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Abstract 

 

This dissertation presents a comprehensive assessment of climate trends and farmers’ 

perceptions in Rwanda’s Eastern Province by analyzing meteorological data from 1981 

to 2021 alongside local knowledge gathered from farmer surveys. Employing robust 

statistical methods, the study investigates spatial and temporal variations in precipitation 

and temperature, characterizes drought dynamics, and examines smallholder farmers’ 

awareness and adaptation strategies in response to ongoing climatic changes. Analyses 

of precipitation trends across 56 meteorological stations reveal a complex seasonal 

variability. During the March–May (MAM) season, 39 stations recorded declining 

rainfall trends, with eight stations in the southern part showing statistically significant 

decreases. Conversely, in the September–December (SOND) season, 31 stations 

exhibited declining rainfall, but with only one significant station, while increasing 

rainfall trends were observed at 25 stations in SOND, with one significant. Regionally, 

MAM rainfall trends showed a non-significant decrease, whereas SOND demonstrated 

a slight but non-significant increase. Notably, season duration expanded in SOND across 

43 stations, attributed primarily to earlier onset dates, which showed significant 

decreasing trends at 41 stations. The timing of trend change points generally clustered 

between 2000 and 2020, coinciding with critical shifts in regional agroclimatic 

conditions that have influenced cropping practices and heightened crop failure risks. 

Concurrently, temperature trend analysis highlights substantial warming, especially in 

minimum and mean temperatures. The annual minimum temperature increased 

significantly by 2.95 °C (95% CI: 1.64–4.45 °C), with the June–August season showing 

the greatest rise of 3.37 °C (1.75–4.81 °C). Mean temperature rose by 1.87 °C regionally 

(0.61–3.19 °C), while maximum temperature changes were not statistically significant. 

Temporal trends exhibited non-linear behavior, with a plateau in warming from 1990 to 

2010, followed by accelerated increases post-2010. Among the identified climatic zones, 

Northwestern, Central, and Southeastern, the Northwestern zone experienced the most 

pronounced temperature rise, particularly in seasonal minimum temperatures, 

underscoring its heightened vulnerability to climate-related stressors. Drought analyses 
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reveal an intensification of frequency, duration, and severity since 2010, with geographic 

variability intimating complex underlying environmental drivers. The Central zone 

exhibited the highest drought frequency, whereas the Northwestern and Southeastern 

zones displayed distinct patterns of short- and long-term drought extremes. 

Complementing the climatic assessment, a socio-environmental inquiry involving 204 

farmers across five districts of the Eastern Province examined perceptions, indigenous 

knowledge, and adaptive responses. The majority (85%) acknowledged the reality of 

climate change, with over half observing rising temperatures (54%) and nearly 40% 

noting decreased rainfall.  

These perceptions are closely aligned with observed meteorological data, reinforcing the 

reliability of local knowledge systems. Farmers attributed climate change primarily to 

deforestation, linking it to adverse outcomes such as crop failures, yield reduction, and 

food shortages. Adaptation strategies employed were diverse, including agroforestry, 

crop varietal changes, and fertilizer use; however, financial constraints, lack of access to 

information, and limited availability of inputs present major obstacles to widespread 

adoption. Importantly, indigenous forecasting methods based on meteorological 

indicators remain a vital resource for many, enhancing decision-making despite limited 

formal education among respondents. This integrated analysis elucidates the 

multifaceted nature of climate change impacts in Eastern Rwanda, revealing significant 

shifts in climate drivers alongside tangible effects on vulnerable farming communities. 

The findings emphasize the importance of incorporating localized indigenous 

knowledge into adaptation planning and underscore the need for supportive policies that 

address both environmental changes and socioeconomic barriers. Together, these results 

provide an essential foundation for developing targeted resilience-building initiatives 

that foster sustainable agricultural practices and improve livelihoods amid evolving 

climatic challenges. 

 

Keywords: Climate change, Climate trends, Farmer perception, Adaptation strategies, 

Eastern Rwanda 
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Chapter 1 General introduction and thesis outline 

1.1 Introduction 

Climate change has become a central issue of global concern, with its impacts increasingly 

evident across diverse regions and sectors. Since the pre-industrial era, the concentration of 

greenhouse gases in the atmosphere has risen sharply, primarily due to anthropogenic activities 

such as fossil fuel combustion and deforestation, leading to significant changes in climate 

variables worldwide (IPCC 2023a). These changes are manifested through shifts in temperature 

and precipitation patterns, increased frequency and intensity of extreme weather events, and 

widespread effects on ecosystems and human livelihoods (IPCC 2023b). 

Globally, agriculture and water resources are among the sectors most vulnerable to climate 

variability and change (IPCC 2023b). This vulnerability is particularly pronounced in the 

Global South, where agriculture is predominantly rain-fed and forms the backbone of many 

economies (Adger et al. 2003). In sub-Saharan Africa, and especially in Eastern Africa, the 

combination of high climate variability, limited adaptive capacity, and the predominance of 

smallholder agriculture heightens vulnerability to climate-related hazards (Adger et al. 2003; 

Kew et al. 2021; Thornton et al. 2014).  In addition, high dependence on ecosystem goods for 

livelihoods intensifies the continent’s susceptibility to climate change impacts (IPCC 2023b; 

WMO 2019). Rwanda, situated in this region, exemplifies these challenges: agriculture 

accounts for a significant share of the country’s GDP. It provides employment for the majority 

of the population, with smallholder farmers contributing around 75% of total production (NISR 

2023).  

1.2 Status of Rainfall Variability and Trends in Rwanda 

In regions where agriculture heavily depends on rainfall, such as Rwanda, the timing, intensity, 

and duration of rainy seasons are critical determinants of agricultural productivity. Any shifts 

in these rainfall characteristics can significantly impact crop yields and food security. 

Variations in total precipitation, seasonal distribution, and inter-annual variability pose 

considerable risks to rain-fed agriculture, underscoring the importance of understanding and 

monitoring these patterns. Given that the majority of smallholder farmers in Rwanda rely on 

rain-fed systems, evolving rainfall variability and trends carry direct socio-economic 

consequences and play a vital role in shaping effective adaptation strategies. 
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Climate studies in Rwanda have often focused on broad national or regional scales, producing 

mixed findings regarding rainfall trends. For example, Ntirenganya (2018), analyzing data 

from 15 meteorological stations across the country, found no statistically significant national 

rainfall trend. However, more localized investigations, such as the study by Sebaziga et al. 

(2020), which examined nine stations from 1981 to 2016, revealed a significant decline in 

rainfall during the March–April–May (MAM) season specifically in the Eastern Province. 

Likewise, Rwanyiziri and Rugema (2013) reported decreasing annual rainfall and increased 

rainfall variability in the Bugesera district using data from a single station. Similar challenges 

have been documented in neighboring Uganda, which shares a border with Rwanda’s Eastern 

Province; studies there have noted increasing rainfall variability and related adverse effects on 

smallholder agriculture (Mubiru et al. 2018). These regional parallels highlight the critical 

importance of localized climate analyses, such as the present study focusing on Eastern 

Rwanda, to support targeted and context-specific adaptation strategies. 

1.3 Temperature Trends and Microclimatic Diversity 

Temperature trends in Rwanda have generally shown an increase in mean, minimum, and 

maximum values, with regional differences driven by topography (Safari and Sebaziga 2023). 

Recent studies have consistently reported significant warming trends across Rwanda. Using 

data from five meteorological stations, Safari (Safari 2012) found an increasing trend in annual 

mean temperature since 1977, with Kigali city exhibiting the highest rate at 0.045 °C per year. 

Mohammed et al. (2016), analyzing six stations nationwide for the period 1964–2010, also 

identified a marked rise in air temperatures. More recently, gridded analyses for 1983–2022 

have shown a continued rise in minimum temperatures and a greater frequency of warm nights 

and days across the country (Safari and Sebaziga 2023). Sebaziga et al. (Safari and Sebaziga 

2023) highlighted the importance of microclimate conditions in explaining spatial and temporal 

variability, underscoring the need for more granular studies in the region (Rwema et al. 2025a).  

1.4 Drought Incidence, Distribution, and Evolution 

Drought is commonly defined as a prolonged period of abnormally low precipitation that leads 

to a water shortage affecting natural ecosystems, agriculture, and human activities (Wilhite and 

Glantz 1985). It is a complex and multifaceted hazard that varies in intensity, duration, and 

spatial extent, often classified into meteorological, agricultural, hydrological, and socio-

economic droughts depending on its impacts (Mishra and Singh 2010). Understanding the 
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incidence and behavior of droughts, including the distribution of dry and wet events and how 

these patterns evolve over time, is essential for effective risk management and adaptation 

planning. Across Africa, numerous studies have documented an increase in both the frequency 

and severity of drought events under climate change (IPCC 2023b; Seneviratne et al. 2012). In 

particular, recent research focusing on East Africa indicates that rising temperatures, coupled 

with changing precipitation regimes, are intensifying drought trends in the region, thereby 

exacerbating vulnerabilities in agricultural productivity and water resource availability (Kew 

et al. 2021). 

In Eastern Rwanda, drought constitutes a recurrent hazard with significant adverse effects on 

water availability, crop production, and food security (Sarkodie et al. 2016; Uwimbabazi et al. 

2022). Given the region’s reliance on rainfed agriculture and limited water infrastructure, 

understanding local drought patterns and their evolution is critical to formulating targeted 

strategies that can enhance resilience and adaptive capacity. 

1.5 Farmers’ Perceptions, Knowledge, and Adaptation Strategies 

The consequences of climate change are not limited to biophysical impacts; they also shape the 

perceptions, knowledge, and adaptive strategies of farming communities. Farmers’ perceptions 

and adaptive responses are strongly influenced by their direct experiences with climate 

extremes, making these perceptions critical for the success of adaptation interventions 

(Messner and Meyer 2006). Studies in similar contexts by Mertz et al. (2009)  and Below et al. 

(2012) show that local perceptions can both inform and sometimes diverge from scientific 

observations, affecting the uptake of adaptation strategies (Rwema et al. 2025b). Farmers in 

Eastern Rwanda, whose livelihoods are closely tied to climate-sensitive activities, are directly 

affected by shifts in rainfall onset and cessation, temperature extremes, and the increasing 

unpredictability of weather patterns (Rwema et al. 2025c; Uwimbabazi et al. 2022). Their 

perceptions and responses are crucial for the development of locally appropriate adaptation 

strategies and for informing policy interventions aimed at building resilience.  

1.6 Methodological Approaches in Climate Trend Analysis 

A trend in climate refers to a long-term directional change or systematic pattern observed in 

climate variables, such as temperature, precipitation, or atmospheric pressure, over an extended 

period of time. Detecting and quantifying these trends is critical for understanding the evolving 
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climate system, assessing impacts, and informing adaptation and mitigation strategies (Wilks 

2011; IPCC 2023a). Trends may be linear or nonlinear, monotonic or non-monotonic, and can 

vary spatially and temporally, reflecting both natural variability and anthropogenic influences. 

In climate trend analysis, a diverse array of methodological approaches is employed to 

rigorously detect and quantify changes in climate variables. Statistical and parametric methods, 

including linear regression, polynomial fits, and ARIMA models, are widely utilized to 

estimate trends, forecast climatic variables, and identify change points, typically relying on 

underlying statistical assumptions to ensure robust inference (Box et al. 2015; Wilks 2011). In 

contrast, non-parametric methods such as the Mann–Kendall test, Sen’s slope estimator, and 

Spearman’s Rho provide flexible alternatives that do not require strict distributional 

assumptions, making them particularly suitable for climate datasets that may violate normality 

or exhibit outliers (Hirsch et al. 1982; Kendall 1975; Sen 1968). Advancing beyond these 

foundational techniques, advanced analytics, encompassing Bayesian inference (Beven and 

Binley 1992), ensemble modeling (Knutti et al. 2010), and wavelet or spectral analysis 

(Torrence and Compo 1998), allow for the exploration of complex, nonlinear behaviors and 

rigorous quantification of uncertainty, thereby offering a more nuanced and multifaceted 

perspective on trend characterization and climate projections. 

In the context of Rwanda, climate trend analyses have predominantly relied on classical 

statistical approaches, particularly the non-parametric Mann–Kendall test (Rwema et al. 2025c; 

Safari 2012; Safari and Sebaziga 2023). While effective in identifying monotonic trends, these 

methods may not fully capture the inherent complexity and dynamic nature of climate 

variability, especially nonlinear and time-varying patterns that are increasingly recognized as 

critical in contemporary climate research (Mikkonen et al. 2015; Mohorji and Şen 2020). 

Advanced computational techniques, such as dynamic linear state-space models, have 

demonstrated enhanced capability for detecting intricate climate signals elsewhere (Mikkonen 

et al. 2015), highlighting their potential to enrich climate analyses in Rwanda. Integrating these 

advanced methodologies with established classical methods can provide a more comprehensive 

and robust understanding of climate trends and their implications. Building on this integration, 

the present study employs both classical and advanced statistical techniques to generate deeper 

insights into climate variability and its impacts in Eastern Rwanda. 
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1.7 Statement of the Research Problem  

Despite the growing global and regional recognition of climate change and its profound impacts 

on agriculture, there remains a significant gap in understanding how these changes are 

experienced and perceived at the local level, particularly among smallholder farmers in Eastern 

Rwanda. While numerous studies have documented rising temperatures and erratic rainfall 

patterns in Rwanda, most have focused on national or broad regional scales, often overlooking 

the microclimatic and topographical distinctions that characterize the Eastern Province (Safari 

2012; Sebaziga et al. 2023). This has led to a limited understanding of spatial and temporal 

climate variability within this agriculturally critical region. Moreover, previous research has 

largely centered on quantifying changes in total rainfall, rainy days, and temperature trends, 

with insufficient attention to intra-seasonal dynamics such as rainfall onset, cessation, and 

season duration, factors that are essential for agricultural planning and food security 

(Ntirenganya 2018; Rwanyiziri and Rugema 2013; Sebaziga et al. 2020). The lack of high-

resolution, long-term climate data in earlier studies further constrained the ability to draw 

robust conclusions about local climate trends and their implications for farming communities. 

At the same time, there is a paucity of research exploring how farmers perceive these climate 

changes, how their perceptions align with observed climate data, and how these perceptions 

influence their adaptation strategies. Given that farmers’ knowledge and responses are pivotal 

for the development of effective and context-specific adaptation measures, this gap undermines 

efforts to build resilience and ensure sustainable livelihoods in the region. Therefore, the core 

research problem addressed in this study is the insufficient understanding of both the physical 

manifestations of climate change and the perceptions and adaptive responses of farmers in 

Eastern Rwanda. This dual gap limits the effectiveness of policy interventions and adaptation 

strategies aimed at mitigating vulnerability and enhancing resilience in one of Rwanda’s most 

climate-sensitive and agriculturally important regions (MoE 2019; Warner et al. 2015). 

1.8 Motivation and Significance of the Research 

The motivation for this study stems from the urgent need to address the growing challenges 

posed by climate change to agriculture and rural livelihoods in Eastern Rwanda. Agriculture 

remains the backbone of Rwanda’s economy, contributing significantly to GDP and employing 

the majority of the population, with smallholder farmers playing a central role (NISR 2023). 

However, the sector is highly vulnerable to climate variability, particularly changes in rainfall 
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and temperature patterns, which directly threaten food security and economic stability (Adger 

et al. 2003; IPCC 2023b). Despite recognition of these risks, previous studies in Rwanda have 

primarily focused on national or broad regional analyses, often overlooking the microclimatic 

and topographical diversity within the Eastern Province (Ndakize Joseph et al. 2022). This has 

resulted in a lack of localized understanding of how climate change is affecting farming 

communities at the grassroots level. Moreover, earlier research has been constrained by limited 

data availability, short observation periods, or insufficient spatial coverage, further impeding 

the development of effective adaptation strategies (Ntirenganya 2018; Rwanyiziri and Rugema 

2013; Sebaziga et al. 2020). 

Recent advancements, such as the availability of high-resolution climate datasets from the 

Rwanda Meteorological Agency (Meteo Rwanda 2024), now provide an unprecedented 

opportunity to conduct robust, localized analyses of climate trends and variability1. This 

enables a more accurate assessment of how specific climate parameters, such as rainfall onset, 

cessation, and season duration, are changing in the Eastern Province, information that is crucial 

for agricultural planning and risk management (Rwema et al. 2025c; Uwimbabazi et al. 2022). 

Equally important is understanding farmers’ perceptions, knowledge, and adaptive responses 

to climate change. Farmers are not only the most affected by climate shocks but also possess 

valuable experiential knowledge that can inform the design of context-specific adaptation 

measures. However, there is a notable gap in research exploring how farmers perceive and 

respond to climate variability in Eastern Rwanda, and how these perceptions align with 

observed climate data. By bridging these gaps, this study aims to provide evidence-based 

insights that can support policymakers, development practitioners, and local communities in 

crafting targeted interventions to enhance resilience, mitigate vulnerability, and promote 

sustainable agricultural development in Eastern Rwanda. Ultimately, the study’s findings will 

contribute to the broader discourse on climate adaptation in sub-Saharan Africa and inform 

efforts to achieve food security and sustainable livelihoods under changing climatic conditions. 

1.9 Objectives of the research 

The primary objective of this study is to comprehensively assess climate trends and their 

influence on farmers’ perceptions and adaptation strategies in the Eastern Province of Rwanda. 

This involves analyzing long-term changes in precipitation and temperature patterns, 

characterizing drought events, and integrating farmers’ local knowledge and experiences to 
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better understand and support effective climate adaptation in the region. To accomplish this 

main objective, the study is guided by the following specific objectives: 

 To analyze long-term trends and change points in seasonal precipitation and rainfall 

characteristics (including onset, cessation, and duration) in Eastern Rwanda. 

 

 To assess temporal trends and variability of temperature events across microclimatic zones 

in the Eastern Province. 

 To evaluate the frequency, distribution, and temporal evolution of drought events in 

Eastern Rwanda. 

  To evaluate farmers’ knowledge, perceptions, and experiences regarding climate change 

and climate extremes, particularly droughts, in Eastern Rwanda. 

 

 To document and analyze the adaptation strategies employed by farmers in response to 

observed and perceived climate change impacts in the region. 

 

1.10 Outline of the thesis 

This thesis is organized into six detailed chapters, each focusing on a key aspect of the research. 

The first chapter provides a general introduction to the topic. The second chapter analyzes trend 

analysis and change point detection in precipitation time series for the Eastern Province of 

Rwanda. The third chapter examines trends and variability of temperatures in the Eastern 

Province of Rwanda. The fourth chapter assesses the characteristics of climate-induced drought 

in the Eastern Region of Rwanda. The fifth chapter investigates farmers’ knowledge, 

perceptions, and adaptation strategies in response to climate change in Eastern Rwanda. 

Finally, the sixth chapter presents conclusions and future research directions. 
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Chapter 2 Trend analysis and change point detection in precipitation 

time series over the Eastern Province of Rwanda during 1981-2021 

This Chapter reproduces the content of our published paper (https://doi.org/10.1007/s00704-

024-05317-7) 

2.1 Introduction 

The issue of climate change has received considerable attention worldwide. After the pre-

industrial period, there has been a large increase in greenhouse gas (GHG) concentration in the 

atmosphere, and anthropogenic activities remain the major contributors (IPCC 2018; IPCC 

2021). This rapid increase has led to a change in precipitation patterns (Nelson et al. 2009; 

Zwiers et al. 2013; Sylla et al. 2016), impacting human activities (Opoku et al. 2021; Sintayehu 

2018). The agriculture and water resources sectors are adversely affected (Adger et al. 2003; 

IPCC 2013, 2021). In the global south, countries where most agriculture practices are rain-fed, 

changing seasonal features is a challenging issue (Index Mundi 2013; FAO 2014). Agriculture 

is an important component of the economy and plays a key role in the development of many 

African countries, including Rwanda in Eastern Africa. In Rwanda, agriculture is a key sector 

in Gross Domestic Product (GDP) growth and job creation for the majority of the population. 

In recent years, this sector has contributed around 26% of Rwanda’s GDP (NISR 2023) and 

around  75% of the production from smallholder farmers (RDB 2021).   

Over the past few years, there has been an increasing interest in understanding climate change 

in the country because the observed changes experienced through temperature and precipitation 

since 1970 have been unprecedented. Temperature trends were increasing (REMA 2011; Safari 

2012),  while rainfall trends were erratically mixed depending on geographical differences 

(Warner et al. 2015; MoE 2019). However, in most parts of the country, the negative effects of 

climate change are evident (MIDIMAR 2015). 

Although some climate research has been carried out in the country, most studies in this field 

have only focused on occurring changes in total rainfall, the number of rainy days, and 

temperature at the country level. However, these studies were limited by either the short length 

of the period, the small number of stations used, or the annual/seasonal values instead of the 

intra-seasonal aspects, which are essential for agriculture. For example, Rwanyirizi and 

Rugema (2013) examined trends in annual rainfall totals and mean temperature in Bugesera, 

https://doi.org/10.1007/s00704-024-05317-7
https://doi.org/10.1007/s00704-024-05317-7
https://doi.org/10.1017/9781009157940.005
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an Eastern district, using only one closest meteorological station (Kanombe Airport) from 1980 

through 2012. In another study, Ntirenganya (2018) analysed rainfall data to investigate 

variability and trends in total rainfall and dry spells over the whole country but using only 15 

meteorological stations where differences in station’s data length and presence of missing 

values were the major challenge in the study. The starts of some records were in the 1930s (at 

six stations), 1950s (at three stations), the 1970s (five stations), and the 1990s (at one station), 

while the end of records was in the 1990s (at five stations) and 2013 (at ten stations). More 

recently, Sebaziga et al. (2020) studied trends in annual total rainfall, annual total rainy days, 

and seasonal total rain in the Eastern province; however, only nine meteorological stations were 

used, and the study covered only the period from 1981 to 2016. 

The Rwandan Meteorological Agency (Meteo Rwanda) recently made a large dataset available 

as a goal of the Enhanced National Climate Services (ENACTS) project (Meteo Rwanda 2024). 

Thus, this allows for statistically more significant and representative ground-borne studies, 

such as trend analysis of seasonal rainfall amounts. Trend analysis provides essential 

information on the change and variability in the climate variables (Hussain et al. 2022).  It 

helps to monitor climate variables and understand whether they are increasing or decreasing, 

which allows better resource management and disaster prevention and mitigation (Şen 2012; 

Zhang and Liang 2020). The trend magnitude serves to determine the extent to which the 

changes are happening and how the situation tends to be while enabling informed decision-

making to increase adaptation. The trend analysis has been employed in several studies in 

different parts of the world (Safari 2012; Gitau et al. 2018; Bosire 2019; Margaritidis 2021; 

Ngarukiyimana et al. 2021; Hussain et al. 2022). Furthermore, the exploitation of change points 

in these trends helps to localise the occurrence of significant abrupt change during the study 

period (Dipak et al. 2014; Chakraborty et al. 2017). 

Rainfall amount and its distribution within the season are one of the most important climate 

parameters to track for a better understanding of occurring impacts due to its high sensitivity 

to the effects of climate change (Usman and Reason 2004). Because this variable significantly 

impacts crop yields (Prichard and Verdegaal 2001; Malheiro et al. 2010; Araujo et al. 2014; 

Kazora et al. 2021). A decreasing or increasing trend provides valuable information that can 

enhance water management strategies for sustainable adaptation in the agricultural sector. The 

excess rainfall during the growing season can cause water logging and several crop diseases, 

while scarcity of rainfall, together with an increase in other climate parameters such as 

https://www.researchgate.net/publication/329416464_Analysis_of_Rainfall_Variability_in_Rwanda_for_Small-scale_farmers_Coping_Strategies_to_Climate_Variability
https://www.unilak.ac.rw/wp-content/uploads/2016/08/4.pdf
http://maproom.meteorwanda.gov.rw/maproom/Summary/index.html#tabs-2
https://doi.org/10.1002/joc.7709
http://dx.doi.org/10.1061/(ASCE)HE.1943-5584.0000556
https://doi.org/10.1038/s41598-020-57743-y
http://dx.doi.org/10.4236/jep.2012.36065
https://doi.org/10.1002/joc.5234
http://erepository.uonbi.ac.ke/handle/11295/106681
https://doi.org/10.4236/cweee.2021.102004
https://doi.org/10.3389/feart.2021.619512
https://doi.org/10.1002/joc.7709
https://www.researchgate.net/publication/272678623_Application_of_Sequential_Mann-Kendall_Test_for_Detection_of_Approximate_Significant_Change_Point_in_Surface_Air_Temperature_for_Kolkata_Weather_Observatory_West_Bengal_India
https://journal.agrimetassociation.org/index.php/jam/article/download/713/605
https://doi.org/10.3354/cr026199
https://ucanr.edu/sites/csnce/files/96234.pdf
http://dx.doi.org/10.3354/cr00918
https://dx.doi.org/10.1007/s00704-014-1336-3
https://doi.org/10.1016/j.jastp.2021.105631
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temperature, can result in low soil moisture and drought, reducing productivity (Cahill et al. 

2007; Prichard and Verdegaal 2001; Araujo et al. 2014; Olumuyiwa and Masengo 2018).  

Other crucial parameters for rain-fed agriculture are the onset and the cessation of the rainy 

season. This information assists the farmers in scheduling their planting dates and selecting the 

appropriate crop type and variety (Mugalavai et al. 2008; Olumuyiwa and Masengo 2018). 

Trend analysis in both onset and cessation also helps understand whether the rainy season is 

shifting backward or forward and to determine whether the season is expanding or shortening 

in a given period. Different definitions of rainfall onset and cessation were developed (Stern et 

al. 1981; Fasheun 1983; Omotosho et al. 2000) and adopted in several studies (Mugalavai et 

al. 2008; Dunning et al. 2016; Nkrumah et al. 2022).  

Based on these premises, this paper aims to estimate the observed trends in seasonal 

precipitation events and identify significant change points in the Eastern Province of Rwanda, 

a region characterised by intensive agricultural practices. In particular, we aim first to 

investigate long-term trends of six variables (seasonal rainfall, number of rainy days, intensity 

of rainy days, onset and cessation days, and season duration) and second, ascertain significant 

change points from precipitation events of March-April-May (MAM) and September-October-

November-December (SOND) rain seasons. We use data reconstructed through Enhanced 

National Climate Services (ENACTS) from 56 stations’ locations in the Eastern province of 

Rwanda for the period ranging from 1981 to 2021. A combination of quantitative approaches 

is used in the data analysis to contribute to a deeper understanding of climate change in the 

Eastern province. 

Understanding the information related to these variables effectively plays a critical role in 

decision-making to increase adaptation in a sustainable manner. This helps suggest reliable and 

justifiable approaches for mitigating vulnerability and increasing resilience (Hansen 2002).  

2.2 Data and Methodology 

2.2.1 Study area and data 

We select the Eastern province for two main reasons:  

First, it is the largest farming area in Rwanda, and hence, the area plays an important role in 

the production of main cultivated crops, including common/bush bean, maize, sorghum, 

https://chaireunesco-vinetculture.u-bourgogne.fr/colloques/actes_clima/Actes/Article_Pdf/Cahill.pdf
https://ucanr.edu/sites/csnce/files/96234.pdf
https://dx.doi.org/10.1007/s00704-014-1336-3
http://doi.org/10.1177/1178622118790264
http://dx.doi.org/10.1016/j.agrformet.2008.02.013
http://doi.org/10.1177/1178622118790264
https://doi.org/10.1002/joc.3370010107
https://doi.org/10.1002/1097-0088(20000630)20:8%3C865::AID-JOC505%3E3.0.CO;2-R
http://dx.doi.org/10.1016/j.agrformet.2008.02.013
http://dx.doi.org/10.1002/2016JD025428
https://doi.org/10.3390/atmos13070999
https://doi.org/10.1016/S0308-52X(02)00043-4
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groundnut, soybean, and banana (GCF 2021). The region is also renowned for livestock, which 

plays a pivotal role in Rwanda's milk and meat production. Second, it is an area used to 

experience frequent climate-related hazards such as drought and famine which have become 

persistent challenges for agriculture and livestock production in the past years (Warner et al. 

2015; GCF 2021). The region’s less mountainous terrain, characterised by lowlands with 

altitudes below 1500 m altitudes, partially explains its suitability for agricultural and livestock 

practices. Rainfall is distributed over the whole region, with a gradual decrease from Central 

West to Southeast for both MAM and SOND, as shown in the supplementary material (Figure 

S1). This map also indicates that the North-western part receives less rainfall during the MAM 

season. 

Current research investigates trends and change points in precipitation events from 1981 to 

2021. The Rwanda Meteorology Agency (Meteo Rwanda) provided the data utilized in our 

study. This dataset is gridded with a grid resolution of 0.0375 (~4km), and the grid at locations 

of 56 existing weather stations (see Figure 2.1b) across Eastern Rwanda was considered in this 

study. Specifically, these existing stations include three synoptic stations and fifty-three 

climatological stations. A list of the stations and their coordinates is provided in supplementary 

material as Table S1. The obtained data were reconstructed at Meteo Rwanda using the 

methodologies outlined by Dinku et al. (2014), Siebert et al. (2019), and Meteo Rwanda (2024). 

The quality of these data was managed through rigorous quality control measures, including 

verifying station coordinates, detecting outliers, and checking for time series homogeneity 

(Meteo Rwanda 2024). To address gaps and missing values, especially due to a 15-year gap in 

observations, a modified ENACTS approach was used (Meteo Rwanda 2024). This involved 

combining station observations with the CHIRP satellite product, adjusting for mean 

climatological biases based on data from 1981 to 1993. Interpolation and standard merging 

techniques were applied when station data were available, ensuring a robust and reliable dataset 

for further climatic analysis. At the country level and eastern region level, this data has been 

used in previous studies such as Sebaziga et al. (2020), Uwimbabazi et al. (2022), Sebaziga et 

al. (2022), Safari and Sebaziga (2023), and Sebaziga et al. (2023). 

http://www.greenclimate.fund/project/fp167
https://ees.kuleuven.be/klimos/toolkit/documents/687_CC_rwanda.pdf
http://www.greenclimate.fund/project/fp167
https://doi.org/10.1002/joc.3855
https://doi.org/10.1002/joc.6010
http://maproom.meteorwanda.gov.rw/maproom/Summary/index.html#tabs-2
http://maproom.meteorwanda.gov.rw/maproom/Summary/index.html#tabs-2
http://maproom.meteorwanda.gov.rw/maproom/Summary/index.html#tabs-2
https://www.unilak.ac.rw/wp-content/uploads/2016/08/4.pdf
https://doi.org/10.3390/su14031519
https://doi.org/10.20987/jccs.04.06.2022
https://doi.org/10.3390/atmos14091449
https://doi.org/10.1155/2023/5372701
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Figure 2.1 Rwanda Map with Eastern province boundary highlighted with solid black line (a) 

and Eastern Province with locations of meteorological stations highlighted in red (b). 

2.2.2 Method for data analysis 

a. Variables considered 

Table 2.1 illustrates the characteristics of the variables we used in this study. Those include 

definitions for a rainy day, rainy season, number of rainy days, onset, cessation, season 

duration, and rainfall intensity. These variables are computed based on the definitions in the 

table and by considering all the days of the two rainy seasons: Season A, known as SOND 

(September, October, November, and December), and Season B, known as MAM (March, 

April, and May). 
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Table 2.1 Variables considered and their definitions 

 

Variables Definitions References 

Rainy  and dry day A day with rainfall ≥ 1 mm 

and < 1 mm respectively. 

Meteo Rwanda 2020; 

Meteo Rwanda 2022; 

Stern et al. 1981; 

Olumuyiwa and 

Masengo 2018; Offoro 

and Lubango 2018; 

Edoga 2007; Omotosho 

et al. 2000 

Number of rainy days 

 

 

 

 

A total number of days with 

rainfall ≥ 1 mm. 

 

 

Onset of rain Occurrence of total rainfall of 

20 mm over 5 days with at 

least 3 consecutive rain days 

and dry spell not exceeding 7 

days in the next 21 days. 

Cessation of rain Accumulated 10 days of 

precipitation with less than 0.5 

of the evapotranspiration. 

Season duration The difference between the 

cessation date and the onset 

date of the rainy season. 

Rainfall intensity  Based on the threshold values 

of daily rainfall in mm as < 1 

mm (Trace rain), 1– 4.9 mm 

(Light rain), 5 – 19.9 mm 

(Moderate rain), 20 – 50 mm 

(Heavy rain), and > 50 mm 

(Very heavy rain). 

