beneficiaries. There is an increasing discourse on the need for more location and sector-

specific climate services, but lack of adequate and effective policy mainstreaming at 

national and sub-national levels often leads to sporadic individual and uncoordinated 

initiatives that yield minimal results (Hassanali, 2017; Naab et al., 2019; Ojwang et al., 

2017).  

Therefore, the current study sought to contribute to ongoing efforts to enhance the 

understanding of current precipitation patterns over East Africa and how these patterns 

may change in the future under various global warming scenarios. Specifically, the study 

assessed the performance of 24 model runs from CORDEX RCMs in simulating East 

Africa’s spatial and temporal precipitation variability. An analysis of potential future 

changes in East Africa’s heavy and extreme precipitation events was done and 

suggestions made on how to enhance the delivery and use of effective climate services 

for sustainability in East Africa’s agriculture, health, and tourism sectors in a warming 

climate. 

1.2 Problem Statement 

East Africa’s economy is mainly supported by agriculture, tourism, and related sectors. 

Here, agriculture accounts for approximately 36% of the East African Community 

(EAC)’s gross domestic product (GDP; AfDB, 2018), and approximately 80% of EAC’s 

population draws its livelihood from agriculture (EAC, 2018). However, the agriculture 

and allied sectors almost entirely depend on rainfall (e.g. Alessandro et al., 2015). The 

dependency of the main economic drivers on rainfall puts the entire economy of East 

Africa vulnerable to climate variability and change. 
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Indeed, East Africa experiences high rainfall variability in the form of heavy and extreme 

(wet and dry) rainfall events (e.g. Lyon & Dewitt, 2012; Tierney et al., 2015). A generally 

decreasing rainfall over time has also been recorded (Nicholson, 1996; Segele et al., 

2009), although this trend may change in the future in what has been termed as the “East 

African Climate Paradox” (Wainwright et al., 2019). While efforts have been made 

towards enhancing the understanding of East Africa’s rainfall variability, most works 

tend to focus on seasonal to annual and decadal scales (e.g. Endris et al., 2013; Omondi 

et al., 2012; Souverijns et al., 2016). Consequently, rainfall variability at sub-seasonal to 

seasonal scales, which has a significant impact on the region (e.g. Fiwa et al., 2014; 

Silungwe et al., 2019), remains least-understood. Hence, the current study sought to 

enhance the understanding of East Africa’s past and future intraseasonal rainfall 

variability to inform better climate change adaptation efforts for socio-economic 

development and sustainability.  

1.3 Research Questions 

The study was guided by the following research questions: 

1. What are the historical intraseasonal rainfall characteristics over East Africa?  

2. How adequate are regional climate models in generating future rainfall change 

scenarios for East Africa? 

3. How is intraseasonal rainfall likely to change by the year 2100 under global 

warming? 

4. How can knowledge of intraseasonal rainfall variability be used to inform the 

detection and mitigation of immediate and expected climate risks in the 

agriculture, tourism, and health sectors? 

1.4 Objectives 

This study’s main objective was to assess historical intraseasonal rainfall variability, 

generate future intraseasonal rainfall scenarios, and build on climate service foundations 

for sustainable climate change adaptation in East Africa. 

Specifically, the study sought to: 

1. evaluate the performance of CORDEX RCMs in simulating observed 
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a) spatial and temporal intraseasonal rainfall characteristics and 

b) heavy precipitation events over East Africa 

2. investigate whether observed rainfall characteristics change in the future under 

global warming 

3. build on foundations for the use of climate services for sustainability in the 

agriculture, health, and tourism sectors 

1.5 Hypothesis 

East Africa will experience a significant change in intraseasonal rainfall characteristics 

by the end of the 21st century under global warming. 

1.6 Significance of the Study 

The current study sought to enhance the understanding of past and historical intraseasonal 

rainfall change and variability over East Africa and give examples of how this 

information can be used to inform effective climate change adaptation. While the 

economy of East Africa is mainly driven by agriculture and allied sectors (AfDB, 2018; 

EAC, 2018; Alessandro et al., 2015; FAO, 2018), most agricultural activities in the region 

are smallholder and predominantly rainfed (Alessandro et al., 2015; FAO, 2018). Yet, 

rainfall over East Africa is quite variable in time and space (e.g. Cook & Vizy, 2013; 

Nicholson, 2017; Tierney et al., 2015). 

A good understanding of historical intraseasonal rainfall variability in terms of onset and 

cessation dates, intensity, frequency, and duration will significantly benefit the region 

(e.g. Fishman, 2016; Guan et al., 2015; Silungwe et al., 2019). Even with various studies 

made, East Africa's precipitation variability at the sub-seasonal to seasonal scales is yet 

to be fully understood (e.g. Cattani et al., 2018; Endris et al., 2019; Wainwright et al., 

2019). This study identified the best performing models in simulating East Africa’s 

rainfall characteristics, facilitating the assessment of future climate projections for the 

region. An analysis of past rainfall characteristics and an outlook of projected changes in 

the area was also made. This information will be useful for future rainfall studies in the 

region in addition to informing the formulation and implementation of robust climate 
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change adaptation strategies for East Africa. In so doing, the potential negative impacts 

of a changing climate on agriculture, health, and allied sectors will be minimized. The 

region will also be better positioned to harness the potential benefits of the positive 

impacts of a changing climate and, ultimately, livelihoods improved. 

 

1.7 Conceptual Framework 

A conceptual framework is a presentation (in a narrative form, or both) of how the 

researcher intends to tackle a particular task. It links concepts, empirical research, and 

essential theories that the researcher intends to address (Collins & Stockton, 2018; Grant 

& Osanloo, 2014; Miles & Huberman, 1994). Given its logical arrangement, the 

conceptual framework gives a picture of how the research ideas flow and relate to one 

another (Grant & Osanloo, 2014). Here, the research methodology agrees with variables 

(independent, dependent, or otherwise), relationships, and contexts (Miles & Huberman, 

1994; Ravich & Carl, 2016). 

The current study modelled its conceptual framework (Figure 1.1) around the Global 

Framework for Climate Services. GFCS aim at enabling the development and use of 

climate services to help decision-making in response to climate-related risks (Hewitt et 

al., 2012). Implementation of the GFCS is grouped into five components: observations 

and monitoring; research, modelling, prediction; and capacity development. The 

components tackle five priority areas: agriculture and food security, disaster risk 

reduction, water, energy, and health. This current study adapted three components and 

three priority areas shown in Figure 1.1. 
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Figure 1.1. The conceptual framework for the study (adapted from GFCS, Hewitt et al., 

2012) 

The main goal of the current study was to facilitate effective climate change adaptation 

in East Africa (the main dependent variable in the conceptual framework). For effective 

climate change adaptation to take place, a robust policy formulation, interpretation, and 

implementation process is paramount. Here, climate information (from observations and 

models) provides the scientific evidence into the policy space to facilitate the design and 

adoption of effective policies that will deliver effective climate change adaptation. The 

outcomes of these processes is disaster risk reduction, improved agriculture and food 

security, and improved health and well-being. Through strategic knowledge co-

production and sharing, climate information informs development activities, ultimately 

leading to sustainable socio-economic development. 
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1.8 Definition of Key Terms 

The climate of a given area is defined as average weather conditions ranging from months 

to years. The World Meteorological Organization (WMO1) recommends 30 years as the 

classical period for averaging climate variables including temperature, precipitation, and 

wind. These variables belong to a cluster referred to as a climate system which comprises 

of, mainly, the atmosphere, the cryosphere, the hydrosphere, the biosphere, and the land 

surface. Interactions among the climate system components coupled with external factors, 

such as solar variations and human activities, make the climate system quite dynamic and 

difficult to predict (WMO, 2020). 

Climate change: defined by the United Nations Framework Convention on Climate 

Change (UN, 1992) as “a change of climate which is attributed directly or indirectly to 

human activity that alters the composition of the global atmosphere and which is in 

addition to natural climate variability observed over comparable time periods”. Climate 

change occurs when the mean and variability characteristics change and persist over an 

extended period, say 30 years (IPCC, 2018). On the other hand, climate variability refers 

to changes lasting a few months or years; but less than 30 years (WMO, 2020).  

Climate variability: refers to variations in the mean state and other statistics of the 

climate on all temporal and spatial scales, beyond individual weather events. It often 

refers to deviations of climatic statistics over a given period (e.g. a month, season, or 

year) when compared to long-term statistics for the same calendar period. The variability 

may be caused by either natural internal processes within the climate system or by 

changes in natural or anthropogenic external factors (WMO, 2020). Most of the changes 

in the climate system are natural. However, human activities aggravate the variability and 

change, hence causing disruptions to human and natural systems, resulting in the 

occurrence of enhanced extreme weather conditions (Mysiak et al., 2016). For instance, 

 

1 https://public.wmo.int/en 
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the Intergovernmental Panel on Climate Change (IPCC) ’s 5th Assessment Report (AR5) 

concluded that at least 50% of the observed increase in global average surface 

temperature for the period 1951 to 2010 was “extremely likely” to have been caused by 

the rise in anthropogenic forcing (Bindoff et al., 2014; Jones et al., 2013). Anthropogenic 

activities, such as the consumption of fossil fuels, increase the concentration of 

greenhouse gases (GHG)2 in the atmosphere hence contributing to global warming3 and 

climate change (e.g. Akdag & Yıldırım, 2020; Alola et al., 2019). 

The process of adjustment to expected or actual climate and its effects to minimize the 

damage or exploit the potential benefits is referred to as climate adaptation (IPCC, 2018; 

Tàbara et al., 2019). The effectiveness of climate change adaptation depends on the ability 

of systems, humans, institutions, and other organisms to adjust to potential damage, to 

respond to consequences, or to benefit from arising opportunities; the adaptive capacity 

(MEA, 2005; IPCC, 2018). 

Climate change mitigation refers to human interventions aimed at minimizing the 

sources or strengthening sinks of greenhouse gases in the environment (IPCC, 2001). To 

effectively address climate-related challenges, adaptive and mitigative measures must be 

designed and implemented together (e.g. Kongsager, 2018). Indeed, some measures, such 

as planting trees, can be both mitigative and adaptive. Indeed, some measures, such as 

planting trees, can be both mitigative and adaptive. 

Climate services: The Global Framework for Climate Services (GFCS4) defines climate 

services as those that provide individuals and organizations with information that 

facilitates climate-smart decision making (Hewitt et al., 2012) and these services must be 

produced, translated, and delivered in a timely manner (National Research Council, 2001) 

to make them useful to intended beneficiaries. 

 

2 https://bit.ly/2zTfMbC 

3 https://go.nasa.gov/3g3lf0d 

4 https://gfcs.wmo.int/what-are-climate-services 
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Future: the current study refers to the period 2071-2099 as the “future” 

Global warming: The Intergovernmental Panel on Climate Change (IPCC) defines 

global warming as an increase in combined surface air and sea surface temperatures 

averaged over the globe and over a 30-year period (Allen et al., 2016). The warming is, 

often, expressed relative to an approximation of pre-industrial temperatures such as the 

period 1850-1900 used in the IPCC’s 5th Assessment Report (AR5). 

Intraseasonal climate variability refers to inconsistent behaviour of climate variables 

within seasons. 

Pre-industrial period refers to an approximation of period when emissions from 

industries was minimal compared to the world today. For instance, the IPCC AR5 uses 

the period 1850-1900 as the pre-industrial period. 

Baseline: the current study refers to the period 1977-2005 as the baseline. 
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CHAPTER 2: LITERATURE REVIEW 

This section sought to review existing literature on rainfall variability over East Africa. 

It is divided into four parts namely historical rainfall variability over East Africa (1), 

systems that influence East Africa’s rainfall (2), East Africa’s future rainfall projections 

(2.3), and building on foundations for climate services (2.4). 

2.1 Historical Rainfall Variability over East Africa 

Rainfall in East Africa is quite variable in both time and space (Muthoni et al., 2019; 

Nicholson et al., 2018; Wenhaji Ndomeni et al., 2018). The region experiences 

devastating prolonged droughts (Gebremeskel Haile et al., 2019; Nicholson, 2014) and 

perennial floods (e.g. Li et al., 2016; Masih et al., 2014; Uhe et al., 2018) that often disrupt 

livelihoods and lead to loss of life. Additionally, variability within seasons at annual, 

interannual, and decadal scales is quite pronounced (e.g. Omondi et al., 2012; Wainwright 

et al., 2019; Yang et al., 2014). This high variability calls for continuous research to 

enhance the understanding of East Africa’s past and future rainfall characteristics to 

inform effective climate change adaptation and sustainable development. 

A study by Nicholson (2017) inferred that, among other things, (1) the concept of two 

“rainy seasons” in East Africa emanating from the biannual crossing of the Intertropical 

Convergence Zone (ITCZ) at the equator is insufficient; (2) The March-May (MAM) 

rains should not be regarded as a single season given that its character, causal factors, and 

teleconnections are significantly different for each month in the MAM; (3) Factors 

associated with the October-December (OND) are nonstationary; and (4) Droughts in 

East Africa are prolonging and intensifying even across seasons, and there is minimal 

knowledge about their causes. These conclusions have significant implications on the 

region’s socio-economic development which is heavily dependent on environmental 

factors. 

At the intraseasonal scale, the focus of this thesis, variability is difficult to predict due to 

the atmosphere's chaotic nature (Luo & Wood, 2006) and influences from the land and 

ocean conditions (Hudson et al., 2011). Yet, intraseasonal forecasts are of great 
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importance for the agricultural and other economic sectors that depend on rainfall. The 

intraseasonal predictions close the gap between weather and seasonal forecasts, ranging 

from 10 to 60 days (Hudson et al., 2011). 

Some studies have been done towards understanding intraseasonal rainfall variability 

over East Africa. Gitau (2010) looked at seasonal rainfall total, mean rainfall intensity, 

and daily rainfall frequency aspects of the region’s rainfall variability. His study showed 

that locations with decreasing trends in the mean duration of wet spells, number of wet 

days, and mean rainfall intensity experienced during the long rainy season did not have 

an organized pattern.  His analysis showed an increase in cases with prolonged dry spells 

within the rainfall seasons. However, his study did not adequately establish distinct trends 

in intraseasonal rainfall variability over East Africa. 

Kuya (2016) analysed temperature and precipitation extremes over East Africa using 

observational data and the RCA downscaled 8 GCM data. The analysis showed an 

increase in extreme precipitation events over East Africa for both historical and future 

precipitation. The study identified the influence of modes of variability, namely ENSO, 

IOD, SOI, and QBO but missed to show a direct relationship between the modes of 

variability and the intraseasonal precipitation variability. Kuya (2016) recommended 

further research to assess the timing of extreme weather events over East Africa. More 

recently, Cattani et al. (2018) set out to analyse the temporal and spatial variability and 

trends of rainfall over East Africa at seasonal and annual scales. Their results show that 

the OND season has more trend signals for extreme weather events than the MAM season. 

However, the study did not show the correlation between the observational intraseasonal 

precipitation variability and the modes of variability over East Africa. 

2.2 Systems that Influence Rainfall over East Africa 

East Africa’s climate is controlled by various systems including the subtropical high-

pressure zones, the ITCZ, and trade winds. Others include the El Niño Southern 

Oscillation (ENSO), the Indian Ocean Dipole (IOD), the Maiden-Julien Oscillation 

(MJO), and subtropical high-pressure zones (Figure 2.1). The region is also punctuated 

with large lakes, mountains, and other topographic features that affect the region’s 
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weather and climate. All these factors, most of which are interconnected, result in intricate 

climatic features that change quickly and over short spatial extents – making EA one of 

the most climatically complex regions in Africa (e.g. Omondi et al., 2012; Nicholson, 

1996; Souverijns et al., 2016). 

 

Figure 2.1. An illustration of factors (and their interrelationships) influencing the three 

rainy seasons (MAM, JAS, and ON) of eastern Africa. The figure is reproduced from 

Nicholson (2017) under the terms of the Creative Commons Attribution 4.0 

International license (CC-BY 4.0)  

At the interannual time scale, the OND season over East Africa shows high year-to-year 

variability and a strong spatial coherence of rainfall anomalies in most of the region with 

strong links to large-scale circulation anomalies in the tropical oceans (e.g. Hastenrath et 

al., 2004; Philippon et al., 2002; Saji et al., 1999). The MAM rains show inconsistent 

spatial variability and weak linkage to global sea-surface temperatures (SSTs; Camberlin 

et al., 2009). Seasonal rainfall over East Africa shows inhomogeneity within the seasons. 

For instance, a time series analysis for the MAM season shows differing year-to-year 

variability of each month in the MAM season (e.g. Indeje et al., 2000; Nicholson, 2017; 

Nicholson & Kim, 1997). Spatial rainfall anomaly patterns have been similar between 

https://creativecommons.org/licenses/by/4.0/legalcode
https://creativecommons.org/licenses/by/4.0/legalcode
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March and April but quite different for May (e.g. Philippon et al., 2002). Further, the 

MAM rainfall over East Africa usually shows a strong/weak linkage to local 

systems/remote forcing. However, events post the year 2000 (e.g. the 2000, 2008, 2009, 

2011, and 2017 droughts) tend to show a strong linkage to Indo-Pacific SSTs (e.g. Lyon 

& Dewitt, 2012; Vigaud et al., 2017). These analyses show that intraseasonal rainfall 

variability over E. Arica, especially for the MAM season, remains least understood (e.g. 

Boyard-Micheau et al., 2013; Wainwright et al., 2019). 

2.2.1 The ITCZ and East Africa’s Topography 

The ITCZ (Figure 2.2) is a permanent low-pressure area in the equatorial trough where 

surface trade winds meet forming a zone of enhanced cloudiness, convection, and 

precipitation. It is laden with moisture and heat hence making it an essential contribution 

to the earth’s energy and water budget (Waliser & Jiang, 2015). The ITCZ follows the 

sun's seasonal positioning on earth, moving northwards during the northern hemisphere 

summer and southwards during the southern hemisphere summer (Schulman, 1973). The 

ITCZ's asymmetric spread has been attributed to unequal receipt of solar insolation across 

the tropics and sea-level temperature variations (Folland et al., 2001). 
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Figure 2.2: Time-averaged position of the ITCZ in the months of March (a) and 

November (b). The figure is reproduced from Lashkari et al. (2017) as provided for in 

the Creative Commons Attribution 4.0 International license (CC-BY 4.0)  

For a long time, the ITCZ was thought to be one of MAM rainfall's primary drivers over 

equatorial EA. However, this notion is changing with recent studies suggesting that the 

ITCZ’s influence should be limited to coastal equatorial East Africa, where the trade 

winds are influential (Nicholson et al., 2018). Instead, factors such as saturation mean 

static energy, mean static energy ,and vertically integrated moisture from the Indian 

https://creativecommons.org/licenses/by/4.0/legalcode
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Ocean are thought to be among key drivers of MAM rainfall (Yang et al., 2015). Others 

include the role of topography (Hession & Moore, 2011; Jackson et al., 2009) and large-

scale systems such as the Madden-Julian oscillation (Berhane & Zaitchik, 2014) and 

vertical cells over the Indian Ocean (e.g. Hastenrath et al., 2011; Nicholson et al., 2018). 