 

 

https://www.maproom.meteorwanda.gov.rw/maproom/Summary/index.html
https://www.maproom.meteorwanda.gov.rw/maproom/Summary/
https://doi.org/10.1002/joc.3370010107
http://doi.org/10.1177/1178622118790264
https://doi.org/10.20944/preprints201807.0102.v1
https://www.researchgate.net/publication/266609077_Determination_of_Length_of_Growing_Season_in_Samaru_Using_Different_Potential_Evapotranspiration_Models
https://doi.org/10.1002/1097-0088(20000630)20:8%3C865::AID-JOC505%3E3.0.CO;2-R
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b. Trends calculation  

We applied the non-parametric Mann-Kendall test (Mann 1954; Kendall 1975)  in trend 

analysis, along with its regional counterpart, the Regional Kendall test (Helsel and Frans 2006), 

which are the common approaches for identifying whether there is an increasing or decreasing 

trend over time in environmental and climatic data. The choice of the Mann-Kendall test was 

driven by its robustness against non-normal distributions and its ability to handle missing data 

and outliers well (Partal and Kahya 2006; Taotao et al. 2016), making it particularly useful for 

long-term climate analysis. The Mann-Kendall test works by comparing each pair of data 

points in the time series to determine if there’s a general upward or downward trend. For 

detailed information on the Mann-Kendall formulas and methodology, readers can refer to 

studies such as Safari (2012), Narayanan et al. (2013), Kahsay et al. (2019), Rizwan et al. 

(2019), Mallick et al. (2020), Sebaziga et al. (2020), Citakoglu and Minarecioglu (2021), and  

Quenum et al. (2021), among others. The Regional Kendall test extends the functionality of 

the Mann-Kendall test by allowing the simultaneous analysis of trends across multiple 

locations, accounting for spatial correlation between datasets. This enhanced capacity makes it 

possible to identify region-wide patterns and trends while considering the interrelationship of 

different monitoring stations or regions. The Regional Kendall Test has been extensively 

employed in trend analysis, with further information available in works by Dietz and Killen 

(1981), Taotao et al. (2016), and Margaritidis (2021). To address the negative effects of 

autocorrelation on trend estimates (Kumar et al. 2014; Ullah et al. 2018), we first investigated 

the presence of lag-one autocorrelation in the time series data. When autocorrelation was 

identified, it was removed using the pre-whitening approach (Hamed 2009; Taotao et al. 2016; 

Hussain et al. 2022) before applying the Mann-Kendall test. 

c. Trend magnitude  

In addition to detecting trends, we estimated their magnitude using a non-parametric approach, 

Sen’s Slope estimator. This method was selected because it’s reliable and not easily affected 

by outliers (Xu et al. 2003). It calculates the rate of change by finding the median of all possible 

slopes between data points. The known formula of this approach is  

                                  𝑄𝑖 =
𝑋𝑗−𝑋𝑘 

𝑗−𝑘
 ,                                                                                        (2.1)   

https://doi.org/10.2307/1907187
http://refhub.elsevier.com/S1364-6826(21)00091-2/opt98UiitOxCu
https://doi.org/10.1021/es051650b
http://dx.doi.org/10.1002/hyp.5993
http://dx.doi.org/10.1155/2016/5170563
http://dx.doi.org/10.4236/jep.2012.36065
http://dx.doi.org/10.1016/j.crte.2012.12.001
https://doi.org/10.%201155/2019/3849210
https://doi.org/10.3390/w11071366
https://doi.org/10.1007/s00704-020-03448-1
https://www.unilak.ac.rw/wp-content/uploads/2016/08/4.pdf
https://doi.org/10.1007/s00704-021-03696-9
https://doi.org/10.3390/w13243506
http://www.tandfonline.com/action/showCitFormats?doi=10.1080/01621459.1981.10477624
http://dx.doi.org/10.1155/2016/5170563
https://doi.org/10.4236/cweee.2021.102004
https://doi.org/10.1016/j.crte.2014.09.001
https://doi.org/10.1016/j.atmosres.2018.04.007
https://dx.doi.org/10.1016/j.jhydrol.2009.01.040
http://dx.doi.org/10.1155/2016/5170563
https://doi.org/10.1002/joc.7709
https://doi.org/10.1016/S0022-1694(03)00178-1
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for pair values ( 𝑋𝑗 and 𝑋𝑘) of a time series, with j>k. Sen’s estimator is obtained as the median 

of ranked observed 𝑄𝑖 in ascending order, which takes the form 

 𝑄𝑁+1

2

 if N is odd and 
1

2
[𝑄𝑁

2

+ 𝑄𝑁+2

2

] if N is even. 

The N is obtained from n values of the original time series as N= n(n-1)/2 and is the number of 

𝑄𝑖. The Sen’s Slope gives us a straightforward measurement of how much the variable 

increases or decreases over time, which is crucial for understanding the extent of climate 

change. The technique was used in different studies to quantify trends’ magnitude (Narayanan 

et al. 2013; Taotao et al. 2016; Kahsay et al. 2019; Rizwan et al. 2019; Fathian et al. 2020; 

Sebaziga et al. 2020). The combination of the Mann-Kendall test and Sen’s Slope estimator is 

well-suited for providing a comprehensive understanding of the direction and magnitude of 

trends in climate data. While the Mann-Kendall test detects the existence of a significant trend, 

the Sen’s Slope estimator quantifies the trend’s rate of change, offering a transparent and 

interpretable measure of climatic shifts. 

d. Change point identification 

To identify shifts in the time series data, we used the change point detection method, which is 

an essential tool for detecting abrupt changes or transitions in climate variables over time. This 

method helps pinpoint specific times when a significant shift in the data occurs, which is crucial 

for understanding sudden changes in climate patterns. We employed the Sequential Mann-

Kendall Rank Statistic (SMKRS) to detect these change points because it is compatible with 

climate data where trends and shifts are not always linear (Dipak et al. 2014). This approach 

allowed us to identify when the most significant changes took place within the study period, 

providing deeper insights into periods of potential climate anomalies or transitions. Starting 

with the initial time series, the technique consists of the development of the prograde 𝑢(𝑡𝑖) and 

retrograde 𝑢′(𝑡𝑖) series through the following steps: 

1. From a given ranked time series 𝑥𝑖(𝑖 = 1, 2, … , 𝑛), generates the series 𝑥𝑗(𝑗 = 1, 2, … , 𝑖 −

1).  

2. Compare the values 𝑥𝑖  and 𝑥𝑗. At each comparison, the cases where 𝑥𝑖 > 𝑥𝑗  are counted and 

indicated by 𝑛𝑖. 

3. Compute the test statistic 𝑡𝑖 as 

http://dx.doi.org/10.1016/j.crte.2012.12.001
http://dx.doi.org/10.1155/2016/5170563
https://doi.org/10.%201155/2019/3849210
https://doi.org/10.3390/w11071366
https://doi.org/10.1007/s00704-020-03269-2
https://www.unilak.ac.rw/wp-content/uploads/2016/08/4.pdf
https://www.researchgate.net/publication/272678623_Application_of_Sequential_Mann-Kendall_Test_for_Detection_of_Approximate_Significant_Change_Point_in_Surface_Air_Temperature_for_Kolkata_Weather_Observatory_West_Bengal_India


21 
 

                                                          𝑡𝑖  = ∑𝑛𝑗 .

𝑖

𝑗=1

                                                                    (2.2) 

4. As defined, the mean and variance of  𝑡𝑖 are obtained through 

𝐸(𝑡𝑖) =
𝑖(𝑖 − 1)

4
,                                                                  (2.3) 

                                                                    𝑉𝑎𝑟(𝑡𝑖) =
𝑖(𝑖−1)(2𝑖+5)

72
.  

5. The retrograde sequential values 𝑢(𝑡𝑖) are calculated as  

𝑢(𝑡𝑖) =
𝑡𝑖 − 𝐸(𝑡𝑖)

√𝑉𝑎𝑟(𝑡𝑖)
.                                                                    (2.4) 

For the prograde sequential values 𝑢′(𝑡𝑖), steps 1 to 5 are carried out on the same time series 

starting from the end of the series. The graphical representation of 𝑢(𝑡𝑖)  and 𝑢′(𝑡𝑖) indicate 

significant change points only when they cross each other and then diverge and exceed specific 

threshold values, which are ± 1.96 (α = 0.05) in our case. The method is linked to the previous 

tests because detecting the presence of a trend (using Mann-Kendall) and determining the 

change points (using SMKRS) provide complementary insights: the trend test highlights 

general behavior over time, while the change point analysis helps to identify when significant 

changes occurred, further explaining any observed trends. Together, they allow for a more 

robust analysis, capturing gradual trends and abrupt shifts in the data. The approach was widely 

used by researchers, including Dipak et al. (2014), Zhao et al. (2015), and Taotao et al. (2016). 

2.3 Results and Discussion 

2.3.1 Trends Analysis 

a. Regional scale trends 

The results of the Regional Kendall test (RKT) applied to seasonal rainfall for the period 1981-

2021 for MAM and SOND seasons for the Eastern province are shown in Table 2.2. Significant 

decreasing trends are observed on heavy rainy days with a slope of -0.02 (± 0.004) days/year 

during MAM. No trend is detected for MAM rainy days, light rainy days, moderate rainy days, 

and cessation days. The decreasing non-significant trends are observed in rainfall amount with 

a slope of -0.01(± 0.002) mm/day/year and in Onset days with a slope of -0.21(± 0.041) 

days/year. The MAM season duration indicates a non-significant increasing trend with a slope 

of 0.21(± 0.045). The SOND season indicates a significant decreasing trend in Onset with a 

https://www.researchgate.net/publication/272678623_Application_of_Sequential_Mann-Kendall_Test_for_Detection_of_Approximate_Significant_Change_Point_in_Surface_Air_Temperature_for_Kolkata_Weather_Observatory_West_Bengal_India
https://doi.org/10.1016/j.envres.2014.12.028
http://dx.doi.org/10.1155/2016/5170563
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slope of -0.21 (± 0.041) days/year and a significant increase in season duration with a slope of 

0.23(±0.035). We observed non-significant positive trends in rainy days with a slope of 0.06 

(± 0.024) days/year, 0.03 (± 0.015) days/year in light rainy days, and 0.06 (± 0.012) days/year 

in moderate rainy days. Given that MAM rainfall indicates a decline over the region, it is worth 

noting the high influence of heavy rain, which revealed a significant decrease in its frequency 

over the whole area. On the other side, with the SOND season, no trend in rainfall is observed, 

while moderate rain is spotted as it indicates a high slope value in the frequency of moderate 

rainy days. Furthermore, it is also essential to emphasize the observed significant increase in 

season duration of the SOND season, where the observed negative significant trend in onset 

implies early Onset has contributed to expanding the rainy season by starting earlier than 

before. Seasonal rainfall variations in Rwanda are largely influenced by factors such as the El 

Niño–Southern Oscillation (ENSO) and the Indian Ocean Dipole (IOD) (Safari et al. 2022; 

Sebaziga et al. 2024). Additionally, topography plays a significant role in shaping rainfall's 

spatial and temporal distribution (Ntwali 2016; Siebert et al. 2019). Previous studies in Rwanda 

by Uwimbabazi et al. (2022) noted a non-significant decreasing trend in MAM rainfall with a 

slope of -3.4 mm/decade and an increase in SOND rainfall with a slope of 4.5 mm/decade, 

which agrees with our findings. A study by Kazora et al. (2021) also revealed a decreasing 

trend in MAM rainfall and an increasing trend in the SOND rainy season over Rwanda. This 

is in line with our findings in Eastern Rwanda. 

These weak trends’ magnitude in many characteristics at the regional level highlights the small-

scale nature of rainfall events in Eastern Rwanda and the need to consider the station level for 

a more robust and detailed study. In the following sections, we thus focus on trends in rainfall 

characteristics at the station level.  
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Figure 2.2 Time series of rainfall for MAM (a) and SOND (b), Onset for MAM (c) and SOND 

(d), and Cessation for MAM (e) and SOND (f) seasons at the Eastern regional scale from 1981-

2021. 

An illustration time series for the Eastern region level displaying rainfall, onset, and cessation 

variables for both MAM and SOND is provided in Figure 2.2. In MAM rainfall (Figure 2.2a), 

there is a noticeable increase between 1981 and 2006, which is followed by a decreasing trend 

between 2006 and 2017. This figure shows the wettest year was 2006, with an average of 5.73 

mm/day/year, and 2017 became the driest with 1.64 mm/day/year during the study period. In 

the MAM Onset time series (Figure 2.2c), we observe an irregular variation in onset days 

characterised by a period of decreasing trend between 1981 and 1990. It is followed by a period 

of increasing trend from 1990-2000, a period of decreasing trend from 2000-2008, then rising 

during 2008-2015, and a decrease in the last period, 2015-2021. The years 1990, 2008, 2020, 

and 2021 indicate the earlier onset days around the 51st day of the year, while 2000 and 2003 
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recorded the latter Onset day at the 91st day of the year. In MAM (Figure 2.2e) cessation days, 

an increasing trend was observed between 1983 and 2006, followed by a decreasing trend 

between 2006 and 2021. The year with the latest cessation was 2002 (142nd day of the year), 

while the earliest cessation was recorded in 2014 (122nd day). In SOND rainfall (Figure 2.2b), 

the period from 1981 to 2010 indicates an increasing trend followed by a decreasing trend 

between 2010 and 2021. We noticed an overall increasing trend for the study period, and the 

year 2017 received low-season rainfall with an average of 1.63 mm/day/year, while 2001 

recorded high-season rain with an average of 4.94 mm/day/year. In SOND onset day (Figure 

2.2d), an increasing trend is observed between 1981 and 1993, which is followed by a period 

of decreasing trend between 1993 and 2021. The year 2018 indicates the earliest onset day (on 

the 260th day of the year) in the time series. In SOND (Figure 2.2f) cessation days, we also 

observe an increasing trend in 1981-2006, followed by a decreasing trend in 2006-2021. 

In general, we observed that in both seasons, a period of rapid increase followed by a period of 

decrease trend, which implies the absence of linear trends in rainfall events. Despite the 

observed irregularity in onset days in all seasons, the overall decreasing trend is evident, which 

indicates the tendency for earlier onset days in the region. There is high variability in season 

cessation days over the area and a tendency for earlier cessation between 2006-2021.  The 

variability in cessation days and the trend observed from 1981-2006 can be attributed to several 

factors. The increasing trend in cessation days during the 1981-2006 period may be linked to 

the intensification of global warming, which contributed to prolonged rainy seasons. 

Additionally, regional climatic phenomena such as the El Niño–Southern Oscillation (ENSO) 

and Indian Ocean Dipole (IOD) might have played a significant role during this period, 

affecting the timing of rainfall cessation. However, the subsequent decrease in cessation days 

after 2006 could be due to a combination of factors, including changing land use patterns, such 

as deforestation and agricultural expansion, which alter local microclimates and water cycles. 

These human-induced changes and regional climatic variability may have contributed to the 

earlier cessation of rainfall in recent years. In Eastern Rwanda, such shifts could be further 

influenced by topographical effects, as the region’s varied terrain has been shown to modulate 

rainfall patterns and intensities. 
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Table 2.2 Identified trends’ slope values at the Eastern regional scale 

1981-2021  

Time 

scale 

Rainfall 

amount 

Rainy 

days 

Light 

Rain 

Moderate 

Rain 

Heavy 

Rain Onset Cessation 

Season 

Duration 

MAM -0.01 0.00 0.00 0.00 -0.02* -0.21 0.00 0.21 

SOND 0.00 0.06 0.03 0.06 0.00 -0.21* 0.00 0.23* 

the * in the results denotes that significant regional trends are detected at a 95% confidence 

level. 

Table 2.3 presents the detected change points in rainfall events at the regional level in Eastern 

Rwanda. In the MAM season, significant shifts were identified in 1987 for total rainfall, 1982 

for rainy days, 1982 for light rainy days, and 1985 for heavy rainy days. Onset and cessation 

dates showed significant changes in 1991 and 1986, respectively, while the season duration 

displayed a notable shift in 1987. For the SOND season, significant change points were 

observed in 1982 for total rainfall, 1983 for rainy days, 1983 for light rainy days, 1986 for 

moderate rainy days, and 2008 for season duration. No significant changes were found in the 

onset (2011) and cessation (1984) dates. Both MAM and SOND seasons revealed that most 

variables experienced change points during the 1980s, likely associated with early climate 

shifts and changes in regional land use. A study by Ongoma and Chen (2016) of rainfall trends 

in the East African region noted non-significant change points in 1953 and 1980. 

Table 2.3 Identified significant change points in climate variables at the Eastern regional scale 

1981-2021  

Time 

scale 

Rainfall 

amount 

Rainy 

days 

Light 

Rain 

Moderate 

Rain 

Heavy 

Rain Onset Cessation 

Season 

Duration 

MAM 1987 1982 1982 2020 n.s 1985 1991 1986 1987 

SOND 1982 1983 1983 1986 - 2011 

n.s 

1984 n.s, 2008 

n.s: non-significant 

b. Rainfall amount and number of rainy days at station level 

Spatial maps (Figure 2.3) present the magnitude of rainfall trends obtained using Sen’s Slope 

test for the MAM and SOND seasons during 1981-2021. During 1981-2021, the magnitude of 

https://doi.org/10.1007/s00703-016-0462-0
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the slope of the MAM rainfall trends (in Figure 2.3a) ranges from -0.038 to 0.042 (± 0.002) 

mm/day/year. The uncertainties in the parentheses (i.e., ± 0.002) are given as standard error 

values. Of the 56 stations covering the whole Eastern Province, 39 reveal decreasing trends, 

and eight are statistically significant and located in the Southern region. The statistically 

significant decreasing trends indicate an average slope of -0.035 (± 0.002) mm/day/year. A 

significant increasing trend with a slope of 0.042 (± 0.002) mm/day/year is recorded at only 

one station in the Northern region (i.e., Gatsibo district) among the 17 out of 56 stations, 

indicating positive trends.  

For the SOND rainfall amount trend analysis, Figure 2.3b reveals that the extreme Northern 

part shows a decreasing trend, while the Southwest shows an increasing trend. The decreasing 

trends are recorded at 31 stations, one of which is significant with a slope of -0.021(± 0.002) 

mm/day/year located in the Southeast in the Kirehe district. The increasing trends are recorded 

in 25 stations, and one of them located in the Northeastern part (i.e., in Kayonza district) is 

significant with a slope of 0.025 (± 0.002) mm/day/year. Overall, for the SOND season, rainfall 

amount trends range from -0.024 to 0.025 (± 0.002) mm/day/year.  

MAM and SOND show similar features of a predominant increasing trend in a large part of the 

Northern regions. In addition, decreasing trends are primarily located in the Southern part, with 

the most significant decrease identified in Kirehe district. This indicates consistency in seasonal 

rainfall reduction since 1981, which has become more pronounced in the last 21 years over the 

South as visualised in the time series Figure 2.2. The same variation in stations results of 

decreasing and increasing trend in seasonal rainfall was also revealed over Eastern Rwanda 

(Sebaziga et al. 2020). Sebaziga et al. (2020) conducted a station-specific trends analysis with 

nine stations from the Eastern province. In his findings, during the MAM rainy season, 3 out 

of 9 stations indicated a decreasing trend, and one station indicated a significant trend. During 

SOND, he revealed that 2 out of 9 stations indicated a significant increasing trend and a non-

significant trend at 7 out of 9 stations. These results agreed with our observations, with some 

minor differences primarily attributed to different lengths of rainfall time series (used period 

1981-2016). The variability in seasonal rainfall amount affected farmers' activities adversely 

as it increased the probability of drought occurrence in recent decades (Sarkodie et al. 2015; 

Uwimbabazi et al. 2022).

https://www.unilak.ac.rw/wp-content/uploads/2016/08/4.pdf
https://www.unilak.ac.rw/wp-content/uploads/2016/08/4.pdf
https://doi.org/10.6084/M9.FIGSHARE.3381463.V1
https://doi.org/10.3390/su14031519
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Figure 2.3 Spatial distribution of trends’ slope (mm/day/year) for MAM rainfall (a), and 

SOND rainfall (b) for the period of 1981 to 2021. The black circles on the maps show the 

locations of stations with significant trends (at α=0.05) from the Mann-Kendall and Sen’s Slope 

tests. 

Trend analysis of the seasonal number of rainy days is presented spatially in Figure 2.4. In 

MAM (i.e., Figure 2.4a), Central and Southwest regions indicate negative slope values in the 

number of seasonal rainy days. The decreasing trends are detected at 34 out of 56 stations. 

However, only one station with a slope of -0.38 (± 0.021) day/year in the Southwest is 

significant. Except for a small part in the Northwest, the Northern part and some areas in the 

South show generally an increasing trend detected in 22 stations. Statistically significant 

increases are only recorded at 4 stations, of which three are located in the South with an average 

slope of 0.27 (± 0.021) days/year and one in the North with 0.40 (± 0.021) days/year. Generally, 

the results show that slope values range from -0.38 to 0.40 (± 0.021) days/year, where the 

highest decrease and increase trends are recorded respectively at Juru station (in the Southwest) 

and Gabiro station (in the North).  

In SOND, the number of rainy days undergoes positive trends from the North to the 

Southeast (i.e., Figure 2.4b). The positive slopes are identified at 34 stations, mainly found 

in the North and the Southeastern part of the region. Among them, seven are significant, 

three of which are located in the North with an average slope of 0.31 (± 0.024) days/year and 

another three in the Southeast with an average slope of 0.34 (± 0.024) days/year. Akagera 
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station (in Central East) shows the highest positive slope value (0.43 ± 0.024 days/year), 

followed by Karangazi (in North) and Murehe (in Southeast) stations with 0.42 (± 0.024) 

and 0.41 (± 0.024) days/year, respectively. In contrast, the negative slope values are recorded 

at 22 stations among the 56 stations across the Eastern province. Most of them are located in 

the Southwestern part, and only one station in Central (i.e., Kayonza) is statistically 

significant with the highest slope of -0.39 (± 0.024) days/year. 

Thus, both seasons (i.e., MAM and SOND) show similar features of a predominant 

increasing trend in a large part of the North and Southeastern regions. Overall, in the 

Southeast, positive trends in the number of rainfall events and negative trends in the rainfall 

amount indicate that precipitation events have become less intense. In addition, the 

decreasing trend in rainfall over the Southwest is probably due to less frequent precipitation 

events. Finally, in most parts of the North, the increasing trend of rainfall amount is 

consistent with more frequent precipitation events.   These trends have influenced the type 

and variety of crops that farmers grow in their respective regions because different crops 

require different quantities of water within a given number of days (Todorovic 2005; Fischer 

2007). These considerations indicate substantial differences in the occurrences of rainfall 

event classes. 

 

http://10.0.3.234/047147844X.aw59
http://10.0.3.248/j.techfore.2006.05.021
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Figure 2.4 Spatial distribution of trends’ slope for MAM (a) and SOND (b) number of rainy 

days for the period of 1981 to 2021. The black circles on the maps show the locations of 

stations with significant trends (at α=0.05) from the Mann-Kendall and Sen’s Slope tests.  

c. Seasonal rainfall event classes 

The slope of trends for different rainfall classes during the 1981-2021 period is shown in 

Figure 2.5. The number of light rainy days for MAM indicates negative slope values in the 

Central and Southern parts (Figure 2.5a). In 33 stations showing decreasing trends, only one, 

located in the Western part of the region (i.e., at Gasange station), exhibits a significant trend 

with -0.25 (± 0.013) days/year. Increasing trends are observed at 23 stations, with three 

stations (two in the North and one in the South) revealing a significant increase, and one with 

the highest increasing slope value was 0.25 (± 0.013) days/year recorded at Murehe station 

in the South.  

Negative trends in MAM's moderate rain events during 1981-2021 are more confined to the 

southern part of the region (Figure 2.5b). More specifically, decreasing trends are found at 

26 stations, and significant trends are detected at two stations with an average slope of -0.2 
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(± 0.012) days/year. The highest slope value is -0.20 (± 0.012) days/year, observed at two 

stations, Gahororo and Juru, in the Southwest. Increasing trends are observed in the Northern 

and large areas of the Central part. Increasing trends are found at 29 stations, of which five 

stations located in the North indicate a significant trend with an average slope of 0.20 (± 

0.012) days/year. The highest slope values are 0.25 (± 0.012) days/year recorded at 

Rwimbogo station (in the Northwest). No trend is recorded at one station. As presented in 

Figure 2.5c, the number of heavy rainy days shows negative slopes in the central and 

southern parts. In fact, 48 stations have recorded decreasing trends, 9 (19%) of which are 

significant and concentrated in the southern part with an average slope of -0.07 (± 0.004) 

days/year. Increasing trends are observed at eight stations in the North, but they are not 

significant. Generally, the observed slope values range from -0.09 to 0.08 (± 0.004) 

days/year. 

Generally, the observed decrease in total rainfall of the MAM season is also easily observed 

in the reduction of the frequency of all rainfall categories, including the light, moderate, and 

heavy rainy days in a large part of eastern Rwanda, mainly in the central and southern parts. 

The same decreasing trend in MAM rainfall was also recorded in the previous studies over 

the eastern province (Sebaziga et al. 2020) and Rwanda (Kazora et al. 2021; Sebaziga et al. 

2022; Uwimbabazi et al. 2022). Our findings also agree with the studies in the neighboring 

countries (Makula and Zhou 2021) and over the eastern African region (Ongoma and Chen 

2016, Gebrechorkos et al. 2020), which showed a decay in MAM rainfall in recent decades, 

leading to severe and frequent disaster events. A significant change in the frequency of heavy 

rainfall was also recorded over the East African region (Ojara et al. 2021, Gebrechorkos et 

al. 2020), where the variability is primarily associated with natural internal factors like the 

El Niño–Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD) (Safari et al. 2022; 

Sebaziga et al. 2024) 

 

https://www.unilak.ac.rw/wp-content/uploads/2016/08/4.pdf
https://doi.org/10.1016/j.jastp.2021.105631
https://doi.org/10.20987/jccs.04.06.2022
https://doi.org/10.3390/su14031519
https://doi.org/10.1002/joc.7146
https://doi.org/10.1007/s00703-016-0462-0
https://doi.org/10.1016/j.gloplacha.2020.103130
https://link.springer.com/article/10.1007/s11069-021-04824-4
https://doi.org/10.1016/j.gloplacha.2020.103130
https://doi.org/10.1002/joc.7891
https://doi.org/10.1007/s00704-024-05086-3
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Figure 2.5 Spatial distribution of trends’ slope for MAM Light rainy days (a), MAM 

Moderate rainy days (b), and MAM Heavy rainy days (c) for the period of 1981 to 2021. 

The black circles on the maps show the locations of stations with significant trends (at 

α=0.05) from the Mann-Kendall and Sen’s Slope tests. 

Figure 2.6 shows the magnitudes of the trend in the SOND rainfall categories. In the 

Northwest, a small area in the Central and Southwestern parts, light rainy days (Figure 2.6a) 

indicate negative slope values influenced by 20 stations. Among the stations undergoing a 

decreasing trend, only one located in the Northwest, shows significance with a slope of -0.23 

(± 0.015) days/year. The highest slope value for the decreasing trend is observed at 

Rwempasha station with -0.23 (± 0.015) days/year in the Northern region. Increasing trends 

of light rainy days occur at 35 stations, mainly located over the North and the South. The 

trend at four stations is significant, two of which are located in the North with an average 

slope of 0.27 (± 0.015) days/year, and two are found in the South with an average slope of 

0.21 (± 0.015) days/year. The highest slope values for the increase are detected at Kagitumba 

(0.40 ± 0.015) in the Northern. No trend was recorded at one station (i.e., Kiziguro) in the 

North. 
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For the moderate rainy days (i.e., Figure 2.6b), the decreasing trends are recorded at 14 

stations, mainly found in the Southern and Northern parts, with no significance detected. The 

Central, Southwest, and Northeast parts exhibited positive slope values. At 42 stations, there 

was an increasing trend, 10 of which were statistically significant. These significances are 

mainly located in the Central and Northeastern parts of the study region, with an average 

slope of 0.19 (± 0.012) days/year and a maximum slope value of 0.23 (± 0.012) days/year 

recorded at Rukara station. The slope of SOND heavy rainy days presented in Figure 2.6c 

shows a prevalence of decreasing trends in the Central and Southern parts. The decreasing 

trends recorded at 42 stations, of which Kiziguro station in the Central part is found to be 

significant with a slope of -0.06 (± 0.004) days/year. Increasing trends are observed in the 

Northern parts of the Eastern Province. The increasing trends are found at 13 stations, with 

two of them (Gatunda and Gabiro) significant and located in the Northern part of the region. 

No trend was observed at one station in the Southwest. The maximum positive slope value 

is 0.07 (± 0.004) days/year and is recorded at Gabiro (in North) stations. 
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Figure 2.6 Spatial distribution of trends’ slope for SOND Light rainy days (a), SOND 

Moderate rainy days (b), and SOND Heavy rainy days (c) for the period of 1981 to 2021. 

The black circles on the maps show the locations of stations with significant trends (at 

α=0.05) from the Mann-Kendall and Sen’s Slope tests. 

Overall, it is found that the contribution of heavy rain in the observed increase of SOND 

rainfall amounts is low compared to the observed increase in the frequency of light and 

moderate rain. Moderate rain tends to significantly influence the SOND rain increase, where 

75% of the stations revealed an increasing trend. This was statistically significant at 25% of 

these stations, mainly located in the central part of the eastern province of Rwanda. The 

previous study which considered OND also noted an increase in OND rainfall amount over 

Rwanda (Kazora et al. 2021; Uwimbabazi et al. 2022) and the Eastern African region 

(Gebrechorkos et al. 2020, Ongoma and Chen 2016, Makula and Zhou 2021) and noted a 

higher fluctuation in the OND season than MAM. This agrees with our results. It was 

revealed that the SOND rainfall highly correlated with the Indian Ocean Dipole (IOD) over 

Rwanda (Gebrechorkos et al. 2020; Safari et al. 2022; Sebaziga et al. 2024). 

 

https://doi.org/10.1016/j.jastp.2021.105631
https://doi.org/10.3390/su14031519
https://doi.org/10.1016/j.gloplacha.2020.103130
https://doi.org/10.1007/s00703-016-0462-0
https://doi.org/10.1002/joc.7146
https://doi.org/10.1016/j.gloplacha.2020.103130
https://doi.org/10.1002/joc.7891
https://doi.org/10.1007/s00704-024-05086-3
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d. Onset and cessation dates of the season and season duration 

 

The trends in seasonal onset dates for MAM and SOND during 1981-2021 are shown 

spatially in Figure 2.7. A decreasing trend (i.e., negative slope) indicates a tendency towards 

the occurrences of early onsets, while an increasing trend (i.e., positive slope values) 

indicates the occurrences of late onsets. In the MAM season (Figure 2.7a), the tendency 

towards an early onset date is observed in most of the eastern region from North to South, 

except for a few areas in the extreme Southeast and Central west, where later onset dates are 

observed. Decreasing trends are identified at 41 stations, where 12 of them are mainly 

located in the North and Southwest and are statistically significant with an average slope of 

-0.62 (± 0.041) days/year. The maximum negative slope value is at -0.80 (± 0.041) at Gabiro 

(in the North) stations.  In contrast, the increasing trends are found at 15 stations distributed 

in the Central west and extreme Southeast, one of which is statistically significant with a 

slope of 0.62 (± 0.041) days/year recorded at Musaza station (in the Southeast).  

 

For the SOND (Figure 2.7b), the spatial distribution of the trends in onset date exhibits a 

negative slope across the entire northern and parts of the central and southern areas of the 

eastern region. Out of 56 stations across the whole Eastern region, 41 show decreasing 

trends, 12 of which are located mainly in the North and Southwest, which are statistically 

significant with an average slope of -0.63 (± 0.041) days/year. The steepest decreasing trend 

(-0.83 (± 0.042) days/year) is recorded at Rukira (in the South) stations. Conversely, a 

positive slope is observed in small parts of the central western region and the southwest in 

the extreme north of the Bugesera district. None of the 15 stations with increasing trends are 

statistically significant. 
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Figure 2.7 Spatial distribution of trends’ slope for MAM (a) and SOND (b) onset days for 

the period of 1981 to 2021. The black circles on the maps show the locations of stations with 

significant trends (at α=0.05) from the Mann-Kendall and Sen’s Slope tests. 

The Cessation dates (Figure 2.8a) during MAM present the dominance of decreasing trends 

mainly in the South and extreme Northwest and increases elsewhere. However, one station 

in the South of Ngoma district (i.e., Bare) shows significant patterns. In SOND (Figure 2.8b), 

increasing trends prevail everywhere except in the Northwest, where significant decreasing 

trends are recorded at Kiziguro and Nyagahanga in the Gatsibo district with an average slope 

of -0.12 (± 0.004) days/year. These increasing patterns in both seasons, mainly in the North, 

indicate the tendency of season expansion in a large part of the eastern province. 
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Figure 2.8 Spatial distribution of trends’ slope for MAM (a) and SOND (b) cessation days 

for the period of 1981 to 2021. The black circles on the maps show the locations of stations 

with significant trends (at α=0.05) from the Mann-Kendall and Sen’s Slope tests. 

Figure 2.9 presents the analysis of the season duration (i.e., the difference between cessation 

and onset dates) for both the MAM and SOND seasons. In MAM, the season duration 

exhibited an increasing trend at 43 out of 56 meteorological stations, with 5 stations being 

statistically significant and mainly located in the North (Figure 2.9a). On average, these 

increasing trends had a slope of 0.35 (± 0.045) days/year. Thirteen stations showed a 

decreasing trend with an average slope of -0.29 (± 0.045) days/year; however, none of these 

trends were statistically significant. 

For the season duration in SOND, Figure 2.9b reveals that the part extending from the North, 

central east, to the south shows an increasing trend. The rising trends are recorded at 48 

stations, six of which are statistically significant and mainly located in the southeast. The 

average of the rising trends was 0.31 (± 0.035) days/year. The small part in Central and 

Southwest shows a decreasing trend. The decreasing trend is recorded at eight stations, with 
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none of them being statistically significant. On average, decreasing trends were -0.22 (± 

0.035) days/year. 

 

 

 

Figure 2.9 Spatial distribution of trends’ slope for MAM (a) and SOND (b) season duration 

for the period of 1981 to 2021. The black circles on the maps show the locations of stations 

with significant trends (at α=0.05) from the Mann-Kendall and Sen’s Slope tests. 

Basically, it is clear that the duration of rainy seasons has lengthened in large areas in both 

seasons, where a high significance in MAM is spotted in the northern while SOND is spotted 

in the southeast. This is further explained by observed occurrences of early onsets and late 

cessation over these areas. In contrast, late-onset and earlier cessation have shortened the 

rainy season in small areas like the extreme Southeast regions. 

These rainfall patterns provide a clear picture of the characteristics of the rainy seasons in 

the different parts of the Eastern Province of Rwanda. For example, in the North, the 

tendency towards lengthening the rainy seasons during SOND has generally increased the 
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number of rainy days in moderate and/or heavy rainfall events, as many stations' locations 

indicate significant trends favouring an elevated amount. The next section analyses when the 

change points, i.e., abrupt variations in these time series, occur. 

 

2.3.2 Change points of significant trends 

Table 2.4 presents the obtained results for the change points of the significant trends in all 

variables discussed. First, the change points in rainfall amount and number of rainy days for 

the stations showing a significant trend over Eastern Rwanda are analysed. For MAM rainfall 

amount, the significant change points for stations undergoing decreasing trends, located 

mainly in the Central and Southern parts, were detected after 2000. On the other hand, the 

change points of increasing trends recorded mainly for the stations located in the Northeast 

were captured in the 1980s. For SOND, where only two stations present significant trends, 

their abrupt change occurred in 2009 and 1990, respectively, for decreasing and increasing 

trends. 

The analysis of change points in the MAM number of rainy days is presented in Table 2.4. 

Except for one station in the north (i.e., Gabiro), which shows an abrupt change in 1985, the 

records for change points where increasing trends are observed primarily lie in the period 

from 2009 to 2016 for the stations located in the Southern part. The only significant 

decreasing trend in MAM rainy days (at Juru in the Southwest) has a change point in 1989. 

For SOND rainy days (Table 2.4) at all stations with positive significant trends from north 

to south, the abrupt change occurred after 2000. However, for the station in the central region 

(i.e., Kayonza) experiencing a significant decreasing trend, an abrupt change was recorded 

in 1991. 

The abrupt shift in seasonal light rainy days for MAM and SOND from 1981 to 2021 is 

shown in Table 2.4. In the Centralwest (at Gasange), the observed change point for the 

station revealed a significant decreasing trend in MAM light rainy days found in 1984. On 

the contrary, the stations with significant increasing trends, mainly located in the North, 

show an abrupt change later between 1992 and 2007. For SOND light rainy days, the only 

station with a significant decreasing trend in the Northwest (i.e., Rwempasha) has an abrupt 

change in 1992.  For the stations with significant positive trends in SOND light rainy days, 

mainly located in the Northwest and South, change points were observed after 2002. 
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For the MAM moderate rainy days (Table 2.4) exhibiting significant decreasing trends, 

mainly in the two stations located in the South, the changed points are recorded in the 1990s. 

Similarly, in the Northern part, which shows increasing trends in MAM moderate rainy days, 

the change points are detected in the 1990s. During the SOND rainy season, moderate rainy 

days, the observed change points of significant increasing trends (i.e., stations accumulated 

in the Central west) are in the 2010s. 

The analysis of change points in MAM heavy rainy days is presented in Table 2.4. Nine 

stations exhibit significant decreasing trends in the southern part, and the change points 

identified at these stations are mainly in the 2010s. For SOND heavy rainy days, the station 

that indicates a significant decreasing trend in the North (i.e., Kiziguro) reveals the change 

point in 2019. Abrupt change of MAM onset dates during the 1981-2021 period is shown in 

Table 2.4. In the North and Southwestern regions, a significant abrupt shift occurs after 2002 

at stations undergoing a significant decreasing trend. Additionally, the SOND season 

experienced change points after 2005 for most stations in the North and Southeast, with a 

significant decreasing trend. Table 2.4 also shows the observed change points for MAM 

cessation dates. The only station (Bare) that shows a significant declining trend in the 

Southern region displays a sudden change in 2006. In SOND, abrupt variation is shown in 

1998 and 2009, respectively, at two sites in the Northwest (i.e., Kiziguro and Nyagahanga), 

with significant decreasing trends. Generally, the stations with decreasing trends show a 

change point in the last two decades. 

The analysis of change points in season duration for MAM is presented in Table 2.4. Except 

for one station in the north (i.e., Muhura), which had its first abrupt change in late 2007, the 

records for change points where increasing significant trends are observed primarily indicate 

more than one change point. The earliest lies in the period from 1986 to 1993, and the latter 

after 2000 for the stations located in the North and Southern parts. For SOND, at most 

stations with positive significant trends from north to south, the abrupt change occurred after 

2000. The only station that indicates an earlier change point is Mwurire (1995) in the central 

west. The trends after the change point in both MAM and SOND at all stations agree with 

the results of the MK test, which indicates a significant increasing trend. 

It is thus clear that stations with decreasing trends are generally associated with change 

points that occurred in the most recent decades (that is, after 2000). This is generally the case 

in rainfall amounts, heavy rainy days, and moderate rainy days in both rainy seasons. 
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However, for the number of rainy days and light rain days, it is the opposite. The recent 

change points likely reflect the intensified impact of global warming, particularly in the most 

recent decades. At the same time, earlier shifts may be due to initial climatic adjustments 

and regional land use changes. 

The significant trends in precipitation observed in Rwanda, particularly in the Eastern 

Province, can be attributed to a combination of factors within the climate system. Global 

climate change plays a crucial role, with rising temperatures and altered ocean temperatures, 

such as those from the Indian Ocean, affecting atmospheric moisture and precipitation 

patterns. Regional phenomena like the Indian Ocean Dipole (IOD) and the El Niño-Southern 

Oscillation (ENSO) also significantly influence rainfall variability, with positive IOD and El 

Niño events generally associated with increased precipitation in the region (Safari et al. 

2022; Sebaziga et al. 2024). Additionally, local geographical features, including orographic 

effects from the area's varied topography and influences from large lakes, contribute to 

spatial variations in rainfall. Changes in land use, such as deforestation and urbanization, 

may further impact local climates by altering evapotranspiration rates and surface 

characteristics (Sahin and Cigizoglu 2010). These factors, coupled with natural climate 

variability, collectively shape the observed precipitation trends in the Eastern Province of 

Rwanda. 

The early or recent change points in precipitation events detected in our study align with 

other studies of different regions in Africa or elsewhere. The change-point of rainfall events 

and temperature caused by ENSO and La Niña events, or urbanization, was also detected in 

Malaysia in 1997/98 and 2001/02 (Suhaila and Yusop 2018). Rainfall and temperature shifts 

due to ENSO were also observed around 2001/02 in India and Nigeria (Bisai et al. 2014; 

Dibal et al. 2017). Previous studies in Rwanda have shown that seasonal rainfall variations 

are influenced by phenomena like El Niño–Southern Oscillation (ENSO) and Indian Ocean 

Dipole (IOD) (Safari et al. 2022; Sebaziga et al. 2024), and the impact of topography on the 

spatial and temporal distribution of rainfall has been confirmed (Ntwali 2016; Siebert et al. 

2019).  

 

https://doi.org/10.1002/joc.7891
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http://refhub.elsevier.com/S2405-8440(21)02127-7/sref65
http://refhub.elsevier.com/S2405-8440(21)02127-7/sref68
http://refhub.elsevier.com/S2405-8440(21)02127-7/sref9
http://refhub.elsevier.com/S2405-8440(21)02127-7/sref16
https://doi.org/10.1002/joc.7891
https://doi.org/10.1007/s00704-024-05086-3
http://refhub.elsevier.com/S2405-8440(21)02127-7/sref49
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Table 2.4 Identified change points for significant trends 

MAM SOND 

Rainfall 

amount      

Station Year Trend Station Year Trend 

Gahara 2013 

Decreasing 

Rusumo 2009 Decreasing 

Rusumo 2004 Murundi 1990 Increasing 

Musaza 2008    

Nyamugali 2008    

Bukora 2013    

Gahororo 2010    

Zaza 2008    

Ruhuha 2007    

Gabiro 1989 Increasing    

Rainy days      

Juru 1989 Decreasing Kayonza 1991 Decreasing 

Murehe 2009 

Increasing 

Murehe 2006 

Increasing 

Gabiro 1985 Karangazi 2001 

Akagera 2016 Ngarama 2019 

Rukira 2011 Nyagahanga 2019 

   Akagera 2008 

   Gahara 2007 

   Rukira 2000 

Light rain      

Gasange 1984 Decreasing Rwempasha 1992 Decreasing 

Murehe 2007 

Increasing 

Murehe 2002 

Increasing 
Kagitumba 1992 Kagitumba 1997 

Nyagahanga 2002 Ngarama 2018 

   Gahara 2004 

Moderate 

rain      

Gahororo 1992 Decreasing Kabarore 2018 Increasing 
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Juru 1994 Gabiro 2011 

Kagitumba 1993 

Increasing 

Rwimbogo 2018 

Karangazi 1993 Gahini 2014 

Gabiro 1990 Murundi 2016 

Kabarore 2004 Ihema 2013 

Rwimbogo 2004 Mwiri 2018 

Rwinkwavu 2020 Rukara 2011 

   Rwinkwavu 2018 

   Gahara 2018 

Heavy rain      

Rwinkwavu 1997 

 

 

 

Decreasing 

Kiziguro 2019 Decreasing 

Akagera 2019 Gabiro 1994 
Increasing 

Gahara 2017 Gatunda 2006 

Rusumo 2015    

Kirehe 2009    

Nyamugali 2012    

Gahororo 2014    

Kibungo 2013    

Bare 2011    

Onset day      

Murehe 2007 

Decreasing 

Mwurire 2016 

Decreasing 

Gatunda 2016 Kagitumba 1994 

Kagitumba 2016 Nyagatare 1989 

Nyagatare 2018 Rwempasha 1998 

Karangazi 2018 Karangazi 2007 

Nyagahanga 2002 Gabiro 2010 

Gabiro 2007 Rwimbogo 2006 

Rwinkwavu 2017 Gahara 1994 

Gahara 2004 Kirehe 2007 

Rukira 2009 Mpanga 2005 

Karutete 2013 Nyarubuye 2016 

Ruhuha 2004 Kibungo 2013 
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Musaza 1997 Increasing Rukira 2007 

Cessation 

day      

Bare 2006 Decreasing Kiziguro 1998 
Decreasing 

   Nyagahanga 2009 

Season 

Duration          

Karangazi 1988  Karangazi 2007  

Muhura 2007  Mwurire 1995  

Gabiro 1986 Increasing Kabarondo 2017  Increasing 

Murundi 1992  Kibungo 2014  

Nyarubuye 1988  Rukira 2007  

   Gahara 2002  

 

2.4 Conclusion 

In this study, a detailed analysis was conducted to investigate the trends and ascertain the 

change points of the significant trends in precipitation events of rainy seasons from 1981 to 

2021. Trend analysis was performed over 56 meteorological stations distributed across the 

Eastern Province of Rwanda using Mann-Kendall and Regional Kendall tests, Sen’s Slope, 

and Sequential Mann-Kendall Rank Statistic tests. Six variables critical for agriculture 

practices, namely seasonal rainfall amount, number of rainy days, rainfall classes (light, 

moderate, and heavy rainy days), as well as onset and cessation dates, and season duration 

for March-May and September-December seasons, were considered. The negative trends in 

seasonal rainfall amounts were recorded in a large area in the Southern part of the Eastern 

Province in MAM. And the regional trend in MAM rainfall indicated a non-significant 

decreasing trend. In contrast, the SOND season indicated an increasing trend in a large part 

of the eastern province and also showed a very weak but positive trend in rainfall at the 

regional level. At the regional level, we observed a significant increase in season duration of 

the SOND season, where the observed significant negative trend in onset implies that early 

Onset has contributed to expanding the rainy season by starting earlier than before. The 

change points analysis indicated that, for the majority of the variables, stations undergoing 

decreasing trends have generally experienced an abrupt change in the last two decades.  
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These results will help develop adequate adaptation strategies that sustainably respond to the 

needs of the vulnerable group. They will also be a research tool for future studies assessing 

the impacts of trends that occurred in the Eastern Province of Rwanda. The reduction in 

station data during the 1994 to 2010 period could potentially impact the identification of 

change points in our study, given the increased reliance on satellite estimates during this 

time. Given that many (almost 50%) of the change points identified in this study fall within 

the 1994 - 2010 period, to further strengthen the findings and reaffirm the reliability of the 

identified change points, additional steps could include cross-validation with other 

independent datasets and comparison with alternative methods. This would help ensure that 

the change points identified are genuinely reflective of climatic trends and not artifacts of 

data limitations. Future studies could also extend the time series analysis beyond this period 

to enhance robustness. 
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Chapter 3 Trends and Variability of Temperatures in the Eastern 

Province of Rwanda 

This Chapter reproduces the content of our published paper  

(https://doi.org/10.1002/joc.8793) 

 

3.1 Introduction 

During the last decades, several studies have indicated that the Earth’s surface has experienced 

an increase in temperature in many parts of the world. The global average temperature increase, 

commonly referred to as global warming, has been observed since the Industrial Revolution, 

with significant warming recorded in recent decades (IPCC 2021). This warming is primarily 

driven by human-induced greenhouse gas emissions, with natural factors having a minimal 

impact on recent climate changes (IPCC 2021). The magnitude of the observed increase in 

temperature varies from one area to another, depending on several factors, including the 

topography, land use, and land cover (Vicente-Serrano 2007; Hansen et al. 2010; Revadekar et 

al. 2013). The global warming linked to climate change has led to significant changes in the 

climate system in many areas (IPCC 2022). Changes in sea level, precipitation patterns, and 

increases in the occurrence and intensity of extreme weather events such as floods and droughts 

constitute the most frequent impacts of climate change (IPCC 2023). These changes have 

caused considerable impacts worldwide on the environment, the economy, and society.  

Studying temperature trends and variability has captured the attention of numerous researchers 

for a variety of reasons. Firstly, temperature changes are an indicator of climate change (Safeeq 

et al. 2013). Secondly, temperature changes have a significant impact on important sectors such 

as agriculture (Walther et al. 2002; FAO 2018; Safari and Sebaziga 2023), health (Ndenga et 

al. 2006; Carreras et al. 2015; Jang and Chun 2021), and food security (Meehl et al. 2000; Iqbal 

et al. 2016). 

Africa is a continent noticeable by climatic contrasts and known for its ecological diversity, 

encompassing distinct geographical regions, each bearing unique climatic marks (Mahli and 

Wright 2004). It is the most vulnerable continent on Earth to the effects of climate change 

(IPCC 2007). This vulnerability, which is increasing in most African countries, is due to a range 

of factors that include limitations in adaptive and mitigation capacity, high dependence on 

ecosystem goods for livelihoods, and less developed agricultural production systems (Collier 
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et al. 2008; Dunning et al. 2016; WMO 2019; IPCC 2022).  During recent decades, the East 

African region, including Rwanda, has experienced the effects of climate change, which have 

considerably affected the socio-economic well-being of the population and the environment 

(Herold 2017; Nicholson 2017; Vellinga and Milton 2018; Choi 2022). Drought is the most 

significant climate-induced stressor in East Africa, with its frequency, intensity, and duration 

increasing in recent years (Russo et al. 2016; Ayugi et al. 2019). This has resulted in water 

scarcity and agricultural production failures, to name a few, leading to famine and food poverty 

(Richardson et al. 2022). Furthermore, as the climate warms, health illnesses such as malaria 

are expected to affect a large number of people in East Africa (Zhou et al. 2004). 

Rwanda, being part of the Eastern African region, has been subject to climate change and its 

impacts (Sebaziga et al. 2022; Rwema et al. 2025). Several studies have been conducted to 

analyse trends of temperature and variability in Rwanda using either station data or gridded 

data for different periods. Using station data, Safari (2012) analysed trends of annual mean 

temperatures over five sites distributed in the country during the period 1958-2010. An abrupt 

change was found around 1977-1979, followed by an increasing trend. The City of Kigali 

recorded the highest significant temperature increase of approximately 1.5 °C from the period 

following 1977-1979 to 2010. Ngarukiyimana et al. (2021), with station data, studied changes 

in maximum and minimum surface air temperature over 24 sites during 1961-2014 in Rwanda. 

Significant positive trends in both maximum and minimum temperatures were observed in 

most of the sites since the early 1980s. Haggag et al. (2016) examined observational data of air 

temperature and precipitation data from 6 sites in Rwanda during 1964-2010. A significant 

trend in temperature was observed in almost all sites, but no trend was found for rainfall. Using 

gridded time series of observed daily temperatures displayed on a network of 4 km resolution 

over the country during the period spanning the years 1983-2022, Safari and Sebaziga (2023) 

analysed trends and variabilities of mean seasonal temperatures. They found statistically 

significant positive trends of minimum temperature for the long dry season (i.e., June-July-

August) and the short rainy season (i.e., September-October-November-December). The 

increase in cold days, alongside warm nights and warm days, was also found to be statistically 

significant. 

Climate change has caused enormous impacts on infrastructure and agriculture, and livestock 

activities in Rwanda, particularly Eastern region (Uwimbabazi et al. 2022). The Eastern part of 

Rwanda plays an important role in the country’s economy owing to its major contribution to 
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agricultural and livestock production (RAB 2020; NISR 2023A). However, this region has 

experienced climate-related hazards such as frequent and long periods of droughts and extreme 

rainfall impacting the society and the economy of the country (Munyaneza et al. 2011; Mikova 

et al. 2015; Sarkodie et al. 2015).  

In most previous studies on Rwanda climate, the Eastern part has been treated as a uniform 

area, neglecting crucial distinctions in micro- and topoclimatology. Very limited studies have 

been done so far at a small scale in Rwanda. A recent study by Sebaziga et al. (2023) on a very 

small scale in the Eastern Province showed that microclimate conditions have a major influence 

in explaining trends and variations that occur temporally within this critical zone. The 

consideration of microclimate zones in climate variables analysis is important for the 

identification of changes and their extent within different zones. 

Understanding temperature patterns and variability is crucial for informing policymakers and 

decision-makers in devising effective climate change mitigation and adaptation strategies. To 

this end, climate data-driven tools play a pivotal role in pinpointing areas most susceptible to 

the impacts of climate change. By leveraging such tools, decision-makers can strategically 

allocate resources to support the most vulnerable communities, enhancing their resilience and 

bolstering efforts to adapt to the challenges posed by climate change. The Eastern region needs 

to be studied carefully due to its particular climate characteristics, such as high temperature 

and particular topography. The spatial difference in temperature trends and variations that 

result from the difference in microclimatic conditions needs to be well understood. 

This study aims to investigate air temperature trends and variations over the Eastern Province 

of Rwanda, through analysis of the identified optimal near-homogeneous zones. Data used in 

the present study were provided by the Rwanda Meteorology Agency. They consisted of a time 

series of daily rainfall and minimum (Tn), maximum (Tx), and mean (T) temperatures 

displayed on a grid of 4km resolution for rainfall and 5km for temperatures. This paper is 

structured as follows: after the introduction part, in Section 2, the methods and data are 

explained. In Section 3, results are presented and discussed in Section 4, and then go on to the 

conclusion in Section 5. 
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3.2 Data and Methods 

3.2.1 Study area and data 

Among the five provinces that compose Rwanda, the Eastern Province is the largest with 9,813 

km2 (see Figure 3.1a). It is also the first with a large part of national farming lands. Compared 

with other provinces, the Eastern Province was ranked number one after the 5th population and 

housing census of 2022, with the highest population (3,563,145) (representing 26.9 % of the 

total Rwandan population). On the other side, it remains the last in population density, with 

433 inhabitants per km2 (NISR 2023a). The climate over the Eastern Province is characterised 

by high annual mean temperature (above 20 °C), which varies with topography, alongside low 

annual rainfall of less than 1000 mm. Characterised by its lowland topography, with elevations 

typically below 1500 meters, the region features a gradual decline in altitude from West to East 

(see Figure 3.1b), with few noticeable hills or mountains, particularly in the Southeastern area 

(i.e., Kirehe district). This topographical profile creates an environment that is highly 

conducive to agriculture and cattle rearing, making it an ideal area for these activities. 

Currently, it plays an indispensable role in the country’s economy through the production of 

staple food and animal production (MINAGRI 2023; NISR 2023b). Similar to other regions, 

the economic activities follow the two main rainy seasons available in Rwanda: March to May 

(MAM), and September to December (SOND) (Ntwali et al., 2016; Nicholson, 2018). In the 

agricultural context, the SOND corresponds to season A, while MAM corresponds to season 

B. The fluctuation in climate variables such as temperature and rainfall in the above seasons 

affects the production of important sectors, including agriculture.  
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(a) 

 

(b) 

 

Figure 3.1 Geographical location of the study area. Panel (a) displays the study area 

highlighted in grey on the map of Rwanda, while panel (b) features a topographic map 

illustrating the area's elevation and terrain. 

Daily rainfall and minimum, maximum, and mean temperatures data displayed on a grid cell 

of 4km resolution for rainfall and 5km for temperatures for the period 1983-2021 were obtained 

from the Rwanda Meteorology Agency (Meteo Rwanda 2023). The gridded datasets were 

reconstructed at Meteo Rwanda following the methodologies established by Dinku et al. 

(2014), Siebert et al. (2019), and Meteo Rwanda (2024). This process integrated station 

observations with satellite data, correcting for average climatological biases derived from 

records spanning 1981 to 1993. Additionally, interpolation and standard merging techniques 

were applied when station data were accessible, resulting in a comprehensive and dependable 

dataset suitable for further climatic research. Stringent quality control measures were 

implemented to ensure data integrity, which included verifying station coordinates, identifying 

outliers, and evaluating the homogeneity of time series data (Meteo Rwanda 2024). This dataset 

has been employed in numerous studies at both national and regional levels, including research 

conducted by Sebaziga et al. (2020), Uwimbabazi et al. (2022), Sebaziga et al. (2022), Safari 

and Sebaziga (2023), and Sebaziga et al. (2023). 
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3.2.2 Methods 

a. Microclimatic zone identification 

In this study, a clustering technique is used to identify microclimatic zones with respect to both 

annual mean rainfall and minimum and maximum temperature variables at each grid cell of the 

area of study. Clustering, sometimes called cluster analysis, is usually used to group data into 

structures (groups or clusters) that are more easily understood and manipulated without 

predefined classes. In this way, similar elements are found in each group, and at the same time, 

they show a distinct behavior concerning elements found in other groups. Cluster analysis and 

its applications are used in a wide range of domains spanning from linguistics, social sciences, 

and electrical engineering to atmospheric and climate sciences (Webb and Copsey 2011). Two 

categories of commonly used methods of clustering are found in literature (Theodoridis and 

Koutroumbas 2008): i) Hierarchical Clustering, also known as Hierarchical Cluster Analysis 

(Ward 1963; Székely and Rizzo 2005; Nielsen 2016; Fernández and Gómez 2020); ii) 

Partitioning Methods, including Self-Organizing Maps comprising a neural network-based 

model for data clustering (Kohonen, 2001); iii) and K-means (Alsabti et al. 1997; Shi et al. 

2010; Trupti et al. 2013). The K-means method was opted to be used as it has been shown to 

be effective in producing good clustering results for many practical applications, especially in 

climatology (Yokoi et al. 2011; Carvalho et al. 2016; Kömüşcü et al. 2022). A detailed 

description of the K-means method is given below. 

  

Let’s consider 𝑋 = {𝑥𝑖|𝑖 = 1,2, … , 𝑛} as a data set with 𝑛 data points, 𝑘 as the number of 

clusters, 𝜇𝑘 as the centroid of cluster 𝐶𝑘 where 𝑘 = 1,2, … , 𝑗, the Euclidean distance is given 

by the formula   

 
Euclidean distance = √∑|𝑥𝑖−𝜇𝑘|2. 

 

(3.1) 

 

Then each data point is assigned to the closest center (i.e., centroid). After having all data 

classified into some clusters, each center is updated by calculating the cluster average and 

placing it to become a new cluster center. The procedure is repeated until there is no change in 

the center of the clusters. 

 

https://doi.org/10.1002/9781119952954
https://darmanto.akakom.ac.id/pengenalanpola/Pattern%20Recognition%204th%20Ed.%20(2009).pdf
https://doi.org/10.2307/2282967
https://doi.org/10.1007/s00357-005-0012-9
https://link.springer.com/book/10.1007/978-3-319-21903-5
https://doi.org/10.1007/s00357-019-09339-z
https://doi.org/10.1007/978-3-642-56927-2
https://surface.syr.edu/eecs/43
https://doi.org/10.1109/IITSI.2010.74
http://www.ijarcsms.com/
https://www.mri-jma.go.jp/Dep/clg/hendo/paper/paper_7.pdf
https://doi.org/10.1016/j.pce.2016.05.001
https://doi.org/10.2166/wcc.2022.186
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To identify the optimal number of clusters (k) after several runs of K-means, the Elbow plot 

method is used (Wickramasinghe et al. 2022). The approach requires running k-means multiple 

times by changing the number of clusters (k) and calculating the total within the sum of squares 

for each k value. Then, the obtained total within the sum of squares is plotted against k, which 

indicates the right number of clusters where there is a bend in the curve. This implies that with 

the optimal number of clusters, the clustering error is minimized. The total within-cluster 

variation is defined as the sum of squared Euclidean distances between points and their 

respective centroid, represented as: 

 𝑊(𝐶𝑘) = ∑ (𝑥𝑖 − 𝜇𝑘)
2

𝑥𝑖𝜖𝐶𝑘

, (3.2) 

 

where 𝑥𝑖 is the  𝑖𝑡ℎ data point of cluster k (𝐶𝑘), and 𝜇𝑘 is the mean value of points in cluster 

k. Hence, the clustering error function is:  

 

∑𝑊(𝐶𝑘)

𝑘

𝑘=1

=∑ ∑ (𝑥𝑖 − 𝜇𝑘)
2

𝑥𝑖𝜖𝐶𝑘

𝑘

𝑘=1

. (3.3) 

To address the drawbacks of this approach related to both the selection and position of the 

initial cluster centers, several runs are recommended that vary in the initial positions of the 

cluster centers (Likas et al. 2003). A map of the clustered zones is then used to evaluate the 

number of clusters and reveal patterns of spatial organisation and cluster stability. The 

graphical map results for various values of k, specifically 2, 3, 4, and 5, were assessed to 

identify which k produces optimal, distinct zones without overlap, while also considering the 

climatological relevance of each value. 

Microclimate zones were defined based on the identified optimal number of clusters, where 

each cluster corresponds to a unique microclimate zone. This approach was used by Sebaziga 

et al. (2023) in Rwanda on a small scale to identify four near-homogeneous zones of the 

Kayonza district in the Eastern Province. The same approach was used by Sebaziga et al. 

(2024), studying the spatial variability of seasonal rainfall onset, cessation, length, and rainy 

days in Rwanda. For each zone, a representative time series was constituted by considering the 

average of the time series of all grids located in the zone under consideration. The 

representative time series of each zone was then analysed using the dynamic linear model. 

https://doi.org/10.1186/s42162-022-00186-8
https://doi.org/10.1016/S0031-3203(02)00060-2
https://doi.org/10.1155/2023/5372701
https://doi.org/10.1007/s00704-024-05086-3
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b. The dynamic linear model for trend analysis 

The Mann-Kendall test and Sen’s slope test are commonly used among the existing trend 

detection methods in environmental and climate data analysis. The Mann-Kendall test, which 

is a non-parametric approach, consists of testing a hypothesis based on the test’s statistics to 

reveal if the data follow a monotonic trend. The magnitude of the trend is obtained from Sen’s 

Slope test. The results of trend analysis using the Mann-Kendall test and Sen’s slope test may 

be influenced by both autocorrelation and periodicity in the data if these factors are not 

addressed beforehand (Hipel and McLeod 1994; Sheng and Chun 2002; Pohlert 2023). With 

dynamic linear model methods, this restraint can be overcome, as it allows the inclusion of 

periodic components in the model and allows model correlation through autoregressive 

components in the model. In addition, it takes into account the uncertainties in the observation. 

It allows uncertainty quantification and provides credibility intervals, which improve the 

quality of the approach. 

To study the trend in this study, a dynamic regression model based on the dynamic linear model 

(DLM) or state space model approach (Durbin and Koopman 2012) was used. The DLM model 

used here consists of two following main components: i) a smooth locally linear trend and ii) 

an autoregressive noise. The locally linear trend allows to model smooth changes in average 

temperature. The autoregressive term serves to model long-term correlations that are typical in 

climatic time series. The state-space approach is utilised in constructing all the components. 

To construct a dynamic linear model, it is necessary to conceptualise it as a general linear state-

space model. This model is characterised by an observation equation and a state evolution 

equation, serving as the means to articulate its behavior and dynamics. Using notation similar 

in Durbin and Koopman (2012), these equations can be expressed as:  

 𝑦𝑡 = F𝑡𝑥𝑡 + 𝑣𝑡,         𝑣𝑡~𝑁(0, V𝑡), (3.4) 

 

 𝑥𝑡 = G𝑡𝑥𝑡−1 + 𝑤𝑡,    𝑤𝑡~𝑁(0,W𝑡), (3.5) 

where 𝑦𝑡 is a vector of length k of observations at time t, with t = 1, …T, and 𝑥𝑡 is a vector of 

length m of the system’s unobserved states at time t. The observation operator, 

matrix F𝑡 (𝑘 x 𝑚), connects the hidden states to the observations, and the model evolution 

operator, matrix G𝑡  (𝑚 x 𝑚), describes the dynamics of the concealed states. Both uncertainties 

represented by observation uncertainty 𝑣𝑡 and model error 𝑤𝑡 are Gaussian, with V𝑡 and W𝑡 

https://www.perlego.com/book/1856325/time-series-modelling-of-water-resources-and-environmental-systems-pdf
https://doi.org/10.1029/2001WR000861
https://cran.r-project.org/web/packages/trend/vignettes/trend.pdf
https://www.scribd.com/doc/55179464/Time-Series-Analysis-by-State-Space-Methods-by-Durbin-and-Koopman
https://www.scribd.com/doc/55179464/Time-Series-Analysis-by-State-Space-Methods-by-Durbin-and-Koopman
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representing observation uncertainty covariance and model error covariance, respectively. The 

time index t ranges from 1 to T, representing the length of the time series to be examined. In 

univariate time series analysis, k is set to 1. With multivariate data, the system matrices F𝑡, G𝑡, 

V𝑡, and W𝑡 can be used to define correlations between the observed components. As this 

analysis involves a linear model, it is assumed that the operators F𝑡  and G𝑡 are linear. However, 

they may change over time. 