Camberlin et al. (2014) established that while mean elevation seemed to have little effect 

on the amount of rainfall received, it strongly contributed to the frequency of rainfall 

occurrence. Further, topography influences low-level flows. For instance, East Africa’s 

highlands channel the flow of currents into a strong southerly current that transitions to 

south-westerly current after crossing the equator and becoming the source of the Somali 

Jet and southwest monsoon flow (Slingo et al., 2005). Currents over Turkana also form 

into an intense low-level jet (Kinuthia, 1992). Therefore, more work is required to 

enhance the understanding of systems that influence East Africa’s rainfall (Nicholson, 

2018). 

2.2.2 El Niño Southern Oscillation (ENSO) 

By definition, the El Niño Southern Oscillation arises from ocean-atmosphere coupled 

feedbacks (Bjerknes, 1966) in the equatorial Pacific Ocean. ENSO alternates irregularly 

between its cold phase, La Niña, and its warm phase, El Niño, peaking during boreal 

winter at a frequency of 2 to 7 years. The central-to-eastern tropical Pacific Ocean warms 

during an El Niño event and cools during a La Niña event, causing different large-scale 

disruptions in atmospheric and ocean circulations worldwide. Simultaneously, the 

atmospheric sea-level pressure is higher/lower at the eastern/western tropical Pacific 

Ocean. As a result, the oceanic thermocline shifts eastwards to about 30m in the far east 

Pacific and up to 200m in the west Pacific (Kiladis et al., 1989; Schneider et al., 2014). 

Therefore, ENSO is the year-to-year shift from the seasonally evolving climatological 

state where anomalous warming of the eastern equatorial Pacific during an El Niño is 

associated with weaker than normal Walker Circulation, punctuated with weaker than 

normal Trade Winds, a thermocline tilt, and an east‐west atmospheric pressure gradient 

(Figure 2.3). Interaction of these elements results in a positive Bjerknes‐coupled feedback 

loop (Bjerknes, 1966) continues until the end of a calendar year when damping happens.   
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Figure 2.3: A plot of general ENSO properties showing anomalous patterns in SST 

(colour shading), T300 (contours), and surface wind velocities (vectors), shown as 

regressions onto the Niño3.4 index. The figure is reproduced from Santoso et al. (2017) 

under the terms of the Creative Commons Attribution 4.0 International license (CC-BY 

4.0) 

The large-scale changes augment the likelihood of extreme weather events worldwide, 

including extreme rainfall (e.g. Power & Callaghan, 2016) and cyclones (e.g. Jin et al., 

2014). ENSO’s impacts tend to be more pronounced for extreme El Niño events, such as 

the 1982/1983 and 1997/1998 (e.g. McPhaden et al., 1998) events, compared to La Niña 

events. Although peculiar compared to other El Niño events, the 1982/1983 and 

1997/1998 El Niño events caused significant environmental disruptions worldwide (e.g. 

McPhaden et al., 1998). 

Work has been done towards understanding ENSO and its potential future behaviour (e.g. 

Camberlin, 1997; Indeje et al., 2000; Osima et al., 2018; Stevenson et al., 2012). 

However, significant variability between El Niño - La Niña events makes it difficult to 

decipher whether ENSO can even be termed as a true oscillatory phenomenon and not a 

series of feedback-amplified stochastic anomalies (e.g. Gebbie et al., 2007; Jin et al., 

2006). Nonetheless, the impacts of ENSO events continue to be felt across the globe. 

Physical changes in the Pacific Ocean, such as a change in heat content, are likely to 

affect ENSO's future dynamics. Therefore, continuous study and monitoring of ENSO is 

paramount in efforts to mitigate climate risks. 

https://creativecommons.org/licenses/by/4.0/legalcode
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Over East Africa, the OND rainfall variability has been linked to ENSO as a primary 

driver (e.g. Camberlin, 1997; Endris et al., 2016). The future of ENSO under a warming 

climate, however, remains uncertain. Some studies (e.g. Zelle et al., 2005) suggest that 

there may not be significant changes in ENSO’s frequency, duration, amplitude, and 

spatial characteristics. Others (e.g. Collins et al., 2010) suggest difficulty in determining 

the exact implication of a changing climate on processes that lead to El Niño and La Niña 

events. Some projections (e.g. Cai et al., 2015) show an increase in La Niña events under 

a warming climate. Hence, further research is required to enhance the understanding of 

ENSO’s dynamics and their impact on East Africa’s rainfall variability. 

2.2.3 The Indian Ocean Dipole (IOD) 

The IOD refers to the difference in SST anomalies between the tropical western Indian 

Ocean and the tropical south-eastern Indian Ocean (e.g. Hastenrath & Polzin, 2003; 

Mpelasoka et al., 2018; Owiti et al., 2008; Saji et al., 1999). It occurs in seasonal phases 

with onset in May, a peak in October, and cessation in December. A negative/positive 

phase is associated with cooler/warmer SST in the tropical western Indian Ocean and 

warmer/cooler SST in the tropical south-eastern Indian Ocean. Over East Africa, IOD's 

positive/negative phase tends to enhance/diminish OND rainfall (Owiti et al., 2008).  

The future of the IOD over East Africa under a warming climate is not clear. Some studies 

(e.g. Cai et al., 2013; Zheng et al., 2013) suggest that a warming climate is likely to change 

the equatorial Indian Ocean's mean state, with the western part of the Indian Ocean 

warming faster than the eastern region. With expected changes in general atmospheric 

circulations (such as an expansion of the Hadley cell, mid-latitude jets, and convergence 

zone shifts), significant changes in the links between IOD and its teleconnections may 

occur (e.g. Lau et al., 2008; Stevenson et al., 2012). As a result, East Africa may 

experience more rainfall variability in the future. This calls for more studies to monitor 

the changing systems and enhance the understanding of future climate risks for the region. 

2.3 Rainfall Change Projections for East Africa 
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Various studies analysing climate projections over East Africa indicate an increasing 

rainfall by 2100 (e.g. Buontempo et al., 2015; Niang et al., 2014; Ogega, 2017; Shongwe 

et al., 2011). These projections directly contrast to historical climate trends hence creating 

what has been referred to as East Africa’s climate paradox whose causes remain unclear 

(e.g. Gebrechorkos, 2019; Rowell et al., 2015). Precipitation changes experienced over 

the tropics in the annual mean have been linked to thermo-dynamical increases in 

precipitation (e.g. Chadwick et al., 2013). By applying a classification of circulation 

characteristics on historical and future regional climate models (RCMs), Souverijns et al. 

(2016) deduced that under a high greenhouse gas emission scenario, changes in the 

occurrence of typical circulation types is attributed to 23% of the total change in 

precipitation over East Africa by the year 2100. The rest (77%) of the changes are not 

attributable to East Africa’s synoptic features (such as topography, local feedback, and 

moisture distribution). 

Normally, East Africa is classified as a region with the minimal average change in terms 

of drought severity. Projections indicate that Africa may be the continent most affected 

by the impacts of climate change (Niang et al., 2014). Other projections show a possibility 

of more frequent and intense droughts in some parts of East Africa (e.g. Gizaw & Gan, 

2017). Further, drought projections for East Africa indicate considerable uncertainties. 

While general precipitation projections for East Africa indicate a general increase in 

average rainfall by the end of the 21st century, the range of precipitation change is given 

to be -2 to 20%. Seasonal precipitation changes are said to range from -42 to 78% for the 

January to March period and from -10 to 70% in the OND season (Dabernig et al., 2017). 

2.4 Building on Foundations for Climate Services in East Africa 

There is an increasing discourse on the need for more location and sector-specific climate 

services. However, a lack of effective policy mainstreaming at national and sub-national 

levels often leads to sporadic individual and uncoordinated initiatives that yield minimal 

results (e.g. Hassanali, 2017; Naab et al., 2019; Ojwang et al., 2017). The following 

subsections focus on the health and agriculture sectors as examples where climate 

services are needed. 
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2.2.4 Climate Services in the Agriculture Sector 

The importance of weather and climate to agriculture in Africa is well documented (e.g. 

Knox et al., 2012; Ziervogel et al., 2014). Identification of types of weather and 

information services useful for agriculture in Africa, the quality and relevance of 

available weather and climate services, and how farmers can use the information for 

enhanced productivity and livelihood has been done (e.g. Cooper et al., 2008; Landman 

& Beraki, 2012; Tall et al., 2018). For instance, a review by Vaughan et al. (2019) 

highlights the need to improve the design, delivery, and impact of agricultural weather 

and climate services in Africa. The review established a need for activities that could 

enhance the evidence of access, use, and effects of weather and climate services. It also 

calls for activities that can advance the use and usability of evidence for practical use in 

policy formulation and implementation. 

2.2.5 Climate Services in the Health Sector 

Climatic factors (including precipitation, temperature, and humidity) contribute to 

Malaria transmission by influencing the abundance and survival of mosquitoes (e.g. 

Metelmann et al., 2019; Nsoesie et al., 2016). The SR1.5 identifies a knowledge gap in 

the impacts of global and regional climate change at 1.5 oC on, inter alia, public health 

and infectious diseases, particularly for developing nations. Some work has been done 

towards understanding the potential impact of global warming in East Africa (e.g. 

Gudoshava et al., 2020; Osima et al., 2018). However, no conclusive literature exists on 

the potential impacts of 1.5 oC and 2 oC global warming levels (hereinafter GWL1.5 and 

GWL2.0) in East Africa. 

2.2.6 Climate Services in the Tourism Sector 

Unplanned land-use change in areas adjacent to conservation areas has been linked to 

changes in biodiversity and ecological functions inside the conservation areas (Ahmad et 

al., 2011; Vitousek, 1997). Seno & Shaw (2002) and Kiboro and Kiboro (2015) 

established that the rapidly increasing human population and the consequential land-use 

changes, including settlement, directly impact wildlife conservation areas' well-being. 
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Rampant land sub-divisions around protected conservation areas result in the shrinking 

of wildlife migration corridors (Kiboro and Kiboro 2015). 

A review of literature indicates that while some animal species are likely to benefit from 

a warming climate, some species are likely to be negatively affected by a warming climate 

(Descamps et al., 2017). This calls for robust monitoring of trophic relationships between 

and within ecosystems to detect demographic, population, and ecosystem changes to 

inform appropriate conservation priorities against a changing climate's backdrop. Ogutu 

et al. (2016) and Said et al. (2016) showed that migration corridors for Nairobi National 

Park (NNP) have shrunk over time. The shrinking of the migration corridors is attributed 

to landscape fragmentation caused by settlements, transport infrastructure, and 

agricultural activities among others (Said et al., 2016). 

Climate model projections suggest an increasing rainfall for East Africa for the period 

ending 2100 (e.g. Endris et al., 2013; Ogega, 2017). However, minimal literature is 

available on the link between climate change and urban growth and the prosperity of 

NNP. This study analyses the interplay of a changing climate, urban growth dynamics 

and the park’s future survival prospects. 

2.5 Research Gaps 

In summary, many studies done over East Africa tend to concentrate on annual cycles, 

inter-annual variability, and their drivers. There is minimal knowledge of the historical 

characteristics of intraseasonal rainfall variability in the region and its potential drivers. 

Further, there is a need to explore the potential of regional and global climate models in 

generating projections for East Africa’s future intraseasonal rainfall projections to inform 

better planning for East Africa's rainfall-dependent sectors’ economy. The current study 

sought to enhance the understanding of intraseasonal rainfall variability over East Africa 

and make recommendations to stakeholders for improved climate change adaptation.    
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CHAPTER 3: METHODOLOGY 

This section gives details on the data, materials, and methods used in the study. 

Specifically, the section is subdivided into study area (3), study design, (3.2) sampling 

procedure (3.3), data collection procedure (3.4), and data analysis (3.5).  

3.1 Study Area 

The study focused on the equatorial part of East Africa (hereafter CORDEX EA) that 

receives a bi-modal rainfall in a year (area marked EA in Figure 3.1). The bi-modal 

rainfall seasons are March-May (MAM) and October-December (OND, locally referred 

to as the "long rainy season" and the "short rainy season," respectively) (Favre et al., 

2011). A slight study area extension was done to cover the five countries represented in 

the CORDEX-EA region, namely Kenya, Tanzania, Uganda, Rwanda, and Burundi 

(Figure 3.1). 

 

Figure 3.1. Map of the study area (adapted from Kim et al., 2014) 

East Africa is one of the world's most complex climatological regions to study. Here, 

large-scale tropical controls, including many major convergence zones, superimpose 
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regional features associated with topography, lakes, and maritime influence (Nicholson, 

1996). For this reason, the region's climatic characteristics are significantly intricate and 

often change quickly over small spatial extents. 

Just like many other parts of Africa, nearly half of the population in East Africa lives 

below the USD 1.25/day poverty line (AfDB, 2018). The region struggles with poor 

infrastructure, limited market competitiveness, inadequate agricultural productivity, 

abject poverty conditions, and increasing inequalities and unemployment, among other 

socio-economic challenges (AfDB, 2018). The agriculture sector has historically driven 

East Africa's economy as the primary source of livelihood. For instance, agriculture 

contributed about 41% of the region's GDP in 2017 (AfDB, 2018). Therefore, a good 

understanding of East Africa's rainfall patterns, which are of great importance to the 

region's agricultural productivity, is paramount for its socio-economic development and 

sustainability. 

3.1.1 Climate Services for Sustainability in Agriculture 

Kilifi County (Figure 3.2) receives a mean annual rainfall ranging from 300 mm at the 

hinterland to about 1300 mm at the coastal strip. Evaporation in the county ranges from 

1800 mm along the coastal strip to 2200 mm in the Nyika plateau in the hinterland. 

Temperatures range from 21oC to 30oC at the coastal belt and from 30oC and 34oC at the 

hinterland (Kilifi County, 2013). 
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Figure 3.2: Map showing Kilifi County where the social survey was conducted (source: 

author) 

3.1.2 Climate Services for Sustainability in Tourism 

Nairobi National Park (NNP, Figure 3.3) is located between 36.5 and 37o East and 1.5 

and 1.1o South, at a general elevation of 1,795 meters above sea level. NNP has a 

subtropical highland climate with December - March being the warmest season (with a 

mean maximum temperature of 24 oC) and June/July being the coldest season with 

temperatures dropping to about 9 oC. It receives a bi-modal rainfall with a mean rainfall 

of 899 mm for MAM season, 638 mm for OND, and annual mean precipitation of 786.5 

mm (Nairobi City County, 2018). 
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Figure 3.3: Map of Nairobi County showing the location of Nairobi National Park 

(source: author) 

In 1947, the Nairobi National Park was gazetted as a protected area (Owino et al., 2011), 

covering 117 square kilometres in present-day Nairobi and Machakos Counties. The Park 

provides habitat to animals such as the black rhino, lions, wildebeest, zebra, eland, and 

giraffes (Nkedianye, 2004). While NNP was established at the city's edges, urbanization 

has gradually increased human settlement pressure on the park (Owino et al. 2011). For 

instance, there was a significant growth of the population from 1963 to 1979 due to the 

lifting of restrictions on migration previously enforced by the colonial government  

(Olima, 2011). By 1973, the city boundaries were extended to cover 695 square 

kilometres under the Nairobi Metropolitan Growth Strategy (Mwaniki et al., 2015). 

However, the park's edges do not protect the entire wildlife ecosystem (Owino et al. 

2011). Herbivores migrate out of the park during the dry season across the Mbagathi 

River (which forms the southern border of the park) into the Athi-Kapiti plains and come 

back into the park during the rainy season (Deshmukh, 1985). This southern border is the 
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only unfenced section of the park (Nkedianye 2004), forming a continuous ecological 

unit (Owino et al. 2011). 

Kajiado County, located at the southern border of the NNP, provides migratory corridors 

connecting to the Athi-Kapiti plains and the Kitengela wildlife dispersal areas. However, 

increased land sub-divisions in originally communally owned land continues to diminish 

the park's wildlife dispersal areas (e.g. Ngotho and Kangu 2016). In the 1989 census, for 

instance, Kajiado district was flagged as one of the regions of Kenya recording an 

increase of more than 20% in immigration (CBS, 1996), with 9.7% of the total population 

documented as immigrants between the year 1998 and 1999 alone (CBS, 2002).  

Due to its relatively small spatial extent (about 117 km2), NNP is not self-sustaining, 

requiring migration corridors to cater to its wildlife (Rodriguez et al., 2012). However, 

the migration corridors in Ngong, Kitengela, and Athi Kapiti plains have experienced 

massive human activity including settlements, pastoralism, and agriculture. These 

activities make it difficult for wildlife to migrate to and from NNP. For instance, wildlife 

migrating to the Lenchani and Enkirgirri ecosystems to the South of NNP must pass 

through privately-owned farms and settlement areas. The limitation of wildlife dispersal 

areas exacerbates human-wildlife conflicts, often destroying property and even the loss 

of life for humans and wildlife (Kutatoi and Waweru, 2018). 

3.2 Research Design 

The current study adopted a causal research design to demonstrate the relationship 

between independent and dependent variables (Oppewal, 2010). By definition, causal 

research can adequately explore and demonstrate these relationships hence making it the 

best approach in the current study.  

The causal research design fits the present study given that changes in weather and 

climate parameters have an impact on various sectors of the economy. Specifically, the 

current study computed changes in East Africa’s future rainfall patterns and used the 

information (in form of climate services) to show how the changes would affect the 
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agriculture, health, and tourism sectors. Statistical research methods were used to analyse 

the cause-and-effect connection between various variables in the study. 

 

 

3.3 Sample Size and Sampling Procedure 

3.3.1 Choice of East Africa for climate studies 

Climate research is guided by the World Climate Research Programme (WCRP5) to 

facilitate the analysis and prediction of variability in the Earth system. The collaborative 

research provides information for a range of practical applications of direct relevance, 

benefit, and value. The Coordinated Regional Climate Downscaling Experiment 

(CORDEX6) is one of the initiatives of the WCRP aimed at advancing and coordinating 

the science and application of regional climate downscaling through global partnerships. 

The African part of CORDEX has been grouped into 21 sub-regions based on the 

similarity of their average climatic conditions (e.g. Kim et al., 2014; Nikulin et al., 2012). 

The current study focused on the CORDEX EA sub-region in response to regional and 

global climate research priorities. Specifically, the study is in line with Kenya's Vision 

20307 by contributing to knowledge useful for ending drought emergencies flagship 

projects8. Regionally, the work aligns with Africa's Agenda 20639, especially on "A 

prosperous Africa based on inclusive growth and sustainable development" (First 

Aspiration). The study contributes information relevant for the realization of Agenda 

2063's 7th Goal (under Aspiration 1) on "Environmentally sustainable and climate-

 

5 https://www.wcrp-climate.org/ 
6 http://www.cordex.org/ 
7 http://vision2030.go.ke/ 
8 https://vision2030.go.ke/enablers-and-macros/ 
9 https://au.int/en/agenda2063/goals 

https://www.wcrp-climate.org/
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resilient communities." The work also contributes to Africa's climate research priority 

areas10 and the Sustainable Development Goals (SDGs11), specifically SDG 13.  

3.3.2 Smallholder farmers in Kilifi County 

To facilitate the understanding of climate change and variability on farming in East 

Africa, smallholder farmers in Kilifi County were selected owing to their unique situation 

of being peri-urban smallholder farmers. Kilifi County falls within the arid and semi-arid 

land area that are particularly vulnerable to climate variability and change. Additionally, 

the current study benefited from the availability of social survey data obtained from 

Ogega (2017).  

3.3.3 Nairobi National Park 

To showcase the impacts of climate change and variability on tourism, the Nairobi 

National Park (NNP) was selected due to its unique nature as the world's only national 

park within a city. NNP is also faced with pressure from urbanization which has often 

resulted in park encroachment and human-wildlife conflict (Karimi, 2016). 

3.3.4 Choice of Malaria transmission 

On health, malaria was chosen due to its significant contribution to East Africa's disease 

burden (Frings et al., 2018; Homan et al., 2016). Additionally, Malaria transmission and 

occurrence is significantly influenced by weather and climate parameters especially 

precipitation and temperature. Hence, an analysis of how the projected rainfall changes 

in East Africa would affect Malaria transmission in the region would be useful for the 

match towards Malaria elimination in East Africa. 

3.4 Data Collection 

 

10 https://www.uneca.org/cr4d/pages/about-cr4d 
11 https://www.undp.org/content/undp/en/home/sustainable-development-goals.html 



29 

 
 

 

3.4.1 Climate Model Data 

Total daily precipitation and temperature data from the CORDEX-Africa Regional 

Climate Models (RCMs) at 0.44-degree (~ 50 km at the equator) gridded resolution were 

used. Specifically, two datasets were used: (i) RCMs forced by the European Centre for 

Medium-Range Weather Forecasts (ECMWF) Interim Re-Analysis (hereinafter 

ERAINT; Dee et al., 2011; Table 1) and (ii) RCMs forced by GCMs (Table 2) as detailed 

in Nikulin et al. (2012). When driven by re-analysis fields, the RCM simulations are 

forced to the temporal evolution of large-scale weather hence making them closest to 

observations data. Usually, there are no historical simulations that have assimilations of 

observational data implying, therefore, that RCM simulations forced by GCMs are 

independent of day-to-day weather observations (e.g. Eden et al., 2012, 2014). Thus, the 

current study used data for RCMs forced by ERAINT (Table 1), and RCMs forced by 

GCMs (Table 2) to facilitate comparison. The data were downloaded 

from https://bit.ly/3dsLafw. 

Table 1: A list of ERAINT-forced RCMs used in the current study   

Institute RCM ID Herein-

after 

References 

Abdus Salam International Centre 

for Theoretical Physics, Italy 

ICTP-RegCM4-

3 

ICTP Gao & Giorgi, 

2017; Pal et al., 

2007 

Royal Netherlands Meteorological 

Institute, De Bilt, The Netherlands 

KNMI-

RACMO22T_v1 

KNMI KNMI (2017) 

Sveriges Meteorologiska och 

Hydrologiska Institut (SMHI), 

Sweden 

SMHI-

RCA4_v1 

RCA SMHI (2017) 

Université du Québec à Montréal 

(UQAM), Canada 

UQAM-

CRCM5.v1 

UQAM Winger (2017) 

Climate Limited-area Modelling 

Community (CLM-Community) 

CCLM4-8-17. 

v1 

CLMcom Panitz et al. 

(2015) 

Helmholtz-Zentrum Geesthacht, 

Climate Service Center, Max Planck 

Institute for Meteorology 

REMO2009.v1 MPI GERICS 

(2017) 

Danish Meteorological Institute HIRHAM5.v1 DMI Christensen et 

al. (2017) 

https://bit.ly/3dsLafw
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Met Office Hadley Centre HadGEM3-RA. 

v1 

MOHC-

RA 

MOHC (2017) 

HadRM3P.v1 MOHC MOHC 

(2017a) 

 

Table 2: GCM-forced RCMs used in the current study (detailed in Nikulin et al., 2012) 

Institute RCM Herein-after Ensemble Driving Model 

Climate 

Limited-Area 

Modelling 

(CLM) 

Community 

CLMcom 

COSMOCLM 

(CCLM4)  

CCLM4 r1i1p1 MOHC-HadGEM2-

ES 

MPI-M-MPI-ESM-LR 

CNRM-CERFACS-

CNRM-CM5 

r12i1p1 ICHEC-EC-EARTH 

Max Planck 

Institute (MPI), 

Germany 

MPI-CSC-

REMO2009 

MPI-

REMO2009 

r12i1p1 ICHEC-EC-EARTH 

r1i1p1 MPI-M-MPI-ESM-LR 

Sveriges 

Meteorologiska 

och 

Hydrologiska 

Institut 

(SMHI), 

Sweden 

SMHI Rossby 

Center 

Regional 

Atmospheric 

Model (RCA4) 

RCA4 r1i1p1 CSIRO-QCCCE-

CSIRO-Mk3-6-0 

MIROC-MIROC5 

MOHC-HadGEM2-

ES 

NCC-NorESM1-M 

MPI-M-MPI-ESM-LR 

IPSL-IPSL-CM5A-

MR 

NOAA-GFDL-GFDL-

ESM2M 

CCCma-CanESM2 

CNRM-CERFACS-

CNRM-CM5 

ICHEC-EC-EARTH 

r12i1p1 ICHEC-EC-EARTH 

MPI-M-MPI-ESM-LR 

r3i1p1 MPI-M-MPI-ESM-LR 

ICHEC-EC-EARTH 

Koninklijk 

Nederlands 

Meteorologisch 

Instituut 

KNMI 

Regional 

Atmospheric 

Climate 

Model, version 

RACMO22T r1i1p1 MOHC-HadGEM2-

ES 

ICHEC-EC-EARTH 
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(KNMI), 

Netherlands 

2.2 

(RACMO2.2T) 

Danish 

Meteorological 

Institute (DMI) 

DMI-

HIRHAM5 

HIRHAM5 r3i1p1 ICHEC-EC-EARTH 

r1i1p1 NCC-NorESM1-M 

3.4.2 Observational Climate Data 

The Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) version 

2.0 is one of the two reference datasets used in the current study. CHIRPS data 

incorporates satellite imagery (at 0.05o and 0.25o resolution) with in-situ station data 

resulting in a gridded precipitation time series - available from 1981 to near-present (Funk 

et al., 2015). The other reference dataset utilized is the Tropical Applications of 

Meteorology using SATellite and ground-based observations, version 3 (TAMSAT3, 

Maidment et al., 2017). Both datasets have been validated for EA and found to be suitable 

for use as reference datasets (Dinku et al., 2018). 

Three other data products considered are the daily global historical climatology network 

(GHCN – Daily, Menne et al., 2012); the global precipitation climatology project (GPCP, 

Huffman et al., 2009); and the Multi-Source Weighted-Ensemble Precipitation (MSWEP, 

Beck et al., 2019). While GHCN-Daily had significant data gaps for the study area, GPCP 

data ranges from 1996 to near present, thus falling outside the study period (1981 to near 

present). A data request to the creators of MSWEP, a global gridded precipitation dataset 

at 0.1o resolution generated by optimally merging various satellite, re-analysis estimates, 

and gauge data, went unanswered. Hence, CHIRPS and TAMSAT3 were used as 

reference data. Mean temperature data were obtained from the Climatic Research Unit 

time-series (CRU) dataset. CRU data are developed on 0.5 by 0.5-degree resolution grids 

using a database of monthly mean temperatures from over 4,000 weather stations from 

around the world (Harris et al., 2020).  

3.4.2 Social Survey Data 

Social survey data on smallholder farmers' perceptions of climate change in Kilifi County 

(hereafter Kilifi) and their current adaptation measures were obtained from a previous 

study done by Ogega (2017). Here, primary qualitative data were generated from a social 

survey conducted to get information on smallholder farmers' perceptions of climate 
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change and their current adaptation measures. Additionally, semi-structured 

questionnaires, focus group discussions, and key-informant interviews were used for the 

survey. Kilifi County's average household size was six persons, while the population was 

approximately 1.11 million (Kilifi County, 2013) at the time of the study. A sample size 

of 1500 people (translating to about 250 households) was computed using the pre-

determined margin of error (Smith, 2010) sample size estimation method given by  

                𝑀𝐸 = 𝑧√
𝑝(1−𝑝)

𝑛
 ;        ……………………………. Equation 1 

where   ME is the desired margin of error, z the z-score, p is a prior judgment of the 

correct value of p, and n is the sample size. 

The focus group discussions (FGDs) were comprised of a two representatives of 

smallholder farmers, a representative of the local government (Department of Agriculture 

in Kilifi), a community-based organization working with the smallholder farmers in 

Kilifi, a local journalist working on agricultural activities in Kilifi County, and a 

representative of the County Meteorological Office. The unifying factor for all the FGD 

members is that they were all working at the same area (Kilifi County) and towards a 

common goal of enhancing the adaptive capacity of smallholder farmers in Kilifi County. 

3.4.3 Clinical Malaria Cases Data 

Clinical malaria cases data for East Africa were obtained from the Malaria Atlas Project 

(MAP; Hay & Snow, 2006; Weiss et al., 2019). MAP receives, curates, and shares various 

malariometric data in the form of nationally representative cross-sectional surveys of 

parasite rate, malaria cases reported by surveillance systems, and satellite imagery 

capturing global environmental conditions that influence malaria transmission. The MAP 

data have been validated (e.g. Nakakana et al., 2020) and used widely worldwide (e.g. 

Battle et al., 2019; Weiss et al., 2019).    

3.4.3 Population Data for Nairobi Metropolis 

A desk review of literature on the Nairobi National Park, the Nairobi metropolis, and 

related concepts provided rich insights into its historical urban development. Population 
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size, density, and distribution were the core components of urban growth data reviewed 

and analysed. Population data were collected from the Kenya Population Census 

documents from 1969 to 2019 when the last national count was done. The 1960s were 

selected as the baseline period because this was the decade of Kenya attaining her 

independence. The analysis of population trends focused on three counties within the 

Nairobi metropolis: Nairobi, Kajiado, and Machakos counties. Besides, the study focused 

on sub-counties within the immediate vicinity of the unfenced section of the park. 

3.4.4 Land Use Change Data 

Analysis of land cover and land-use change was done using remotely sensed data obtained 

from the Landsat 8 (Roy et al., 2014) satellite provided by the US National Aeronautics 

and Space Agency (NASA). Landsat 8 acquires global moderate-resolution 

measurements of the Earth's terrestrial and polar regions in the near-infrared, thermal 

infrared, visible, and short-wave ranges. The satellite images (for 1988 and 2019, 

corresponding to the national population census) were accessed from the Earth Explorer 

archive. The images are of the same season and spatial resolution of 30 meters in pixel 

size 

3.5 Data Analysis 

Processing (conversion to a standard calendar, units, grid, and resolution) and statistical 

computations (e.g. means, anomalies, standard deviation, summations, and data de-

trending) of climate (temperature and precipitation) data were done in version 1.9.8 of 

the Climate Data Operators (CDO). CDO is a command-line suite for manipulating and 

analysing climate data. Additional computations were done in the R Project for Statistical 

Computing (hereinafter R; version 3.6.3). Spatial data visualization was done in Grid 

Analysis and Display System (GrADS, version 2.2.1.oga.1), while line plots were made 

in R using the ggplot2 (version 3.3.0) package. Due to data grid and resolution 

differences, computations were done in native grids and resolutions (as in Diaconescu et 

al., 2015) before bilinearly interpolating the processed files (as in Zhou et al., 2017) to 

facilitate comparison between model simulations and reference data. 

https://code.mpimet.mpg.de/projects/CDO
https://www.r-project.org/
https://www.r-project.org/
http://cola.gmu.edu/grads/
http://cola.gmu.edu/grads/
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3.5.1 Performance of CORDEX RCMs in Simulating East Africa’s Precipitation 

Characteristics 

The performance of RCMs was measured against a set of eight descriptors (Table 3), 

representative of both moderate and extreme precipitation events (precipitation-based 

indices and annual precipitation statistics). The consecutive dry days (CDD), consecutive 

wet days (CWD), and simple precipitation intensity index (SDII) are climate indices 

(Peterson et al., 2001) considered to be highly sensitive to global warming and climate 

change and are widely used in extreme precipitation identification and monitoring (e.g. 

Jiang et al., 2015; Osima et al., 2018; Sillmann et al., 2013; Zhou et al., 2014). Two 

criteria were used in the analysis: the performance of models in simulating spatial rainfall 

characteristics over East Africa. The other criterion was the performance of RCMs in 

simulating temporal characteristics of rainfall over East Africa. 

Table 3: Climate indices and precipitation statistics used as descriptors of a rainy season 

in the study 

Descriptor Acrony

m 

Description Unit 

Simple 

precipitatio

n intensity 

index 

SDII Mean precipitation amount on a wet day. Let RRij be 

the daily precipitation amount on wet day w (RR ≥ 1 

mm) in period j. If W represents the number of wet 

days in j then the simple precipitation intensity index 

SDIIj = sum (RRwj) / W 

mm/

day 

Consecutive 

dry days 

CDD Maximum length of dry spell (RR < 1 mm) Let RRij 

be the daily precipitation amount on day i in period j. 

Count the largest number of consecutive days where 

RRij < 1 mm. 

days 

Consecutive 

wet days 

CWD Maximum length of wet spell, maximum number of 

consecutive days with RR ≥ 1mm: Let RRij be the 

daily precipitation amount on day i in period j. Count 

the largest number of consecutive days where: 

RRij ≥ 1mm 

days 

    

Mean daily 

precipitatio

n for MAM 

season 

MAM For every adjacent sequence t_1, ..., t_n of timesteps 

of the same year it is:  

o(t, x) = mean{i(t’ , x), t1 < t’ ≤ tn}; 

computed for March-May of every year in the series 

mm/

day 
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Mean daily 

precipitatio

n for OND 

season 

OND For every adjacent sequence t_1, ..., t_n of timesteps 

of the same year it is:  

o(t, x) = mean{i(t’ , x), t1 < t’ ≤ tn}; 

computed for October-December of every year in the 

series 

mm/

day 

Mean daily 

precipitatio

n in a year 

ANN For every adjacent sequence t_1, ..., t_n of timesteps 

of the same year it is:  

o(t, x) = mean{i(t’, x), t1 < t’ ≤ tn}; 

computed for every year in the series 

mm/

day 

Representat

ive of heavy 

precipitatio

n events 

90p For every adjacent sequence t_1, ..., t_n of timesteps 

of the same year it is: 

o(t, x) = pth percentile {i(t’, x), t1 < t’ ≤ tn}; 

here computed for the 90th percentile. For this study, 

90p represents the threshold for identifying heavy 

precipitation events 

days 

Representat

ive of very 

intense 

precipitatio

n events 

99p For every adjacent sequence t_1, ..., t_n of timesteps 

of the same year it is: 

o(t, x) = pth percentile{i(t’, x), t1 < t’ ≤ tn}; 

here computed for the 99th percentile. For this study, 

99p represents very intense precipitation events. 

days 

First, the performance of RCMs in simulating the region's rainfall characteristics was 

done using RCMs forced by re-analysis data (ERAINT) for the period 1990-2008, 

corresponding to data availability for all RCMs (Table 1). Secondly, performance 

assessment was done on RCMs forced by GCMs. Here, 24 model runs (Table 2), their 

ensemble mean, and ensemble means for model runs by each RCM were analysed. The 

assessment was done for the period 1983 to 2005 corresponding to data availability for 

reference data (CHIRPS and TAMSAT3, which are available from 1981 and 1983 to near 

present, respectively) and the historical simulations of the CORDEX-Africa RCMs 

(available from around 1950 to 2005).  

3.5.1.1 Spatial Correlation Analysis 

Taylor diagrams (Taylor, 2001) were plotted to show the overall skill of RCMs (forced 

by ERAINT) in simulating spatial patterns of precipitation relative to observations. A 

Taylor diagram is used to characterize the statistical relationship between two items: the 

reference item and the test item. The distance between the origin and the test item is the 

standard deviation, while the distance between the test and the reference items is the root-

mean-square (RMS). The cosine of the polar angle equals the correlation. As calculated 
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by the root-mean-square (RMS), a model with no error would be considered a "perfect" 

model.  

In the current study, Taylor diagrams were plotted using de-trended data to minimize the 

influence of data stationarity and the non-zero mean (e.g. Reid, 2017; Wu et al., 2007). 

Given that RCMs forced by GCMs are not time-synchronous (Eden et al., 2014), Taylor 

diagrams were plotted only for RCMs forced by ERAINT. 

3.5.1.2 Inter-annual Variability Skill Score 

Inter-annual variability skill scores (IVS; Chen et al., 2011) were computed to show the 

performance of RCMs in simulating inter-annual precipitation characteristics for East 

Africa. The IVS is given by: 

 𝐼𝑉𝑆 = (
𝑆𝑇𝐷𝑚

𝑆𝑇𝐷𝑜
 −  

𝑆𝑇𝐷𝑜

𝑆𝑇𝐷𝑚
)
2

         ………………………………... Equation 

1 

where STDo and STDm represent the standard deviation for observations and 

models, respectively. An IVS value of 0 implies that STDo is equal to STDm and 

the closer an IVS value is to 0 the better the skill in simulating the inter-annual 

variability (Chen et al., 2011). 

3.5.1.3 Comprehensive Rating Metrics (MR) 

An overall rating of the RCMs’ performance in simulating both spatial and temporal 

rainfall characteristics was done. Here, a comprehensive rating index (MR, Jiang et al., 

2015) was used as follows: 

𝑀𝑅 = 1 −
1

𝑛𝑚
𝛴𝑖=1
𝑛 𝑟𝑎𝑛𝑘𝑖  ………………………………………….. Equation 2 

where n is the number of indices under consideration and m the number of RCMs. 

In the MR ranking, models are ranked from position 1 to position m - where m is the 

number of models being ranked. The model with an MR value closest to 1 gives the best 

simulation compared to other models under consideration (Jiang et al., 2015). In the 

current study, MR values were computed for both IVS and spatial correlation coefficients 
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(PCC) and presented in scatter plots. The best performing models (for both criteria) are 

located on the 1st quadrant (Q1) while the least performing ones are on the 3rd quadrant.  

3.5.2 Future Rainfall Change Projections for East Africa 

Using the top-performing models identified in subsection 1.4 and their ensemble mean, 

an analysis of future changes in the eight rainfall descriptors was done using climate 

projections following the RCP 8.5 (Moss et al., 2010) forcing. The RCP 8.5 (also referred 

to as 'worst-case scenario') assumes net radiation (at the top of the atmosphere) of 8 W/m2 

by the end of the current century (the year 2100). The period 1977 to 2005 was used as a 

reference period (hereafter, Baseline), representing the last part of the 'historical' 

CORDEX simulation. The analysis of future changes in East African rainfall was done 

for the period 2071 to 2099 (hereafter, Future).  

Specifically, significant (at 95% confidence interval) differences in the Future and the 

Baseline climatology were computed and plotted for each of the eight descriptors. Box 

plots were also done for all the eight descriptors to show spatial variability in future 

changes. Additionally, the right tail distribution of precipitation events, represented as the 

difference between 99th and 90th percentiles (99p–90p), was used to assess past and future 

heavy precipitation events over east Africa. Here, the 99p represents the threshold for 

very intense precipitation, while the 90p represents the threshold for heavy precipitation 

events. The 90th and 99th percentiles (hereafter 90p and 99p, respectively) were computed 

by aggregating daily precipitation values of the period under study over each grid point 

(as in Scoccimarro et al., 2013). 