In our case of a univariate temperature time series, the DLM model consists of two parts: one 

for the smooth background trend and one for the autoregressive error. The discussion begins 

with the trend, which consists of a local level and a local trend and has two hidden states 𝑥𝑡 =

[𝜇𝑡, 𝛼𝑡]
𝑇 , where 𝜇𝑡 is the mean level and  𝛼𝑡 is the change in the level from time t to t+1. The 

Gaussian stochastic terms 𝜀obs, 𝜀trend, and 𝜀level are used for observation error and for the 

random dynamics of the trend and level. This gives the model equations as follows:  

 𝑦𝑡 = 𝜇𝑡 + 𝜀obs,         𝜀obs~𝑁(0, 𝜎obs
2 ), (3.6) 

 

 𝜇𝑡  = 𝜇𝑡−1  +   𝛼𝑡−1 + 𝜀level ,      𝜀level~𝑁(0, 𝜎level
2 ), (3.7) 

 

 𝛼𝑡  =  𝛼𝑡−1  +  𝜀trend,      𝜀trend~𝑁(0, 𝜎trend
2 ). (3.8) 

 

Here in the state-space formulation of the trend process, it is observed that the matrices Ft, 

 Gt, and V𝑡 do not depend on time, and can be written as Ftrend,  Gtrend, and Vt, with 

equations (3.4) and (3.5) becoming: 

 𝑥𝑡 = [𝜇𝑡, 𝛼𝑡]
𝑇 ,  Gtrend = [

1 1
0 1

], Ftrend = [1  0], (3.9) 

 

 
Wtrend = [

𝜎level
2 0

0 𝜎trend
2 ], and  Vt = [𝜎obs

2 ]. (3.10) 

 

In addition to the time-varying local state  𝑥𝑡, this model has three static parameters for the 

error variance [𝜎obs
2 , 𝜎level

2 , 𝜎trend
2 ]. 

 

By selecting appropriate levels of variance for both 𝜎level
2  and the mean state 𝜇𝑡, a smoothly 

varying background level of the time series can be shaped, allowing for the detection of 
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temperature variations with enhanced precision. In our analysis, the 𝜎level
2  is set to be zero, and 

𝜎trend
2  is estimated from the observations. This results in a captivating integrated random walk 

model for the estimated mean level 𝜇𝑡 (Durbin and Koopman 2012). 

The DLM model defined by equations (3.9) and (3.10) is very efficient for modelling smooth 

changes in the temperature time series. To take into account possible long-term correlation in 

the data, which would manifest as correlated residuals, an additional DLM component was 

used for a first-order autoregressive model AR(1). For the term 𝜂𝑡, the first-order 

autoregressive model used can be stated as: 

 𝜂𝑡  =  𝜌𝜂𝑡−1  +  𝜀AR,      𝜀AR~𝑁(0, 𝜎AR
2 ), (3.11) 

where 𝜌 is the autoregressive coefficient, and 𝜎AR
2  is innovation variance. In state-space form, 

this becomes: 

 GAR = [𝜌],  FAR = [1],WAR = [𝜎AR
2 ]. (3.12) 

Using the observations, both 𝜌 and 𝜎AR
2  may be estimated. 

The integration of selected individual model components into bigger model evolution and 

observation equations becomes the next phase in the DLM model creation: 

 
G = [

 Gtrend 0
0  GAR

] , F = [ Ftrend   FAR],  (3.13) 

 

 
W = [

 Wtrend 0
0  WAR

]. (3.14) 

 

After the previous steps, the focus shifts towards estimating the parameters of variance (i.e. 

𝜎trend
2  and 𝜎AR

2 ) and other model components (such as the autoregressive coefficient 𝜌 in the 

GAR matrix) and estimating the model states using state-space Kalman filter techniques (Laine 

et al. 2014). 

 

The estimation of the unknown parameter 𝜃 = [𝜎trend
2 , 𝜎AR

2 , 𝜌]  is based on Bayesian statistical 

analysis for which the Kalman filter is used for the likelihood evaluation (Durbin and Koopman 

2012). The implementation involves using the Markov chain Monte Carlo (MCMC) simulation 

algorithm to estimate the posterior distribution of  𝜃 and to account for its uncertainty in the 

https://www.scribd.com/doc/55179464/Time-Series-Analysis-by-State-Space-Methods-by-Durbin-and-Koopman
https://doi.org/10.5194/acp-14-9707-2014
https://www.scribd.com/doc/55179464/Time-Series-Analysis-by-State-Space-Methods-by-Durbin-and-Koopman
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trend analysis. Step-by-step details on the estimation procedure of 𝜃  with this approach can be 

found in Laine et al. (2014). 

 

The DLM method was used by several authors in atmospheric and climate studies, including 

Petris (2010); Laine et al. (2014); Mikkonen et al. (2014), and Roininen et al. (2015), to 

mention a few. The advantages of this method are, among others, the ability to capture smooth 

varying behavior in the data, handle missing data, take into consideration uncertainties in the 

observations, and the fact that it does not require stationarity assumptions ( Gamerman 2006; 

Petris 2010).   

 

c. Goodness-of-Fit Test 

Goodness-of-fit test statistics are used to verify if the distribution of experimental data follows 

a theoretical distribution. Several methods of fitting observational data with simulated data are 

found in the literature. They include i) the formal statistical tests (Razali and Wah 2011; 

Rahman et al. 2013; Ul Hassan et al. 2019), ii) graphical methods (Coles 2001), and iii) 

accuracy measure methods (Moriasi et al. 2007,  Chen et al. 2017, Safari et al. 2022). In this 

study, graphical methods and accuracy methods have been used. For graphical methods, with 

the DLM model, two commonly used methods focus on residual distribution and residual 

autocorrelation analysis (Auger‐Méthé et al. 2021). As commonly used and recommended for 

the DLM model (Durbin and Koopman 2012), the validation is made by studying the model 

residuals to see if the modeling assumptions are satisfied. The first check is that the residuals 

have to be normally distributed. This condition is examined through a particular assessment of 

the normal probability plot, the Q-Q plot, which compares the quantiles of observed residuals 

with the quantiles derived from the theoretical Gaussian distribution. To fulfill the normality 

condition, in the Normal Q-Q plot, the points should be mostly aligned with no sign of large 

outliers (Durbin and Koopman 2012; Laine et al. 2014). The second condition to be verified is 

the independence of residuals. The uncorrelated model residual is examined graphically from 

an estimated autocorrelation function plot (ACF) (Durbin and Koopman 2012). In this plot, the 

residuals have to show no significant autocorrelation, as all the coefficients have to fall in the 

95 % confidence interval of a significant threshold. Once the two conditions are satisfied, then 

the fit agrees with the assumption, and the modeling results are consistent with the data.  

https://doi.org/10.5194/acp-14-9707-2014
https://doi.org/10.18637/jss.v036.i12
https://doi.org/10.5194/acp-14-9707-2014
https://doi.org/10.1007/s00477-014-0992-2
https://doi.org/10.1002/2015JA021176
https://www.routledge.com/Markov-Chain-Monte-Carlo-Stochastic-Simulation-for-Bayesian-Inference/Gamerman-Lopes/p/book/9781584885870
https://doi.org/10.18637/jss.v036.i12
https://www.nrc.gov/docs/ML1714/ML17143A100.pdf
https://doi.org/10.1007/s11069-013-0775-y
https://doi.org/10.1007/s42452-019-1584-z
https://doi.org/10.1007/978-1-4471-3675-0
http://dx.doi.org/10.13031/2013.23153
https://doi.org/10.3390/w9050320
https://doi.org/10.1002/joc.7891
https://doi.org/10.1002/ecm.1470
https://www.scribd.com/doc/55179464/Time-Series-Analysis-by-State-Space-Methods-by-Durbin-and-Koopman
https://www.scribd.com/doc/55179464/Time-Series-Analysis-by-State-Space-Methods-by-Durbin-and-Koopman
https://doi.org/10.5194/acp-14-9707-2014
https://www.scribd.com/doc/55179464/Time-Series-Analysis-by-State-Space-Methods-by-Durbin-and-Koopman
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For accuracy methods, three powerful statistical metrics commonly used to evaluate the 

performance of a regression model are considered: The Mean Absolute Error (MAE), the Root 

Mean Square Error (RMSE), and R-squared (R2), known as the coefficient of determination 

(Boyle et al. 2000; Moriasi et al. 2007). MAE measures the average absolute difference between 

the predicted values and the actual target values (residuals). RMSE is the square root of the 

variance of the residuals. Both MAE and RMSE inform how accurate the model’s prediction is, 

and give the amount of deviation from the actual values (Auger-Méthé et al. 2016). High values 

indicate that the model’s performance is weak. The RMSE and the MAE were calculated using 

the one-step-ahead prediction and the observation. The RMSE and MAE can be interpreted to 

reveal how well the model can predict one-time unit ahead (e.g., one year). R2 represents the 

proportion of the variance in the dependent variable that is explained by the model. It indicates 

how close the regression line (the predicted values plotted) is to the actual data values. The R2 

was calculated using the observation and smoother local mean estimate, which tells how much 

of the year-to-year variability of temperature is explained by the smooth background mean 

estimate. The R2 obtained from the DLM component was also compared to the R2 computed 

using the Linear model (LM). This comparison was to examine how DLM differs from LM in 

explaining the variance in our variable. For a linear model, the R2 value lies between 0 and 

1, where 0 indicates that this model does not fit the given data and 1 indicates that the model 

fits perfectly to the dataset provided. However, as DLM will produce a non-linear smooth curve 

as the mean estimate, this could produce even negative R2 values in the cases where the DLM 

mean state component alone does not provide a good fit. 

The computation in this paper was performed with the R statistical software (Core Team 2021) 

using packages DLM (Petris 2010), FME (Soetaert and Petzoldt 2010), and Bayesplot (Gabry 

et al. 2019). The ArcGIS software (ESRI 2021) was used to draw maps for near-homogeneous 

zones and the spatial distribution of the temperature means over the study area where the 

kriging method was applied for interpolation. 

3.3 Results  

3.3.1 Spatial Distributions of Long-Term Mean Temperature and Rainfall 

Figure 3.2 illustrates the spatial distribution of seasonal mean temperature, including January 

to February (JF) in Figure 3.2a, March to May (MAM) in Figure3.2b, June to August (JJA) in 

https://doi.org/10.1029/2000WR900207
http://dx.doi.org/10.13031/2013.23153
https://doi.org/10.1038/srep26677
https://www.r-project.org/
https://doi.org/10.18637/jss.v036.i12
https://doi.org/10.18637/jss.v033.i03
https://doi.org/10.1111/rssa.12378
https://www.esri.com/
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Figure 3.2c, September to December (SOND) in Figure 3.2d, and the annual long-term mean 

temperature in Figure 3.2e, spanning from 1983 to 2021, across Eastern Rwanda. The 

Northwestern part indicates lower temperatures (17-18 °C) than the remaining parts of Eastern 

Rwanda (18-23 °C). T presents maximum values (19-23 °C) during the JJA (Figure 3.2c) 

mainly in the Central-east extended to the South. The part extending from the Southwest to the 

Northeast presents relatively high T values in all seasons and annually. The rainfall distribution 

across the region exhibits a gradual decline from West to East for annual totals, as well as 

during the MAM and SOND seasons, as illustrated in Supplementary Material Figure S1 for 

the period from 1981 to 2021. Notably, the figure reveals that only a small portion of the 

region’s Northwestern and extreme Southwestern areas is characterised by significantly lower 

rainfall amounts during both the MAM and SOND rainy seasons, as well as throughout the 

annual period. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

 

 

Figure 3.2 Spatial distribution of the long-term mean of Temperature (°C) over Eastern 

Rwanda for January-February (JF) (a), March-April-May (MAM) (b), June-July-August (JJA) 

(c), September-October-November-December (SOND) (d), and Annual (e) during the period 

of 1983–2021 (Source of data: Rwanda Meteorology Agency). 

3.3.2 K-means clustering  

Figure 3.3 presents the Elbow plot, which indicates that the optimal number of clusters is k=3. 

The clustering structure is further illustrated in the maps of clustered zones shown in Figure 

3.4 for various values of k. As k increases, the regional partitioning expands, providing more 

detailed information about the study area. However, the interpretation becomes increasingly 

complex beyond a certain point, as additional clusters may not be distinct and can overlap 

significantly. With k=3, three clear clusters producing a distinct spatial partition of zones were 
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identified: zone one comprises 50 grid cells, zone two includes 353 grid cells, and zone three 

consists of 167 grid cells. When k increases to 4 or 5, a proliferation of clusters is observed; 

however, this leads to overlapping zones where elements from one zone are found within 

another. This overlap complicates interpretation and diminishes the clarity of the clustering 

results. In the following section and throughout the manuscript, the analysis focuses on the 

three distinct optimal zones of the Eastern Province, resulting from k=3. 

 

Figure 3.3 The Elbow plot shows the optimal cluster number with the vertical dotted line 

showing the Elbow joint corresponding to the chosen number of clusters (k=3). 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

Figure 3.4 Maps of clustered zones by number of clusters (k). This figure shows the partition 

of Eastern Province for different cluster counts: (a) k=2, (b) k=3, (c) k=4, and (d) k=5. It 

demonstrates how the regional partitioning changes as the number of clusters increases, 

revealing patterns of spatial organisation and cluster stability. 
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3.3.3 Near Homogeneous zones 

The spatial distribution of grid cells, each characterised by specific cluster class properties, 

produced a map displaying three distinct, nearly homogeneous zones within the Eastern 

Province. Figure 3.5 illustrates these near-homogeneous zones. Zone 1, named Northwestern, 

covers a small part extending from the central west to the northwest. It touches three districts: 

Nyagatare, Gatsibo, and Rwamagana. Zone 2, named Central, is the largest, extending from 

the Southwest to the Central and Northeast. It passes through all seven districts of the Eastern 

Province of Rwanda. Zone 3, named Southeastern, is located in part extending from the 

Southeast to the Central-eastern region, touching three districts: Kayonza, Ngoma, and Kirehe. 
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Figure 3.5 Climatic zone classification of the Eastern Province based on temperature and 

rainfall data for 1983-2021. The identified three near-homogeneous zones named Zone1: 

Northwestern, Zone2: Central, and Zone3: Southeastern are highlighted in green, yellow, and 

magenta, respectively. 

3.3.4 Goodness-of-Fit  

The validation diagnostic results for the Dynamic Linear Model (DLM) are detailed in the 

supplementary material. The empirical quantiles of the residuals plotted against their 

theoretical quantiles (Figure S2) demonstrate a strong adherence to the normality condition. 

Additionally, the autocorrelation function (ACF) plot of the residuals (Figure S3) reveals no 

significant autocorrelation, indicating independence among the residuals. Further analysis of 
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the prior and marginal posterior distributions (Figure S4) for three unknown model parameters 

(trend change standard deviation 𝜎trend, autoregressive standard deviation 𝜎AR, and 

autoregressive coefficient 𝜌) suggests that the posterior distributions are predominantly 

influenced by the data rather than the priors. Notably, the trend’s standard deviation is assessed 

as relatively small, highlighting a preference for exploring smooth background variability. The 

autoregressive parameters also exhibit narrow posterior distributions compared to their priors, 

indicating precise data-driven estimations. Overall, these findings suggest a strong fit to the 

data. Accuracy metrics such as Mean Absolute Error (MAE), Root Mean Square Error 

(RMSE), and R-squared (R2) are also included in the supplementary material (see Tables S1, 

S2, S3, and S4). In all three zones and the Eastern Province, the computed error metrics for 

monthly and seasonal (annual) mean Tn demonstrate a robust model fit when compared to Tx 

and T. In most instances, the coefficient of determination (R2) from the DLM significantly 

exceeds that of the linear model (LM), further underscoring the effectiveness of our approach. 

3.3.5 Trends and Variability in Temperatures  

Table 3.2 and Figure 3.6, along with Figures S5-S8, illustrate the changes and non-linear trends 

in the averaged annual and seasonal means of Tx, Tn, and T series across Northwestern, 

Central, and Southeastern zones, as well as for the entire Eastern Province of Rwanda from 

1983 to 2021. In the Eastern Province, the seasonal mean of Tn shows a greater increase (1.71-

3.37 °C) compared to Tx and T across all seasons, with the most significant rise occurring in 

the JJA season at 3.37 °C [1.75-4.81]. The analysis of time-varying trends (see Figure S4) 

reveals notable nonlinearity in Tn, with no significant change observed from 1990 to 2010, 

followed by a marked warming trend thereafter. In terms of micro-climate zones, Tn increases 

during the JF season across all zones, with the highest change of 1.97 °C [0.90-3.14] recorded 

in the Northwestern zone, while the Southeastern zone exhibits the lowest change at 1.21 °C [-

0.07-2.37]. Similar non-linear patterns are evident in all zones, particularly with a pronounced 

warming trend after 2010. During the MAM season, increases in Tn (0.93-3.11 °C) are 

observed across all zones, with the Northwestern zone experiencing the most significant rise. 

The same non-linear trend with strong warming after 2010 is noted in all zones. In the JJA 

season, Tn demonstrates a significant upward trend throughout the zones, with temperature 

changes ranging from 1.64 °C to 4.07 °C; the Northwestern zone is warming faster than the 

others. The SOND season also shows substantial changes in Tn, ranging from 1.57 °C to 3.42 

°C, particularly notable in the Northwestern and Central zones. A time-varying analysis 
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indicates a consistent upward trend characterised by nonlinearity in Tn changes, with only 

slight fluctuations from 1983 to 2010, followed by a pronounced warming phase thereafter. 

 

Table 3.1 Changes (in °C) and standard deviations of the averaged seasonal and annual mean 

of Tx, Tn, and T in Northwestern, Central, and Southeastern zones and the whole Eastern 

Province of Rwanda during the period 1983-2021 

Northwestern zone 

 Tx Tn T 

Season Change SD Change SD Change SD 

JF 1.29 [-0.24-2.74] 

 

0.80 1.97 [0.90-3.14] 

 

0.58 1.49 [0.31-2.64] 

 

0.58 

MAM 0.46 [-1.28-2.22] 

 

0.73 3.11 [1.68-4.52] 

 

0.88 1.63 [0.27-3.05] 

 

0.66 

JJA 0.99 [-0.26-2.28] 

 

0.64 4.07 [2.26-6.08] 

 

1.15 2.39 [0.89-3.90] 

 

0.80 

SOND -0.00 [-0.02-0.02] 

 

0.66 3.42 [1.54-5.22] 

 

0.82 1.12 [-0.34-2.51] 

 

0.54 

Annual 0.46 [-1.03-1.98] 

 

0.50 3.62 [1.92-5.29] 

 

0.83 1.81 [0.45-3.08] 

 

0.55 

Central zone 

 Tx Tn T 

Change SD Change SD Change SD 

JF 0.33 [-1.63-2.04] 

 

0.85 1.81 [0.55-3.07] 

 

0.55 1.001 [-0.43-2.31] 

 

0.56 

MAM -0.21 [-1.95-1.50] 

 

0.74 2.18 [0.99-3.49] 

 

0.67 0.75 [-0.35-1.87] 

 

0.52 

JJA 0.67 [-0.52-1.84] 

 

0.52 2.96 [1.60-4.39] 

 

0.69 1.52 [0.53-2.56] 

 

0.50 

SOND -0.65 [-2.17-0.91] 

 

0.74 2.53 [0.80-4.40] 

 

0.63 0.50 [-0.70-1.72] 

 

0.50 

Annual -0.01 [-1.45-1.48] 

 

0.48 2.70 [1.21-4.11] 

 

0.59 1.06 [-0.06-2.08] 

 

0.38 
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Southeastern zone 

 Tx Tn T 

Change SD Change SD Change SD 

JF 1.42 [-0.39-3.14] 

 

0.97 1.21 [-0.07-

2.37] 

 

0.51 1.24 [-0.05-2.51] 

 

0.62 

MAM 1.04 [-1.02-3.21] 

 

0.88 0.93 [-0.11-

2.01] 

 

0.49 0.97 [-0.20-2.30] 

 

0.57 

JJA 1.01 [-0.51-2.44] 

 

0.64 1.64 [0.38-2.73] 

 

0.49 1.23 [0.26-2.25] 

 

0.45 

SOND 0.49 [-1.38-2.33] 

 

0.79 1.57 [-0.03-

3.20] 

 

0.52 0.77 [-0.57-2.13] 

 

0.54 

Annual 1.07 [-0.56-2.78] 

 

0.63 1.58 [0.29-2.85] 

 

0.42 1.18 [0.08-2.21] 

 

0.41 

East 

  Tx Tn T 

Change SD Change SD Change SD 

JF 0.88 [-1.02-2.74] 

 

0.86 1.71 [0.66-2.83] 

 

0.56 1.47 [0.28-2.62] 

 

0.59 

MAM 0.16 [-1.60-2.00] 

 

0.74 2.37 [1.07-3.68] 

 

0.70 1.69 [0.22-2.93] 

 

0.57 

JJA 0.85 [-0.27-1.97] 

 

0.55 3.37 [1.75-4.81] 

 

0.81 2.37 [0.94-3.68] 

 

0.58 

SOND -0.37 [-2.17-1.42] 0.71 2.72 [1.10-4.46] 

 

0.65 1.17 [-0.18-2.47] 

 

0.52 

Annual 0.30 [-1.31-1.71] 

 

0.49 2.95 [1.64-4.45] 

 

0.63 1.87 [0.61-3.19] 

 

0.44 

 

The average temperature (Tx) across the entire Eastern region shows a relatively low and non-

significant increase of less than 1 °C during the JF, MAM, and JJA seasons. In contrast, there 
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is a decrease in SOND, with a change of -0.37 °C [-2.17 to 1.42]. The temporal change in Tx 

does not vary much over time when compared to Tn and T. When comparing the zones, the 

Southeastern zone exhibits the highest, though non-significant, positive change in Tx, ranging 

from 1.01 to 1.42 °C during the JF, MAM, and JJA seasons. A decreasing trend in seasonal 

and annual mean Tx is observed only in the Northwestern zone (during SOND) and the Central 

zone (in MAM, SOND, and annually), with a more pronounced decline occurring after 2015 

compared to earlier years. 
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(a) 

 

 

(b) 

 

 

(c) 

 

 

(d) 

 

 

(e) 

 

(f) 

 

 

(g) 

 

(h) 

 

(i) 

 

(j) 

 

(k) 

 

(l) 

 

 

Figure 3.6 DLM fit for yearly average temperature during 1983-2021. The observed yearly average 

temperature (black dots) is displayed together with the background mean level  𝜇𝑡 (black solid line). 

The smooth black solid line represents the estimated temperature trend together with a 95 % probability 

envelope. The dashed blue line is the linear trend.  The Z1, Z2, and Z3, respectively, stand for the 

Northwestern, Central, and Southeastern zones. The bottom panel in each column indicates the results 

obtained from the east. 
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In all zones and throughout the Eastern Province, the seasonal (annual) mean temperature (T) 

has been increasing, with the Northwestern zone experiencing a greater magnitude of change 

than the other zones and the overall region. Generally, the increases in monthly and seasonal 

(annual) mean T in the Northwestern zone, Central zone, and the entire Eastern Province can 

be attributed to rising monthly and seasonal (annual) minimum temperature (Tn). However, in 

the Southeastern zone, the increases observed during the JF and MAM seasons, as well as their 

respective monthly means, are primarily due to rising seasonal and monthly maximum 

temperature (Tx). Overall, the temporal changes in mean T indicate a strong influence of Tn, 

which aligns with its variation across months, seasons, and annually in most zones as well as 

in the entire region. 

Throughout the Eastern Province and its three zones, the standard deviations for monthly and 

seasonal (annual) mean temperatures during the study period are generally low, typically less 

than 1 °C. This indicates that variations in these temperature measures are not significant. 

Across all zones, the magnitude of the standard deviation for maximum temperatures (Tx) 

during the study period was consistently greater than that for minimum temperatures (Tn) and 

overall temperatures (T) across all seasons and years. 

Table S5 and Figures S9-S11 present the changes (trends) and standard deviations of the 

averaged monthly mean of Tx, Tn, and T in the Northwestern, Central, and Southeastern zones, 

as well as for the entire Eastern Province of Rwanda during the period 1983-2021. At the 

regional level of the Eastern Province, high increases in monthly mean Tn ranging between 

2.19 °C [0.97-3.36] (in January) and 3.53 °C [2.01-5.09] (in November) are observed in 

January, March, and between May and November. The monthly mean T shows relatively low 

increases in almost all months except March and between June and August, with temperatures 

ranging between 2.17 °C [0.14-4.30] (in March) and 2.38 °C [0.99-3.69] (in July). Across all 

three zones, an increase in the individual monthly mean Tn is observed in all months. 

3.4 Discussion 

The identification of optimal number of cluster k=3 strikes a balance between detail and 

interpretability, allowing for meaningful distinctions among the clusters without overwhelming 

complexity. From a climatological perspective, k=3 effectively captures the observed patterns 

in spatial temperature distribution by delineating areas with low, moderate, and high 

temperatures. Additionally, it reflects the topographical differences across the region, 
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distinguishing between high-elevation zones and lowland areas. The analysis identified three 

distinct zones characterised by their unique topographical features and climatic conditions. 

Zone 1(Northwestern) is situated near the central plateau in the northwest, nestled in the 

shadow of the Northern highlands. This region is marked by high elevations and cooler 

temperatures, as noted by Safari (2012). The elevation plays a significant role in shaping the 

local climate, leading to a distinct ecological environment that supports specific flora and 

fauna. Zone 2 (Central) encompasses areas of moderate elevation in the Eastern region, 

characterised by numerous lakes and the Eastern plain (Henniger 2013; Ekane et al. 2016). 

This zone’s topography contributes to its unique hydrology and biodiversity. The presence of 

lakes not only influences local weather patterns but also provides critical habitats for various 

species. Zone 3 (Southeastern) extends into parts of Akagera National Park, featuring 

numerous inland lakes and relatively high hills, particularly in the Southeastern areas such as 

the Kirehe district.  In the Eastern Province, mean temperatures vary with topography: areas of 

higher elevation tend to be cooler, while the lowlands experience warmer temperatures. This 

observation aligns with findings from Safari and Ndakize (2023), which indicate that 

temperatures in Rwanda decrease gradually with increasing elevation across all seasons. 

Verdoodt and Van Ranst (2003) indicate a similar pattern that temperature increases gradually 

from the West to the Eastern region. This relationship underscores how the country’s hilly and 

mountainous terrain creates diverse microclimates that affect both temperature and 

precipitation patterns. 

Increases in mean temperature have been observed across the Eastern Province in annual, 

seasonal, and monthly periods. The magnitude of these temperature changes varies 

significantly among different micro-climate zones, where distinct topographical features 

characterise each zone. Several studies have found that high-elevation regions are warming at 

an accelerated rate compared to moderate and low-elevation areas (Minder et al. 2018; Şevgin 

and Öztürk 2024; Zhao et al. 2024). However, other research, including work by Vuille and 

Bradley (2000), Pepin and Lundquist (2008), and Almazroui et al.  (2013), has reported no 

significant correlation between warming rates and elevation. In all zones of Eastern Province, 

the change in Tn was increasing, and this increase in Tn was more pronounced in the 

Northwestern zone and Central zone compared to that of the Tx and T across various months, 

seasons, and years. In Northwestern zone, comprising mainly part of Nyagatare and Gatsibo 

districts in the northwest, the mean seasonal Tn changes are notably higher than in other zones 

across all seasons, exacerbating vulnerability to the impacts of the substantial increase in Tn 

http://dx.doi.org/10.4236/jep.2012.36065
http://dx.doi.org/10.4236/ns.2013.51A019
https://doi.org/10.13140/RG.2.1.2250.8569
https://doi.org/10.3390/atmos14091449
https://api.semanticscholar.org/CorpusID:131005551
https://doi.org/10.1175/JCLI-D-17-0321.1
https://doi.org/10.1038/s41598-024-68164-6
https://doi.org/10.1007/s11629-023-8449-z
https://doi.org/10.1029/2000GL011871
https://doi.org/10.1029/2008GL034026
https://link.springer.com/article/10.1007/s10584-013-0796-2
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within this area. Several research efforts have linked the increased rate of minimum 

temperatures (Tn) relative to maximum temperatures (Tx) to factors such as soil properties, 

nighttime radiative cooling, and the stability of the surface layer (Ahmed et al. 2017; Chechin 

et al. 2019). An increase in temperature has been identified as a consequence of rising 

greenhouse gas levels (Kweku et al. 2018; Allabakash and Lim, 2022). The temperature trend 

in the Eastern Province exhibits a complex, non-linear pattern characterised by time-varying 

changes. Minimum temperatures (Tn) show an increasing trend, with a notable period of slight 

or no change from 1990 to 2010, followed by a phase of strong and continuous rise across all 

monthly, seasonal, and annual datasets. This significant non-linearity in Tn aligns with global 

warming trends, indicating that the rate of warming in recent decades has accelerated 

significantly compared to the average rate since the early 20th century. In fact, all ten of the 

warmest years recorded in history have occurred within the last decade (2014-2023)(NOAA 

2024). 

Factors including atmospheric and oceanic conditions (e.g., Sea Surface Temperatures), land 

cover changes, and locally based processes around a given site are major drivers of temperature 

variations over time and scales (Klutse et al. 2016). In the East Africa region, where Rwanda 

is situated, studies (Gu and Adler 2013; Dai 2016; Safari and Sebaziga 2023) have highlighted 

that temperature variability is generally linked to natural internal factors like the El Niño 

Southern Oscillation and the Inter-decadal Pacific Oscillation. Variations in temperature trends 

and magnitudes across different zones within the same region indicate the inadequacy of 

generalizing these patterns. Therefore, it is imperative to tailor adaptation and mitigation 

strategies to each specific zone. Developing customized coping and adaptation measures 

aligned with the experiences of each zone is crucial to effectively address the needs of 

vulnerable communities (Vervoort et al. 2014). 

The observed significant positive trends in both maximum temperatures (Tx) and minimum 

temperatures (Tn) align with findings from Ngarukiyimana et al. (2021), who conducted a trend 

analysis of Rwanda’s seasonal and annual Tx and Tn from 1961 to 2014, utilising data from 

24 weather stations categorized into three elevation-based regions: R1 (1000-1500 m), R2 

(1500-2000 m), and R3 (≥ 2000 m). Their study reported a notable warming trend in Tx and 

Tn across Rwanda at varying rates in the three regions, particularly since the early 1980s. 

Additionally, the temperature variations were distinct on both seasonal and annual scales. 

Notably, Ngarukiyimana et al. found that higher elevation zones (R3) are warming more 

https://doi.org/10.5004/dwt.2017.20859
https://doi.org/10.1175/JAS-D-18-0277.1
https://doi.org/10.9734/JSRR/2017/39630
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https://doi.org/10.3390/atmos14091449
http://doi.org/10.1016/j.gloenvcha.2014.03.001
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rapidly than lower elevation areas, with Tn increasing at a faster rate than Tx in R3, amounting 

to a total change of 1.46 °C vs. 0.38 °C during March to May, and 1.57 °C vs. 0.22 °C during 

October to December for 1961-2014. Similarly, the significant positive trends observed in both 

maximum temperatures and minimum temperatures are consistent with findings from Safari 

(2012), who conducted a trend analysis of Rwanda’s mean annual temperature from 1958 to 

2010 using data from five observatories. Safari (2012) identified a notable warming trend 

beginning after 1977-1979 to 2010, with the highest change of increase of approximately 1.5 

°C in Kigali city. Our findings also resonate with the study conducted by Uwimbabazi et al. 

(2022), which examined trends in air surface temperature across Rwanda using data from 14 

meteorological stations over the period from 1981 to 2020. This research reported a significant 

increasing change in surface air temperature during the MAM (0.76 °C), OND (0.80 °C), and 

annual (0.92 °C) time scales, noting that the last decade (2010–2020) experienced a sharp rise 

in temperatures across Rwanda. Furthermore, Safari and Ndakize (2023) indicate a statistically 

significant upward trend in Tn across Rwanda, with changes of 0.68 °C during the long dry 

season (JJA) and 0.80 °C during the short rainy season (SOND) from 1983 to 2022. Our study 

aligns with these findings, further supporting the evidence of increasing minimum temperatures 

in the region. Finally, in the equatorial region of Eastern Africa, where Rwanda is located, the 

Inter-Governmental Panel on Climate Change (IPCC 2014) has reported a significant increase 

in temperature since the early 1980s (Anyah and Qiu 2012). Specifically, reporting that 

Rwanda experienced an average temperature rise of 2.43 °C from 1961 to 2014. This notable 

increase is consistent with our findings, which also confirm a temperature rise in Eastern 

Rwanda. 

The discrepancy in the observed trend magnitudes may be attributed to several factors, 

including the different datasets used, the varying number of stations and grids, and the length 

of time series analysed. Some studies did not include data from the past decade (2014-2023), 

which contains the ten warmest years on record (NOAA 2024). Additionally, our study focuses 

on the Eastern Province, which is the hottest region in Rwanda and exhibits a higher 

temperature magnitude compared to other areas of the country. 

3.5 Conclusion 

This study investigates the trends and variability of maximum, minimum, and mean 

temperatures across the Eastern Province of Rwanda and its derived near-homogeneous zones 

from 1983 to 2021, utilising a dynamic linear state-space model for trend analysis and standard 
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deviation for assessing variability. The K-means clustering method has been applied to derive 

near-homogeneous climatic zones by clustering rainfall and temperature data. As a clustering 

result, the Eastern Province is split into three distinct optimal zones: 1. Northwestern, 2. 