3.5.3 Building Foundations for Climate Services for Sustainability 

This section worked on examples to show how the knowledge generated from the 

meteorological part of the current study (objectives 1 and 2) can be used in various sectors 

of the economy. Specifically, applications on the agriculture, tourism, and health sectors 

were done as detailed in the following subsections. 
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3.5.3.1 Climate Services for Sustainability in Agriculture: A Case of Smallholder 

Farmers in Kilifi County 

This part of the study used data from a social survey done in Kilifi County from October 

2015 to February 2016 to establish the smallholder farmers' perceptions of climate 

change. The survey, done by the author of this thesis (Ogega, 2017), also sought to 

determine the farmers' reactive and proactive responses to the changing climate. Semi-

structured questionnaires were administered to 350 households representing all the 35 

Wards of Kilifi County. Additionally, key-informant persons drawn from the farming 

community and the county administration were interviewed in parallel with the household 

survey. Findings from the questionnaire and key-informant interview data were shared 

with stakeholders in focus group discussions (FGDs) for feedback, validation, and 

dissemination.  

Historical rainfall data analysis for the period 1981 to 2018 was done using CHIRPS – 

Daily, v.2.0 data. An ensemble mean of the top models identified in subsection 3.5.1 was 

used to assess Kilifi's climate projections under RCP 8.5. Specifically, an analysis of 

CDD, CWD, SDII, MAM, and OND, as described in Table 3, was done. Year-to-year 

area-averaged standardized rainfall anomalies for Kilifi County were plotted (using 

CHIRPS data) to show historical seasonal precipitation patterns over Kilifi County. The 

use of standardized anomalies frees data from the influences of dispersion (Dabernig et 

al., 2017). Values within -1 and 1 imply a normal range while those between -2 and -1 

and 1 and 2 represent below and above normal, respectively. Values below -2 and above 

2 imply the extreme occurrence of the parameter under consideration (in the current study, 

precipitation). Future precipitation change projections for Kilifi County were computed 

by subtracting the climatological means between the Baseline (period 1977 to 2005) and 

the Future (period 2071 to 2099). Plots for the significant (at 95% confidence level) for 

Kilifi were made. 

Through FGDs - whose membership was comprised of representatives of farmers, local 

administration, academia, civil society organizations, and the media - potential solutions 

to issues raised in the social survey were exhaustively discussed. Among the key issues 

emerging from the social survey was the need for a robust and well-coordinated climate 
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change adaptation approach as a pathway to sustainable farming activities in Kilifi 

County. The focus-group discussions and knowledge from the literature resulted in an 

innovative climate change adaptation approach for smallholder farmers in Kilifi County. 

The approach uses climate services as a critical input for effective climate change 

adaptation and sustainability. 

3.5.3.2 Climate Services for Sustainability in Health 

As an example of how climate services can be used in the health sector, an assessment of 

the potential impact of global warming scenarios (1.5 oC and 2.0 oC) on Malaria 

transmission in East Africa was done. Climatic factors (e.g. temperature and 

precipitation) play an important role in malaria vector abundance and distribution (Arab 

et al., 2014; Mohammadkhani et al., 2016). In the current study, a review of the literature 

was done to identify precipitation and temperature thresholds within which malaria 

vectors thrive. The review results were used to analyse historical (2000-2017) trends in 

precipitation, temperature, and clinical malaria cases. Specifically, standardized 

anomalies (as in Dabernig et al., 2016) were computed to determine normal, above/below 

normal, and extreme events. Linearly de-trended temperature and precipitation data were 

correlated with reported clinical malaria cases in the study domain to assess climatic 

factors' potential influence on Malaria cases. 

With reference to the pre-industrial period (1861-1890), years 2022 and 2037 have been 

identified as mid-years for 30-year windows when 1.5 oC and 2.0 oC global warming level 

(GWL)s, respectively, are first expected (Nikulin et al., 2018). Therefore, with the period 

1977-2005 as the control (CTL), differences between periods 2008-2037 and 2023-2052 

(corresponding to 1.5 oC and 2.0 oC GWLs, respectively) were calculated for temperature 

and precipitation over the study domain. A comparison of temperature and precipitation 

values in the control (CTL), 1.5 oC, and 1.5 oC GWLs (relative to established thresholds 

within which malaria vectors thrive) was used to determine the potential impact of 1.5 oC 

and 2.0 oC GWLs on malaria transmission in East Africa. 
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3.5.3.3 Climate Services for Sustainability in Tourism: The Future of Nairobi National 

Park in a Changing Climate and Urban Growth 

Gridded temperature (CRU TS) and precipitation (CHIRPS) data were used to compute 

historical (1981 to 2018) annual and inter-annual variability over Nairobi. Here, 

standardized anomalies were used to show extents of variability above or below the 

normal range. An analysis of future temperature and precipitation changes over Nairobi 

was done by computing differences (at 95% confidence level) between the Baseline (1977 

to 2005) and the Future (2071 to 2099), under RCP 8.5. 

A review of open-source satellite imagery from Landsat (Landsat 4 Thematic Mapper and 

Landsat 8, Roy et al., 2014)  was done to identify spots of spatial change with an impact 

on the borders and surrounding NNP. Urban development elements with an effect on the 

park were also mapped to illustrate anticipated urbanization trends into the future. 

Specifically, atmospheric correction and radiometric calibration were performed 

separately on the satellite bands to enhance the image quality and accuracy (as in Liang 

et al. 2002). Image pre-processing was done using QGIS Semi-Automatic Classification 

plugin and exported for stacking using the ArcGIS 10.6 software. Band stacking and 

mapping were done to generate urban sprawl images. This was done by combining near 

infra-red, red, and green bands. The study used bands 4, 3, and 2 for the Landsat Enhanced 

Thematic Mapper (ETM) and 5, 3, and 2 bands for Landsat 8.  
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CHAPTER 4: RESULTS AND DISCUSSION 

This section gives a presentation and discussion of the results from the analysis. 

Subsection 4 presents the climatology of East Africa while 4.2 presents the performance 

of CORDEX RCMs in simulating East Africa's rainfall variability. Subsection 4.3 

presents projections of rainfall variability over East Africa while 4.4 presents examples 

of climate services for effective climate change adaptation in agriculture, tourism, and 

health in East Africa. 

4.1 The Climatology of East Africa 

An analysis of the annual climatology of East Africa (Figure 4.1) showed the highest 

mean rainfall concentration over most of Uganda, western Kenya, and parts of southern 

Tanzania compared to the rest of the study domain. Areas over northern Kenya recorded 

the least precipitation with mean daily precipitation values below 2 mm/day. The MAM 

season recorded the highest amount of rain followed by OND and JJA, respectively. The 

JJA season showed a relatively dry rainfall regime over most of the study domain except 

for most of Uganda and western Kenya. The three seasons correspond to the main 

planting seasons in East Africa (e.g. Ogutu et al., 2018; Vrieling et al., 2013), although 

the seasons' suitability is area-specific. 
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Figure 4.1. Seasonal rainfall climatology over East Africa for the period 1981-2019. All 

units are in mm/day 

Many areas over north-eastern Kenya and central and south-western Tanzania recorded 

more than 150 consecutive dry days (CDD) compared to the rest of the study domain 

(Figure 4.2). Uganda recorded the least CDDs with areas around Lake Victoria receiving 

less than 50 CDDs in a year. Areas around Lake Victoria and southern Tanzania recorded 

the highest consecutive wet days (CWD). The least episodes of CWDs (of less than 5, 

especially in the northern part of the country) were recorded over Kenya compared to her 

neighbours in the region. In terms of intensity (SDII), the eastern part of the study domain 

recorded more intense rainfall than the western part. The highest intensity was recorded 

in central Kenya (around 1 oS 38 oE) and southern Tanzania (around 9 oS 37 oE). 
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Figure 4.2: Mean annual precipitation indices over East Africa for the period 1981-

2019. Units are in days (CDD and CWD), mm/day (SDII), and mm/year (99p-90p) 

An analysis of the width of the right tail precipitation distribution over the study domain 

(Figure 4.2, 99p-90p) showed a sporadic spread of heavy precipitation events with most 

areas recording less than 20 mm/day. However, a few areas over Lake Victoria and 

southern Tanzania recorded heavy precipitation episodes exceeding 50 mm/day. 

A plot of annual precipitation cycles for select parts of the region (Figure 4.3) showed 

two peaks (March and November) in precipitation. The two peaks correspond to mid-

months of the MAM and OND main rainy seasons in East Africa. However, this analysis 
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showed an earlier onset for MAM and OND seasons where MAM rains seemed to begin 

in February and the OND rains beginning in September. January and February recorded 

significant precipitation hence alluding to a merger between OND and MAM seasons in 

several areas of the region. Increasing rainy season lengths could be pointing out to what 

has been termed as the 'East African climate paradox' (e.g. Wainwright et al., 2019). Here, 

climate projections show an increasing rainfall in the future period contrary to observed 

long-rains decline spanning the early 1980s to the late 2000s. 

 

Figure 4.3: Annual precipitation variability for Bujumbura (Buj), Dagoretti (Dag), 

Dodoma (Dod), Entebbe (Ent), Kigali (Kig), and an average for East Africa (EA). All 

units are in mm/year 

A plot of year-to-year precipitation totals (Figure 4.4) shows high spatial and temporal 

variability. Except for Entebbe, the other stations analysed show a marginal increase in 

rainfall totals from 2010 to 2019. Entebbe, on the other hand, receives more rainfall than 

the other stations considered in this analysis. 
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Figure 4.4: As in Figure 4.3 but for inter-annual precipitation cycles 

Overall, rainfall in East Africa showed a high variability in both time and space as 

inferenced by similar studies (e.g. Endris et al., 2013; Nicholson, 2014; Wenhaji Ndomeni 

et al., 2018). With the current trends in climate change and variability in the region 

(Ogega et al., 2020; Osima et al., 2018), concerted efforts should be made to enhance the 

understanding of rainfall variability for socio-economic sustainability.  

4.2 Performance of CORDEX RCMs in Simulating East Africa’s Rainfall 

Characteristics 

This subsection analyses the performance of CORDEX RCMs in reproducing annual 

(ANN) and seasonal (MAM and OND) rainfall characteristics over East Africa. The 

MAM and OND seasons were selected for being the corresponding rainfall seasons to the 

main planning seasons in East Africa.  

4.2.1 Simulation of Spatial Rainfall Patterns over East Africa 

First, spatial plots of differences between models (ensemble mean) and observations in 

mean annual (ANN) and seasonal (MAM and OND) rainfall values over the study domain 

were made (Figure 4.5). Comparatively, no discernible differences were observed 

between values obtained with either CHIRPS or TAMSAT3 as the reference dataset. 

Generally, the RCMS could represent the spatial precipitation characteristics over the 
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study domain with good skill. The RCMs seemed to over-estimate precipitation over Lake 

Victoria and some areas over central and western Tanzania. The RCMs also showed a 

marginal under-estimation of precipitation over northern Uganda.  

 

Figure 4.5. Climatology (top panel, using CHIRPS) and differences in mean MAM, 

OND, and ANN precipitation values between GCM-driven RCMs (ensemble mean) and 

observations (CHIRPS and TAMSAT3) for the period 1983-2005. The mid and bottom 

panels show significant values at 95% confidence level while areas with no significant 

differences are shown in white. Units are in mm/day (top panel) and mm/year (mid and 

bottom panels) 

An analysis of the width of the right-tail distribution of precipitation (99p-90p) over the 

study domain (Figure 4.6, first column) showed a general model agreement with 

observations over most of the study domain except in many areas over Uganda where 
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models seemed to under-estimate the 99p-90p statistic. Additionally, the models seemed 

to over-estimate the 99p-90p statistic over a few areas over Lake Victoria and western 

Kenya. There were no discernible differences between values obtained using CHIRPS 

and TAMSAT3 as reference datasets. 

 

Figure 4.6. Same as Figure 4.5 but for 99p-90p, CDD, CWD, and SDII. All units are in 

mm/day (99p-90p and SDII), days (CDD and CWD) 

The RCMs generally under-estimated the SDII index (Figure 4.6, fourth column) over 

most of the study domain. The biggest differences were recorded over central Kenya, and 

TAMSAT3 showed the more under-estimation than CHIRPS. The RCMs generally over-

approximated the CWD index  (Figure 4.6, second column) with values exceeding 50 

days over parts of Lake Victoria. Additionally,  the models under-estimated the CWD 

index over sections of the domain with values of up to 50 days recorded over north-

eastern Kenya and central Tanzania. The CDD index (Figure 4.6, third column) was 

generally over-estimated by the models but with values not exceeding 20 days over most 

of the domain. 
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Using model simulations forced by ERAINT, Taylor diagrams were plotted to show the 

performance of the simulations in reproducing spatial precipitation patterns relative to 

observations. Here, the multi-model ensemble mean was the median top performer 

compared to individual model simulations, for all the eight precipitation descriptors 

analysed. For ANN, MAM, and OND (Figure 4.7), OND recorded the highest correlation 

(ranging from 0.75 to 0.98) between RCMs and observations. Here, CLMcom and 

MOHC and CLMcom and UQAM showed the highest correlation with reference to 

CHIRPS and TAMSAT3, respectively. With both CHIRPS and TAMSAT3 as reference 

datasets, the multi-model ensemble mean for all RCMs was among those with the highest 

correlation coefficients for both ANN and MAM. The CLMcom model featured among 

the models with the highest correlation coefficients for ANN, MAM, and OND with 

TAMSAT3 as the reference dataset. The MAM season recorded the least correlation 

coefficients with the highest being 0.55 with CHIRPS as the reference dataset. 

 

Figure 4.7: Taylor Diagrams showing spatial correlation (for the period 1990-2008) 

between models and observations for ANN, MAM, and OND 

Relatively lower correlation coefficients were recorded for CDD, CWD, and SDII 

(Figure 4.8). The highest correlation coefficient was about 0.76 recorded for CWD and 

SDII. CDD recorded the lowest coefficients, somewhat, compared to CWD and SDII. 
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The multi-model ensemble mean (Ensmean) outperformed individual models in 

reproducing CDD for both TAMSAT3 and CHIRPS. The top performers for CWD and 

SDII were MOHC- HadRM3P and RCA and UQAM and Ensmean, respectively, with 

reference to CHIRPS. In comparison with TAMSAT3 data, KNMI and MOHC- 

HadRM3P gave the best simulation for CWD while SDII was best simulated by CLMcom 

and MOHC- HadRM3P. 

 

Figure 4.8: As in Figure 4.7 but for CDD, CWD, and SDII 

As shown in Figure 4.9, the RCMs gave a better reproduction of 90p (with the highest 

coefficient being 0.82) compared to 99p (highest coefficient is 0.75). The highest 

correlation coefficients for both 90p and 99p, relative to CHIRPS, were given by UQAM 

and Ensmean. Relative to TAMSAT3, CLMcom, and MOHC- HadRM3P and Ensmean 

and CLMcom recorded the highest correlation coefficients for 90p and 99p, respectively. 
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Figure 4.9: As in Figure 4.7 but for 90p and 99p 

Overall, the RCMs (forced by ERAINT) showed a good representation of the eight 

descriptors of rainfall over East Africa. With CHIRPS as the reference data, Ensmean, 

UQAM, and MOHC- HadRM3P were the top performers in reproducing East Africa's 

spatial rainfall characteristics. With TAMSAT3 as the reference data, Ensmean, 

CLMcom, and MOHC- HadRM3P showed superior performance compared to other 

models under consideration. Given that the current analysis used an ensemble mean of 24 

RCM simulations, the recorded differences between RCMs and observations could be 

because of inter-model differences and uncertainties. However, most parts of the study 

domain show no significant differences between RCMs and observations across all the 

seven precipitation descriptors used in the current study.  
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4.2.2 Simulation of Interannual Variability over East Africa 

Using data from RCMs forced by ERAINT, a  high interannual precipitation variability 

and inter-model uncertainties were recorded for the study domain. Nonetheless, the 

RCMs could follow the general year-to-year rainfall patterns over East Africa relative to 

observations. TAMSAT3 seemed to over-approximate CDD compared to CHIRPS 

(Figure 4.10). Most RCMs seemed to agree with CHIRPS with HIRHAM5, and the multi-

model ensemble mean giving the closest values to CHIRPS values. TAMSAT3 and 

CHIRPS, however, agree on CWD approximations (Figure 4.10, bottom row) with MPI, 

SMH, and CLMcom being the closest fits. 

 

Figure 4.10: Year-to-year CDD (top) and CWD (bottom) variability, spatially averaged 

for East Africa 
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All RCMs seemed to under-approximate SDII relative to TAMSAT3 and CHIRPS 

(Figure 4.11 top row), with values from HIRHAM5, ICTP, and UQAM being closest to 

observations. Most models under-estimated the mean annual rainfall (ANN), with 

MOHC-HadRM3p, and the multi-ensemble mean being the closest fits relative to 

observations (Figure 4.11). Many RCMs could reproduce the 1997/1998 El Niño – 

induced extreme rainfall recorded in East Africa (Latif et al., 1999; Nicholson, 2017). 

 

Figure 4.11: As in Figure 4.10 but for SDII and annual daily mean rainfall (ANN) 

Discernible inter-model differences were recorded in the MAM season (Figure 4.12 top 

row), with values from SMHI, MOHC-HadRM3p, and the multi-ensemble mean being 

closest to observations. However, the OND season was well reproduced across models 

(Figure 17, bottom row). 
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Figure 4.12: As in Figure 4.10 but for MAM and OND daily mean rainfall 

The 90p and 99p statistics showed high inter-model uncertainty and inter-annual 

variability (Figure 4.13). The MOHC-HadGEM3-RA and UQAM gave the best 

reproduction of 90p while 99p was best reproduced by CLMcom and the multi-model 

ensemble mean. 
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Figure 4.13: As in Figure 4.10 but for 90p and 99p 

The next subsection ranks the performance of RCM simulations in reproducing both the 

spatial and interannual precipitation variability over East Africa. 

4.2.3 Model Ranking 

Scatter diagrams were plotted to facilitate the assessment of the overall performance of 

RCMs in simulating both spatial and temporal rainfall characteristics over East Africa, 

relative to observations. The model ranking was done in two parts; RCMs simulations 

forced by ERAINT and those forced by GCMs. The model ranking was also done 

separately with either CHIRPS or TAMSAT3 as the reference dataset. 
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4.2.3.1 Model simulation ranking using models forced by ERAINT 

With CHIRPS as the reference data, ICTP, CLMcom, and MOHC-HadGEM3-RA gave 

the best reproduction of the interannual variability score (IVS, Figure 4.14). MPI, 

HIRHAM5, and RACMO22T trailed other models in reproducing the IVS. In terms of 

spatial correlation (PCC), the top-performing RCMs were MOHC-HadRM3p, CLMcom, 

and Ensmean, while the least performing models were ICTP, MPI, and MOHC-

HadGEM3-RA.  

 

Figure 4.14: Model ranking (MR) based on IVS (y-axis) and correlation coefficients (x-

axis), relative to CHIRPS data, using ERAINT-driven RCMs 

Model rankings with TAMSAT3 as the reference dataset (Figure 4.15) showed similar 

results to those with CHIRPS. The similarity in results from both TAMSAT3 and 

CHIRPS was expected, given that both datasets were used as observational datasets in 

the current study. 