Central, and 3. Southeastern. The trend analysis reveals significant increases in both annual 

minimum and mean temperatures across the Eastern Province. Notably, the minimum 

temperature exhibited greater positive changes than both maximum and mean temperatures 

throughout all seasons, with the June-July-August season showing the most pronounced trend. 

The time-varying trends in minimum temperature indicate a marked nonlinearity, characterized 

by a stable temperature phase from 1990 to 2010, followed by accelerated warming post-2010. 

In terms of regional impacts, the Northwestern zone experienced substantial seasonal increases 

in minimum temperature, heightening its vulnerability to climate-related effects. Conversely, 

the Southeastern zone recorded significant rises in maximum temperature, which also escalates 

its susceptibility to the consequences of rising temperature compared to other regions. 

Furthermore, maximum temperatures demonstrated greater variability, as evidenced by higher 

standard deviation values across monthly, seasonal, and annual data in all zones, as well as at 

the scale of the Eastern Province. 

Studying temperature changes across near-homogeneous climatic zones within Eastern 

Rwanda is crucial for identifying areas most susceptible to climate change impacts. This 

analysis provides valuable insights for policymakers to develop effective mitigation and 

adaptation strategies tailored to the specific needs of vulnerable communities. Additional 

research is necessary to investigate the factors contributing to observed temperature increases 

and understand the effects of climate change on key economic sectors like agriculture and 

livestock. Utilising various methodologies, future studies can explore microclimatic zones and 

changes specific to Eastern Rwanda. 

Supporting information for Chapter 3 

The additional information is provided, and the list of figures and tables included are: 

Figure S1 Spatial distribution of MAM (a), SOND (b) and annual (c) mean rainfall for the 

period of 1981 to 2021. 

Figure S2 Model diagnostic plot: Normal probability plot for the residuals.  

Figure S3 Model diagnostic plot: Estimated autocorrelation function (ACF) plot of the DLM 

residuals.  
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Figure S4 Model diagnostic plot: Prior distributions (dashed line) and marginal posterior 

distributions (histogram) for three unknown model parameters: trend change standard deviation 

𝜎trend, autoregressive standard deviation 𝜎AR, and autoregressive coefficient 𝜌. 

Figure S5 DLM fit for JF (January-February) season average (T), minimum (Tn), and 

maximum (Tx) temperature during 1983-2021 in all zones. 

Figure S6 DLM fit for MAM (March-April-May) season average (T), minimum (Tn), and 

maximum (Tx) temperature during 1983-2021 in all zones. 

Figure S7 DLM fit for JJA (June-July-August) season average (T), minimum (Tn), and 

maximum (Tx) temperature during 1983-2021 in all zones. 

Figure S8 DLM fit for SOND (September-October-November-December) season average (T), 

minimum (Tn), and maximum (Tx) temperature during 1983-2021 in all zones. 

Figure S9 DLM fit for January-December month average (T)(a), minimum (Tn)(b), and 

maximum (Tx)(c) temperature during 1983-2021 over the Northwestern zone.  

Figure S10 DLM fit for January-December month average (T)(a), minimum (Tn)(b), and 

maximum (Tx)(c) temperature during 1983-2021 over the Central zone.  

Figure S11 DLM fit for January-December monthly average (T)(a), minimum (Tn)(b), and 

maximum (Tx)(c) temperature during 1983-2021 over the Southeastern zone.  

Table S1 Validation Metrics of DLM Model for Seasonal and Annual Mean Temperatures 

Across Zones. 

Table S2 The comparison between DLM and LM models based on the coefficient of 

determination (R2) computed using observations and smoother local mean estimates for DLM, 

and R2 computed from LM using observations of seasonal and annual mean temperatures 

across zones. 

Table S3 Validation Metrics of DLM Model for Monthly Mean Temperatures Across Zones. 

Table S4 The comparison between DLM and LM models is based on the coefficient of 

determination (R2) computed using observations and smoother local mean estimates for DLM, 

and R2 computed from LM using observations of monthly mean temperatures across zones. 

Table S5 Results of dynamic linear state space model: Changes (in °C), and standard deviations 

of the averaged monthly mean of Tx, Tn, and T in zones, as well as for the Eastern Province 

of Rwanda during the period 1983-2021. 
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Table S6 Linear Model’s results as trends (in °C/year), changes (in °C), and standard 

deviations of the averaged seasonal and annual mean of Tx, Tn, and T in zones, as well as for 

the Eastern Province of Rwanda during the period 1983-2021. 

Table S7 Linear Model’s results as trends (in °C/year), changes (in °C), and standard 

deviations of the averaged monthly mean of Tx, Tn, and T in zones, as well as for the Eastern 

Province of Rwanda during the period 1983-2021. 

(a) 

 

(b) 

 

(c) 

 

 

Figure S1 Spatial distribution of MAM (a), SOND (b), and annual (c) mean rainfall for the 

period of 1981 to 2021.  

  1 Goodness-of-Fit  

  presents the plot of autocorrelation functions (ACF) for residuals in annual mean Tx, 

Tn, and T over the three zones of the Eastern Province. All the coefficients fall in the 95 % 

confidence interval illustrated by the dashed blue line representing the significant threshold for 

the annual mean Tx, Tn, and T in the three zones. This indicates that there is no significant 

autocorrelation, meaning that the residual is independent. 

Figure S4 shows prior distributions and marginal posterior distributions for three unknown 

model parameters: trend change standard deviation 𝜎trend, autoregressive standard deviation 

𝜎AR, and autoregressive coefficient 𝜌 in annual mean Tn for Northwestern zone (Figure S4a), 

Tx for Northwestern zone (Figure S4b), T for Northwestern zone (Figure S4c), Tn for Central 

zone (Figure S4d), Tx for Central zone (Figure S4e), T for Central zone (Figure S4f), Tn for 
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Southeastern zone (Figure S4g), Tx for Southeastern zone (Figure S4h), T for Southeastern 

zone (Figure S4i). These parameters delineate the dynamic variability within the trend. Given 

the prior densities for each parameter together with the likelihood function, the posterior 

probability distributions are defined through MCMC analysis. In Figure S4, the prior 

distributions are depicted with dashed lines, while histograms represent the marginal posterior 

distributions. The MCMC results show that the posterior distributions of parameters are 

predominantly influenced by the data rather than the priors. The trend’s standard deviation is 

assessed to be relatively small, indicating a preference for investigating smooth background 

variability. Additionally, the autoregressive parameters exhibit narrow posterior distributions 

compared to the prior, suggesting accurate data-derived estimations. This pattern was 

consistently observed across all analyses conducted for monthly, seasonal, and annual 

minimum, maximum, and mean temperatures across the zones. 

Table S3 presents the assessment metrics of the DLM model, encompassing Mean Absolute 

Error (MAE), and Root Mean Square Error (RMSE). In  

Table S4, we present the coefficient of determination (R2) from DLM, and we also present the 

computed R2 from LM. In the next section, the R2 values obtained from DLM are presented 

together with the values obtained from LM in parentheses. Over the Northwestern zone, in the 

seasonal mean of Tn, the RMSE presents a moderate value in all seasons, while the annual 

mean of Tn presents a relatively low value of 0.36. The MAE shows a low value in JJA and 

SOND and moderate values for JF and MAM. A low MAE is observed in the annual mean of 

Tn (0.26). The R2 of 0.41 (0.26), 0.79 (0.40), 0.85 (0.46), and 0.87 (0.38) are observed for JF, 

MAM, JJA, and SOND, respectively. The annual mean of Tn presents an R2 of 0.85 (0.44). 

Over the Central zone, in the seasonal mean of Tn, the RMSE presents a moderate value in all 

seasons, corresponding to 0.57, 0.56, 0.44, and 0.43 for respectively, JF, MAM, JJA, and 

SOND. The annual mean of Tn presents an RMSE of 0.36. The MAE presents a moderate 

value corresponding to 0.44 and 0.46 for JF and MAM, and a low value of 0.34 and 0.33 in 

JJA and SOND, respectively. The annual mean of Tn presents a low MAE value of 0.28. The 

R2 of 0.24 (0.19), 0.63 (0.29), 0.59 (0.36), and 0.75 (0.25) are observed for JF, MAM, JJA, and 

SOND, respectively. The annual mean of Tn presents an R2 of 0.69 (0.33). In the Southeastern 

zone, the analysis reveals moderate RMSE values for seasonal mean Tn across all seasons, 

with corresponding low MAE values. However, R2 values indicate very low values in JF, 

MAM, and JJA (<0.20), while for SOND and yearly, we get 0.50 (0.06) and 0.32 (0.11), 
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respectively. For seasonal mean Tx, RMSE values vary, showing moderate to high error rates 

across different seasons. Similarly, MAE also exhibits values ranging between 0.43 and 0.80 

variability. R2 values recoded were < 0.35. Moderate RMSE and MAE values are observed for 

seasonal mean temperatures. 

 

 

 

 

 

 

 

 

 

Table S5 summarizes the validation diagnostics of the DLM model, including MAE and 

RMSE for monthly mean temperatures.  

 

 

 

 

 

 

 

Table S6 presents the R2 from both DLM and LM. Over the three zones, MAE and RMSE 

present high and moderate values in the monthly mean Tx, Tn, and T in most months. The R2 

shows a high value (>0.50) in most of the monthly mean Tn of the Northwestern zone and 

Central zone and a low value for monthly mean Tx and T in most of the months in all zones.  
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In general, in all three zones and the Eastern Province, the computed error metrics for monthly 

and seasonal (annual) mean Tn indicate a good model fit compared to Tx and T. In most cases, 

we found that the coefficient of determination (R2) from DLM was far greater than that of LM. 

The data structure was among the major problems that challenged the model. Dataset issues 

include high variation in data, large differences between data values (i.e. year), abrupt change, 

and short dataset length. To confirm the data structure in each zone, we further examined the 

data distribution of sampled stations available in the respective zone to compare observed 

features, and the observed data behavior from stations was similar to the zonal datasets. 

 

 

 

 

 

 

 

 

 

 

(a) 

 

(b) 

 

(c) 

 

(d) (e) (f) 
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(g) 

 

(h) 

 

(i) 

 

 

Figure S2 Normal probability plot for the residuals in annual mean Tn for Northwestern zone 

(a), Tx for Northwestern zone (b), T for Northwestern zone (c), Tn for Central zone (d), Tx for 

Central zone (e), T for Central zone (f), Tn for Southeastern zone (g), Tx for Southeastern zone 

(h), T for Southeastern zone (i). 
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(d) 

 

(e) 

 

(f) 

 

(g) 

 

(h) 

 

(i) 

 

Figure S3 Estimated autocorrelation function (ACF) plot of the DLM residuals in annual mean 

Tn for Northwestern zone (a), Tx for Northwestern zone (b), T for Northwestern zone (c), Tn 

for Central zone (d), Tx for Central zone (e), T for Central zone (f), Tn for Southeastern zone 

(g), Tx for Southeastern zone (h), T for Southeastern zone (i). 
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(d) 

 

(e) 

 

(f) 

 

(g) 

 

(h) 

 

(i) 

 

 

 

Figure S4 Prior distributions (dashed line) and marginal posterior distributions (histogram) for 

three unknown model parameters: trend change standard deviation 𝜎trend, autoregressive 

standard deviation 𝜎AR, and autoregressive coefficient 𝜌 in annual mean Tn for Northwestern 

zone (a), Tx for Northwestern zone (b), T for Northwestern zone (c), Tn for Central zone (d), 

Tx for Central zone (e), T for Central zone (f), Tn for Southeastern zone (g), Tx for 

Southeastern zone (h), T for Southeastern zone (i). 
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Figure S5 DLM fit for JF (January-February) season average (T), minimum (Tn), and maximum (Tx) 

temperature during 1983-2021. The observed yearly average temperature (black dots) is displayed 

together with the background mean level 𝜇𝑡 (black solid line). The smooth black solid line represents 

the estimated temperature trend together with a 95 % probability envelope. The dashed blue line is the 

linear trend. The Z1, Z2, and Z3, respectively, stand for the Northwestern, Central, and Southeastern 

zones. The bottom panel in each column indicates the results obtained from the East. 
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Figure S6 DLM fit for MAM (March-April-May) season average (T), minimum (Tn), and maximum 

(Tx) temperature during 1983-2021. The observed yearly average temperature (black dots) is displayed 

together with the background mean level 𝜇𝑡 (black solid line). The smooth black solid line represents 

the estimated temperature trend together with a 95 % probability envelope. The dashed blue line is the 

linear trend. The Z1, Z2, and Z3, respectively, stand for the Northwestern, Central, and Southeastern 

zones. The bottom panel in each column indicates the results obtained from the East. 
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Figure S7 DLM fit for JJA (June-July-August) season average (T), minimum (Tn), and maximum (Tx) 

temperature during 1983-2021. The observed yearly average temperature (black dots) is displayed 

together with the background mean level 𝜇𝑡 (black solid line). The smooth black solid line represents 

the estimated temperature trend together with a 95 % probability envelope. The dashed blue line is the 

linear trend. The Z1, Z2, and Z3, respectively, stand for the Northwestern, Central, and Southeastern 

zones. The bottom panel in each column indicates the results obtained from the East. 
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Figure S8 DLM fit for SOND (September-October-November-December) season average (T), 

minimum (Tn), and maximum (Tx) temperature during 1983-2021. The observed yearly 

average temperature (black dots) is displayed together with the background mean level 𝜇𝑡 

(black solid line). The smooth black solid line represents the estimated temperature trend 

together with a 95 % probability envelope. The dashed blue line is the linear trend. The Z1, Z2, 

and Z3, respectively, stand for the Northwestern, Central, and Southeastern zones. The bottom 

panel in each column indicates the results obtained from the East. 
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Figure S9 DLM fit for January-December month average (T)(a), minimum (Tn)(b), and maximum 

(Tx)(c) temperature during 1983-2021. The observed yearly average temperature (black dots) is 

displayed together with the background mean level 𝜇𝑡 (black solid line). The smooth black solid line 

represents the estimated temperature trend together with a 95 % probability envelope. The dashed blue 

line is the linear trend. The Z1 stands for Northwestern zone. 
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Figure S10 DLM fit for January-December month average (T)(a), minimum (Tn)(b), and maximum 

(Tx)(c) temperature during 1983-2021. The observed yearly average temperature (black dots) is 

displayed together with the background mean level 𝜇𝑡 (black solid line). The smooth black solid line 

represents the estimated temperature trend together with a 95 % probability envelope. The dashed blue 

line is the linear trend. The Z2 stands for Central zone. 
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Figure S11 DLM fit for January-December month average (T)(a), minimum (Tn)(b), and maximum 

(Tx)(c) temperature during 1983-2021. The observed yearly average temperature (black dots) is 

displayed together with the background mean level 𝜇𝑡 (black solid line). The smooth black solid line 

represents the estimated temperature trend together with a 95 % probability envelope. The dashed blue 

line is the linear trend. The Z3 stands for Southeastern zone. 

 



105 
 

 

Table S3 Validation Metrics of DLM Model for Seasonal and Annual Mean Temperatures 

Across Zones 

Northwestern zone 

  Tx Tn T 

Season RMSE MAE RMSE MAE RMSE MAE 

JF 0.84 0.68 0.56 0.46 0.51 0.42 

MAM 0.87 0.69 0.55 0.44 0.62 0.51 

JJA 0.62 0.50 0.51 0.35 0.49 0.36 

SOND 0.73 0.56 0.42 0.29 0.48 0.38 

Annual 0.48 0.41 0.36 0.26 0.36 0.30 

Central zone 

  Tx Tn T 

Season RMSE MAE RMSE MAE RMSE MAE 

JF 0.96 0.75 0.57 0.44 0.58 0.47 

MAM 0.90 0.72 0.56 0.46 0.63 0.52 

JJA 0.57 0.42 0.44 0.34 0.42 0.33 

SOND 0.82 0.64 0.43 0.33 0.56 0.44 

Annual 0.48 0.39 0.36 0.28 0.36 0.29 

Southeastern zone 

  Tx Tn T 

Season RMSE MAE RMSE MAE RMSE MAE 

JF 1.02 0.80 0.58 0.45 0.63 0.50 

MAM 0.92 0.76 0.61 0.49 0.66 0.53 

JJA 0.62 0.45 0.45 0.35 0.42 0.34 

SOND 0.88 0.70 0.47 0.36 0.58 0.47 

Annual 0.53 0.43 0.38 0.30 0.37 0.30 

East 

  Tx Tn T 

Season RMSE MAE RMSE MAE RMSE MAE 

JF 0.95 0.75 0.57 0.45 0.51 0.42 
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Table S4 Validation Metrics for Dynamic Linear Model (DLM) and Linear Model (LM) 

applied to seasonal and annual mean temperatures across zones. The comparison between DLM 

and LM models is based on the coefficient of determination (R2) computed using observations 

and smoother local mean estimates for DLM, and R2 computed from LM using observations. 

MAM 0.90 0.73 0.55 0.45 0.62 0.51 

JJA 0.58 0.44 0.44 0.35 0.49 0.35 

SOND 0.81 0.62 0.42 0.32 0.48 0.37 

Annual 0.48 0.40 0.34 0.27 0.36 0.30 

Northwestern zone 

 DLM LM 

 Tx Tn T Tx Tn T 

Season R2 R2 R2 R2 R2 R2 

JF 0.12 0.41 0.27 0.11 0.26 0.26 

MAM 0.05 0.79 0.45 0.03 0.40 0.26 

JJA 0.31 0.85 0.72 0.20 0.46 0.45 

SOND 0.03 0.87 0.34 0.00 0.38 0.20 

Annual 0.17 0.85 0.62 0.08 0.44 0.40 

Central zone 

 Tx Tn T Tx Tn T 

Season R2 R2 R2 R2 R2 R2 

JF 0.05 0.24 0.03 0.00 0.19 0.06 

MAM 0.05 0.63 0.14 0.01 0.29 0.07 

JJA 0.16 0.59 0.43 0.11 0.36 0.35 

SOND 0.11 0.75 0.12 0.02 0.25 0.04 

Annual 0.15 0.69 0.26 0.00 0.33 0.19 

Southeastern zone 

 Tx Tn T Tx Tn T 

Season R2 R2 R2 R2 R2 R2 

JF 0.09 0.02 0.10 0.10 0.06 0.13 

MAM 0.21 0.17 0.22 0.11 0.06 0.13 

JJA 0.29 0.17 0.26 0.19 0.14 0.26 
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Table S5 Validation Metrics of DLM Model for Monthly Mean Temperatures Across Zones 

SOND 0.09 0.50 0.18 0.08 0.06 0.1 

Annual 0.30 0.32 0.32 0.18 0.11 0.24 

East 

 Tx Tn T Tx Tn T 

Season R2 R2 R2 R2 R2 R2 

JF 0.02 0.29 0.26 0.04 0.22 0.26 

MAM 0.03 0.68 0.50 0.00 0.33 0.26 

JJA 0.24 0.72 0.72 0.16 0.42 0.45 

SOND 0.04 0.78 0.35 0.00 0.28 0.20 

Annual 0.12 0.74 0.62 0.03 0.38 0.39 

Northwestern zone 

  Tx Tn T 

Month RMSE MAE RMSE MAE RMSE MAE 

January 1.14 0.91 0.63 0.49 0.66 0.51 

February 1.12 0.87 0.61 0.53 0.73 0.57 

March 1.04 0.77 0.73 0.54 0.78 0.57 

April 1.03 0.83 0.71 0.58 0.78 0.63 

May 1.24 0.92 0.86 0.62 0.87 0.62 

June 0.87 0.72 0.50 0.36 0.57 0.46 

July 0.75 0.58 0.63 0.45 0.54 0.39 

August 0.97 0.74 0.61 0.42 0.69 0.48 

September 1.14 0.83 0.75 0.54 0.86 0.58 

October 1.11 0.85 0.65 0.49 0.76 0.61 

November 1.24 0.90 0.57 0.37 0.81 0.60 

December 1.26 0.97 0.57 0.42 0.82 0.65 

Central zone 

  Tx Tn T 

Month RMSE MAE RMSE MAE RMSE MAE 

January 1.22 0.97 0.62 0.46 0.74 0.61 

February 1.28 1.00 0.67 0.58 0.84 0.65 
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March 1.07 0.82 0.67 0.52 0.75 0.59 

April 1.07 0.83 0.73 0.59 0.81 0.65 

May 1.23 0.93 0.86 0.63 0.88 0.64 

June 0.89 0.71 0.52 0.38 0.59 0.47 

July 0.73 0.56 0.56 0.45 0.50 0.37 

August 0.82 0.61 0.54 0.40 0.57 0.44 

September 1.04 0.71 0.69 0.53 0.79 0.53 

October 1.13 0.85 0.71 0.57 0.81 0.66 

November 1.34 1 0.59 0.48 0.89 0.67 

December 1.54 1.19 0.65 0.47 1.01 0.78 

Southeastern zone 

  Tx Tn T 

Month RMSE MAE RMSE MAE RMSE MAE 

January 1.27 1.00 0.59 0.45 0.79 0.64 

February 1.36 1.05 0.67 0.56 0.85 0.66 

March 1.21 0.94 0.66 0.50 0.8 0.61 

April 1.08 0.86 0.74 0.60 0.84 0.67 

May 1.17 0.91 0.98 0.73 0.89 0.67 

June 0.90 0.70 0.51 0.40 0.56 0.45 

July 0.78 0.59 0.59 0.48 0.51 0.37 

August 0.82 0.62 0.54 0.42 0.57 0.45 

September 1.04 0.68 0.70 0.56 0.77 0.52 

October 1.14 0.89 0.73 0.59 0.82 0.69 

November 1.39 1.05 0.67 0.54 0.92 0.72 

December 1.61 1.26 0.69 0.51 1.04 0.82 

East 

  Tx Tn T 

Month RMSE MAE RMSE MAE RMSE MAE 

January 1.23 0.99 0.59 0.43 0.66 0.51 

February 1.26 0.99 0.65 0.56 0.73 0.56 

March 1.12 0.86 0.68 0.52 0.78 0.57 

April 1.09 0.86 0.69 0.57 0.79 0.63 
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Table S6 Validation Metrics for Dynamic Linear Model (DLM) and Linear Model (LM) 

applied to monthly mean temperatures across zones. The comparison between DLM and LM 

models is based on the coefficient of determination (R2) computed using observations and 

smoother local mean estimates for DLM, and R2 computed from LM using observations. 

May 1.22 0.92 0.87 0.62 0.87 0.62 

June 0.87 0.69 0.49 0.37 0.57 0.46 

July 0.71 0.56 0.57 0.45 0.54 0.39 

August 0.84 0.63 0.53 0.41 0.69 0.48 

September 1.06 0.73 0.69 0.54 0.86 0.58 

October 1.13 0.85 0.69 0.55 0.76 0.61 

November 1.34 1.02 0.56 0.43 0.81 0.60 

December 1.49 1.18 0.62 0.46 0.82 0.65 

Northwestern zone 

  DLM LM 

  Tx Tn T Tx Tn T 

Month R2 R2 R2 R2 R2 R2 

January 0.15 0.74 0.48 0.11 0.41 0.37 

February 0.02 0.00 0.02 0.05 0.00 0.03 

March 0.10 0.78 0.49 0.06 0.43 0.27 

April 0.02 0.63 0.24 0.00 0.31 0.12 

May 0.04 0.64 0.28 0.01 0.30 0.19 

June 0.24 0.80 0.62 0.14 0.43 0.37 

July 0.26 0.83 0.71 0.16 0.44 0.45 

August 0.15 0.83 0.62 0.12 0.47 0.41 

September 0.05 0.76 0.32 0.00 0.32 0.20 

October 0.02 0.73 0.27 0.04 0.45 0.28 

November 0.10 0.88 0.25 0.03 0.37 0.13 

December 0.06 0.18 0.04 0.05 0.03 0.01 

Central zone 

  Tx Tn T Tx Tn T 

Month R2 R2 R2 R2 R2 R2 
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January 0.08 0.37 0.10 0.02 0.25 0.10 

February 0.02 0.11 0.04 0.00 0.09 0.01 

March 0.01 0.58 0.15 0.00 0.30 0.08 

April 0.06 0.500 0.08 0.02 0.21 0.02 

May 0.07 0.54 0.07 0.01 0.24 0.06 

June 0.07 0.57 0.28 0.03 0.35 0.22 

July 0.12 0.56 0.37 0.07 0.30 0.30 

August 0.13 0.52 0.38 0.11 0.32 0.29 

September 0.06 0.54 0.14 0.00 0.12 0.06 

October 0.02 0.57 0.14 0.02 0.34 0.16 

November 0.22 0.76 0.09 0.08 0.19 0.00 

December 0.11 0.27 0.03 0.09 0.11 0.01 

Southeastern zone 

  Tx Tn T Tx Tn T 

Month R2 R2 R2 R2 R2 R2 

January 0.10 0.08 0.08 0.08 0.05 0.10 

February 0.04 0.02 0.04 0.06 0.04 0.07 

March 0.20 0.11 0.22 0.13 0.05 0.13 

April 0.09 0.16 0.11 0.04 0.04 0.05 

May 0.14 0.12 0.13 0.08 0.04 0.10 

June 0.27 0.13 0.27 0.18 0.12 0.23 

July 0.28 0.10 0.21 0.18 0.06 0.21 

August 0.05 0.24 0.15 0.03 0.18 0.14 

September 0.04 0.28 0.09 0.02 0.00 0.01 

October 0.12 0.34 0.19 0.16 0.16 0.21 

November 0.04 0.43 0.12 0.02 0.04 0.03 

December 0.05 0.09 0.06 0.01 0.02 0.02 

East 

  Tx Tn T Tx Tn T 

Month R2 R2 R2 R2 R2 R2 

January 0.07 0.46 0.48 0.04 0.29 0.37 

February 0.01 0.09 0.01 0.01 0.09 0.03 
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Table S7 Results of dynamic linear state space model: Changes (in °C), and standard deviations 

of the spatially averaged monthly mean of Tx, Tn, and T in Northwestern, Central, and 

Southeastern zones, as well as for the Eastern Province of Rwanda during the period 1983-

2021. 

Northwestern zone 

 Tx Tn T 

Month Change 

Trend 

SD Change 

Trend 

SD Change 

Trend 

SD 

January 1.28 [-0.67-3.32] 

 

1.04 3.33 [2.03-4.77] 

 

0.89 1.97 [0.57-3.26] 

 

0.76 

February 1.29 [-0.94-3.71] 

 

1.05 0.60 [-0.68-1.77] 

 

0.56 1.03 [-0.58-2.59] 

 

0.70 

March 0.99 [-1.33-3.15] 

 

1.02 3.81 [1.83-5.96] 

 

1.19 2.25 [0.29-4.44] 

 

0.98 

April 0.22 [-1.27-1.80] 

 

0.76 2.19 [0.69-3.57] 

 

0.77 1.03 [-0.18-2.41] 

 

0.64 

May 0.24 [-1.86-2.17] 

 

0.92 2.92 [1.22-4.52] 

 

0.84 1.35 [0.01-2.81] 

 

0.65 

June 1.30 [-0.45-2.96] 

 

0.84 3.93 [2.28-5.66] 

 

1.01 2.39 [1.00-3.86] 

 

0.81 

July 0.93 [-0.45-2.24] 

 

0.69 4.22 [2.30-6.28] 

 

1.26 2.33 [0.96-3.67] 

 

0.83 

August 0.77 [-0.78-2.51] 0.82 3.97 [2.11-5.88] 1.23 2.22 [0.57-3.64] 0.88 

March 0.07 0.65 0.48 0.04 0.35 0.27 

April 0.04 0.56 0.24 0.01 0.25 0.12 

May 0.04 0.53 0.28 0.00 0.24 0.19 

June 0.12 0.65 0.61 0.06 0.39 0.37 

July 0.21 0.67 0.71 0.13 0.36 0.45 

August 0.13 0.69 0.61 0.11 0.43 0.41 

September 0.05 0.58 0.32 0.02 0.17 0.20 

October 0.03 0.57 0.26 0.04 0.35 0.28 

November 0.13 0.81 0.27 0.05 0.25 0.13 

December 0.06 0.27 0.04 0.05 0.09 0.01 
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September 0.26 [-1.39-1.94] 

 

0.86 3.90 [1.60-6.14] 

 

1.12 1.65 [-0.07-3.15] 

 

0.79 

October -0.30 [-2.36-1.86] 

 

1.06 3.79 [1.43-6.05] 

 

1.04 1.26 [-0.59-3.10] 

 

0.85 

November -0.76 [-2.60-1.03] 

 

0.92 4.61 [2.58-6.55] 

 

1.00 1.10 [-0.33-2.66] 

 

0.64 

December -0.67 [-2.37-1.06] 

 

0.94 0.56 [-0.65-1.75] 

 

0.51 -0.08 [-1.26-

1.18] 

 

0.61 

Central zone 

 Tx Tn T 

Change 

Trend 

SD Change 

Trend 

SD Change 

Trend 

SD 

January 0.51 [-1.73-2.47] 

 

1.09 1.89 [0.73-3.16] 

 

0.59 1.06 [-0.17-2.54] 

 

0.67 

February 0.36 [-1.97-2.82] 

 

1.12 1.29 [-0.18-2.77] 

 

0.63 0.73 [-0.93-2.49] 

 

0.78 

March -0.03 [-2.08-1.93] 

 

0.94 2.02 [0.55-3.37] 

 

0.72 0.95 [-0.57-2.38] 

 

0.68 

April -0.41 [-2.12-1.17] 

 

0.81 1.70 [0.35-3.03] 

 

0.70 0.52 [-0.58-1.67] 

 

0.59 

May -0.42 [-2.67-1.55] 

 

0.96 2.45 [1.06-4.18] 

 

0.75 0.76 [-0.45-2.08] 

 

0.59 

June 0.72 [-0.87-2.13] 

 

0.79 3.17 [1.76-4.65] 

 

0.77 1.54 [0.28-2.75] 

 

0.63 

July 0.49 [-0.75-1.68] 

 

0.59 2.57 [1.16-3.93] 

 

0.73 1.32 [0.37-2.29] 

 

0.50 

August 0.73 [-0.63-1.99] 

 

0.64 2.43 [0.71-3.82] 

 

0.70 1.41 [0.21-2.54] 

 

0.57 

September 0.26 [-1.44-1.79] 

 

0.82 2.29 [0.47-4.15] 

 

0.71 0.98 [-0.41-2.33] 

 

0.63 

October -0.33 [-2.42-1.95] 

 

1.09 2.99 [0.96-5.20] 

 

0.87 0.88 [-0.91-2.53] 

 

0.82 

November -1.44 [-3.48-0.81] 

 

1.07 3.34 [1.71-5.11] 

 

0.72 0.22 [-1.18-1.78] 

 

0.64 
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December -1.14 [-3.30-0.95] 

 

1.13 0.95 [-0.43-2.20] 

 

0.59 -0.20 [-1.62-

1.29] 

 

0.72 

Southeastern zone 

 Tx Tn T 

Change 

Trend 

SD Change 

Trend 

SD Change 

Trend 

SD 

January 1.27 [-1.23-3.73] 

 

1.17 1.13 [-0.13-2.40] 

 

0.51 1.08 [-0.20-2.48] 

 

0.71 

February 1.59 [-0.95-3.81] 

 

1.20 1.14 [-0.25-2.47] 

 

0.61 1.27 [-0.53-3.06] 

 

0.81 

March 1.45 [-1.06-4.03] 

 

1.22 0.87 [-0.18-1.97] 

 

0.49 1.23 [-0.30-3.02] 

 

0.75 

April 0.66 [-1.02-2.35] 

 

0.86 0.69 [-0.50-1.94] 

 

0.58 0.67 [-0.62-1.95] 

 

0.64 

May 0.78 [-1.46-2.99] 

 

1.00 0.99 [-0.38-2.34] 

 

0.63 0.89 [-0.46-2.21] 

 

0.62 

June 1.61 [-0.38-3.54] 

 

0.95 1.70 [0.48-2.99] 

 

0.54 1.44 [0.17-2.73] 

 

0.61 

July 1.09 [-0.23-2.37] 

 

0.72 1.19 [-0.08-2.49] 

 

0.54 1.03 [0.08-2.03] 

 

0.48 

August 0.32 [-1.04-1.64] 

 

0.62 1.48 [0.16-2.67] 

 

0.57 0.75 [-0.34-1.91] 

 

0.48 

September 0.57 [-1.13-2.12] 

 

0.83 1.07 [-0.73-2.91] 

 

0.61 0.65 [-0.63-1.85] 

 

0.60 

October 0.94 [-1.46-3.27] 

 

1.19 1.84 [-0.06-3.55] 

 

0.75 1.17 [-0.77-2.89] 

 

0.86 

November 0.35 [-1.87-2.33] 

 

1.03 1.77 [0.30-3.32] 

 

0.61 0.64 [-0.84-2.15] 

 

0.67 

December 0.42 [-1.57-2.39] 

 

1.15 0.39 [-0.92-1.85] 

 

0.58 0.42 [-1.00-1.83] 

 

0.76 

East 

 Tx Tn T 

Change 

Trend 

SD Change 

Trend 

SD Change 

Trend 

SD 

January 0.85 [-1.42-3.30] 1.10 2.19 [0.97-3.36] 0.62 1.99 [0.69-3.29] 0.69 
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February 0.95 [-1.29-3.22] 

 

1.10 1.32 [-0.08-2.69] 

 

0.61 0.98 [-0.64-2.57] 

 

0.78 

March 0.78 [-1.35-3.27] 

 

1.04 2.42 [1.03-3.67] 

 

0.82 2.17 [0.14-4.30] 

 

0.82 

April -0.28 [-1.94-1.52] 

 

0.82 1.92 [0.69-3.16] 

 

0.70 1.09 [-0.12-2.36] 

 

0.61 

May -0.06 [-2.08-2.03] 

 

0.93 2.37 [0.84-3.80] 

 

0.74 1.32 [0.04-2.68] 

 

0.59 

June 0.89 [-0.79-2.46] 

 

0.79 3.31 [1.74-4.81] 

 

0.81 2.32 [0.87-3.72] 

 

0.66 

July 0.71 [-0.58-2.05] 

 

0.61 3.14 [1.39-4.84] 

 

0.86 2.38 [0.99-3.69] 

 

0.59 

August 0.71 [-0.60-2.00] 

 

0.66 3.03 [1.50-4.67] 

 

0.84 2.21 [0.64-3.75] 

 

0.64 

September 0.52 [-1.117-2.35] 

 

0.83 2.59 [0.66-4.49] 

 

0.78 1.70 [0.16-3.27] 

 

0.68 

October -0.02 [-2.29-2.44] 

 

1.10 2.77 [0.60-4.72] 

 

0.87 1.39 [-0.28-3.26] 

 

0.84 

November -1.04 [-3.01-0.92] 

 

1.03 3.53 [2.01-5.09] 

 

0.75 1.23 [-0.25-2.73] 

 

0.63 

December -0.81 [-2.79-1.03] 

 

1.09 0.85 [-0.45-2.23] 

 

0.57 -0.11 [-1.33-

1.09] 

 

0.71 

 

Table S8 Linear Model’s results as trends (in °C/year), changes (in °C) and standard deviations 

of the spatially averaged seasonal and annual mean of Tx, Tn, and T in Northwestern, Central, 

and Southeastern zones, as well as for the Eastern Province of Rwanda during the period 1983-

2021.  

 

Northwestern zone 

  Tx Tn T 

Season 

Change 

Trend SD 

Change 

Trend SD 

Change 

Trend SD 

JF 0.03 [0.00-0.05] 0.80 0.03 [0.01-0.04] 0.58 0.03 [0.01- 0.58 
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1.17 1.17 0.04] 

1.17 

MAM 

0.01 [-0.01-

0.03] 

0.39 

0.73 0.05 [0.02-0.07] 

1.95 

0.88 

0.03 [0.01-

0.05] 

1.17 

0.66 

JJA 

0.03 [0.01-0.04] 

1.17 

0.64 0.07 [0.04-0.09] 

2.73 

1.15 

0.05 [0.03-

0.06] 

1.95 

0.80 

SOND 

-0.00 [-0.02-

0.02] 

-0.00 

0.66 0.04 [0.03-0.06] 

1.56 

0.82 

0.02 [0.01-

0.04] 

0.78 

0.54 

Annual 

0.01 [-0.00-

0.03] 

0.39 

0.50 0.05 [0.03-0.07] 

1.95 

0.83 

0.03 [0.02-

0.04] 

1.17 

0.55 

Central zone 

  

Tx Tn T 

Change 

Trend SD 

Change 

Trend SD 

Change 

Trend SD 

JF 

0.00 [-0.02-

0.03] 

0.19 

0.85 0.02 [0.01-0.04] 

0.78 

0.55 

0.01 [-0.00-

0.03] 

0.39 

0.56 

MAM 

-0.01 [-0.03-

0.02] 

-0.39 

0.74 0.03 [0.02-0.05] 

1.17 

0.67 

0.01 [-0.00-

0.03] 

0.39 

0.52 

JJA 

0.02 [0.00-0.03] 

0.78 

0.52 0.04 [0.02-0.05] 

1.56 

0.69 

0.03 [0.01-

0.04] 

1.17 

0.50 

SOND 

-0.01 [-0.03-

0.01] 

-0.39 

0.74 0.03 [0.01-0.04] 

1.17 

0.63 

0.01 [-0.01-

0.02] 

0.39 

0.50 

Annual 

-0.00 [-0.01-

0.01] 

-0.00 

0.48 0.03 [0.01-0.04] 

1.17 

0.59 

0.02 [0.01-

0.03] 

0.78 

0.38 

Southeastern zone 

  

Tx Tn T 

Change SD Change SD Change SD 
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Trend Trend Trend 

JF 

0.03 [0.00-0.05] 

1.17 

0.97 0.01 [-0.00-0.03] 

0.39 

0.51 

0.02 [0.00-

0.04] 

0.78 

0.62 

MAM 

0.03 [0.00-0.05] 

1.17 

0.88 0.01 [-0.00-0.02] 

0.39 

0.49 

0.02 [0.00-

0.03] 

0.78 

0.57 

JJA 

0.02 [0.01-0.04] 

0.78 

0.64 0.02 [0.00-0.03] 

0.78 

0.49 

0.02 [0.01-

0.03] 

0.78 

0.45 

SOND 

0.02 [-0.00-

0.04] 

0.78 

0.79 0.01 [-0.00-0.03] 

0.39 

0.52 

0.02 [0.00-

0.03] 

0.78 

0.54 

Annual 

0.02 [0.01-0.04] 

0.78 

0.63 0.01 [0.00-0.02] 

0.39 

0.42 

0.02 [0.01-

0.03] 

0.78 

0.41 

East 

  

Tx Tn T 

Change 

Trend SD 

Change 

Trend SD 

Change 

Trend SD 

JF 

0.02 [-0.01-

0.04] 

0.78 

0.86 0.02 [0.01-0.04] 

0.78 

0.56 

0.03 [0.01-

0.05] 

1.17 

0.59 

MAM 

0.00 [-0.02-

0.03] 

0.19 

0.74 0.03 [0.02-0.05] 

1.17 

0.70 

0.03 [0.01-

0.05] 

1.17 

0.57 

JJA 

0.02 [0.00-0.03] 

0.78 

0.55 0.05 [0.03-0.06] 

1.95 

0.81 

0.05 [0.02-

0.06] 

1.95 

0.58 

SOND 

-0.00 [-0.02-

0.02] 

-0.00 

0.71 0.03 [0.01-0.05] 

1.17 

0.65 

0.02 [0.01-

0.04] 

0.78 

0.52 

Annual 

0.01 [-0.01-

0.02] 

0.39 

0.49 0.03 [0.02-0.05] 

1.17 

0.63 

0.03 [0.02-

0.04] 

1.17 

0.44 
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Table S9 Linear Model’s results as trends (in °C/year), changes (in °C) and standard deviations 

of the spatially averaged monthly mean of Tx, Tn, and T in Northwestern, Central, and 

Southeastern zones, as well as for the Eastern Province of Rwanda during the period 1983-

2021.  

Northwestern zone 

  Tx Tn T 

Month 

Change 

           Trend SD 

Change 

           Trend SD 

Change 

             Trend SD 

January 

0.03 [0.00-0.06] 

1.17 
1.04 

0.05 [0.03-0.07] 

1.95 
0.89 

0.04 [0.02-0.06] 

1.56 
0.76 

February 

0.02 [-0.01-0.05] 

0.78 
1.05 

0.00 [-0.01-0.02] 

0.19 
0.56 

0.01 [-0.01-0.03] 

0.39 
0.70 

March 

0.02 [-0.01-0.05] 

0.78 
1.02 

0.07 [0.04-0.10] 

2.73 
1.19 

0.04 [0.02-0.07] 

1.56 
0.98 

April 

0.00 [-0.02-0.02] 

0.00 
0.76 

0.04 [0.02-0.06] 

1.56 
0.77 

0.02 [0.00-0.04] 

0.78 
0.64 

May 

0.01 [-0.02-0.03] 

0.39 
0.92 

0.04 [0.02-0.06] 

1.56 
0.84 

0.02 [0.01-0.04] 

0.78 
0.65 

June 

0.03 [0.01-0.05] 

1.17 
0.84 

0.06 [0.04-0.08] 

2.34 
1.01 

0.04 [0.02-0.06] 

1.56 
0.81 

July 

0.02 [0.01-0.04] 

0.78 
0.69 

0.07 [0.05-0.10] 

2.73 
1.26 

0.05 [0.03-0.07] 

1.95 
0.83 

August 

0.03 [0.00-0.05] 

1.17 
0.82 

0.07 [0.04-0.10] 

2.73 
1.23 

0.05 [0.03-0.07] 

1.95 
0.88 

Septemb

er 

0.01 [-0.02-0.03] 

0.39 
0.86 

0.06 [0.03-0.08] 

2.34 
1.12 

0.03 [0.01-0.05] 

1.17 
0.79 

October 

0.02 [-0.01-0.05] 

0.78 
1.06 

0.06 [0.04-0.08] 

2.34 
1.04 

0.04 [0.02-0.06] 

1.56 
0.85 

Novemb

er 

-0.01 [-0.04-0.01] 

-0.39 
0.92 

0.05 [0.03-0.08] 

1.95 
1.00 

0.02 [0.00-0.04] 

0.78 
0.64 

Decembe

r 

-0.02 [-0.04-0.01] 

-0.78 

0.94 0.01 [-0.01-0.02] 

0.39 

0.51 

-0.01 [-0.02-

0.01] 

-0.39 

0.61 
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Central zone 

  

Tx Tn T 

Change 

           Trend SD 

Change 

           Trend SD 

Change 

            Trend SD 

January 

0.01 [-0.02-0.04] 

0.39 
1.09 

0.03 [0.01-0.04] 

1.17 
0.59 

0.02 [0.00-0.04] 

0.78 
0.67 

February 

-0.01 [-0.04-0.03] 

-0.39 
1.12 

0.02 [-0.00-0.03] 

0.78 
0.63 

0.01 [-0.02-0.03] 

0.39 
0.78 

March 

-0.00 [-0.03-0.03] 

-0.00 
0.94 

0.03 [0.02-0.05] 

1.17 
0.72 

0.02 [-0.00-0.04] 

0.78 
0.68 

April 

-0.01 [-0.04-0.01] 

-0.39 
0.81 

0.03 [0.01-0.05] 

1.17 
0.70 

0.01 [-0.01-0.03] 

0.39 
0.59 

May 

-0.01 [-0.03-0.02] 

-0.39 
0.96 

0.03 [0.01-0.05] 

1.17 
0.75 

0.01 [-0.00-0.03] 

0.39 
0.59 

June 

0.01 [-0.01-0.04] 

0.39 
0.79 

0.04 [0.02-0.06] 

1.56 
0.77 

0.03 [0.01-0.04] 

1.17 
0.63 

July 

0.01 [-0.00-0.03] 

0.39 
0.59 

0.03 [0.02-0.05] 

1.17 
0.73 

0.02 [0.01-0.04] 

0.78 
0.50 

August 

0.02 [0.00-0.03] 

0.78 
0.64 

0.03 [0.02-0.05] 

1.17 
0.70 

0.03 [0.01-0.04] 

1.17 
0.57 

Septemb

er 

0.01 [-0.02-0.03] 

0.39 
0.82 

0.02 [0.00-0.04] 

0.78 
0.71 

0.01 [-0.00-0.03] 

0.39 
0.63 

October 

0.02 [-0.01-0.04] 

0.78 
1.09 

0.04 [0.02-0.06] 

1.56 
0.87 

0.03 [0.01-0.05] 

1.17 
0.82 

Novemb

er 

-0.03 [-0.06-0.00] 

-1.17 
1.07 

0.03 [0.01-0.05] 

1.17 
0.72 

0.00 [-0.01-0.02] 

0.19 
0.64 

Decembe

r 

-0.03 [-0.06-0.00] 

-1.17 

1.13 0.02 [0.00-0.03] 

0.78 

0.59 

-0.01 [-0.03-

0.01] 

-0.39 

0.72 

Southeastern 

  

Tx Tn T 

Change 

           Trend SD 

Change 

           Trend SD 

Change 

            Trend SD 
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January 

0.03 [-0.00-0.06] 

1.17 
1.17 

0.01 [-0.00-0.03] 

0.39 
0.51 

0.02 [-0.00-0.04] 

0.78 
0.71 

February 

0.03 [-0.01-0.06] 

1.17 
1.20 

0.01 [-0.01-0.03] 

0.39 
0.61 

0.02 [-0.00-0.04] 

0.78 
0.81 

March 

0.04 [0.00-0.07] 

1.56 
1.22 

0.01 [-0.00-0.02] 

0.39 
0.49 

0.02 [0.00-0.04] 

0.78 
0.75 

April 

0.01 [-0.01-0.04] 

0.39 
0.86 

0.01 [-0.01-0.03] 

0.39 
0.58 

0.01 [-0.00-0.03] 

0.39 
0.64 

May 

0.02 [-0.00-0.05] 

0.78 
1.00 

0.01 [-0.01-0.03] 

0.39 
0.63 

0.02 [0.00-0.03] 

0.78 
0.62 

June 

0.03 [0.01-0.06] 

1.17 
0.95 

0.02 [0.00-0.03] 

0.78 
0.54 

0.03 [0.01-0.04] 

1.17 
0.61 

July 

0.03 [0.01-0.05] 

1.17 
0.72 

0.01 [-0.00-0.03] 

0.39 
0.54 

0.02 [0.01-0.03] 

0.78 
0.48 

August 

0.01 [-0.01-0.03] 

0.39 
0.62 

0.02 [0.01-0.04] 

0.78 
0.57 

0.02 [0.00-0.03] 

0.78 
0.48 

Septemb

er 

0.01 [-0.01-0.03] 

0.39 
0.83 

-0.00 [-0.02-0.02] 

-0.00 
0.61 

0.01 [-0.01-0.02] 

0.39 
0.60 

October 

0.04 [0.01-0.07] 

1.56 
1.19 

0.02 [0.01-0.05] 

0.78 
0.75 

0.03 [0.01-0.06] 

1.17 
0.86 

Novemb

er 

0.01 [-0.01-0.04] 

0.39 
1.03 

0.01 [-0.01-0.03] 

0.39 
0.61 

0.01 [-0.01-0.03] 

0.39 
0.67 

Decembe

r 

0.01 [-0.02-0.04] 

0.39 
1.15 

0.01 [-0.01-0.02] 

0.39 
0.58 

0.01 [-0.01-0.03] 

0.39 
0.76 

East 

  

Tx Tn T 

Change 

           Trend SD 

Change 

           Trend SD 

Change 

           Trend SD 

January 

0.02 [-0.01-0.05] 

0.78 
1.10 

0.02 [0.01-0.04] 

0.78 
0.62 

0.04 [0.02-0.06] 

1.56 
0.69 

February 

0.01 [-0.02-0.04] 

0.39 
1.10 

0.02 [-0.00-0.03] 

0.78 
0.61 

0.01 [-0.01-0.03] 

0.39 
0.78 

March 0.02 [-0.01-0.05] 1.04 0.04 [0.02-0.06] 0.82 0.04 [0.02-0.07] 0.82 
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0.78 1.56 1.56 

April 

-0.01 [-0.03-0.02] 

-0.39 
0.82 

0.03 [0.01-0.05] 

1.17 
0.70 

0.02 [0.00-0.04] 

0.78 
0.61 

May 

0.00 [-0.03-0.03] 

0.00 
0.93 

0.03 [0.01-0.05] 

1.17 
0.74 

0.02 [0.01-0.04] 

0.78 
0.59 

June 

0.02 [-0.00-0.04] 

0.78 
0.79 

0.04 [0.02-0.06] 

1.56 
0.81 

0.04 [0.02-0.06] 

1.56 
0.66 

July 

0.02 [0.00-0.04] 

0.78 
0.61 

0.05 [0.03-0.07] 

1.95 
0.86 

0.05 [0.03-0.07] 

1.95 
0.59 

August 

0.02 [0.00-0.04] 

0.78 
0.66 

0.05 [0.03-0.07] 

1.95 
0.84 

0.05 [0.03-0.07] 

1.95 
0.64 

Septemb

er 

0.01 [-0.01-0.03] 

0.39 
0.83 

0.03 [0.01-0.05] 

1.17 
0.78 

0.03 [0.01-0.05] 

1.17 
0.68 

October 

0.02 [-0.01-0.05] 

0.78 
1.10 

0.04 [0.02-0.06] 

1.56 
0.87 

0.04 [0.02-0.06] 

1.56 
0.84 

Novemb

er 

-0.02 [-0.05-0.01] 

-0.78 
1.03 

0.03 [0.01-0.05] 

1.17 
0.75 

0.02 [0.00-0.04] 

0.78 
0.63 

Decembe

r 

-0.02 [-0.05-0.01] 

-0.78 

1.09 0.02 [-0.00-0.03] 

0.78 

0.57 

-0.01 [-0.02-

0.01] 

-0.39 

0.71 
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Chapter 4 Climate-induced drought characteristic estimate in the 

Eastern region of Rwanda 

         4.1 Introduction 

Rising temperatures combined with increased variability in rainfall patterns, shaped by 

geographic location, atmospheric circulation, and seasonal fluctuations, have contributed to 

drought becoming a frequent phenomenon in recent decades. This research examines the 

characteristics and progression of drought events in Rwanda’s Eastern Province over the period 

from 1981 to 2021. The study focuses on three relatively homogeneous microclimatic zones 

and utilizes monthly rainfall data along with the Standardized Precipitation Index (SPI) 

calculated over 3-month (SPI-3) and 6-month (SPI-6) intervals. The SPI is a widely adopted 

metric for assessing drought severity based solely on precipitation, making it particularly 

suitable for regions like eastern Rwanda, where rainfall is the chief driver of hydrological 

dynamics. By using SPI, it becomes possible to better understand drought impacts such as soil 

moisture depletion and reduced agricultural productivity, thereby contributing to more 

informed water resource management and climate-responsive planning (Ntale and Gan 2003; 

Hasan, Dongkai, and Al-Shibli 2023). 

The choice of SPI at 3-month and 6-month scales is deliberate, as these timescales effectively 

represent both short-term and medium-term drought conditions (Edwards, McKee, et al. 1997). 

The 3-month SPI enables timely detection of short-term precipitation deficits that primarily 

affect soil moisture and streamflow, crucial factors for crop growth and everyday water 

availability. Meanwhile, the 6-month SPI captures longer-term moisture deficits that influence 

reservoir storage and groundwater recharge. Combining these two indices provides a 

comprehensive perspective on drought development and severity across the study area. This 

analysis not only quantifies the frequency, duration, and intensity of drought episodes but also 

examines their temporal patterns, thereby offering a detailed assessment of drought risk in 

Eastern Rwanda. 
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           4.2 Methodology 

4.2.1 Drought index calculation with SPI  

To assess and measure drought severity linked to climate variability in the Eastern Province, 

this study employs the Standardized Precipitation Index (SPI), which emphasizes fluctuations 

in precipitation (McKee et al. 1993; Pramudya and Onishi 2018). This index is particularly 

useful in regions such as eastern Rwanda, where rainfall critically influences hydrological 

conditions, providing a reliable means to relate precipitation deficits to drought impacts like 

reduced soil moisture and decreased crop yields. Key components of the SPI calculation 

involve characterizing the cumulative probability distribution, which is modeled using the 

gamma function 𝛾(𝛼) as 

 

𝐺(𝑥) = ∫𝑓(𝑥)𝑑𝑥 =
1

𝛽𝛼𝛾(𝛼)
∫𝑥𝛼−1𝑒

−
𝑥
𝛽𝑑𝑥

𝑥

0

 

𝑥

0

 (4.1) 

where 𝑥 is the precipitation amount, while α and β represent shape and scale parameters, 

respectively (Thom 1958). In the presence of dry conditions (i.e., 𝑥  = 0), the value of the 

cumulative probability density is used as 

 𝐻(𝑥) = 𝑞 + (1 − 𝑞) ∗ 𝐺(𝑥) (4.2) 

where 𝑞 is the probability of 𝑥 = 0, which is obtained by dividing the number of zeros (𝑚) by 

the sample size (𝑛) as (𝑚/𝑛). The SPI index values are then calculated as 
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(4.3) 

 

The constants used in the calculation are fixed at c0=2.515517, c1=0.802853, c2=0.010328, 

d1=1.432788, d2=0.189269, d3=0.001308 (McKee et al. 1993). This methodology has been 

widely applied in various studies, including those by Ntale and Gan (2003) and Rahman and 
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Lateh (2016), among others. The computations in this study were carried out using the R 

statistical software, specifically utilizing the “SPEI” package, version 1.7 (Beguería and 

Vicente-Serrano 2017). 

4.3 Results 

4.3.1. Incidence and Categories of Drought Events 

Across all three microclimatic zones, near-normal conditions represented by SPI values 

between −0.99 and 0.99 dominated both the 3-month and 6-month timescales, accounting for 

68–72% of all events (Table 4.1). Following these, moderate wet and moderate dry conditions 

were the next most frequent, with both severely and extremely wet or dry events occurring less 

regularly. Notably, extremely dry events, which indicate the most severe drought conditions, 

comprised between 2% and 4% of events depending on the zone and timescale. For example, 

SPI-3 analysis showed extremely dry events at 3.47% in the Northwestern zone, 2.24% in the 

Central zone, and 2.86% in the Southeastern zone. At the 6-month scale, these percentages 

ranged from 2.04% to 3.67%, underscoring the spatial variability in drought risk. 

Table 4.1 Frequency of different drought categories in 3-month and 6-month SPI from 1981-

2021 in three micro-climate zones of the Eastern Province. 

  SPI-3 SPI-6 

 SPI Values Zone1 Zone2 Zone3 Zone1 Zone2 Zone3 

Extremely wet ≥ 2 8 6 8 7 11 13 

Severely wet 1.99 to 1.5 23 26 20 26 20 17 

Moderate wet 1.49 to 1 47 46 55 45 42 44 

Near-Normal 0.99 to -0.99 342 334 342 346 336 353 

Moderate dry -1 to -1.49 34 44 34 40 46 34 

Severely dry -1.50 to -1.99 19 23 17 9 22 8 

Extremely dry ≤ -2 17 11 14 14 10 18 

4.3.2. Drought Episodes, Duration, and Severity 

The analysis of drought episodes revealed significant differences between zones (Table 4.2). 

At the 3-month timescale, the Central zone stood out as the most drought-prone, experiencing 

18 episodes with a cumulative duration of 62 months and a total severity of −104.80. In 
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contrast, the Northwestern zone and Southeastern zone each recorded 12 episodes, with 

durations of 50 and 42 months and severities of −92.78 and −78.84, respectively. The pattern 

was similar at the 6-month scale, where the Central zone again led with 14 episodes, 70 months 

of drought, and a severity of −111.68, while the Northwestern zone and the Southeastern zone 

had 12 and 10 episodes, respectively. The year 2017 was particularly notable, as it marked the 

most severe drought across all zones and timescales, with the lowest SPI values recorded 

throughout the study period. 

Table 4.2 Drought quantities for the 1981–2021 period 

  SPI-3 SPI-6 

 SPI 

Values 

Zone1 Zone2 Zone3 Zone1 Zone2 Zone3 

Episode ≤ -1 & 2 

months  

12 18 12 12 14 10 

Duration 

(months) 

 50 62 42 58 70 54 

Severity(tota

l) 

 -92.78 -104.80 -78.84 -99.41 -111.68 -98.48 

4.3.3. Temporal Distribution and Evolution of Droughts 

Examining the temporal evolution of drought events with SPI-3 (Figure 4.1) and SPI-6 (Figure 

4.2), two major dry periods were identified: an early period from 1982 to 1992/1994 and a 

more recent period from 2011 to 2021. Between these dry spells, the mid-years (1993–2010) 

were generally dominated by wetter conditions, although occasional dry months did occur. The 

most extreme drought peaks, with SPI values below −3.5, were observed in 2017 across all 

zones, highlighting this year as a critical point of climate stress. Over the entire study period, 

the number of negative SPI values, indicative of drought, decreased until the late 1990s, but 

then began to increase from the mid-2000s onward. This trend suggests a recent acceleration 

in both the frequency and severity of drought events across the Eastern Province. 
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Figure 4.1 Temporal variation of the Standardized Precipitation Index (SPI-3) from 1981 to 

2021 across three micro-climate zones in the Eastern Province of Rwanda: (a) Northwestern 

zone: Zone 1 SPI–3, (b) Central zone: Zone 2 SPI–3, and (c) Southeastern zone: Zone 3 SPI–

3. Red bars indicate periods of drought, while blue bars represent wet conditions. 

 

Figure 4.2 Temporal variation of the Standardized Precipitation Index (SPI-6) from 1981 to 

2021 across three micro-climate zones in the Eastern Province of Rwanda: (a) Northwestern 

zone: Zone 1 SPI–6, (b) Central zone: Zone 2 SPI–6, and (c) Southeastern zone: Zone 3 SPI–

6. Red bars indicate periods of drought, while blue bars represent wet conditions. 

4.3.4 Comparison of First and Last 21 Years 

A comparison of the first and last 21 years of the study period reveals a clear intensification of 

drought conditions. In most zones and at both timescales, the latter period (2001–2021) 

experienced more drought episodes, longer durations, and greater severity than the earlier 

period (1981–2001) (Figure 4.3). For instance, in Zone 1 at the 3-month scale, both periods 

had 7 episodes, but the last period was marked by longer duration (33 vs. 26 months) and higher 
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severity (−57.37 vs. −46.37). Zone 2 consistently showed more severe drought metrics in the 

recent period, reinforcing the trend of increasing drought risk over time. 

 

Figure 4.3 Comparison of drought characteristics (episode, duration (in the month), and 

severity) of the periods 1981-2001 and 2001-2021 using the Standardized Precipitation Index 

(SPI-3 and SPI-6) across three micro-climate zones in the Eastern Province of Rwanda: (a–b) 

Zone 1, (c–d) Zone 2, and (e–f) Zone 3. Black bars represent data from the period 2001–2021, 

while the white bars indicate the period from 1981–2001. 

4.4 Discussion 

The marked variation in drought frequency across the three zones highlights the spatial 

complexity of drought risk within Eastern Rwanda. Zone 2’s higher incidence of drought 

events compared to Zones 1 and 3 suggests that local climatic and environmental factors may 

intensify drought vulnerability in this area. Conversely, the greater occurrence of extreme 

short-term droughts in Zone 1 and prolonged extreme droughts in Zone 3 indicates distinct 



142 
 

temporal dynamics and impacts, likely driven by variations in topography, soil characteristics, 

and land use. These spatial differences warrant tailored drought preparedness strategies adapted 

to zone-specific risk profiles. 

Our findings are consistent with previous studies (Rwanyiziri and Rugema 2013; Muneza 

2022; Uwimbabazi et al. 2022), which similarly pointed to Eastern Rwanda as a hotspot for 

climate-related hazards, particularly drought. The escalation of drought frequency and severity 

over recent decades raises concerns about increasing water scarcity and food insecurity across 

the region. This trend underscores the urgent need to strengthen adaptive capacity among 

vulnerable farming communities, many of whom rely heavily on rainfed agriculture that is 

sensitive to shifts in precipitation patterns. 

Temporal analysis revealed two critical drought-prone periods within the 1981–2021 

timeframe: an early period marked by a gradual reduction in dry conditions followed by a 

wetter phase, and a more recent decade characterized by a resurgence and intensification of 

drought episodes. This recent uptick aligns with broader climate change projections for East 

Africa, indicating increased drought risk due to warming temperatures and altered rainfall 

regimes (Kew et al. 2021; IPCC 2023). The extreme drought event in 2017, identified as the 

most severe across all zones and time scales, serves as a poignant example of the type of climate 

extremes the region may face more frequently in the future. 

To address worsening droughts in eastern Rwanda, it is essential to adopt innovative 

management strategies that combine improved monitoring, water infrastructure, drought-

resistant crops, and community early warnings, alongside blending traditional and scientific 

knowledge.  
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Chapter 5 Understanding Farmers’ Knowledge, Perceptions, and 

Adaptation Strategies to Climate Change in Eastern Rwanda 

 This Chapter reproduces the content of our published paper 

(https://doi.org/10.3390/su17156721) 

5.1 Introduction 

Increasing greenhouse gases in the Earth’s atmosphere owing to human activities such as the 

burning of fossil fuels and deforestation, together with natural activities since the mid-20th 

century, have resulted in a global average temperature increase (IPCC 2014; Mind’je et al. 

2019). The rise in the Earth’s temperature, known as global warming, influences climate and 

weather patterns from global to local scales. The existing consequences of climate change that 

have been identified include frequent and intense droughts, downpours, floods, hurricanes, 

storms, water scarcity, severe wildfires, melting polar ice, sea level rise, and declining 

biodiversity (IPCC 2023). Those consequences have impacted most of the critical sectors of 

life, ranging from agriculture, food production, water resources, energy, health and public 

health systems, transportation, infrastructure, ecosystems, and biodiversity (Pecl et al. 2017). 

 

People worldwide experience climate change impacts in various ways, with varying severity 

based on geographic location and primary economic activities. Agriculture remains a crucial 

sector supporting a significant portion of the population in Africa, a continent with many 

developing nations. Most agricultural activities are rain-dependent, increasing their 

vulnerability to climate change effects (Christian 2010; Zougmoré et al. 2018). Changes in 

temperature and rainfall patterns owing to climate change have posed significant challenges 

for agricultural communities across the African continent, with the severity of these challenges 

varying from region to region and country to country. 

 

In East Africa, many people in this region, especially those in the agriculture sector, are 

impacted by climate change through protracted droughts, floods, and water scarcity, which put 

them at risk of food insecurity (Nahayo et al. 2019). Rwanda, one of the East African nations, 

has been previously studied, revealing changes in temperature and rainfall during important 

seasons over the years. These changes include the observed decline in seasonal and annual total 

rainfall (Rwanyiziri and Rugema 2013; Ntirenganya 2018; Sebaziga et al. 2020; Jonah et al. 

2021) and increasing temperature (Safari 2012; Mohammed, Jean and Ahmad 2016; 

https://doi.org/10.3390/su17156721
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Ngarukiyimana et al. 2021) in many parts of the country. In studies including those by Sebaziga 

et al. (2020) and Rwema et al. (2025), focusing on Rwanda’s Eastern Province, which is the 

largest under agricultural production, scholars have noted a decrease in seasonal rainfall, while 

a high increase in temperature was also recorded over this region (Safari and Sebaziga 2023). 

 

Increased temperatures and decreased rainfall often resulted in diminished water availability 

for rainfed agriculture, increasing the likelihood of droughts and intensifying pressure on 

agricultural water resources (Kew et al. 2021). Over the past few decades, Eastern Rwanda has 

experienced recurring deficits in rainfall, leading to severe and prolonged droughts. 

Consequently, water scarcity and food insecurity have escalated in this area (Muneza 2022; 

Uwimbabazi et al. 2022), leading to diverse experiences among farmers. Repeated exposure to 

climate-related hazards influences individuals’ perceptions (Wolfe et al. 2006), prompting the 

development of various adaptation and mitigation strategies to address the perceived impacts. 

Factors, including knowledge, beliefs, and perceptions, play a crucial role in developing and 

adopting adaptation strategies. It is imperative to understand climate change comprehensively 

by exploring its physical mechanisms and considering individual behaviors in response to the 

occurring changes. 

 

Previous studies conducted in Eastern Rwanda have predominantly centered on climatic 

mechanisms, particularly analyzing trends and variabilities in annual and seasonal temperature 

and rainfall patterns (Rwanyiziri and Rugema 2013; Sebaziga et al. 2020; Rwema et al. 2025). 