56 

 
 

 

 

Figure 4.15: As in Figure 4.14 but relative to TAMSAT3 data 

The overall top three performing models (with either CHIRPS or TAMSAT3 as the 

reference dataset) are summarized in Table 4. These findings are consistent with similar 

assessments that have been done on the study domain where the multi-model ensemble 

mean has been found to show superior performance (e.g. Endris et al., 2013). 

Table 4: Top performing ERAINT-driven RCMs relative to both CHIRPS and TAMSAT3 

data 

Institute RCM ID Acronym 

Climate Limited-area Modelling Community (CLM-

Community) 

CCLM4-8-17.v1 CLMcom 

Met Office Hadley Centre HadRM3P.v1 MOHC 

Multi-model ensemble mean for nine ERAINT-forced RCMs used in the 

study 

Ensmean 

4.2.3.2 Model simulation ranking using model simulations forced with GCMs 

With CHIRPS as the reference data (Figure 4.16), the top five model runs in simulating 

year-to-year precipitation characteristics over EA are RCA4 (r1i1p1) forced by MPI-M-

MPI-ESM-LR, RCA4 (r1i1p1) forced by CNRM-CERFACS-CNRM-CM5, HIRHAM5 

(r1i1p1) forced by NCC-NorESM1-M, and RCA4 (r3i1p1) forced by MPI-M-MPI-ESM-

LR, respectively. Spatial precipitation characteristics were best simulated by REMO2009 

(r1i1p1) forced by MPI-M-MPI-ESM-LR, RCA4 (r1i1p1) forced by CNRM-CERFACS-

CNRM-CM5, RCA4 (r1i1p1) forced by MPI-M-MPI-ESM-LR, RCA4 (r1i1p1) forced 

by ICHEC-EC-EARTH, and an ensemble mean for all GCMs driving RCA4, 

respectively. 
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Figure 4.16: Model ranking (MR) for GCM-driven RCMs based on IVS (y-axis) and 

correlation coefficients (x-axis), relative to CHIRPS data 

The best performing model simulations for both criteria (IVS and PCC) are presented in 

Table 5.  Overall, RCA4 (r1i1p1) forced by MPI-M-MPI-ESM-LR and RCA4 (r1i1p1) 

forced by CNRM-CERFACS-CNRM-CM5 emerged among the top model runs 

(relatively) in simulating both spatial and year-to-year precipitation characteristics over 

East Africa. 

Table 5: Top five model runs in simulating both spatial and temporal precipitation 

characteristics with reference to CHIRPS 

Institute RCM Ensemble Driving Model 

Max Planck Institute 

(MPI), Germany 

REMO2009 r1i1p1 MPI-M-MPI-ESM-LR 

Sveriges 

Meteorologiska och 

Hydrologiska 

SMHI Rossby 

Center 

Regional 

r1i1p1 MPI-M-MPI-ESM-LR 

CNRM-CERFACS-CNRM-

CM5 
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Institut (SMHI), 

Sweden 

Atmospheric 

Model (RCA4) 

CCCma-CanESM2 

r2i1p1 MPI-M-MPI-ESM-LR 

 

Unlike in the case of CHIRPS as the reference data where models were concentrated in 

Q1, Q2, and Q4 (with none in the Q3), TAMSAT3 spreads the models in all quadrants 

(Figure 4.17). The best model runs in simulating year-to-year characteristics are CCLM4 

(r1i1p1) forced by CNRM-CERFACS-CNRM-CM5, RCA4 (r1i1p1) forced by MPI-M-

MPI-ESM-LR, HIRHAM5 (r1i1p1) forced by NCC-NorESM1-M, CCLM4 (r1i1p1) 

forced by ICHEC-EC-EARTH, and CCLM4 (r1i1p1) forced by MPI-M-MPI-ESM-LR. 

The best model runs for spatial characteristics were REMO2009 (r1i1p1) forced by MPI-

M-MPI-ESM-LR, RCA4 (r1i1p1) forced by MPI-M-MPI-ESM-LR, RCA4 (r1i1p1) 

forced by IPSL-IPSL-CM5A-MR, RCA4 (r1i1p1) forced by CNRM-CERFACS-CNRM-

CM5, and RCA4 (r2i1p1) forced by MPI-M-MPI-ESM-LR. In terms of both IVS and 

PCC, RCA4 (r1i1p1) forced by MPI-M-MPI-ESM-LR, RCA4 (r2i1p1) forced by MPI-

M-MPI-ESM-LR, RCA4 (r1i1p1) forced by CNRM-CERFACS-CNRM-CM5, CCLM4 

(r1i1p1) forced by MPI-M-MPI-ESM-LR, and REMO2009 (r1i1p1) forced by MPI-M-

MPI-ESM-LR emerged as the top five model runs, respectively. The RCA4 (r1i1p1) 

forced by MPI-M-MPI-ESM-LR is the only model run that appeared among the top 

model runs in simulating both spatial and temporal precipitation characteristics of East 

Africa. 
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Figure 4.17: Same as Figure 4.16 but using TAMSAT3 as reference data 

The top five model runs in simulating spatial and temporal precipitation characteristics 

(with reference to TAMSAT3 data) are summarized in Table 6. The RCA4 (r1i1p1) 

forced by MPI-M-MPI-ESM-LR is the only model run that appeared among the top 

model runs in simulating both spatial and temporal precipitation characteristics of East 

Africa. 

Table 6: Top five model runs in simulating both spatial and temporal precipitation 

characteristics with reference to TAMSAT3 

Institute RCM Ensemble Driving Model 

Max Planck 

Institute (MPI), 

Germany 

REMO2009 r1i1p1 MPI-M-MPI-ESM-LR 

Sveriges 

Meteorologiska och 

Hydrologiska 

Institut (SMHI), 

Sweden 

SMHI Rossby 

Center Regional 

Atmospheric 

Model (RCA4) 

r1i1p1 MPI-M-MPI-ESM-LR 

CNRM-CERFACS-CNRM-

CM5 

r2i1p1 MPI-M-MPI-ESM-LR 
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Climate Limited-

Area Modelling 

(CLM) Community 

CLMcom 

COSMOCLM 

(CCLM4) 

r1i1p1 MPI-M-MPI-ESM-LR 

CHIRPS has been shown to give a better simulation of precipitation over EA than 

TAMSAT3 relative to observations (Dinku et al. 2018). In the current study, however, 

both CHIRPS and TAMSAT3 agreed on the top four model runs (Table 7) hence posing 

no need to choose between ranking results. 

Table 7: Top four model runs in simulating EA’s precipitation characteristics 

Institute RCM Ensemble Driving Model 

Max Planck Institute 

(MPI), Germany 

REMO2009 r1i1p1 MPI-M-MPI-ESM-LR 

Sveriges 

Meteorologiska och 

Hydrologiska 

Institut (SMHI), 

Sweden 

SMHI Rossby 

Center 

Regional 

Atmospheric 

Model (RCA4) 

r1i1p1 MPI-M-MPI-ESM-LR 

CNRM-CERFACS-CNRM-

CM5 

r2i1p1 MPI-M-MPI-ESM-LR 

Comparatively, the RCA4 and CCLM4 were the top RCMs in reproducing East Africa's 

spatio-temporal rainfall characteristics, whether forced by ERAINT or GCMs. Previous 

studies over the current study domain suggest that a multi-model ensemble mean for 

RCMs forced by GCMs represents the climatology of precipitation over East Africa fairly 

well (e.g. Endris et al. 2013; Shiferaw et al. 2018; Kisembe et al., 2018). However, these 

studies either used RCMs driven by re-analysis data (ERAINT) or an ensemble mean of 

RCMs but not an ensemble mean of individual model runs. Results from the current study 

showed that an ensemble mean for the top four model runs performed better (ranked 5th 

after the top four model runs) than the multi-model ensemble mean for 24 model runs 

(Figure 4.18). Comparatively, the multi-model ensemble mean (24 runs), and ensemble 

means for each RCM did not make it to the 1st quadrant. Therefore, a multi-model 

ensemble mean for a big set of model runs seems to be less competent in simulating both 

spatial and temporal precipitation characteristics for East Africa. Additional information 

on model simulation rankings is available in appendices  7.1, 7.2, 7.3, 7.4, 7.5, 7.6, 7.7, 

and 7.8.  
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Figure 4.18: Same as Figure 4.16 but now incorporating an ensemble mean (Mean*) of 

the best 4 models  

The results from the current study agree with those from Dosio et al. (2019) who inferred 

that differences in RCM and GCM simulations make it challenging to subsample a 

particular model ensemble sufficient to produce a more robust result or reduce 

uncertainty. The multi-model ensemble mean's relative dismal performance (24 runs) in 

simulating East Africa's spatial and temporal precipitation characteristics could be 

attributed to various factors, including a generally high variability in East Africa's year-

to-year precipitation patterns (e.g. Endris et al. 2013). The complexity of East Africa's 

weather and climate caused by a blend of local and external systems such as topography 

and large inland water bodies (Nicholson 1997) could also be responsible for varied 

model simulations for East Africa. The current resolution and parameterization of RCMs 

could be missing the impact of some of the local features, leading to reduced performance 

in simulation (Dosio & Panitz, 2016). 
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4.3 Future Precipitation Events over East Africa in a Changing Climate   

Future changes in precipitation, under RCP8.5, were analysed using an ensemble mean 

of the top model runs identified in section 4.2. A plot of changes in future precipitation 

(FUT) relative to the reference period (HIST) showed a generally drying trend for ANN, 

MAM, and OND precipitation (Figure 4.19). However, the OND season showed a 

wetting trend with mean changes of up to 5 mm/day recorded over parts of Lake Victoria.  

 

Figure 4.19: The climatology of East Africa (1977-2005, HIST) and significant 

differences (at 95% confidence interval) between mean precipitation values in the 

future period and the historical period (FUT-HIST), using an ensemble mean of top 

four model runs under the RCP8.5 scenario. All units are in mm/day  

An analysis of the climate indices (Figure 4.20) showed no discernible changes for the 

99p-90p statistic except on a few areas over Lake Victoria where changes exceeding 15 

mm/day were recorded. Generally, the 99p-90p statistic showed a drying trend with areas 

over southern Tanzania recording changes exceeding -15 mm/day. Discernible changes 

were recorded for the CDD index especially over Uganda where changes exceeding 20 

days per year were recorded. At the same time, areas northeast of Kenya and central 

Tanzania recorded a significant decrease in the CDD index with values exceeding -40 
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days per year. The CWD index showed a generally wetting trend with values exceeding 

10 days per year recorded over most of the study domain. The SDII index showed a 

general decrease over most of the study domain, with central Kenya recording mean 

values of up to -10 mm/day. However, some areas over Lake Victoria, parts of Uganda 

and western Kenya recorded an increase in SDII of up-to 5 mm/day. 

 

Figure 4.20: Same as Figure 4.19 but for 99p-90p, CDD, CWD, and SDII 

Box plots (Figure 4.21 and Figure 4.22) were used to show mean changes over the study 

domain. As shown in Figure 4.21, no significant changes in mean daily precipitation were 

recorded for ANN. A marginal drop of about 0.2 mm/day was shown for the MAM season 

while the OND precipitation showed an increase of about 0.5 mm/day to a daily average 

of 4 mm by 2100. A reduction in future MAM daily mean rainfall could be caused by 

projected earlier onset/cessation dates for MAM precipitation hence potentially affecting 

(relative to the baseline) the MAM season length (Dunning et al. 2018; Wainwright et al. 

2019). The SDII index recorded an increase of about 3 mm/day implying a potential for 

more intense precipitation over the study domain by end of the 21st century. 
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Figure 4.21: Mean future (fut) precipitation changes over the study domain relative to 

the historical period for ANN, MAM, OND, and SDII. Outliers represent grid-cells with 

projected changes exceeding 1.5 x Inter-Quartile Range (IQR) above the upper 

quartile. All units are in mm/day 

Projections for the CDD index (Figure 4.22) showed an increase of about ten days to 

around 105 days compared to CWD, which showed a marginal decrease of about three 

days. Projections for heavy precipitation events (90p) showed no discernible changes, 

while projections for very intense precipitation (99p) showed an increase of about five 

days in a year. The precipitation distribution's right tail width (99p-90p) showed an 

increase of about 5 mm/day to an average of 20 mm/day. More details of the model 

performance and future precipitation changes over East Africa were published in a journal 

article named Appendix 7.9. 
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Figure 4.22: Same as Figure 4.21 but for CDD, CWD, 90p, 99p, and 99p-90p 

These results complement other works showing a projected increase in OND seasonal 

precipitation over EA (e.g. Cook & Vizy 2013; Muhati et al., 2018; Gebrechorkos 2019) 

by showing the distribution at the daily timescale. An increased OND season length due 

to late precipitation onset and cessation (Wainwright et al., 2019) could explain the high 

OND precipitation. A warming western Indian Ocean (Lazenby et al. 2018) potentially 

enhancing other conditions for OND precipitation could also be responsible for the 

projected increase in OND precipitation.  Additionally, the results from the current study 

agreed with, and complemented, other recent works in the study domain (e.g. Osima et 

al. 2018; Gudoshava et al. 2020) but showed slight differences in details – possibly 

because the two studies computed the indices at seasonal timescales under global 

warming scenarios of 1.5 oC and 2.0 oC. The future changes in CDD and CWD could be 

as a result of a shift in general circulation patterns such as the El Niño Southern 

Oscillation (ENSO), the Indian Ocean Dipole (IOD) (Shonk et al. 2018; Endris et al. 

2019). Future changes in the distribution and occurrence of precipitation have also been 

linked to changes in southward and northward movement patterns of the intertropical 

convergence zone (ITCZ) over EA (Dunning et al., 2018). Projections show a decline in 

June to August (JJA), and MAM mean precipitation (Endris et al. 2019) hence increasing 

CDD events in the study domain. 
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Consistent with similar studies in the study domain (e.g. Shongwe et al. 2011; Vizy & 

Cook 2012; Dunning et al., 2018), findings of the current study show an increase in SDII 

of up-to 2.5 mm/day (about 25%) over most of the study domain except for Burundi and 

northern Kenya and east African coast where no significant changes are recorded. 

Increased CDD events, decreasing CWD events, the drying MAM and JJA seasons, and 

an increase in SDII imply a possibility of fewer rainy days with above-normal daily 

precipitation. This observation poses a threat to agricultural activities and socio-economic 

well-being in East Africa, whose economy is primarily driven by rainfed smallholder 

farming (Salami et al., 2010; Alessandro et al. 2015). 

East Africa's economy is mainly supported by agriculture, tourism, and related sectors, 

which predominantly depend on rainfall (Alessandro et al. 2015; Hawinkel et al. 2016). 

Given that the study domain is already facing the impacts of a changing climate (e.g. 

Morton 2007; Ochieng et al., 2016; Mubiru et al. 2018), an increase in heavy and intense 

precipitation events in the future is likely to affect the socio-economic well-being of the 

region adversely. Therefore, there is a need to design and implement effective climate 

services for adaptive capacity enhancement and sustainable socio-economic development 

in a changing climate. 

4.4 Building Foundations for Climate Services for Sustainability 

This subsection samples the use of climate services in the agriculture, health, and tourism 

sectors. It contributes to effort being dispensed by various actors to build foundations for 

the design and use of climate services for sustainability in multiple sectors. 

4.4.1 Impact of 1.5 oC and 2 oC Global Warming Scenarios on Malaria Transmission 

in East Africa 

This subsection analysed the impact of 1.5 oC and 2 oC Global Warming Scenarios on 

Malaria Transmission in East Africa. Results from this subsection shows how climate 

information can be used to inform decisions in the health sector and were published in a 

journal article attached to this thesis as Appendix 7.10. 
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4.4.1.1 Assessing the Relationship Between Precipitation, Temperature, and Malaria 

Vectors 

Climatic factors significantly influence An. funestus, An. gambiae s.s., and An. 

arabiensis; the most potent malaria vectors in East Africa (Dida et al., 2018; Karungu et 

al., 2019). For instance, An. funestus tends to be adversely affected by temperatures 

exceeding 28 oC (Charlwood, 2017). Its wing-size has a high correlation with elevation 

and temperature and a low correlation with wind speed and rainfall (Ayala et al., 2011). 

The survival of An. gambiae s.s is significantly influenced by temperature during the 

larval development (Christiansen-Jucht et al. 2014). Additionally, the mortality of 

adult An. gambiae s.s. increases with temperatures above 27 oC.  

In areas with high malaria transmission by An. funestus, precipitation tends to be 

positively correlated with transmissions caused by An. arabiensis and An. gambiae s.s. 

while temperature tends to be negatively correlated (Kelly-Hope et al., 2009). Further, a 

temperature-dependent and stage-structured delayed differential equation developed by 

Beck-Johnson et al. (2013) showed that mosquito population abundance is strongly 

influenced by the dynamics of juvenile mosquito stages which are temperature-

dependent. Their model places a peak in abundance of mosquitoes old enough to transmit 

malaria at around 25 °C. Generally, studies have shown that significant malaria 

transmission in Africa occurs in areas with temperature ranging from 18 °C to 28 °C, with 

25 °C as the optimum temperature (e.g. Craig et al., 1999; Mordecai et al., 2013). Hence, 

our study adopted the 18 °C – 28 °C as the temperature range within which significant 

malaria transmission occurs. 

While no distinct annual precipitation thresholds have been established for malaria 

transmission, precipitation plays a vital role in both mosquito abundance and spatial and 

temporal malaria transmission. It does so by providing good aquatic environments to host 

malaria vectors. Indeed, heavy and extreme precipitation events have been associated 

with higher malaria cases in East Africa (e.g. Brown et al., 1998; Hashizume et al., 2009; 

Kilian et al., 1999). For instance, a study by Gilioli & Mariani (2011) established that a 
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10 percent increase in precipitation can result in about 6 percent increase in mosquito 

population in Kenya.  

The current assessed the climatology for mean annual precipitation and how it may 

change under GWL1.5 and GWL2.0. The changes in precipitation patterns were used to 

estimate the intensity and extent of malaria transmission in East Africa under the two 

warming scenarios. 

4.4.1.2 Trends in Temperature, Precipitation, and Clinical Malaria Cases in East 

Africa 

Despite heavy investments (Head et al., 2017) made to combat and eliminate malaria in 

the study domain, clinical malaria cases showed some correlation with precipitation and 

temperature. Siaya and Kigali (b and d, respectively, in Figure 4.23) are good examples 

where clinical malaria cases corresponded to trends in climate variables, especially the 

mean temperature. 
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Figure 4.23: Year-to-year anomalies (standardized) for annual precipitation (black), 

mean temperature (red), and clinical malaria cases (blue) for Gitega, Burundi ( a), 

Siaya, Kenya ( b), Jinja, Uganda ( c), Kigali, Rwanda ( d), and Morogoro, Tanzania ( 

e), for the period 2000–2017, using CHIRPS data 

Pearson correlation coefficients (PCCs) for five administrative areas recording the 

highest number of clinical malaria cases per country (Table 8) showed a positive 

relationship between temperature and clinical cases, in 22 out of 25 areas under 

consideration. Burundi recorded the highest positive PCCs (up-to 0.6) between 

temperature and clinical cases while Uganda recorded the highest negative PCCs (up-to 

-0.4). Most areas (16 out of 25) recorded a negative correlation between precipitation and 

clinical malaria cases, with the highest negative correlation being -0.4. The rest showed 

a marginal positive correlation with the highest being 0.3. 