Studying the climate aspect is very important for several reasons: it promotes a better 

understanding of patterns and dynamics of climate systems. It also reveals long-term trends in 

climate variables, which further explain significant implications for vital sectors such as 

agriculture, water resources, and health. Furthermore, analyzing historical data enables the 

construction of models and projections for future climate conditions, which is crucial for 

decision-makers to take appropriate actions to adapt to and mitigate the potential impact of 

climate change. However, very little attention has been paid to exploring the variations in 

behaviors among individuals, particularly farmers, concerning their perceptions, experiences, 

and knowledge of climate change across the Eastern Province. This information helps identify 

the knowledge gaps and misconceptions, allowing for tailored educational efforts (Adomah 

Bempah and Olav Øyhus 2017) in vulnerable communities. 
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Studying how individuals perceive and experience climate change is also instrumental in 

assessing their behavioral responses and identifying barriers to adaptation and sustainable 

behaviors (Messner and Meyer 2006). Additionally, engaging with local and indigenous 

knowledge provides valuable insights into climate change impacts at local and regional levels. 

This knowledge complements historical data, informs policy decisions, and contributes to more 

context-specific responses. This study aims to explore farmers’ knowledge and perceptions of 

climate change, its impacts, and the adaptation strategies employed in the Eastern Province of 

Rwanda. Additionally, it seeks to identify the key factors influencing farmers’ decisions to 

adopt specific adaptation measures. To accomplish this, we analyzed data gathered from 

interviews with farmers across five districts in Eastern Rwanda. To guide this investigation, 

we address the following research questions: 

 To what extent do farmers in Eastern Rwanda perceive and respond to climate change? 

 What are the key socioeconomic determinants of their adaptation strategies? 

 

These questions help frame the study’s focus on understanding both the perceptions and 

adaptive responses of farmers, providing insights that are relevant for policy and practice. 

The remaining part of this manuscript is structured as follows: The second section gives details 

of the methods used for data collection and analysis in the study. The third section presents the 

findings, which are discussed further in the fourth section. Lastly, the fifth section provides 

conclusions and offers recommendations. 

5.2 Materials and Methods 

5.2.1. Study Area 

This study is conducted in the Eastern Province of Rwanda, the largest (9,813,000,000 m2) of 

the five provinces. Its administrative borders connect this province to three countries: Uganda 

to the North, Tanzania to the East, and Burundi to the South. It is subdivided into seven 

districts: Bugesera, Gatsibo, Kayonza, Kirehe, Ngoma, Nyagatare, and Rwamagana (see Figure 

5.1). Geographically, the Eastern Province is located approximately between longitudes 29.9° 

and 30.9° E and latitudes 1.1° and 2.3° S. The region’s topography features lowland areas with 

altitudes below 1500 m, characterized by a high annual mean temperature exceeding 293.15 K 

and low annual rainfall of less than 1000 mm. With the largest population (i.e., 3,563,145), the 

region’s economy mainly relies on agriculture and livestock. The Eastern region experiences 

four seasons throughout the year, including two rainy seasons and two dry seasons. The 
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primary rainy seasons occur from March to May (MAM) and from September to December 

(SOND), with April and November serving as the peak months for these seasons, respectively. 

Conversely, the dry seasons take place from January to February (JF) and from June to August 

(Meteo Rwanda 2023). 

Most agricultural practices in this area rely on rainfall and align with the two rainy seasons 

(Ntwali, Ogwang and Ongoma 2016; Nicholson 2018). The main crops in Eastern Rwanda 

include maize, beans, sorghum, rice, cassava, and bananas. As in other parts of the country, the 

high dependence on rainfall increases vulnerability to the adverse impacts of changes and 

variability in rainfall and temperature (Kew et al. 2021). Over the past few decades, drought 

has emerged as a significant challenge in this region, leading to decreased agricultural and 

livestock production, exacerbating food insecurity among a substantial portion of the 

population (Muneza 2022; Uwimbabazi et al. 2022). From the Northern to the Southern regions 

of the Eastern Province, farmers have extensive insights to share, particularly about climate 

change, its impacts, and various adaptation strategies. The farmers participating in this study 

were recruited from five of the seven districts in the Eastern Province: Nyagatare, Gatsibo, 

Kayonza, Ngoma, and Kirehe (see Figure 5.1). 



149 
 

 

Figure 5.1 Eastern Province map with the surveyed participants’ location highlighted with 

purple dots. 

5.2.2. Sample(s) 

The total number of 638,806 agricultural households from seven districts of the Eastern 

Province (NISR 2023) was considered to be the population size. With Yamane’s formula 

(Slovin, Sushka and Polonchek 1993), we estimated the size of the sample to be 204 heads of 

households at a 93% confidence level, which implies allowing a margin error of 7%. 

𝑛 =
𝑁

(1+𝑁𝑒2)
, (5.1) 

where 𝑛 = Sample size, 𝑁 = Total population, and 𝑒 = Margin of error. 
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While a 95% confidence level would have necessitated a substantially larger sample of 

approximately 400 farmers, practical constraints related to time and resources required 

adjustment. Although this reduction in confidence level may marginally affect estimate 

precision, the final sample of 204 respondents was deemed sufficient to yield robust and 

meaningful findings within the study’s logistical parameters. 

 

Multistage sampling was used to select respondent farmers from the Eastern Province. Five of 

the seven districts in the Eastern Province were chosen purposely to ensure representation from 

the North, Central, and Southern regions. In the North, we included the Nyagatare and Gatsibo 

districts; in the Central area, we included the Kayonza district; and in the South, we included 

the Ngoma and Kirehe districts (See Figure 5.1). Sectors from each district were selected 

systematically, mainly based on agricultural activities, farmers’ availability, and accessibility. 

From each sector, with the assistance of sector agronomists, we purposely selected cells based 

on farmers’ availability. In each cell, the Executive Secretary or Socio-Economic Development 

Officer (SEDO) assisted in identifying exemplary farmers who, due to their extensive 

knowledge of and active participation in local farmer groups, were able to provide a 

comprehensive and prompt list of potential respondents. To reduce selection bias, respondents 

were then randomly selected from this list, ensuring a representative sample of the farming 

community within each cell. 

 

The distribution of respondent farmers from the districts to cells, as shown in Table 5.1, 

indicates the number of respondent farmers per district as follows: Nyagatare (33), Gatsibo 

(35), Kayonza (36), Ngoma (74), and Kirehe (26). The higher number of respondents from the 

Ngoma district reflects a proportional allocation based on the relative size of agricultural 

households in each district, with districts having larger agricultural populations receiving a 

correspondingly larger share of the sample. This approach was used to ensure that the sample 

accurately represents the population distribution across the study area and helps reduce 

sampling bias that could arise if all districts were sampled equally, regardless of their size. 
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Table 5.1 Farmers’ distribution in districts, sectors, and cells. 

Zone District Sector Cell 

North 

Nyagatare (33) 

Nyagatare (1) Nyagatare (1) 

Gatunda (9) Nyamirembe (9) 

Mukama (6) Gihengeri (1), Rugarama (5) 

Mimuri (4) Mimuri (2), Rugari (2) 

Katabagemu (13) 
Barija (3), Nyakigando (9), 

Ryaruganzu (1) 

Gatsibo (35) 

Ngarama (10) Nyarubungo (9), Cyigashi (1) 

Nyagihanga (14) Gitinda (14) 

Kabarore (11) Nyabikiri (10), Nyabikenke (1) 

Central Kayonza (36) 

Ndego (10) Byimana (7), Kiyovu (3) 

Kabare (12) 
Rubumba (10), Cyarubare (1), 

Karubimba (1) 

Kabarondo (14) Cyabajwa (14) 

South 

Ngoma (74) 

Mutenderi (24) Karwema (19), Kibare (5) 

Kazo (29) Kinyonzo (29) 

Murama (21) 
Sakara (19), Rurenge (1), Mvumba 

(1) 

Kirehe (26) 

Nyamugali (10) Nyamugali (7), Kiyanzi (3) 

Kigina (11) Gatarama (11) 

Musaza (5) Mubuga (4), Nganda (1) 

5.2.3. Data Type and Data Collection Approach 

The meteorological data analyzed included rainfall through derived seasonal rainfall variables 

such as seasonal rainfall amount, onset and cessation, and seasonal duration, along with 

minimum (Tn), maximum (Tx), and average (T) temperatures at both annual and seasonal 

levels. The rainfall and temperature datasets were obtained from the Rwanda Meteorology 

Agency (Meteo Rwanda 2024). 

 

To define the onset and cessation of the rainy season, we adopted established agroclimatic 

criteria originally proposed by Stern et al. (Stern, Dennett and Garbutt 1981), Omotosho et al. 

(Omotosho, Balogun and Ogunjobi 2000), and others, as applied and adapted by Rwema et al. 
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(Rwema et al. 2025). Specifically, the onset of rain was identified as the first day when a total 

rainfall of at least 20 mm accumulated over a 5-day period, with at least 3 consecutive rainy 

days (≥1 mm/day), and no dry spell exceeding 7 consecutive days within the subsequent 21 

days. The cessation of rain was defined as the first day after which precipitation remained 

below 0.5 times the evapotranspiration for at least 10 consecutive days. The season duration 

was calculated as the difference in days between the cessation and onset dates. 

 

The farmers’ data were based on recorded responses from interviews conducted in November 

2023 with farmers from the Eastern Province of Rwanda. A semi-structured questionnaire (see 

Supporting Information SI1) featuring a combination of open-ended and closed-ended 

questions was prepared and used for data collection. While some sections, such as 

socioeconomic characteristics, primarily used closed-ended questions (e.g., gender, group 

membership), other sections employed a mix of both closed-ended and open-ended questions 

to capture richer information. For example, in the knowledge of weather and climate change 

section, respondents were first asked closed-ended questions (e.g., “Have you heard about 

weather and climate?”), followed by open-ended questions to explore their understanding in 

more detail. Similarly, sections on perceptions, adaptation strategies, and barriers to adaptation 

included mainly open-ended questions, often allowing multiple responses to better capture the 

complexity of farmers’ experiences. Below are example questions and measurement scales 

used for each section: 

 Section 1: Socioeconomic characteristics 

Example questions: 

o “How old are you?” (Open numerical response) 

o “What is your gender?” (Male/Female) 

o “Do you belong to any farmer group/cooperative?” (Yes/No) 

 Section 2: Knowledge of weather and climate change 

Example questions: 

o “Have you heard about the weather and climate?” (Yes/No) 

o “If yes, what do you know about weather and climate?” (Open-ended) 

 Section 3: Perceptions regarding climate change and its impacts 

Example questions: 

o “Do you agree when they say the climate has changed?” (Yes/No) 
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o “What change have you observed?” (Open-ended) 

 Section 4: Adaptation strategies 

Example questions: 

o “What do you do to adapt to the impacts of climate change?” (Open-ended, 

multiple responses) 

o “What adaptation strategies have you found to be most effective?” (Open-

ended) 

 Section 5: Barriers to adaptation 

Example question: 

o “What are the main barriers/challenges you have faced in implementing 

adaptation strategies?” (Open-ended, multiple responses) 

 

This structured questionnaire design ensures comprehensive coverage of key topics relevant to 

farmers’ experiences with climate change and adaptation. The questionnaire was refined and 

incorporated into smartphones and tablets using the Open Data Kit (ODK) Collect (GetODK, 

San Diego, CA, USA), version v2023.3.0 (Tikito and Souissi 2021) for efficient field data 

collection. We applied an in-depth interview technique involving intensive individual 

interviews with 204 farmers from the Eastern Province. Depending on the respondent’s 

understanding, the interview lasted between 3600 and 5400 s. Informed consent was obtained 

verbally from all participants.  

 

To further clarify the research approach, a conceptual framework (Figure 5.2) has been 

included to visually represent the logical flow of the study. This framework outlines how 

farmers’ socioeconomic characteristics and knowledge inform their perceptions and observed 

impacts of climate change, which in turn influence their adaptation strategies and the barriers 

they face. By linking each section of the questionnaire to the broader research objectives, the 

diagram enhances the clarity and structure of the paper. This approach aligns with established 

frameworks in climate change research that emphasize the progression from exposure and 

knowledge to perception, response, and constraints, thereby facilitating a comprehensive 

understanding of adaptation processes. 
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Figure 5.2 Conceptual framework illustrating the process of farmers’ climate change 

adaptation. The framework shows how socioeconomic characteristics and knowledge of 

weather and climate change influence farmers’ perceptions and observed impacts, which in 

turn shape adaptation strategies. Barriers to adaptation are also depicted as factors that 

constrain or modify the effectiveness of these strategies. 

a. Climate Data Analysis 

To analyze rainfall events, we applied the non-parametric Regional Kendall test (Helsel and 

Frans 2006). This test enhances the Mann–Kendall test (Mann 1945; Kendall 1975) by enabling 

the simultaneous analysis of trends across multiple locations while accounting for spatial 

correlation among datasets. It is robust against non-normal distributions and is less influenced 

by missing data and outliers (Partal and Kahya 2006). This enhanced capacity allows for the 

identification of region-wide patterns and trends, considering the interrelationships among 

different monitoring stations or regions. The Regional Kendall test has been widely employed 

to determine whether there is an increasing or decreasing trend over time in environmental and 

climatic data (Chen et al. 2016; Margaritidis 2021). The magnitude of the trend was quantified 

using the non-parametric Sen’s Slope estimator, which is reliable and resistant to the influence 

of outliers (Xu, Takeuchi and Ishidaira 2003; Sebaziga et al. 2020; Rwema et al. 2025). 

Seasonal and annual changes in minimum, maximum, and mean temperatures are calculated 

using a dynamic linear state-space model. This model effectively captures overall changes and 

temporal patterns by connecting hidden states that evolve over time to observed measurements 

while accounting for random fluctuations (Gamerman and Lopes 2006; Petris 2010; Durbin 

and Koopman 2012; Laine, Latva-Pukkila and Kyrölä 2014). The construction procedure for a 

DLM model and estimations of model states and parameters can be found in Rwema et al. 

(Rwema et al. 2025), which utilizes a similar DLM model to investigate trends in air 

temperature across nearly homogeneous zones of the Eastern Province of Rwanda. 

b. Farmers’ Field Data Analysis 

After collecting field data, we processed and analyzed the dataset using Microsoft Excel 2016 

(Microsoft Corporation, Redmond, WA, USA), version 16.0.4266.1001, 64-bit and IBM SPSS 
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Statistics (IBM Corp., Armonk, NY, USA), version 28.0.0 (IBM 2021) for a comprehensive 

statistical evaluation. All responses were anonymized to protect participants’ identities. The 

analysis primarily employed descriptive statistics, including frequencies, means, and 

percentages. A Chi-square test was conducted to explore whether a significant association 

exists between gender and adaptation strategies. The binary logistic model was used to examine 

how socioeconomic factors influence farmers’ choice of adaptation strategies. As farmers 

utilized multiple adaptation strategies in combination, it was recommended to use a logistic 

regression approach to identify the determinants of farmers’ choices regarding adaptation 

strategies (Batungwanayo et al. 2023). This approach allows for the assessment of adoption 

choices by categorizing the dependent variables into a binary choice: either adopted or not 

adopted. The binary logistic model can be expressed as: 

𝑌𝑖𝑗
∗ = 𝑎 +∑𝛽𝑘𝑋𝑘 + 𝜀𝑖𝑗 ,

𝑘

 (5.2) 

where 𝑌𝑖𝑗
∗  is the dependent variable (hidden) for a farmer 𝑖 who adopts strategy 𝑗. The 𝑋𝑘 

represents independent variables (𝑘 factors that influence the farmer’s decision). The 𝑎 and 𝛽𝑘 

are, respectively, the intercept and the coefficient of the model, while 𝜀𝑖𝑗 is the error term. From 

Equation (2), the condition for 𝑌𝑖𝑗 is set to be 

𝑌𝑖𝑗 = {
1 𝑖𝑓 𝑌𝑖𝑗

∗ > 0

0 otherwise,
 (5.3) 

where 𝑌𝑖𝑗 is the dependent variable (observed), indicating that the farmer 𝑖 will (will not) adopt 

strategy 𝑗 as 𝑌𝑖𝑗 = 1. Therefore, the conditional probability that 𝑌𝑖𝑗 = 1 is defined as: 

Pr(𝑌𝑖𝑗 = 1|𝑥) = Pr(𝑌𝑖𝑗
∗ > 0|𝑥) =

exp (𝛽𝑘𝑋𝑘)

1 + exp (𝛽𝑘𝑋𝑘)

= 𝐺(𝛽𝑘𝑋𝑘), 

(5.4) 

here, x denotes the particular value of the independent variable Xk for a specific observation 

being evaluated for its conditional probability, and where G is the binomial distribution 

(Fernihough 2011). 

 

To obtain the marginal effects that explain the significance and the magnitude of the 

relationship between dependent variables (i.e., adaptation strategies) and independent variables 

(i.e., factors influencing farmers’ choices), the derivative of Equation (4) with respect to 𝑋𝑘 is 

required. 
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𝜕𝐺(𝛽𝑘𝑋𝑘)

𝜕𝑋𝑘
= Pr(𝑌𝑖𝑗 = 1|𝑥) . (1 − Pr(𝑌𝑖𝑗 = 1|𝑥)). 𝛽𝑘. (5.5) 

Then, the coefficients in Equation (5) are explained concerning marginal effects on odds ratios 

(Funk et al., 2020). With 𝑝𝑖 = Pr (𝑌𝑖𝑗 = 1|𝑥) as the probability that a farmer 𝑖 adopts the 

adaptation strategy 𝑗, the odds ratio is 
𝑝𝑖

1−𝑝𝑖
, the ratio of the probability of adopting to the 

probability of not adopting (Lever, Krzywinski and Altman 2016). 

Odds =
𝑝𝑖

1 − 𝑝𝑖
=

exp (𝛽𝑘𝑋𝑘)
1 + exp (𝛽𝑘𝑋𝑘)

1 −
exp (𝛽𝑘𝑋𝑘)

1 + exp (𝛽𝑘𝑋𝑘)

= exp(𝛽𝑘𝑋𝑘) ; 𝑙𝑛
𝑝𝑖

1 − 𝑝𝑖
= 𝛽𝑘𝑋𝑘, 

(5.6) 

Various scholars, including Acquah-de Graft (Acquah 2011), Asekun-Olarinmoye et al. 

(Asekun-Olarinmoye et al. 2014), Kabir et al. (Kabir et al. 2016), Mubalama et al. (2020), 

Balasha et al. (2023), and Batungwanayo et al. (Batungwanayo 2023), have employed this 

approach to examine the factors influencing farmers’ decisions regarding adaptation measures. 

 

The model was validated using the Omnibus and Hosmer and Lemeshow tests, which assess 

its robustness by comparing the predictors with a model that includes only an intercept. 

Accordingly, it follows an asymptotic Chi-square distribution, with degrees of freedom 

determined by the difference between the number of variables in the predictor model and the 

intercept-only model (Abid et al. 2015). The Omnibus test should yield a significant p-value 

(<0.05), while the Hosmer and Lemeshow test should produce an insignificant p-value (>0.05). 

To evaluate the model’s accuracy, we utilize the classification method, which compares the 

predicted scores from the model’s independent variables against their actual responses recorded 

in the data. Consequently, the model’s accuracy reflects the proportion of correctly estimated 

positive and negative events relative to the total number of events (Lever, Krzywinski and 

Altman 2016). Higher percentages indicate effective performance. 

5.3. Results 

5.3.1. Changes in Temperature and Rainfall Events in Eastern Province 

The investigation of temperature trends has revealed a significant positive increase in annual 

mean temperature over Eastern Rwanda (Table 5.2). The mean annual maximum temperature 

showed no significant change. The mean seasonal minimum temperature demonstrated a 
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notable positive change across all seasons, suggesting that the observed rise in both seasonal 

and annual mean temperatures is mainly attributed to increasing minimum temperatures. 

Rainfall amounts in the Eastern Rwanda region exhibit non-significant decreasing and 

increasing trends during the March to May and September to December seasons, respectively 

(Table 5.3). The onset of the rainy season has changed significantly, starting earlier than in the 

past. The length of the seasons indicates an increase across the region in both periods, with a 

significant change noted for the September to December season. 

Table 5.2 Displays changes (in °C/decade) with a 95% confidence interval in brackets [] for 

the averaged seasonal and annual means of Tx, Tn, and T in the Eastern Province of Rwanda 

from 1983 to 2021. 

1983–2021 

Season Tx Tn T 

JF 0.22 [−0.26–0.70] 0.44 [0.17–0.73] 0.38 [0.07–0.67] 

MAM 0.04 [−0.41–0.51] 0.61 [0.27–0.94] 0.433 [0.06–0.75] 

JJA 0.22 [−0.07–0.51] 0.86 [0.45–1.23] 0.61 [0.24–0.94] 

SOND −0.09 [−0.56–0.36] 0.70 [0.28–1.14] 0.30 [−0.05–0.63] 

Annual 0.08 [−0.34–0.44] 0.76 [0.42–1.14] 0.48 [0.16–0.82] 

 

Table 5.3 Slope value of identified trends for rainfall events at the Eastern regional scale. The 

* in the results indicates that significant regional trends are observed at a 95% confidence level. 

1981–2021 

Season 

Rainfall 

Amount 

mm/Day/Year 

Onset 

Days/Year 

Cessation 

Days/Year 

Season Duration 

Days/Year 

MAM −0.01 −0.21 0.00 0.21 

SOND 0.00 −0.21 * 0.00 0.23 * 

5.3.2. Socioeconomic Characteristics of Respondent Farmers 

Table 5.4 presents the socioeconomic characteristics of 204 respondent farmers (heads of 

household) in the Eastern Province of Rwanda. A total of 57% of the respondents were male 

and 43% were female. The mean age of the respondents was 44 years, and they had a mean 

farming experience of 22 years. The mean duration of working on a farm per day was 20,160 
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s. The respondents exhibited a low level of education, with the majority (61%) having attended 

only primary school, and 17% reporting no formal education. 

 

The farm sizes ranged from 200 to 10,000 m2 for 71% of respondents, from 11,000 to 20,000 

m2 for 20%, and from 21,000 m2 and above for 10% of respondents, with an average size of 

13,000 m2. Of the respondents, 48% exclusively farm on hillsides, 15% solely farm in wetlands, 

and 38% engage in farming activities in both hillsides and wetlands. The majority (53%) of 

respondents utilized inherited land for agriculture, while 17% relied on privately rented land, 

and 30% of respondents utilized both inherited and rented land. 

The primary farming objective for the majority (68%) of the respondents was to generate 

income while meeting home consumption needs. Meanwhile, 30% focused solely on home 

consumption, and 2% aimed solely at generating income. Most respondents primarily 

cultivated maize (90%) and beans (89%) as their main crops. While carrying out agricultural 

practices, 64% of respondents are also engaged in livestock breeding, while 36% do not engage 

in livestock activities. A total of 37% of respondents were members of at least one farmer 

group, while 63% did not belong to any group. A total of 79% of respondents reported 

exchanging agricultural information with fellow farmers, while 21% did not. The majority 

(51%) of respondents lacked access to weather information, while 49% primarily accessed it 

through radio broadcasts. More than half (58%) of the respondents had access to banking 

services and had bank accounts, while 42% were not linked to any banking institution. The 

average household size was five people. 

 

Table 5.4 Socioeconomic characteristics of respondents (n = 204). 

Variables Category Frequency 
Percentage 

(%) 
Mean 

Gender 
Female 88 43  

Male 116 57  

Age 

20–34 48 24 

43.66 
35–49 98 48 

50–64 48 24 

65–80 10 5 

Farming Experience 

(years) 

1–20 96 47 
22.18 

21–40 97 48 
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41–60 10 5 

Time on farm per day 

(unit is s) 

≤14,400 21 10 

20,880 18,000–28,800 167 82 

≥32,400 16 8 

Education 

None 34 17  

Primary 124 61  

Secondary_level_1_(S

enior_3) 
22 11  

Secondary_level_2_(S

enior_6) 
17 8  

Technical_vocation 6 3  

University 1 0.5  

Farm size (unit is m2) 

0–10,000 144 71 

13,000 11,000–20,000 40 20 

>20,000 20 10 

Farm location 

Hillside 97 48  

Wetland 30 15  

Both  77 38  

Farm ownership status 

Owner 108 53  

Tenant 34 17  

Both  62 30  

Farming goals 

Home consumption 62 30  

Income 4 2.0  

Both (Income and 

home consumption) 
138 68  

Main crops 

Maize 184 90  

Beans 181 89  

Cassava 63 31  

Livestock ownership 
Yes 131 64  

No 73 36  

Group membership 
Yes 76 37  

No 128 63  

Exchanging info Yes 161 79  
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No 43 21  

Access to weather info 
Yes 99 49  

No 105 51  

Access to bank services 
Yes 119 58  

No 85 42  

Household size 

1–5 136 67 

5 6–10 65 32 

11–15 3 1.5 

 

5.3.3. Farmers’ Knowledge of Weather and Climate Change 

 

The climate variables linked to farmers’ indigenous knowledge of critical agricultural 

indicators, such as the onset and cessation of rainy seasons, are presented in Table 5.5. As many 

as 35% of respondent farmers reported that they could predict/forecast the seasonal onset based 

on cloud features. For example, one farmer explained: “As the onset of rainy season 

approaches, we begin to observe dark clouds circulating in the sky and experience very cold 

mornings while the nights grow warmer” (farmer number 178). A total of 19% of respondent 

farmers claimed to have knowledge linked to the wind direction and patterns prevalent over 

the region. For instance, one farmer stated: “We recognize that the onset of the rainy season is 

near when, around the 5th of September, we begin to experience strong winds, which we 

interpret as a precursor to rainfall, and we use to say that the wind is going to fetch rain, when 

these winds return around the 5th to 10th of October, they bring rain” (farmer number 181). A 

total of 13% of respondents claim to possess knowledge related to temperature patterns. For 

instance, one respondent mentioned: “One of the signs of the onset of the rainy season is that 

we begin to experience warmer nights, accompanied by observable changes in cloud 

formations in the sky” (farmer number 84). 

 

The farmer’s knowledge regarding the rainy seasonal cessation (Table 5.5) was mainly linked 

to rainfall patterns, including rainfall distribution, rainfall amount, rainfall frequency, and 

rainfall duration in the region. Of the respondent farmers, 46% reported that they could 

predict/forecast the cessation of a rainy season based on rainfall distribution. One respondent 

explained: “We can tell that the rain is about to stop when we start experiencing reduced 

rainfall, often localized to some part of our region without extending to the whole region” 
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(farmer number 116). A total of 18% of respondent farmers claimed to have knowledge linked 

to the quantity of rainfall. For instance, one respondent noted: “We know that the cessation of 

the rainy season is near when we start experiencing reduced rainfall, which is not equivalent 

to the number of clouds we observed before. Sometimes, we even observe cloud formations in 

the sky, but they do not result in rainfall” (farmer number 13). A total of 17% of farmers 

surveyed asserted that they knew about the rainfall duration. For example, one farmer 

explained: “We can tell that the rain is about to stop when it starts falling for a short duration 

and becomes localized. It may rain in one area for a brief period, then move to another part of 

the region in a similar manner” (farmer number 176). Knowledge related to rainfall frequency 

was reported by 11% of respondent farmers. For instance, one respondent farmer explained: 

“When the seasonal rainfall is about to cease, its frequency starts to decrease. For example, it 

might rain on a Tuesday and then not rain again until Sunday. After Sunday, there might be 

another week-long gap before it rains again, continuing like this until it stops completely” 

(farmer number 43). 

Table 5.5 Climate indicators associated with farmers’ knowledge about rainy season onset and 

cessation (n = 204). 

 Onset Skills  Cessation Skills 

 Frequency Percentage  Frequency Percentage 

Cloud 72 35 
Rainfall 

distribution 
93 46 

Wind 38 19 Rainfall amount 36 18 

Temperature 27 13 Rainfall duration 35 17 

Lightning 12 6 Rainfall frequency 22 11 

Do not know 32 16 Cloud 16 8 

   Temperature 13 6 

   Wind 4 2 

   Do not know 25 12 

Figure 5.3 illustrates the participants’ perspectives on the causes of climate change. The 

majority (55%) attributed climate change to deforestation, 16% cited industrial effluents, and 

another 16% pointed to carbon emissions by developed countries. Additionally, 10% 

associated climate change with the black smoke of vehicles, while 9% linked it to the 

destruction of the environment. A smaller percentage (2%) attributed climate change to natural 
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causes or ‘God’s Plan,’ and another 2% mentioned the ocean as a factor. Notably, 32% of 

respondents indicated uncertainty about the cause of climate change. 

 

Figure 5.3 Farmers’ knowledge about causes or reasons for climate change (n = 204). 

5.3.4. Respondent Farmers’ Perceptions of Climate Change 

The perceived changes in temperature and drought among farmers are shown in Figure 5.4. Of 

the respondent farmers, 54% reported perceiving an increase in temperature, 47% noticed an 

increase in the frequency of droughts, and 41% observed an increase in the duration of 

droughts. 
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Figure 5.4 Respondent farmers’ perception of change in temperature and drought pattern (n = 

204). 

Figure 5.5 presents the farmers’ perceptions of changes in the MAM season rainfall pattern. 

The majority (53%) of the respondent farmers perceived a delayed onset of the MAM rainy 

season and an early cessation (58%), leading to a reduction in the length of the rainy season 

(53%) and a decrease in the amount of seasonal rainfall (49%). Figure 6 shows the perceived 

changes in the SOND season’s rainfall pattern. Similarly, to the perceived change in the MAM 

season, as many as 39% of respondents perceived a delayed onset of the SOND rainy season 

and early cessation (39%), resulting in a reduction in the length of the rainy season (41%) and 

a decrease in the amount of seasonal rainfall (37%). 
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Figure 5.5 Respondent farmers’ perceptions of change in the MAM season rainfall pattern. 

 

Figure 5.6 Respondent farmers’ perceptions of change in the SOND season rainfall pattern. 

 

 

5.3.5. Respondent Farmers’ Perceptions of the Impacts of Climate Change 

Figure 5.7 illustrates the perceived impacts of climate change among the respondent farmers. 

The most commonly reported impact was crop failure, experienced by 56% of farmers. Other 

significant impacts included reduced crop yields (20%), food shortages affecting families 

(24%) and livestock (7%), income loss (6%), increased poverty (11%), migration (2%), and 
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higher food costs (1%). Additionally, 2% of farmers reported that climate variability disrupted 

their agricultural calendars. 

 

Figure 5.7 Percentage (%) of respondent farmers who perceived the impacts of climate 

change (n = 204). 

5.3.6. Climate Change Adaptation Strategies 

Various adaptation strategies that were applied by the respondent farmers in response to the 

perceived impact of climate change are presented in Table 5.6. As many as 40% of respondents 

reported agroforestry/planting trees, changing crop varieties (23%), application of fertilizers 

(23%), and changing planting dates (26%). The adoption of soil conservation (25%), use of 

irrigation (21%), focusing on wetlands (10%), mulching (4%), and use of pesticides (7%) were 

also the measures employed among the farmers. 

 

 

 

Table 5.6 Climate change adaptation strategies adopted by respondent farmers (n = 204). 

Adaptation Strategies Frequency Percentage 

Agroforestry/Planting trees (PT) 81 40 

Changing crop varieties (CCV) 47 23 

Application of fertilizer (organic and inorganic) (AF) 47 23 

Changing planting dates (CPD) 54 26 
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Soil conservation (SC) 50 25 

Focus on wetland (FWL) 21 10 

Use irrigation (UI) 43 21 

Mulching (M) 9 4 

Use of pesticides (UP) 15 7 

Planting grass (PG) 11 5 

 

5.3.7. Barrier to the Effective Adaptation to Climate Change 

Table 5.7 presents the farmers’ responses when they were asked about barriers hindering their 

adaptation to climate change. Of the farmer respondents, 28% cited insufficient financial 

capacity, 18% reported inadequate agricultural skills, and 21% indicated a lack of appropriate 

material for adaptation. Additionally, 12% mentioned the absence of timely weather 

information, 20% reported shortages of farm inputs when needed, and 2% noted challenges 

linked to the location of their farm. Moreover, 7% reported a lack of water sources near their 

farms, while 3% and 2% cited the high cost of agricultural inputs and materials, respectively. 

 

Table 5.7 Barriers to the effective adaptation of climate change by respondent farmers (n = 

204). 

Barriers Frequency Percentage 

Lack of finance 58 28 

Inadequate info 39 19 

Lack of material 43 21 

Lack of weather info 24 12 

Shortage of farm inputs 40 20 

Lack of water 14 7 

High cost of input 7 3 

Land location 4 2 

High cost of material 4 2 

5.3.8. Socioeconomic Factors Influencing Farmers’ Choice of Adaptation Strategies 

Binary logistic models were used to identify the relationship between socioeconomic factors 

and the three most essential adaptation strategies that the farmers highlighted to be the most 

effective: agroforestry/planting trees (PT), changing crop varieties (CCV), and application of 
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fertilizer (AF). The validation diagnostics of the regression logistic models are presented in 

Table 5.8. In general, with the Omnibus test of the model coefficients (test of model fit), all the 

models indicated good fits, confirming their ability to make predictions. It indicated chi-square 

values ranging between 29.940 and 45.219 and significant p-values (<α = 5%). The results 

from the Hosmer and Lemeshow test (test of model fit) also confirmed how goodness-of-fit the 

models were, with the Chi-square values varying between 2.590 and 9.611 and no significant 

p-values (>α = 5%). Furthermore, Nagelkerke’s R-squared values varying between 0.208 and 

0.301 were observed. Overall, the accuracy rate of all the models was reasonable (>66%). All 

these confirm how models were able to correctly determine how socioeconomic factors 

influence the farmers’ choice of particular adaptation strategies for dealing with climate change 

impacts. 