 

 

https://aasopenresearch.s3.amazonaws.com/manuscripts/14263/b8419544-b1b6-461c-a357-4a2d34799122_figure2.gif
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Table 8: Pearson correlation coefficients for de-trended precipitation (pr) and mean 

temperature (tmp) values relative to clinical malaria cases. Values marked with * are 

significant at 95% significance interval  

  Kenya Rwanda 

Busi

a 

Kisu

mu 

Siaya Kakam

ega 

Bungo

ma 

Kig

ali 

North South East Wes

t 

pr -

0.01 

0.1 0.14 0.19 -0.13 -

0.31 

-0.3 -0.1 -0.2 -0.1 

tmp 0.19 0.23 0.07 0.23 0.4 0.2 0.3 0.4 0.4 0.23 

  Tanzania Burundi 

Geit

a 

Kage

ra 

Mwan

za 

Mbeya Morog

oro 

Gite

ga 

Kirun

do 

Muyi

nga 

Ngo

zi 

Ruyi

gi 

pr 0.03 -0.35 -0.18 0.29 0.24 0.24 -0.09 -0.13 0.07 0.07 

tmp 0 0.55* 0.25 0.4 0.44 0.5* 0.5* 0.6* 0.5* 0.36 

  Uganda   

Igan

ga 

Jinja Kaab

ong 

Kamuli Wakis

o 

pr -

0.21 

-0.33 -0.35 -0.23 -0.21 

tmp -

0.11 

0.1 -0.39 -0.03 0.3 

 

As shown in Table 8, most areas (16 out of 25) recorded a negative correlation between 

precipitation and clinical malaria cases, with the highest negative correlation being -0.4. 

The rest showed a marginal positive correlation with the highest being 0.3. Given that 

precipitation regimes over the study domain are well-defined (e.g. Nicholson, 2017; 

Schreck & Semazzi, 2004), the observed negative correlation between precipitation and 

clinical malaria cases could be due to deliberate intensification efforts to combat malaria 

during the rainy seasons. Nonetheless, areas that record a positive correlation between 

rainfall and malaria cases (9 out of 25) imply a need for more interventions to minimize 

malaria transmission.  

4.4.1.3 Future Changes in Precipitation and Temperature under 1.5 oC and 2.0 oC 

GWLs 

Most of the study domain (except northern Kenya) received at least 400 mm/year of 

precipitation – the minimum annual precipitation threshold for mosquito vector survival 

(Figure 4.24). Many areas such as the Lake Victoria region, most of Tanzania and 
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Uganda, and coastal Kenya recorded more than 800 mm/year of precipitation; the 

threshold for maximum survival suitability for malaria vectors. Under 1.5 oC and 2.0 oC 

GWLs, the study domain did not record (except for a few places over Tanzania) any 

significant changes in precipitation (at 95% confidence interval). While global warming 

of up-to 2.0 oC may not necessarily significantly change East Africa's mean annual 

rainfall, the region already received enough precipitation for malaria vector abundance. 

 

 

Figure 4.24: Climatology and future changes (at 95% confidence interval) in 

precipitation (top row) and temperature  (bottom row) thresholds under GWL1.5 and 

GWL2.0 scenarios relative to the control period (1977-2005). Water bodies are shown 

in grey 

In terms of temperature, all areas in the study domain recorded temperatures within the 

suitability threshold (13-30 oC) for malaria vectors. Areas in red (Figure 4.33, bottom 

https://aasopenresearch.s3.amazonaws.com/manuscripts/14263/b8419544-b1b6-461c-a357-4a2d34799122_figure3.gif
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row) recorded a temperature range within which maximum suitability (20-25 oC) occurs 

for malaria vectors. Below/above the 20-25 oC threshold (shown in white), the suitability 

for malaria vector abundance decreases towards none. Under GWL1.5, the study domain 

recorded a temperature change ranging from 0.5 to 1.5 oC, potentially increasing the 

portion of East Africa with the maximum suitability threshold for malaria vector 

abundance. This was particularly true for Burundi, Rwanda, and central Kenya (Central 

and Nairobi provinces), where clinical malaria cases were relatively low. A mean 

temperature increase of between 1 - 2 oC was expected over the study domain under the 

GWL2.0. The temperature increase was likely to affect many parts of western Kenya and 

Tanzania, most of Rwanda, Burundi, and Uganda hence potentially increasing the area 

recording the maximum suitability threshold (20-25 oC) for malaria vectors in East 

Africa. Results from the current study are consistent with findings from similar studies 

done over the study domain (e.g. Gudoshava et al., 2020; Osima et al., 2018; Ogega et al. 

2020).  

Existing literature indicates that global warming is likely to increase the seasons and 

geographical extents for malaria transmission resulting in more cases and newer malaria 

hotspots (e.g. Ebi et al., 2018; Himeidan & Kweka, 2012; Karungu et al., 2019; Peterson, 

2009). While big investments have been made towards eliminating malaria in East Africa, 

sustaining the gains made so far remains a significant challenge (Bashir et al., 2019; 

Nkumama et al., 2017). The current study established that despite the ongoing 

interventions in East Africa, the occurrence of clinical malaria cases was still being 

influenced by climatic factors. Therefore, a warming globe was likely to make it difficult 

to sustain gains made and slow down the match towards malaria elimination in East 

Africa. 

4.4.2 Exploring the Future of Nairobi National Park in a Changing Climate and 

Urban Growth 

This subsection analysed the impact of climate change and variability and urban growth 

on Nairobi National Park, as an example of the impacts of climate change on tourism. 
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Results from this subsection were published in a journal article enclosed to this thesis as 

Appendix 7.11. 

4.4.2.1 Historical Rainfall Trends over Nairobi Metropolis 

A time series analysis for Nairobi showed a high year-to-year rainfall variability (Figure 

4.25 and Figure 4.26) in both temperature and precipitation. While no discernible trends 

were shown for rainfall, the temperature showed a positive trend from below normal 

during 1981-1990 to above normal from 2000 – 2018. The wettest year for Nairobi was 

2018, while the driest year was 2000. The warmest year for Nairobi was 2016, while the 

coolest year was 1989. 

 

Figure 4.25: Standardized anomalies for year-to-year cycles for precipitation (top row) 

and temperature (bottom row) for Dagoretti Station, Nairobi  

A plot of standardized anomalies for mean annual temperature for Nairobi (Figure 4.26 

and Figure 4.27) showed a bimodal temperature regime with March and October as the 

peaks. July was the coldest month for Nairobi. A bi-modal rainfall was also recorded with 

April and November being the peaks. The lowest rainfall is recorded between June and 

September. 
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Figure 4.26: As in Figure 4.25 but for annual cycles 

While Kenya lies in the tropics, it (as well as the entire east African region) does not 

experience either a wet climate in annual mean precipitation terms or a monsoonal climate 

in annual precipitation cycle terms. East Africa, instead, experiences a semi-arid or arid 

climate characterized by a bimodal yearly variability of precipitation. The bimodal annual 

precipitation variability has been attributed to the combined yearly cycles of monsoonal 

winds and the Indian Ocean sea-surface temperature (SST, Yang et al., 2015).  

Rainfall variability has differential effects on wildlife (Gandiwa et al., 2016). This 

includes changes in grazing patterns and the movement of wildlife in and around the 

conservation areas. Given Nairobi National Park (NNP) 's relatively small spatial extent 

(about 117 km2) and the encroachment into the wildlife dispersal areas in Kajiado and 

Machakos counties, rainfall variability adversely affects wildlife and wildlife activities in 

and around the park. This variability may have contributed to the recorded cases of 

human-wildlife conflict in Nairobi and Kitengela. In the recent past, lions have been 

spotted roaming Nairobi's streets and neighbourhoods adjacent to NNP (Karimi, 2016). 

This calls for close monitoring of rainfall trends and outlooks to pre-empt any potential 

risk of human-wildlife cases. In so doing, better management of the park is possible to 

ensure the prosperity and sustainability of NNP. 
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4.4.2.2 Future Rainfall Changes for Nairobi Metropolis 

Relative to the baseline, no significant MAM and JJA precipitation changes were shown 

for Nairobi by the end of the 21st century (Figure 4.27). OND season showed a positive 

shift of up to 150 mm/year in rainfall. An increase in annual rainfall totals of at least 150 

mm was shown in the projections for Nairobi. The potential increase in rainfall poses 

good news for wildlife in the park as it implies a possible rise in water and pasture 

availability. On the flip side, the presence of more wildlife in the park may bring with it 

a risk of increased human-wildlife conflict, especially with park-adjacent communities. 

 

Figure 4.27: Historical climatology and future changes (at 95% confidence level) in 

precipitation for Nairobi Metropolis. NNP is marked with ‘x’  

Temperature projections showed a potential rise of at least 3 oC over Nairobi by the end 

of the 21st century (Figure 4.28 and ). The warming is likely to increase the average annual 

temperature from the current 20 oC to about 24 oC, MAM temperature from 20 oC to 23 

oC, JJA temperature from 18 oC to 22 oC, and OND temperature from 19 oC  to 22.5 oC. 

This temperature change may affect the hydrological drought patterns (e.g. Van Loon, 

2015) in NNP and, consequently, influence movement of wildlife in and out of the park 
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in search of shelter. As a result, the potential for human-wildlife conflict, especially with 

park-adjacent communities and those along the wildlife dispersal areas, is likely to be 

enhanced under a changing climate. Therefore, more resources may need to be allocated 

towards monitoring climatic changes and adjust accordingly to minimize the human-

wildlife risk. 

 

Figure 4.28: As in Figure 4.27 but for temperature 

4.4.2.3 Assessment of Historical Urban Growth Patterns in Nairobi Metropolis 

An exponential population growth was observed in the three counties surrounding NNP 

(Nairobi, Kajiado, and Machakos counties; Figure 4.29). With reference to 1989, 

Nairobi's population had grown 3.6-fold to 4.4 million, Machakos 1.8-fold to 1.4 million, 

and Kajiado 3.7-fold to 1.1 million people. Consequently, the rapid population growth 

had increased residential, and transportation needs within the Nairobi metropolis.  
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Figure 4.29: Population growth in Nairobi and counties surrounding Nairobi National 

Park 

While NNP is fenced along its borders with the rest of Nairobi and Machakos Counties, 

satellite imagery analysis showed clear encroachment into the park by residential and 

transportation infrastructure (Figure 4.30 and Figure 4.31). Enhanced human activities in 

Nairobi and its environs is have gradually replaced vegetative cover, especially in Nairobi 

and Kajiado counties, with built-up urban areas. 
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Figure 4.30: Spatial plots for Nairobi County showing vegetation and impervious area 

distribution over time showing differences in healthy vegetation (dark red), sparse 

vegetation (light red) and impervious surfaces (in grey) between 1988 and in 2019 
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Figure 4.31: Same as Figure 4.30 but highlighting the growth of Nairobi in 2019 

compared to 1988 

Large-scale transportation projects have shaped the structure of urban development 

around the NNP while encroaching on the park. The Southern Bypass, for instance, was 

one of the roads identified in Nairobi's Master Plan of 1973 as a crucial transportation 

artery for the city. Over the years, however, land allocated for construction of the bypass, 
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particularly along the northern border of the Nairobi National Park, was grabbed and 

residential units built on the land. A 7-km long Standard Gauge Railway (SGR) line has 

been constructed right through the park. Additionally, there are plans to connect the 

Internal Container Depot just outside the park by a 4 km road corridor measuring 21 

meters in width within the Southern Bypass Park. The intensification of development, 

high levels of sub-division of land coupled with the fencing within the southern border 

county of Kajiado poses the risk of increasingly blocking migration routes for wildlife 

while increasing human-wildlife conflict opportunities.  

Some efforts have been made to address urban development's sprawl into previously 

pastoral areas in Kajiado County. In the year 2000, the Wildlife Lease Conservation 

Programme run by the World-Wide Fund for Nature was initiated. In the programme, 

landowners along migratory corridors were paid KES 300 per acre annually (Nkedianye, 

2004) to allow unrestricted passage for wildlife.  In 2011, a master plan for the Kitengela-

Isinya-Kipeto area was launched, aiming at curbing sub-division along wildlife migration 

corridors. Besides, the Kajiado County government in 2018 released new zoning 

guidelines that seek to limit the ongoing land fragmentation in the county's rural sections. 

In Nairobi County, however, there has been little policy direction to protect the park from 

encroachment. 

In summary, there is a need for the administrators of NNP to engage the administrators 

of the Nairobi metropolis to ensure that the future survival and prosperity of NNP is 

guaranteed. There is evidence of a rapidly growing population in the Nairobi metropolis 

areas and increased human activity around NNP and the wildlife dispersal areas. Analysis 

of the climate data also shows significant historical rainfall variability as well as in the 

outlook. Therefore, a concerted effort from all stakeholders is required to formulate and 

implement robust policies that will check human activities around NNP and its wildlife 

dispersal areas. In so doing, human-wildlife conflict cases will be reduced, the NNP 

ecosystem conserved, and the socio-economic benefits of the NNP fostered. 



81 

 
 

 

4.4.3 Climate Services for Sustainability in the Agriculture Sector 

This subsection analysed past and future climate patterns and their impacts on 

smallholder farmers in Kilifi County. Based on the results of the analysis and information 

provided by the smallholder farmers in Kilifi County, a customized climate change 

adaptation approach was co-produced. The work done on this section was published in a 

journal article enclosed to this thesis as Appendix 7.12. 

4.4.3.1 Historical and future precipitation patterns over Kilifi County 

A year-to-year plot of standardized anomalies (Figure 4.32) showed a generally 

decreasing trend for the three seasons (MAM, JJA, and OND). MAM rainfall variability 

was, largely, within the normal range (-1 to -1) except for a few cases of above normal 

(1981, 1986, 2007 and 2017) and below normal (1992, 2001, 2004, 2009, 2011, and 2012) 

precipitation. The OND season showed variability mainly within the normal range except 

for 1997 and 2006 when the area experienced extreme rainfall (above 2). While JJA 

season recorded the least rainfall in Kilifi County, its year-to-year variability showed a 

tendency towards above and below normal rainfall.  

 

Figure 4.32: Year-to-year standardized seasonal precipitation anomalies for Kilifi 

County, averaged for the period 1981 to 2018 

The climatology plots for annual (ANN) and seasonal (MAM and OND) rainfall over 

Kilifi (Figure 4.33) showed no significant rainfall changes in the future period (FUT, 
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2071 to 2100) relative to the baseline (HIST, 1976 to 2005) for ANN and MAM, under 

the RCP 8.5. A slight increase of up to 3 mm/day in OND rainfall, especially in the 

northern part of Kilifi County, was recorded. Kilifi County seemed to receive its highest 

rainfall during the OND season compared to MAM season. 
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Figure 4.33: Climatology of mean daily rainfall for the baseline period (HIST), future 

period (FUT) and significant (at 95% confidence level) changes between FUT and 

HIST for ANN, MAM, and OND (top, middle, and bottom rows, respectively). Water 

bodies are shown in grey  

For climate indices (Figure 4.34), no significant changes were shown for CDD. While 

CWD recorded some reduction in the FUT period compared to the baseline, the changes 
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were not significant at a 95% confidence level. SDII showed an increase in the FUT 

period, especially at the coastal strip. A reduction in the number of CWD events and an 

increase in SDII implies a possibility of heavier rainy events than normal. The increased 

daily rainfall intensity may lead to cases of flooding hence potentially disrupting normal 

life in Kilifi – especially during the OND season. 

 

Figure 4.34: As in Figure 4.33 but for CDD, CWD, and SDII 
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4.4.3.2 Smallholder Farmers’ Perception and Response to Climate Change and 

Variability in Kilifi County 

Knowledge of weather and climate variability over time for smallholder farmers in Kilifi 

County is presented in Figure 4.35. Most farmers (78 percent) cited crop failure 

(attributed to changing rainfall patterns) as the main consequence of a changing climate 

in Kilifi County. Specifically, inconsistency - in terms of onset and cessation timing, 

frequency, and intensity - of the rains during crop growing seasons was identified as a 

perennial impediment to good crop yields. Respondents did not perceive temperature 

change as an issue in Kilifi County (results not shown).  

 

Figure 4.35: Farmers’ perceptions (top row) and effects (bottom row) of climate 

change and variability in Kilifi County. Multiple responses were allowed 

In response to changes in rainfall, farmers had made adjustments to their farming 

practices over time (Figure 4.36). Most respondents had diversified crop variety (33 
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percent) followed by the introduction of fertilizer or manure to farming (25 percent). The 

farmers informed that the use fertilizer/manure was now necessary unlike before when 

good yields were possible even without fertilizer/manure. Diversification of crop variety 

and irrigation initiatives were also identified as other farming adjustments made in 

response to changing weather and climate patterns.   

 

Figure 4.36: Farmers’ main source of livelihood (top row) and their adjustment to a 

changing climate (bottom row) in Kilifi County  
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Notably, hardly any farmers were diversifying to non-farming sources of livelihood 

(Figure 4.36). A few farmers (22 percent) were engaged in some form of business. 

However, farming remained their primary source of livelihood. Findings on the farmers' 

perceptions agree with the seasonal (OND and MAM) rainfall time series for Kilifi 

County.  

Results from the questionnaire and key-informant interviews were shared with 

participants through a focus group discussion (FGD). The sharing was done to facilitate 

knowledge co-production and dissemination. Membership of the FGD was composed of 

farmers, local administration, academia, civil society organizations, and the media. 

Potential solutions to issues raised in the social survey were exhaustively discussed, key 

among them being the need for a robust and well-coordinated climate change adaptation 

approach as a pathway to sustainable farming activities in Kilifi County. Outcomes from 

the focus-group discussions and knowledge from the literature were used to propose an 

innovative climate change adaptation model for Kilifi (Figure 4.37). The model, building 

on earlier works by Ogega (2017) and Ojwang et al. (2017), uses climate services as a 

critical input for effective climate change adaptation and sustainability. 

 

Figure 4.37: An integrated climate change adaptation approach (adapted from Máñez 

et al., 2014; Scoones, 1998)   

The proposed climate change adaptation model (Figure 4.37) puts climate services at the 

centre of interventions made in response to weather and climate variability. Notably, the 

model is driven by a trans-sector implementation task force comprised of representatives 
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of farmers, researchers, local administration, and the market. The taskforce ensures that 

farmers get the best climate services, helps implement interventions, and links farmers to 

the pre-arranged market. This model is formed against a backdrop of a Capital Approach 

Framework detailed in Máñez et al. (2014) and Ojwang et al. (2017). The framework 

considers adaptation from five critical lenses; financial, social, human, political, and 

environmental capitals, which provide an enabling environment for interventions to lead 

to sustainable adaptation.   
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CHAPTER 5: SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS 

This chapter gives a summary of the work done (5), conclusions (5.2), and 

recommendations for policy and further research (5.3). 

5.1 Summary 

The study set out to assess historical intraseasonal rainfall variability, generate future 

intraseasonal rainfall scenarios, and build on climate service foundations for sustainable 

climate change adaptation in East Africa. An assessment of the performance of CORDEX 

RCMs in simulating East Africa’s rainfall spatial and temporal variability was done, after 

which the best performing models were used to assess projections for future rainfall 

changes over the study domain under a global warming scenario. After that, examples of 

how sector-specific climate services could be used to enhance climate change adaptation. 

Specifically, the first objective evaluated the performance of CORDEX RCMs in 

simulating observed spatial and temporal intraseasonal rainfall characteristics and heavy 

precipitation events over East Africa. Here, two sets of CORDEX RCM data were used: 

one driven by reanalysis data (ERAINT) and the other group driven by CMIP 5 GCMs. 

Overall, RCA4 (r1i1p1) forced by CNRM-CERFACS-CNRM-CM5 and MPI-M-MPI-

ESM-LR, REMO2009 (r1i1p1) forced by MPI-M-MPI-ESM-LR, and RCA4 (r2i1p1) 

forced by MPI-M-MPI-ESM-LR emerged as the top four model runs in simulating both 

spatial and temporal characteristics of precipitation over East Africa. 

Contrary to earlier studies (e.g. Endris et al., 2013; Kisembe et al., 2018; Nikulin et al., 

2012) that showed that a multi-model ensemble mean could sufficiently simulate East 

Africa’s precipitation characteristics, results from the current study showed a dismal 

performance of the multi-model ensemble (for a large number of ensemble members) 

when assessed against a big set of criteria compared to a smaller ensemble mean of the 

top-performing models. In this study, an ensemble mean of the top four model runs 

outperformed an ensemble mean of 24 model simulations and ensemble means for all 

runs in an RCM. Of the top four model simulations, three are from the RCA4 model, 

while the other is from the REMO2009 model. Comparatively, the RCA4 and CCLM4 

emerge as the top RCMs in reproducing East Africa’s spatio-temporal rainfall 
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characteristics, whether forced by ERAINT or GCMs. 

The second objective was to investigate whether observed rainfall characteristics change 

in the future under a global warming scenario. Here, the top four model runs (and their 

ensemble mean) were used to assess future changes in all the eight rainfall descriptors 

under the RCP 8.5 scenario. Consistent with recent studies in the study area that had 

shown a decrease/increase in future mean MAM/OND precipitation (e.g. Endris et al., 

2019), results from this study showed a reduction/increase in mean daily precipitation for 

MAM/OND for the period 2071-2099.  An increase/decrease in CDD/CWD events in the 

study domain was also recorded consistent with findings from similar studies in the study 

domain (e.g. Gudoshava et al., 2020; Osima et al., 2018; Wainwright et al., 2019). 

Projections for SDII and the width of the right tail of the precipitation distribution (99p-

90p) showed an increase in most parts of the study domain. An increase in SDII and 99p-

90p implies a potential for heavy and extreme precipitation incidences by the year 2100 

relative to the baseline (1977-2005). 

The third objective aimed at building on foundations for the use of climate services for 

sustainability in the agriculture, tourism, and health sectors. On health, the study sought 

to establish the relationship between climatic and clinical malaria cases in East Africa. It 

also assessed how these trends might change under the 1.5 oC and 2.0 oC global warming 

(1.5GWL and 2.0GWL, respectively). An analysis of trends during the period 2000-2017 

showed a predominantly positive/negative correlation between clinical malaria cases and 

temperature/precipitation in East Africa. The relationship was well defined for 

temperature than precipitation, possibly due to enhanced malaria control interventions 

during the rainy seasons. Relative to the control period (1977-2005), no significant 

precipitation changes were to be expected in East Africa under 1.5GWL and 2.0GWL. 

However, temperature seemed to increase by 0.5 - 1.5 oC and 1.0 - 2.0 oC under 1.5GWL 

and 2.0GWL, respectively. The increasing temperature was likely to increase the portion 

of East Africa, recording annual average temperatures within the thresholds where 

maximum suitability for malaria vector abundance occurs. 

An analysis of the impact of a changing climate on coastal smallholder farmers in Kilifi 
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County was also done. Here, a social survey was done to establish the farmers’ perception 

of climate change in their area and their adaptive capacity against the changing climate. 

Historical rainfall trends were reviewed, and an outlook of future rainfall changes 

analysed. Here, enhanced within-season rainfall variability was observed, a phenomenon 

that had adversely affected smallholder farming in Kilifi. Future rainfall projections also 

pointed to more intraseasonal rainfall variability over Kilifi hence posing a threat to 

disrupt cropping seasons. Information from the climate data and the social survey was 

used to design an innovative, robust, and effective climate change adaptation approach. 

The climate change adaptation approach would enhance smallholder farmers' adaptive 

capacity for prosperity and sustainability in the changing climate. 

An assessment of historical seasonal rainfall variability over Nairobi was done. The 

results show significant variability, especially for the MAM and OND seasons. An 

analysis of historical urban growth patterns in the Nairobi metropolis showed a 

considerable increase in population. The study also showed a loss of vegetative cover 

over time and increasing settlement activities around the Nairobi National Park (NNP) 

and its wildlife dispersal areas. While the Nairobi metropolis's need to source for 

additional space for its ever-growing population is appreciated, a balance between social, 

economic, and environmental factors is paramount in safeguarding the prosperity and 

survival NNP. In so doing, the park will be conserved as it continues to provide vital 

ecosystem goods and services to the residents of Nairobi. 

5.2 Conclusions  

1. RCA4 (r1i1p1) forced by CNRM-CERFACS-CNRM-CM5 and MPI-M-MPI-ESM-

LR, REMO2009 (r1i1p1) forced by MPI-M-MPI-ESM-LR, and RCA4 (r2i1p1) 

forced by MPI-M-MPI-ESM-LR (and their ensemble mean) emerged as the top RCM 

model simulations (from a pool of 30 candidates) that adequately reproduce East 

Africa’s rainfall characteristics 

2. The intensity of rainfall received in a rainy day has been increasing in many parts of 

East Africa. However, the length of rainy seasons has been decreasing over time, 

leading to shorter rainy seasons but with more intense rainfall on rainy days. 
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Additionally, East Africa is likely to receive fewer rainy days under global warming 

but with more intense rainfall in the future. This is likely to cause more frequent and 

severe flooding events in the region 

3. The current interventions to help smallholder farmers adapt to climate change are not 

sufficient. There is a need for a well-planned, coordinated, and implemented 

adaptation approach to boost the smallholder farmers’ adaptive capacity for 

sustainability. 

4. Global warming scenarios of 1.5 oC and 2 oC are likely to increase temporal and 

spatial malaria transmission in East Africa. Therefore, interventions should be 

intensified to sustain gains made towards malaria elimination in the region. 

5. At the current trends and situation, the future of Nairobi National Park is not 

guaranteed. Increasing Park encroachment activities coupled with changing weather 

and climate trends may not only diminish the park but is also likely to drive wildlife 

out of the park in search of better habitat. 

5.3 Recommendations 

1. With the projected increase in daily rainfall intensity and heavy rainfall events, East 

Africa should strengthen its resilience against floods and heavy rains to minimize the 

negative impacts. On the flip side, more investment should be made in water 

harvesting schemes to ensure adequate water availability during droughts. 

2. For a more appropriate climate change adaptation for smallholder farmers, the use of 

an integrated climate change adaptation approach produced in this thesis is 

recommended. 

3. Global warming is likely to increase the season and geographical extent of malaria 

transmission in East Africa. Therefore, the world should collectively work towards 

keeping global warming below 1.5 oC. Meanwhile, investment should be intensified 

hasten and sustain gains made towards malaria elimination in the region. Further, 

more research is required to enhance the understanding of the influence of other 

environmental factors (e.g. altitude and humidity) on malaria transmission in East 

Africa.  
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4. With the increased encroachment that the park has experienced over time, there is an 

urgent need for all stakeholders to work together in safeguarding the park’s survival 

and prosperity. While infrastructural development is necessary for Nairobi's 

prosperity, the growth must not be done at the expense of the world’s only national 

park adjacent to a capital city. A strategic balance between environmental, economic, 

and social considerations is imperative for sustainability.   
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APPENDICES 

7.1 ERAINT-driven Model Ranking Based on Inter-annual Variability Scores (IVS), 

for TAMSAT3 Data 

 

7.2 ERAINT-driven Model Ranking Based on IVS, for CHIRPS Data 

 

7.3 ERAINT-driven Model Ranking Based on Pearson Correlation Coefficients 

(PCCs), for TAMSAT3 Data 

 

 

 

ANN MAM OND 90p 99p ANN MAM OND 90p 99p

ICTP 0.004 0.048 0.139 0.594 0.016 31.397 0.458 0.989 2 1 4 2 1 7 3 3

MPI 2.118 0.411 1.698 3.890 0.622 21.042 36.306 0.819 9 5 9 9 3 5 9 2

MOHC_HadGEM3_RA 0.148 0.128 0.015 0.743 1.354 32.176 0.946 1.553 3 4 2 3 5 8 5 4

MOHC_HadRM3p 0.421 0.091 0.035 1.053 2.073 26.772 0.795 2.033 4 3 3 4 6 6 4 5

HIRHAM5 1.045 1.250 0.841 1.153 2.548 17.809 2.841 4.155 7 8 7 5 7 3 8 7

RACMO22T 0.703 1.112 1.030 1.265 25.941 12.075 0.947 7.359 5 7 8 6 9 2 6 9

CLMcom 0.002 0.435 0.014 0.188 0.256 7.749 0.127 0.075 1 6 1 1 2 1 1 1

SMHI 1.871 0.082 0.784 2.600 1.190 19.487 1.051 3.638 8 2 6 8 4 4 7 6

Ensmean 0.746 3.387 0.212 2.190 2.737 43.782 0.215 5.453 6 9 5 7 8 9 2 8

RCM

IVS Ranking based on PCC

PR
CDD CWD SDII

PR
CDD CWD SDII

ANN MAM OND 90p 99p ANN MAM OND 90p 99p

ICTP 0.004 0.041 0.141 0.332 0.008 0.836 2.124 1.305 2 4 4 2 1 3 5 3

MPI 2.118 0.045 1.690 2.965 0.315 1.801 17.302 1.103 9 5 9 9 2 5 9 2

MOHC_HadGEM3_RA 0.148 0.004 0.014 0.443 0.846 0.791 3.277 1.967 3 1 1 3 5 2 7 4

MOHC_HadRM3p 0.421 0.014 0.034 0.678 1.396 1.170 2.932 2.525 4 2 3 4 6 4 6 5

HIRHAM5 1.045 0.434 0.836 0.756 1.766 2.338 0.756 4.969 7 8 7 5 7 7 3 7

RACMO22T 0.703 0.360 1.024 0.844 20.530 3.949 3.279 8.634 5 7 8 6 9 8 8 9

CLMcom 0.002 0.053 0.015 0.061 0.536 6.504 1.187 0.165 1 6 2 1 3 9 4 1

SMHI 1.871 0.018 0.779 1.912 0.724 2.037 0.089 4.375 8 3 6 8 4 6 2 6

Ensmean 0.746 1.708 0.209 1.580 1.913 0.333 0.052 6.455 6 9 5 7 8 1 1 8

SDII
RCM

IVS Ranking based on PCC

PR
CDD CWD SDII

PR
CDD CWD

ANN MAM OND 90p 99p ANN MAM OND 90p 99p

ICTP 0.39 -0.21 0.74 0.33 0.21 0.08 0.11 0.24 8 9 7 8 8 8 6 5

MPI 0.53 0.20 0.71 0.43 0.35 0.37 0.03 0.33 5 8 8 6 5 5 7 4

MOHC_HadGEM3_RA 0.35 0.33 0.79 0.20 0.22 0.05 0.39 0.06 9 4 6 9 7 9 3 9

MOHC_HadRM3p 0.66 0.35 0.86 0.72 0.51 0.38 0.43 0.49 3 3 2 2 3 4 1 2

HIRHAM5 0.39 0.24 0.81 0.41 0.21 0.42 -0.02 0.16 7 7 5 7 9 3 8 8

RACMO22T 0.59 0.27 0.83 0.67 0.41 0.20 0.42 0.19 4 6 4 3 4 6 2 7

CLMcom 0.86 0.61 0.87 0.84 0.73 0.52 0.30 0.61 1 1 1 1 1 1 5 1

SMHI 0.49 0.32 0.66 0.47 0.34 0.10 -0.08 0.23 6 5 9 5 6 7 9 6

Ensmean 0.69 0.39 0.85 0.67 0.62 0.48 0.37 0.46 2 2 3 4 2 2 4 3

RCM

Pearson Correlation Coefficient (PCC) Ranking based on PCC

PR
CDD CWD SDII

PR
CDD CWD SDII
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7.4 ERAINT-driven Model Ranking Based on PCCs, for CHIRPS Data 

 

 

7.5 GCM-driven Model Ranking Based on IVS, for TAMSAT3 Data 

 

 

 

 

 

 

ANN MAM OND 90p 99p ANN MAM OND 90p 99p

ICTP 0.57 0.10 0.88 0.62 0.16 -0.06 0.28 0.27 6 6 7 6 8 8 6 8

MPI 0.53 0.09 0.79 0.41 0.31 0.52 0.03 0.36 7 7 8 8 6 2 9 7

MOHC_HadGEM3_RA 0.35 0.06 0.89 0.26 0.08 0.45 0.24 0.13 9 8 5 9 9 5 7 9

MOHC_HadRM3p 0.67 0.55 0.94 0.73 0.40 0.47 0.74 0.45 4 1 2 3 5 4 1 5

HIRHAM5 0.44 -0.02 0.89 0.46 0.27 0.58 0.24 0.42 8 9 6 7 7 1 8 6

RACMO22T 0.74 0.48 0.93 0.70 0.56 0.12 0.34 0.53 1 3 4 4 1 7 5 3

CLMcom 0.71 0.32 0.96 0.75 0.53 0.37 0.45 0.57 3 5 1 2 3 6 4 2

SMHI 0.66 0.41 0.76 0.69 0.43 -0.08 0.52 0.50 5 4 9 5 4 9 3 4

Ensmean 0.73 0.52 0.94 0.76 0.54 0.52 0.52 0.62 2 2 3 1 2 2 2 1

SDII
RCM

Pearson Correlation Coefficient (PCC) Ranking based on PCC

PR
CDD CWD SDII

PR
CDD CWD

ANN MAM OND 90p 99p ANN MAM OND 90p 99p

CCLM4 (r1i1p1)-MOHC-HadGEM2-ES-HadGEM2-ES 0.0 0.9 0.3 4.2 0.0 0.1 0.4 0.6 2 23 9 21 2 11 15 13

CCLM4 (r1i1p1)-MPI-M-MPI-ESM-LR 0.2 0.0 0.1 4.2 0.6 0.0 0.1 0.0 5 9 7 22 12 2 6 1

CCLM4 (r1i1p1)-CNRM-CERFACS-CNRM-CM5 0.0 0.0 0.2 0.6 0.7 0.0 0.2 0.3 1 5 8 1 15 5 10 9

CCLM4 (r1i1p1)-ICHEC-EC-EARTH-EC-EARTH 0.0 0.0 0.0 0.6 0.8 0.3 0.4 0.0 3 1 1 2 18 14 16 4

MPI-REMO2009 (r1i1p1)-MPI-M-MPI-ESM-LR 1.6 0.3 0.5 2.9 0.1 0.8 7.9 0.0 17 18 11 16 4 22 27 2

MPI-REMO2009 (r12i1p1)-ICHEC-EC-EARTH-EC-EARTH 3.2 0.1 0.6 5.1 0.2 0.6 6.6 1.0 22 15 14 23 7 20 26 18

RCA4 (r1i1p1)-CSIRO-QCCCE-CSIRO-Mk3-6-0 1.6 0.1 1.3 3.2 0.9 0.5 0.0 0.9 18 10 18 19 20 18 2 15

RCA4 (r1i1p1)-MIROC-MIROC5 0.5 0.2 1.1 1.7 0.1 0.1 1.2 0.6 10 16 16 8 5 10 21 14

RCA4 (r1i1p1)-MOHC-HadGEM2-ES 1.4 0.3 1.1 2.3 0.6 0.4 0.2 1.2 14 19 17 12 14 17 11 19

RCA4 (r1i1p1)-NCC-NorESM1-M 1.9 0.1 0.9 2.5 0.0 0.3 0.0 0.3 21 12 15 14 3 13 1 8

RCA4 (r1i1p1)-MPI-M-MPI-ESM-LR 0.5 0.0 0.0 0.8 0.6 0.0 0.3 0.3 8 6 2 5 10 6 13 6

RCA4 (r1i1p1)-IPSL-IPSL-CM5A-MR 1.4 0.1 3.7 4.0 16.7 0.3 1.2 0.9 15 11 24 20 28 15 22 16

RCA4 (r1i1p1)-NOAA-GFDL-GFDL-ESM2M 0.5 0.2 0.1 1.4 0.2 1.0 0.2 0.0 11 17 4 7 6 24 9 3

RCA4 (r1i1p1)-CCCma-CanESM2 1.5 0.3 2.7 2.4 1.0 0.3 0.0 1.8 16 20 21 13 21 16 4 23

RCA4 (r1i1p1)-CNRM-CERFACS-CNRM-CM5 0.5 0.1 0.1 0.8 0.5 0.6 0.3 0.4 7 14 5 3 8 19 12 11

RCA4 (r1i1p1)-ICHEC-EC-EARTH 3.9 0.0 8.1 6.2 3.2 0.1 0.4 2.3 24 4 27 24 24 9 17 24

RCA4 (r12i1p1)-ICHEC-EC-EARTH 1.9 0.7 0.4 3.0 1.7 0.2 0.0 0.5 20 22 10 18 23 12 3 12

RCA4 (r2i1p1)-MPI-M-MPI-ESM-LR 0.5 0.0 0.0 0.8 0.6 0.0 0.3 0.3 9 7 3 6 11 7 14 7

RCA4 (r3i1p1)-ICHEC-EC-EARTH 1.2 0.0 0.1 2.1 0.7 0.0 0.2 0.9 12 3 6 11 16 1 8 17

RCA4 (r3i1p1)-MPI-M-MPI-ESM-LR 20.5 0.0 0.5 1.9 0.5 0.8 0.1 0.3 30 8 12 10 9 21 5 10

RACMO22T (r1i1p1) - MOHC-HadGEM2-ES 3.6 2.4 2.6 10.2 24.7 0.0 2.9 14.9 23 26 20 25 29 4 25 27

RACMO22T (r1i1p1)-ICHEC-EC-EARTH 5.3 2.4 2.9 20.9 15.7 1.1 2.0 12.7 25 25 22 27 27 25 24 26

HIRHAM5 (r3i1p1)-ICHEC-EC-EARTH 0.1 0.0 0.5 1.8 1.6 0.1 0.7 1.6 4 2 13 9 22 8 19 22

HIRHAM5 (r1i1p1)-NCC-NorESM1-M 0.2 0.1 2.3 0.8 0.0 0.0 0.1 0.1 6 13 19 4 1 3 7 5

Ensemble mean (24 runs) 11.1 12.1 17.7 38.3 14.3 16.0 14.2 19.5 29 30 30 30 25 30 29 28

CCLM4 (mean) 1.8 3.5 5.2 2.9 0.9 1.1 0.4 4.8 19 27 26 15 19 26 18 25

MPI-REMO2009 (mean) 7.9 1.6 3.3 13.8 0.6 3.5 22.8 1.3 27 24 23 26 13 28 30 20

RCA4 (mean) 5.5 9.8 17.0 35.0 15.0 10.8 12.1 20.8 26 29 29 29 26 29 28 29

RACMO22T (mean) 9.3 5.8 8.8 26.3 30.5 2.8 0.7 22.4 28 28 28 26 30 27 20 30

HIRHAM5 (mean) 1.3 0.5 3.9 3.0 0.8 0.9 1.6 1.4 13 21 25 17 17 23 23 21

Ranking based on IVS

PR CDD CWD SDII

RCM IVS

CDD CWD SDIIPR
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7.6 GCM-driven Model Ranking Based on PCCs, for TAMSAT3 Data 

 

 

 

 

 

 

 

 

 

 

 

 

 

ANN MAM OND 90p 99p ANN MAM OND 90p 99p

CCLM4 (r1i1p1)-MOHC-HadGEM2-ES-HadGEM2-ES -0.4 -0.1 -0.3 -0.2 -0.3 -0.2 -0.3 -0.2 28 23 30 24 27 24 29 26

CCLM4 (r1i1p1)-MPI-M-MPI-ESM-LR 0.2 0.0 0.2 -0.2 0.4 -0.4 0.4 0.3 3 16 3 25 4 29 1 5

CCLM4 (r1i1p1)-CNRM-CERFACS-CNRM-CM5 0.1 0.1 0.1 -0.3 0.1 -0.2 0.0 0.1 8 12 6 26 10 23 14 14

CCLM4 (r1i1p1)-ICHEC-EC-EARTH-EC-EARTH -0.4 -0.1 -0.2 -0.3 -0.5 -0.1 -0.3 -0.6 29 27 28 27 30 16 30 30

MPI-REMO2009 (r1i1p1)-MPI-M-MPI-ESM-LR 0.2 0.3 0.1 0.2 0.4 0.1 0.2 0.4 4 2 10 3 3 3 6 3

MPI-REMO2009 (r12i1p1)-ICHEC-EC-EARTH-EC-EARTH -0.3 0.0 -0.3 -0.3 -0.3 0.0 0.0 -0.3 27 21 29 30 28 10 21 29

RCA4 (r1i1p1)-CSIRO-QCCCE-CSIRO-Mk3-6-0 -0.1 -0.1 0.0 -0.1 -0.2 -0.5 0.0 0.1 20 26 15 22 23 30 20 12

RCA4 (r1i1p1)-MIROC-MIROC5 0.0 -0.2 0.2 -0.1 -0.3 -0.2 0.0 -0.1 11 28 20 12 26 19 18 22

RCA4 (r1i1p1)-MOHC-HadGEM2-ES -0.4 0.2 0.2 -0.3 -0.4 -0.1 0.1 -0.3 30 3 2 28 29 13 13 28

RCA4 (r1i1p1)-NCC-NorESM1-M 0.1 0.0 0.1 0.1 0.3 -0.2 0.0 0.4 6 15 7 5 5 22 23 4

RCA4 (r1i1p1)-MPI-M-MPI-ESM-LR -0.1 0.1 -0.1 0.0 0.5 0.1 0.3 0.5 14 10 20 9 1 6 2 1

RCA4 (r1i1p1)-IPSL-IPSL-CM5A-MR 0.3 0.2 0.2 0.3 0.3 -0.2 0.0 0.3 1 8 4 1 6 21 19 7

RCA4 (r1i1p1)-NOAA-GFDL-GFDL-ESM2M -0.1 0.2 -0.1 -0.1 -0.2 0.2 0.1 -0.1 13 5 19 13 25 2 12 23

RCA4 (r1i1p1)-CCCma-CanESM2 0.0 -0.1 0.1 0.0 0.0 -0.1 0.0 0.1 10 24 5 6 14 15 22 13

RCA4 (r1i1p1)-CNRM-CERFACS-CNRM-CM5 0.1 0.1 0.1 0.1 0.2 0.0 0.1 0.2 7 13 9 4 9 11 9 8

RCA4 (r1i1p1)-ICHEC-EC-EARTH 0.0 0.0 0.0 -0.1 -0.1 0.1 -0.1 -0.2 12 17 14 14 20 5 25 24

RCA4 (r12i1p1)-ICHEC-EC-EARTH -0.1 0.5 -0.2 0.0 -0.1 -0.1 -0.2 -0.1 16 1 27 8 19 12 27 21

RCA4 (r2i1p1)-MPI-M-MPI-ESM-LR -0.1 0.1 -0.1 0.0 0.5 0.1 0.3 0.5 15 11 21 10 2 7 3 2

RCA4 (r3i1p1)-ICHEC-EC-EARTH -0.1 0.0 0.0 -0.1 -0.2 0.0 0.1 -0.3 21 19 16 15 24 9 11 27

RCA4 (r3i1p1)-MPI-M-MPI-ESM-LR 0.2 0.0 0.1 0.2 0.2 -0.1 0.0 0.2 2 18 8 2 7 14 15 9

RACMO22T (r1i1p1) - MOHC-HadGEM2-ES -0.2 -0.3 -0.1 -0.1 -0.1 -0.4 0.2 0.1 24 30 18 19 21 28 4 15

RACMO22T (r1i1p1)-ICHEC-EC-EARTH -0.1 0.0 0.0 -0.1 0.0 0.3 -0.2 0.0 22 22 12 21 13 1 28 19

HIRHAM5 (r3i1p1)-ICHEC-EC-EARTH -0.1 0.2 -0.2 0.0 0.0 0.0 0.2 0.0 19 4 25 7 15 8 5 20

HIRHAM5 (r1i1p1)-NCC-NorESM1-M -0.1 -0.1 0.0 -0.1 0.0 -0.2 -0.1 0.1 18 25 13 20 17 25 26 16

Ensemble mean (24 runs) 0.0 0.1 -0.2 -0.1 0.1 -0.2 0.2 0.2 9 9 23 18 11 26 8 10

CCLM4 (mean) -0.2 0.0 -0.2 -0.3 -0.1 -0.3 0.0 -0.2 26 20 24 29 22 27 24 25

MPI-REMO2009 (mean) -0.1 0.2 -0.2 -0.1 0.2 0.1 0.1 0.2 17 7 26 17 8 4 10 11

RCA4 (mean) 0.2 0.2 0.0 0.0 0.1 -0.1 0.2 0.3 5 6 11 11 12 18 7 6

RACMO22T (mean) -0.2 -0.2 0.0 -0.2 0.0 -0.2 0.0 0.0 25 29 17 23 18 20 17 17

HIRHAM5 (mean) -0.1 0.1 -0.1 -0.1 0.0 -0.1 0.0 0.0 23 14 22 16 16 17 16 18

SDII
RCM

Pearson Correlation Coefficient (PCC) Ranking based on PCC

PR
CDD CWD SDII

PR
CDD CWD
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7.7 GCM-driven Model Ranking Based on IVS, for CHIRPS Data (Including Top Four 

Models) 

 

 

 

 

 

 

 

 

 

 

 

 

 

ANN MAM OND 90p 99p ANN MAM OND 90p 99p

CCLM4 (r1i1p1)-MOHC-HadGEM2-ES-HadGEM2-ES 0.3 0.1 0.1 0.9 0.2 12.1 1.0 0.4 20 9 9 22 11 30 21 14

CCLM4 (r1i1p1)-MPI-M-MPI-ESM-LR 0.1 0.7 0.0 0.9 1.6 9.2 0.4 0.0 9 24 3 23 23 29 14 2

CCLM4 (r1i1p1)-CNRM-CERFACS-CNRM-CM5 0.4 0.5 0.0 0.0 1.7 7.0 0.7 0.1 22 22 4 5 24 25 18 10

CCLM4 (r1i1p1)-ICHEC-EC-EARTH-EC-EARTH 0.3 0.3 0.1 0.0 2.0 4.3 1.0 0.0 21 20 7 6 25 16 22 1

MPI-REMO2009 (r1i1p1)-MPI-M-MPI-ESM-LR 0.2 0.0 0.2 0.5 0.6 2.5 5.0 0.0 14 3 11 17 18 8 28 2

MPI-REMO2009 (r12i1p1)-ICHEC-EC-EARTH-EC-EARTH 0.7 0.1 0.3 1.2 0.0 3.0 4.2 0.7 23 6 14 24 1 10 26 19

RCA4 (r1i1p1)-CSIRO-QCCCE-CSIRO-Mk3-6-0 0.2 0.1 0.8 0.6 0.2 3.4 0.1 0.6 15 13 19 20 16 12 10 16

RCA4 (r1i1p1)-MIROC-MIROC5 0.0 1.1 0.6 0.1 0.0 5.9 0.5 0.4 2 26 17 8 2 20 15 15

RCA4 (r1i1p1)-MOHC-HadGEM2-ES 0.1 0.0 0.6 0.3 0.1 3.8 0.0 0.8 11 25 18 13 9 13 3 20

RCA4 (r1i1p1)-NCC-NorESM1-M 0.3 0.1 0.5 0.4 0.1 4.4 0.1 0.1 19 10 16 15 5 17 12 9

RCA4 (r1i1p1)-MPI-M-MPI-ESM-LR 0.0 0.2 0.0 0.0 0.1 6.8 0.0 0.1 3 15 5 1 6 23 6 6

RCA4 (r1i1p1)-IPSL-IPSL-CM5A-MR 0.1 0.1 2.6 0.9 10.2 4.2 0.5 0.6 12 12 25 21 29 15 16 17

RCA4 (r1i1p1)-NOAA-GFDL-GFDL-ESM2M 0.0 1.1 0.3 0.1 0.8 25.2 0.6 0.1 1 27 15 7 21 31 17 8

RCA4 (r1i1p1)-CCCma-CanESM2 0.2 0.0 1.8 0.3 0.3 4.2 0.0 1.3 13 1 22 14 17 14 5 24

RCA4 (r1i1p1)-CNRM-CERFACS-CNRM-CM5 0.0 0.1 0.0 0.0 0.1 3.1 0.9 0.2 5 7 1 4 3 11 20 12

RCA4 (r1i1p1)-ICHEC-EC-EARTH 1.0 0.3 6.0 1.7 1.6 6.2 0.1 1.8 25 17 28 25 22 21 9 25

RCA4 (r12i1p1)-ICHEC-EC-EARTH 0.3 0.1 0.2 0.5 0.6 5.1 0.1 0.3 18 6 10 19 20 18 8 13

RCA4 (r12i1p1)-MPI-M-MPI-ESM-LR 0.0 0.2 0.0 0.0 0.1 6.8 0.0 0.1 4 16 6 2 7 24 7 7

RCA4 (r3i1p1)-ICHEC-EC-EARTH 0.1 0.3 0.0 0.2 0.1 8.5 0.0 0.6 7 18 2 12 10 28 2 18

RCA4 (r3i1p1)-MPI-M-MPI-ESM-LR 46.4 0.2 0.2 0.2 0.1 2.6 0.0 0.2 31 14 12 11 4 9 4 11

RACMO22T (r1i1p1) - MOHC-HadGEM2-ES 0.9 0.7 1.8 3.3 15.4 7.1 4.9 12.5 24 25 21 26 30 26 27 28

RACMO22T (r1i1p1)-ICHEC-EC-EARTH 1.6 0.7 2.0 7.7 9.5 2.1 3.6 10.7 26 23 23 28 28 6 25 27

HIRHAM5 (r3i1p1)-ICHEC-EC-EARTH 0.2 0.3 0.2 0.1 0.6 6.4 0.2 1.2 16 19 13 10 19 22 13 23

HIRHAM5 (r1i1p1)-NCC-NorESM1-M 0.1 0.1 1.5 0.0 0.2 7.4 0.0 0.0 8 8 20 3 13 27 1 4

Ensemble mean (24 runs) 4.2 5.8 13.7 14.9 8.6 0.3 9.4 16.5 30 31 31 31 26 2 30 29

CCLM4 (mean) 0.2 1.2 3.8 0.5 0.2 2.0 0.1 3.9 17 28 27 16 14 5 11 26

MPI-REMO2009 (mean) 2.8 0.4 2.3 4.7 0.1 0.5 15.4 0.9 28 21 24 27 8 3 31 21

RCA4 (mean) 1.7 4.5 13.2 13.5 9.1 0.0 8.0 17.6 27 30 30 30 27 1 29 30

RACMO22T (mean) 3.4 2.4 6.6 9.9 19.1 0.7 1.6 18.9 29 29 29 29 31 4 24 31

HIRHAM5 (mean) 0.1 0.0 2.8 0.5 0.2 2.5 0.8 1.0 10 4 26 18 12 7 19 22

Ensemble mean (best 4)* 0.0 0.1 0.1 0.1 0.2 4.8 1.5 0.1 6 11 8 8 15 18 23 5

RCM IVS

CDD CWD SDIIPR

Ranking based on IVS

PR CDD CWD SDII
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7.8 GCM-driven Model Ranking Based on PCCs, for CHIRPS Data (Including Top 

Four Models) 

 

 

 

 

 

 

 

 

 

 

 

 

 

ANN MAM OND 90p 99p ANN MAM OND 90p 99p

CCLM4 (r1i1p1)-MOHC-HadGEM2-ES-HadGEM2-ES -0.1 -0.1 -0.1 0.1 0.0 0.1 -0.2 0.0 25 28 26 15 24 7 30 18

CCLM4 (r1i1p1)-MPI-M-MPI-ESM-LR 0.3 0.0 0.3 0.1 0.5 -0.2 0.3 0.4 1 25 3 16 2 28 4 1

CCLM4 (r1i1p1)-CNRM-CERFACS-CNRM-CM5 0.1 0.1 0.2 0.0 0.2 0.0 0.0 0.2 14 13 7 22 13 21 22 10

CCLM4 (r1i1p1)-ICHEC-EC-EARTH-EC-EARTH -0.1 0.0 -0.1 0.0 -0.1 -0.1 -0.2 -0.1 26 17 29 23 28 25 31 24

MPI-REMO2009 (r1i1p1)-MPI-M-MPI-ESM-LR 0.3 0.2 0.2 0.3 0.5 -0.2 0.2 0.4 2 8 8 1 1 27 1- 2

MPI-REMO2009 (r12i1p1)-ICHEC-EC-EARTH-EC-EARTH -0.3 -0.2 -0.2 -0.3 -0.2 0.2 -0.2 -0.2 31 30 31 31 31 3 27 28

RCA4 (r1i1p1)-CSIRO-QCCCE-CSIRO-Mk3-6-0 0.0 0.0 0.3 0.0 -0.1 0.1 0.0 -0.2 19 26 2 21 26 9 21 29

RCA4 (r1i1p1)-MIROC-MIROC5 -0.2 0.1 0.2 -0.3 -0.2 0.0 0.0 -0.2 30 11 11 30 29 23 18 31

RCA4 (r1i1p1)-MOHC-HadGEM2-ES -0.2 0.1 0.2 -0.1 -0.1 -0.1 0.2 -0.1 29 10 12 28 27 26 11 27

RCA4 (r1i1p1)-NCC-NorESM1-M 0.0 -0.1 0.0 -0.1 0.2 0.2 -0.2 0.0 22 27 23 27 11 6 29 16

RCA4 (r1i1p1)-MPI-M-MPI-ESM-LR 0.3 0.0 0.0 0.3 0.4 0.0 0.4 0.3 7 18 20 3 3 16 2 4

RCA4 (r1i1p1)-IPSL-IPSL-CM5A-MR 0.1 0.0 0.1 0.1 0.1 0.2 0.0 -0.1 10 23 17 13 19 5 19 26

RCA4 (r1i1p1)-NOAA-GFDL-GFDL-ESM2M -0.1 0.3 -0.1 0.0 -0.2 -0.3 0.0 -0.2 24 6 27 26 30 29 23 30

RCA4 (r1i1p1)-CCCma-CanESM2 0.3 0.0 0.3 0.3 0.0 0.3 0.1 0.1 4 21 4 2 22 2 14 13

RCA4 (r1i1p1)-CNRM-CERFACS-CNRM-CM5 0.3 0.1 0.2 0.2 0.1 0.3 0.2 0.1 5 16 5 6 17 1 9 12

RCA4 (r1i1p1)-ICHEC-EC-EARTH 0.3 0.3 0.3 0.2 0.2 0.1 0.1 0.1 6 4 1 9 14 10 17 14

RCA4 (r12i1p1)-ICHEC-EC-EARTH 0.0 0.4 -0.1 0.0 -0.1 0.0 -0.2 -0.1 21 1 28 24 25 19 27 25

RCA4 (r12i1p1)-MPI-M-MPI-ESM-LR 0.3 0.0 0.0 0.3 0.4 0.0 0.4 0.3 8 19 21 4 4 17 3 5

RCA4 (r3i1p1)-ICHEC-EC-EARTH 0.0 0.1 0.1 0.1 0.0 0.0 0.1 0.0 20 12 16 14 21 15 13 17

RCA4 (r3i1p1)-MPI-M-MPI-ESM-LR 0.0 0.1 0.0 0.0 0.0 0.2 0.1 -0.1 18 9 22 25 23 4 15 23

RACMO22T (r1i1p1) - MOHC-HadGEM2-ES 0.1 -0.3 0.2 0.1 0.2 0.0 0.5 0.4 12 31 10 10 10 18 1 3

RACMO22T (r1i1p1)-ICHEC-EC-EARTH 0.1 0.3 0.0 0.0 0.2 0.1 -0.1 0.1 17 3 19 18 12 11 26 15

HIRHAM5 (r3i1p1)-ICHEC-EC-EARTH -0.1 0.3 0.1 0.1 0.1 -0.1 0.2 0.0 27 5 18 11 15 24 12 19

HIRHAM5 (r1i1p1)-NCC-NorESM1-M -0.1 -0.2 -0.2 -0.1 0.0 -0.4 0.0 0.0 23 29 30 29 20 31 24 22

Ensemble mean (24 runs) 0.2 0.2 0.1 0.2 0.3 0.0 0.3 0.2 9 7 13 8 6 20 6 11

CCLM4 (mean) 0.1 0.0 0.1 0.0 0.3 0.0 -0.1 0.3 15 22 15 19 8 22 25 6

MPI-REMO2009 (mean) 0.1 0.0 0.0 0.1 0.3 0.1 0.0 0.3 16 24 24 17 7 13 20 9

RCA4 (mean) 0.1 0.3 0.2 0.2 0.1 0.1 0.3 0.0 11 2 6 7 16 8 7 20

RACMO22T (mean) 0.1 0.0 0.2 0.1 0.2 0.1 0.3 0.3 13 20 9 12 9 12 8 8

HIRHAM5 (mean) -0.1 0.1 -0.1 0.0 0.1 -0.3 0.1 0.0 28 14 25 20 18 30 15 21

Ensemble mean (best 4)* 0.3 0.1 0.1 0.3 0.4 0.0 0.3 0.3 3 15 14 5 5 14 5 7

SDII
RCM

Pearson Correlation Coefficient (PCC) Ranking based on PCC

PR
CDD CWD SDII

PR
CDD CWD
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