 

Table 5.8 Analysis of the models’ significance and goodness of fit. 

 Omnibus Tests of Model Coefficients  

Models Chi-square 
Degree of 

freedom(df) 
p-value  

Agroforestry/Planting trees 

(PT) 
34.026 15 0.003  

Changing crop varieties 

(CCV) 
29.94 15 0.012  

Application of fertilizer 

(Organic and inorganic) 

(AF) 

45.219 15 0.000  

 Hosmer and Lemeshow Test  

 Chi-square 
Degree of 

freedom(df) 
p-value  

Agroforestry/Planting trees 

(PT) 
5.316 8 0.723  

Changing crop varieties 

(CCV) 
2.59 8 0.957  

Application of fertilizer 9.611 8 0.293  
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(organic and inorganic) 

(AF) 

 Model Summary  

 
−2 Log 

likelihood 

Cox and Snell R 

Square 

Nagelker

ke R 

Square 

Model 

correctness 

(%) 

Agroforestry/Planting trees 

(PT) 
240.068 0.154 0.208 66.7 

Changing crop varieties 

(CCV) 
190.278 0.137 0.207 77.5 

Application of fertilizer 

(Organic and inorganic) 

(AF) 

174.999 0.199 0.301 82.4 

The binary logistic regression results are presented in Table 5.9. The table presents the 

relationship between socioeconomic factors (predictors) and selected adaptation strategies 

using odds ratios (OR) with a 95% confidence interval (Table 5.9). While there were notable 

positive correlations among various variables examined, only those that showed statistical 

significance were interpreted. Engaging in farming activities in both hillsides and wetlands 

indicated a positive relationship with adaptation strategies of changing crop varieties and 

applying fertilizer. Notably, a significant positive relationship was observed in the adaptation 

strategy of applying fertilizer with an OR of 1.926 and a 95% confidence interval ranging from 

1.225 to 3.028, meaning that farmers engaged in both hillside and wetland farming are 

approximately 1.9 times more likely to apply fertilizer as an adaptation strategy compared to 

those who do not farm in both areas.  

 

Farming to fulfill home consumption needs and generate an income from the market exhibited 

a positive correlation with adopting agroforestry/planting trees and changing crop varieties as 

adaptation strategies. Remarkably, farmers aiming to meet home consumption and generate a 

market income were significantly more motivated to adopt the agroforestry/planting trees 

adaptation strategy compared to others, with an observed OR of 1.668 and a 95% confidence 

interval of 1.099–2.531. Membership in farmer groups/cooperatives showed a positive 

correlation with all adaptation strategies, significantly influencing the changing of crop 

varieties and the application of fertilizer as measures for adaptation. Farmers belonging to a 
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group or cooperative were 2.740 times more likely to change crop varieties as an adaptation 

strategy than those not affiliated with any farmer group, with a 95% confidence interval ranging 

from 1.206 to 6.226. Similarly, farmers belonging to a group or cooperative were 3.926 times 

more likely to apply fertilizer as an adaptation strategy than those not affiliated with any farmer 

group, with a 95% confidence interval of 1.556–9.906. Access to bank services is significantly 

associated with lower odds of fertilizer application (OR = 0.286, with a 95% confidence 

interval of 0.116–0.706), suggesting that farmers with bank access are less likely to use 

fertilizer as an adaptation strategy compared to those without bank access. 

 

Table 5.9 Logistic regression results: odds ratio (OR) and 95% confidence interval showing 

socioeconomic factors influencing farmers’ choice of selected adaptation strategies. 

Variables PT CCV AF 

Gender 0.700 [0.345–1.418] 0.477 [0.205–1.109] 0.408 [0.167–1.000] 

Age 0.965 [0.915–1.017] 0.963 [0.904–1.026] 1.009 [0.951–1.070] 

Education level 1.037 [0.717–1.502] 0.963 [0.629–1.474] 1.013 [0.635–1.616] 

Farmer 

experience(years) 
1.019 [0.969–1.072] 1.036 [0.977–1.099] 1.002 [0.946–1.061] 

Time spent/day 

(Hours) 
1.007 [0.810–1.252] 0.843 [0.647–1.099] 0.751 [0.553–1.020] 

Farm size (ha) 0.885 [0.690–1.134] 1.013 [0.780–1.314] 0.773 [0.498–1.201] 

Farm location 0.739 [0.513–1.064] 1.052 [0.697–1.587] 1.926 * [1.225–3.028] 

Land-holding status 1.158 [0.803–1.670] 1.324 [0.867–2.022] 1.008 [0.638–1.591] 

Farming goal 1.668 * [1.099–2.531] 1.245 [0.745–2.083] 0.770 [0.460–1.288] 

Livestock ownership 1.979 [0.965–4.060] 1.250 [0.530–2.948] 1.674 [0.679–4.128] 

Farmer group 

membership 
1.587 [0.776–3.245] 

2.740 * [1.206–

6.226] 
3.926 * [1.556–9.906] 

Exchanging info 2.024 [0.770–5.320] 3.167 [0.810–12.375] 1.118 [0.321–3.895] 

Access to weather info 

(Radio) 
1.234 [0.639–2.384] 1.272 [0.592–2.732] 2.271 [0.978–5.276] 

Access to bank 

services 
0.703 [0.344–1.437] 0.494 [0.216–1.127] 0.286 * [0.116–0.706] 



170 
 

Household size 

(Individuals) 
1.043 [0.893–1.218] 1.009 [0.846–1.205] 0.994 [0.818–1.208] 

Constant 0.261 0.203 0.403 

* shows significant levels at 0.05. 

5.4. Discussion 

In this discussion, both male and female farmers in this study have on average over 22 years 

of farming experience, indicating that both genders have been equally exposed to the adverse 

effects of climate change in Eastern Rwanda over the past two decades. This shared experience 

highlights the widespread and long-term impact of climate change on farming communities in 

the region. Moreover, the predominance of small-scale mixed farming, which combines crop 

cultivation and livestock rearing on plots averaging less than 1.3 hectares, reflects the structural 

constraints typical of Rwandan agriculture, as also documented by NISR (NISR 2023). Such 

land fragmentation may limit the adoption of resource-intensive adaptation measures, 

reinforcing the need for strategies tailored to smallholder realities. Additionally, the low 

educational attainment observed, with most respondents having only primary education or 

none, aligns with national statistics (NISR 2023) but raises critical concerns about the capacity 

to engage with complex adaptation interventions that require technical knowledge or access to 

extension services (IRDP 2020). This educational limitation likely constrains the effectiveness 

of climate adaptation strategies. Taken together, these socioeconomic characteristics highlight 

the multifaceted challenges facing farmers and suggest that adaptation policies must consider 

gender inclusivity, land size constraints, and educational support to enhance resilience 

effectively.  

 

Turning to the knowledge systems, the reliance of respondent farmers on indigenous 

knowledge to predict local weather patterns highlights the enduring importance of traditional 

ecological understanding in agricultural decision-making. Their specific indicators, such as 

dark clouds, wind direction, and nocturnal lightning, reflect a nuanced, place-based knowledge 

system shaped by long-term observation and experience. This finding aligns with numerous 

studies across East Africa that document how farmers continue to use indigenous knowledge 

as a critical tool for agricultural planning and climate adaptation (Kijazi et al. 2013; Radeny et 

al. 2019). However, while indigenous knowledge remains valuable, its accuracy in forecasting 

weather is increasingly challenged by the unpredictability introduced by climate change, which 

disrupts historical patterns and reduces the reliability of traditional indicators (Nkomwa et al. 
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2014). This uncertainty underscores the need for integrating indigenous knowledge with 

scientific meteorological data, combining the contextual sensitivity of local observations with 

the predictive power of modern technology. Such integration has been shown to enhance 

farmers’ adaptive capacity by providing more reliable and timely climate information, thereby 

improving resilience to environmental variability (Ziervogel and Opere 2010; Kalanda-Joshua 

et al. 2011; Kolawole et al. 2014; Nkuba et al. 2020). Consequently, this study not only 

confirms the persistence and value of indigenous knowledge but also emphasizes the 

importance of developing hybrid knowledge systems tailored to the evolving challenges faced 

by smallholder farmers.  

 

Building on the previous findings, farmers demonstrated a clear awareness of the drivers of 

climate change, with deforestation identified as the most frequently cited cause, followed by 

industrial effluents and carbon emissions from developed countries. In addition, further factors 

such as vehicle emissions, environmental degradation, natural causes, and oceanic influences 

were also mentioned, reflecting a multifaceted understanding of climate change origins. This 

level of awareness suggests that farmers recognize the critical role of environmental 

conservation, particularly forest protection, in mitigating climate impacts. Such knowledge is 

significant because it can influence local engagement in sustainable practices and community-

led conservation efforts. These findings align with studies from Bangladesh (Kabir et al. 2016) 

and Nigeria (Asekun-Olarinmoye et al. 2014), which similarly report that small-scale farmers 

possess meaningful, if sometimes partial, knowledge about climate change causes. Together, 

these insights underscore the potential for leveraging existing farmer awareness in designing 

targeted climate education and mitigation programs that build on local perceptions to enhance 

effectiveness.  

 

Furthermore, a substantial majority (85%) of respondent farmers acknowledged that the 

climate has changed, reflecting a widespread awareness of shifting environmental conditions. 

However, their ability to articulate the underlying causes or mechanisms of these changes 

varied, suggesting differences in climate literacy or access to information. Many farmers 

specifically reported temperature increases, as well as greater frequency and duration of 

droughts, which are critical stressors for rainfed agriculture. Concurrently, perceptions of 

declining rainfall amounts and fewer rainy days during key seasons, along with shifts in the 

timing of rainy season onset and cessation for both the March–May (MAM) and September–

December (SOND) seasons, highlight a nuanced understanding of seasonal variability. 
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Importantly, these farmers’ perceptions are strongly supported by multiple climatological 

studies in Rwanda that document rising temperatures and declining rainfall trends over recent 

decades (Safari 2012; Mohammed, Jean and Ahmad 2016; Ngarukiyimana et al. 2021; Safari 

and Sebaziga 2023). In particular, research focused on the Eastern Province confirms a marked 

decrease in seasonal rainfall (Sebaziga et al. 2020), especially during the MAM season in 

southern areas (Rwema et al. 2025), alongside a pronounced upward trend in temperature 

(Safari and Sebaziga 2023). Similar evidence from Butera et al. (Butera, Kim and Choi 2022), 

who studied rice farmers in the same region, further corroborates the observed temperature 

increases reported by participants. The combined effect of rising temperatures and diminishing 

rainfall has been linked to the intensification of severe and prolonged drought events in Eastern 

Rwanda (Sarkodie et al. 2016; Muneza 2022; Uwimbabazi et al. 2022), thereby underscoring 

the tangible impacts of climate change on local agroecosystems. While the majority of farmers 

demonstrated awareness and willingness to adopt adaptation measures, a minority who did not 

perceive any climate change represents a critical group requiring targeted education and 

outreach to improve their understanding of climate risks and adaptive options.  

 

Given the study’s focus on farmers in the Eastern Province, a region highly vulnerable to 

climate change impacts such as drought (Uwimbabazi et al. 2022), it is unsurprising that 

participants consistently reported experiencing crop failures, reduced yields, and food 

shortages. Moreover, these observations, coupled with reports of increased crop diseases, 

decreased land fertility, and disrupted farming calendars, underscore the multifaceted and 

tangible challenges climate change poses to agricultural livelihoods in this region. While these 

impacts align with documented consequences of changing temperatures and rainfall patterns at 

local and regional scales (Brevik 2013; Bele, Sonwa and Tiani 2014; Balasha et al. 2023; 

Batungwanayo et al. 2023), the convergence of farmer perceptions with scientific findings 

highlights the value of local knowledge as a reliable indicator of climate stress. However, the 

farmers’ heavy reliance on seasonal rainfall (Harvey et al. 2014) further amplifies their 

vulnerability, emphasizing the urgent need for adaptive strategies that can sustain agricultural 

productivity amid climatic uncertainty (Menike and Arachchi 2016; Balasha et al. 2023).  

 

Turning to the question of responsibility for adaptation, the finding that only 5% of farmers 

viewed themselves as solely responsible, 19% assigned responsibility to the government, and 

the majority (75%) perceived it as a shared obligation reveals a nuanced understanding of the 

collective nature of climate adaptation. This distribution likely reflects recognition that 
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effective adaptation requires both individual initiative and systemic support, especially given 

the high costs associated with technologies like irrigation. Such a shared responsibility 

perspective aligns with the broader literature emphasizing the critical role of policy and 

institutional support in empowering smallholder farmers to adapt effectively. Furthermore, the 

reported adoption of agroforestry, changing crop varieties, and fertilizer application as key 

adaptation strategies demonstrates farmers’ proactive engagement with climate challenges. The 

prominence of changing crop varieties and fertilizer use is expected, given their direct impact 

on the productivity of staple crops like maize and beans, which dominate the Eastern Province’s 

agricultural landscape (Abera, Debele and Wegary 2017; Azeem 2018; Mubalama et al. 2020). 

Notably, the recognition of agroforestry as the most sustainable adaptation strategy reflects 

farmers’ awareness of its long-term benefits for soil conservation, biodiversity, and 

socioeconomic well-being, reinforcing findings from Murthy et al. (Murthy et al. 2016) and 

supporting the promotion of ecosystem-based adaptation approaches.  

 

Consistent with findings from other regions where climate change threatens agriculture, 

smallholder farmers in the study area employed multiple adaptation strategies simultaneously 

to mitigate climate impacts (Balasha et al. 2023; Batungwanayo et al. 2023; Olana Jawo et al. 

2023). This multifaceted approach reflects the recognition that combining different strategies 

enhances overall effectiveness and resilience, as supported by the adaptation literature 

advocating for integrated practices rather than isolated interventions (Rajan, Manjet and 

Solanke 2017). Nevertheless, farmers face significant barriers that constrain their adaptive 

capacity. Key challenges identified include limited financial resources, inadequate access to 

climate and agricultural information, and shortages of appropriate technology and farm inputs. 

Moreover, the high cost of these inputs and technologies further exacerbates these constraints, 

limiting farmers’ ability to implement necessary adaptations. These barriers are consistent with 

those reported at both the Eastern Province level and nationally in Rwanda (World Bank 2015; 

Butera, Kim and Choi 2022), and mirror common obstacles encountered by smallholder 

farmers across Sub-Saharan Africa (Bryan et al. 2009; Juana, Kahaka and Okurut 2013; Sani 

2016; Mubalama et al. 2020; Olana Jawo et al. 2023).  

 

Despite these challenges, Rwanda’s government has demonstrated political commitment to 

enhancing agricultural resilience through targeted programs such as “Nkunganire” and “Hinga 

Urishingiwe”, which support farmers cultivating key crops including tea, coffee, maize, and 

beans (World Bank 2015; MoE 2017; IRDP 2020). Specifically, the Nkunganire program 
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facilitates access to essential inputs for vulnerable populations while improving supply chain 

coordination (IRDP 2020), whereas Hinga Urishingiwe provides insurance coverage against 

climate-induced crop losses caused by extreme weather events (World Bank 2015). 

Encouraging farmer participation in these initiatives is crucial to leverage available resources 

and interventions aimed at sustainably strengthening resilience. This highlights the importance 

of aligning policy support with on-the-ground adaptation needs to overcome persistent barriers 

and promote effective climate-smart agriculture.  

 

Regarding the factors influencing farmers’ choice of adaptation strategies, we found that 

farmers working simultaneously in challenging environments such as hillsides and wetlands 

tend to adopt more adaptive practices, like changing crop types and increasing fertilizer use. 

The significant odds ratio for fertilizer application suggests that this strategy is particularly 

important and more commonly used among these farmers to cope with environmental or 

climatic challenges. Moreover, having the goal of meeting family needs and generating a 

market income positively and significantly influenced agroforestry/planting trees as an 

adaptation strategy. This finding agrees with studies indicating different socioeconomic 

benefits of agroforestry at farm and household levels (Murthy et al. 2016). Additionally, farmer 

group membership was also discovered to positively influence farmers to implement all three 

adaptation strategies, particularly changing crop variety and applying fertilizers, which showed 

a significant correlation. This is likely because group meetings provide farmers with 

opportunities to exchange information and share their experiences, enabling them to advise 

each other on the most effective adaptation measures implemented on their farms (Verhofstadt 

and Maertens 2014; Murthy et al. 2016; Manda et al. 2020; Habiyaremye et al. 2023).  

 

Broadly, this study analyzes farmers’ indigenous knowledge, perceptions of climate change 

impacts, adaptation strategies, barriers to adaptation, and socioeconomic factors influencing 

adaptation in Rwanda’s Eastern Province. Notably, the indigenous knowledge held by farmers, 

including observations of cloud formations, wind patterns, and rainfall characteristics, 

constitutes an invaluable resource for climate adaptation. Leveraging this knowledge alongside 

scientific data could enhance the timeliness and accuracy of weather forecasts and adaptation 

advice. Therefore, integrating indigenous knowledge into climate services and extension 

programs presents a promising pathway to strengthen farmers’ resilience to climate variability 

and change. Future research should focus on validating indigenous knowledge for seasonal 

prediction and exploring its integration with scientific methods to enhance forecasting 
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accuracy. Additionally, studies are needed to quantify losses from perceived impacts and assess 

the effectiveness of adaptation strategies. Prioritizing the incorporation of indigenous 

knowledge into farmers’ decision-making processes, while considering the full range of 

adaptation strategies in relation to socioeconomic factors, will be critical for future research.  

 

While our study included a substantial number of both male and female farmers, it was not 

specifically designed or powered to conduct detailed statistical comparisons between gender 

groups. Consequently, gender-differentiated analyses were beyond the scope of this research. 

However, we acknowledge that exploring differences in perceptions and adaptation strategies 

by gender could provide valuable insights. Therefore, we recommend that future studies with 

larger and more targeted samples investigate gender-specific experiences and responses to 

climate change in greater depth. In a similar vein, our analytical approach modeled each 

adaptation strategy independently using separate binary logistic regressions, which assumes 

that farmers’ choices are uncorrelated. Nevertheless, adaptation decisions are often 

interdependent, with farmers adopting multiple complementary or substitutive strategies 

simultaneously. Ignoring these correlations may lead to biased estimates and limit the 

understanding of the complexity of farmers’ decision-making processes. Hence, future research 

should consider joint modeling approaches, such as multivariate probit or count-based models, 

to better capture the interplay among adaptation strategies and provide more comprehensive 

insights into farmers’ adaptive behavior. 

 

5.5. Conclusions 

In summary, the present study examined farmers’ indigenous knowledge, perceptions of 

changes in the climate system, impacts of perceived changes, adaptation strategies employed 

by farmers, barriers constraining these adaptation strategies, and the socioeconomic 

determinants of adaptations to climate change in the Eastern Province of Rwanda. Specifically, 

data collected at the household level from interviews with farmers in five districts of Eastern 

Rwanda were analyzed, along with meteorological data from 1981 to 2021. Notably, it was 

observed that farmers have indigenous knowledge regarding meteorological indicators, which 

they use for predicting/forecasting important agricultural events such as rainy seasonal onset 

and cessation. Furthermore, most farmers were aware of climate change and perceived an 

increase in temperature and a decrease in seasonal rainfall, which corresponded to the observed 

change in meteorological data. Moreover, farmers identified deforestation as the most 
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significant cause of climate change. In terms of impacts, respondent farmers reported that the 

most significant consequences were crop failures, reduced yield, and food shortages. 

 

Regarding adaptation, farmers were adopting various adaptation strategies such as 

agroforestry/planting trees, changing crop varieties and planting dates, application of 

fertilizers, soil conservation, and use of irrigation. Among these strategies, the most valuable 

strategies identified by farmers were agroforestry, changing crop varieties, and application of 

fertilizers, and their adoption was highly influenced by socioeconomic factors, including farm 

location, farming goal, and farmer group membership. However, findings also showed that the 

significant barriers that hindered farmers from adapting to climate change included limited 

financial capacity, lack of information (both climate and agriculture), and lack of technology 

and farm inputs when needed. 

            

           Recommendations drawn from this study include the following: 

1. Climate research highlights significant shifts in temperature and rainfall patterns across 

the Eastern Province. While many farmers accurately recognize these changes in alignment 

with scientific findings, a considerable portion of them remain unaware or misinformed. This 

lack of awareness can impede the successful adoption of adaptation strategies, as understanding 

the nature of climate change and its implications is critical for fostering resilience. To address 

this challenge, it is essential for stakeholders, including government authorities, farmers, and 

community organizations, to take concerted action to mitigate the impacts of climate change 

in Eastern Rwanda. Priority should be given to capacity-building programs that educate farmers 

on the observed climatic shifts, their consequences, and the importance of adopting effective 

adaptation, mitigation, and prevention strategies. Enhancing farmers’ knowledge and 

awareness will contribute to building resilience and promoting sustainable agricultural 

practices in the region. 

2. We recommend that stakeholders establish a participatory framework that actively 

involves farmers in decision-making processes. This study reveals that farmers not only 

recognize climate change but also possess a deep understanding of their local climate 

conditions, which is vital for strengthening their resilience. Their localized knowledge is an 

invaluable resource that must be integrated into adaptation planning. Excluding farmers from 

these discussions could lead to the development of strategies that fail to address their most 

critical needs, thereby undermining the effectiveness and sustainability of adaptation efforts. 
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3. The study highlights that farmers encounter numerous challenges, particularly those 

linked to financial constraints. To address this, stakeholders must strengthen their collaboration 

with farmers to gain a deeper understanding of these difficulties. This approach will enable the 

development of support programs and solutions that are both cost-effective and aligned with 

farmers’ financial realities. Efforts to improve the financial capacity of farmers are especially 

crucial for fostering resilience and sustainable agricultural practices in Eastern Rwanda. 

4. Since adaptation methods like agroforestry have been widely embraced by farmers, it 

is vital for the government and other stakeholders to prioritize selecting tree species that are 

best suited to the soil and climatic conditions of Eastern Rwanda. Adopting this targeted 

approach can maximize the benefits of agroforestry, strengthening farmers’ resilience by 

improving health, nutrition, and financial stability, all of which are influenced by the choice of 

tree species planted. 

 

Beyond the scope of this study, further research endeavors could focus on validating 

indigenous knowledge for seasonal prediction and investigating its integration with scientific 

methodologies to bolster forecasting precision. Additionally, there is a need for studies to 

quantify the losses incurred due to perceived impacts and evaluate the efficacy of implemented 

adaptation strategies. Exploring the incorporation of indigenous knowledge into farmers’ 

decision-making processes within the study area would also yield valuable insights. Given that 

the examination of the relationship between socioeconomic factors and adaptation strategies 

did not encompass all available options, future studies may seek to expand upon this 

investigation by exhaustively documenting the full spectrum of adaptation strategies as 

reported by farmers. 
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SI1: Supporting information for chapter 5: Questionnaire 

Section 1: Socioeconomic characteristic of Farmers 

1. Respondent's address: 

      

Name(optional): Province: District: Sector: Cell: Village: 

 

2. How old are you? 

3. What is your gender? (Male or Female) 

4. What is your highest level of education? 

5. How many years have you been farming? 

6. How many Ares of land does your household own? 

7. What is the status of the land your household uses in farming? (owned or tenant) 

8. Where are your farms located?  

9. What is the average time you spend on the farm per day? 

10. What is the main crop your household grows? 

11. What is your main farming goal? (Home consumption/income/Both) 

12. How many members does your household have? 

13. How many members of your household do help you in faming activities?  

14. Does your household own livestock? Yes/No 

15. If yes, what is the number of small and large livestock? 

16. Do you belong to any farmer group/cooperative? Yes/No 

17. Do you exchange farming information with fellow farmers outside your household? 

18. Do you have access to weather/climate information? 

19. Do you have a bank account? 

Section 2: Farmers’ knowledge of climate/weather and climate change 

1. Have you heard about the weather and climate? Yes/No 

2. If yes, what do you know about weather and climate? 

3. Do you know the seasons we have in Rwanda? Yes/No 

4. If yes, how many seasons do we have? 

5. If yes, can you differentiate the dry and rainy seasons in terms of their names? 

6. If yes, can you specify the start and end times of the above seasons? 
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7. In which rain season do we have more rainfall? 

8. In which month of MAM (Itumba) and SOND (Umuhindo) season do we have more rainfall? 

9. How many days on average do you have rainfall in the MAM and SOND seasons? 

10. What do you know about the start of the rainy season (Onset)? 

11. What do you know about the end of the rainy season (Cessation)? 

12. How can you describe a good year/season that makes you harvest more? 

13. How can you describe a bad year/season that makes you harvest less? 

14. Which year can be recorded as the worst in your farming experience? 

15. In which season of the above year did you suffer most (season MAM or SOND or both) 

16. What was the characteristic of that year made it worse? 

17. What do you understand when they say “climate change”? 

18. What do you know about the cause of climate change? (Multiple responses)  

Section 3: Changes in climate pattern 

1. Do you agree when they say the climate has changed? Yes/No 

2. If yes, what change have you observed? 

3. Have you noticed any change in mean temperature? Yes/No/Don’t know 

4. If yes, how has the mean temperature changed?  

5. Changes in MAM and SOND seasons’ variables: 

 

MAM SOND 

1. Have you noticed any change in MAM 

rainfall amounts? Yes/No/Don’t know 

2. If yes, what changes were observed?  

 

3. Have you noticed any change in SOND 

rainfall amounts? Yes/No/Don’t know 

4. If yes, what changes were observed?  

 

5. Have you noticed any change in MAM 

rainy days? Yes/No/Don’t know 

6. If yes, what changes were observed?  

7. Have you noticed any change in MAM 

onset days? Yes/No/Don’t know 

9. Have you noticed any change in SOND 

rainy days? Yes/No/Don’t know 

10. If yes, what changes were observed?  

11. Have you noticed any change in SOND 

onset days? Yes/No/Don’t know 
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8. If yes, what changes were observed?  

 

12. If yes, what changes were observed?  

 

13. Have you noticed any change in MAM 

cessation days? Yes/No/Don’t know 

14. If yes, what changes were observed?  

 

15. Have you noticed any change in SOND 

cessation days? Yes/No/Don’t know 

16. If yes, what changes were observed?  

 

17. Have you noticed any change in the 

frequency of MAM Light rain? 

Yes/No/Don’t know 

18. If yes, what changes were observed?  

 

19. Have you noticed any change in the 

frequency of SOND Light rain? 

Yes/No/Don’t know 

20. If yes, what changes were observed?  

 

21. Have you noticed any change in the 

frequency of MAM Moderate rain? 

Yes/No/Don’t know 

22. If yes, what changes were observed?  

 

23. Have you noticed any change in the 

frequency of SOND Moderate rain? 

Yes/No/Don’t know 

24. If yes, what changes were observed?  

 

25. Have you noticed any change in the 

frequency of MAM Heavy rain? 

Yes/No/Don’t know 

26. If yes, what changes were observed?  

 

27. Have you noticed any change in the 

frequency of SOND Heavy rain? 

Yes/No/Don’t know 

28. If yes, what changes were observed?  

 

 

6. What change that is significantly affecting your practices? 

7. Which seasons do you think changed more due to climate change? (season MAM or SOND 

or both) 

8. Have you noticed any change in drought frequency? Yes/No/Don’t know 

9. If yes, what changes were observed?  
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Section 4: Perception of Climate Change Impacts 

1. What climate change impacts have you observed/faced in your farming practices? (Multiple 

responses) 

2. What is the significant impact of climate change that makes you suffer the most? 

3. From your experience, which sector do you perceive is more affected by climate change in the 

eastern province? (e.g., Agriculture, Livestock, Health…) 

4. Why do you think it is the most affected?  

Section 5: Climate Change Adaptation Strategies 

1. What do you do to adapt to the impacts of climate change (adaptation strategies)? (Multiple 

responses) 

2. What adaptation strategies have you found to be most effective in coping with the impacts of 

climate change on your farming practices? 

3. From your experience, which sector do you perceive is more resilient to climate change over 

the eastern province? (e.g. Agriculture, Livestock, Health…) 

4. Why do you think it is the most resilient? 

5. Who should be responsible for climate change adaptation? (Government/Citizen/Both) 

6. Do you receive information on climate change and its impacts? Yes/No 

7. If yes, through which channel do you receive information on climate change and its impacts? 

8. What communication channels do you prefer to receive weather and climate change 

information? 

9. Do you have access to or receive information on the season forecast from Meteo Rwanda? 

Yes/No 

10. If yes, are the season forecasts you receive accurate?  

11. If not accurate, which information mismatches most of the time? (e.g. onset, cessation, 

rainfall amount, rainy days…) 

12. Do you think the forecast is given at the right time? Yes/No 

13. If not, when it can be released? 

14. Did you receive any training on agriculture or weather and climate information? 

15. If yes, What the training received were about? 
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Section 6: Barriers/Challenges to Climate Change Adaptations 

1. What are the main barriers/challenges you have faced in implementing adaptation strategies? 

(Multiple responses) 

Section 7: Priority Intervention Desired by Farmers 

1. In your opinion, what interventions would be most effective in addressing the impacts of 

climate change on agriculture in your region? 
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Chapter 6 Conclusion and Future Directions 

6.1. Conclusion 

This dissertation provides a thorough assessment of climate trends and farmers’ perceptions in 

Rwanda's Eastern Province, including detailed analyses of rainfall and temperature patterns, 

drought dynamics, and farmer knowledge and adaptation strategies. The climate trend analysis 

highlights contrasting yet significant changes across the province: seasonal rainfall shows 

spatial variability, with a notable decrease in the March-May rainy season in the south and an 

overall extension of the September-December season due to earlier start dates. Temperature 

patterns have significantly shifted, with consistent increases in minimum and average 

temperatures across all zones, especially after 2010. These climatic changes result in diverse 

impacts across microclimatic zones, influencing local drought frequency and severity. Drought 

occurrence varies across regions and time, with the Central zone experiencing the highest 

drought frequency, while the Northwestern and Southeastern zones display unique short- and 

long-term drought patterns. The intensification of drought over the past two decades worsens 

risks to water supply and food security, given the region’s dependency on rainfed agriculture. 

Meanwhile, an examination of farmers’ perceptions shows strong awareness of climate change, 

especially regarding rising temperatures and declining rainfall, which aligns with 

meteorological data. Farmers adopt various strategies such as agroforestry, changing crop 

varieties, and soil conservation, influenced by socioeconomic factors like location and group 

membership. However, challenges such as limited finances, lack of information, and poor 

access to inputs restrict the wider adoption of effective practices. Notably, farmers’ indigenous 

knowledge, particularly in predicting seasonal rainfall, is a valuable asset for building 

resilience. Promoting participatory approaches that combine local knowledge with scientific 

research can help develop more appropriate and sustainable adaptation measures. Overall, these 

findings highlight the complex and changing nature of climate risks in Eastern Rwanda and the 

essential need for integrated, multi-scale approaches to climate adaptation. Recognizing both 

physical climate changes and the social responses of farmers provides a solid basis for 

designing targeted interventions that enhance resilience in the region. 
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6.2. Limitations and Directions for Future Research 

While this research improves understanding of climate trends and adaptive capacities in 

Eastern Rwanda, several limitations should be recognized. Relying on precipitation-based 

indices such as the Standardized Precipitation Index (SPI) mainly captures meteorological 

drought but might miss critical hydrological and agricultural drought aspects related to soil 

moisture and groundwater. Data gaps, especially from 1994 to 2010 when station data were 

limited and satellite estimates were heavily used, could impact the accuracy of change point 

detection in climate trends. Cross-validation with independent datasets and alternative methods 

could boost confidence in these results. Future research should aim to include additional 

drought indices, higher-resolution hydrological and soil moisture data, and utilize advanced 

regional climate models to better project and understand future drought and temperature 

scenarios under different climate pathways. Moreover, expanding studies on farmers’ 

indigenous knowledge, including validation and integration with scientific forecasts, could 

enhance the precision and acceptance of early warning systems. A thorough investigation of 

socioeconomic barriers to adaptation is also necessary to develop more inclusive and effective 

support programs. Lastly, measuring the economic and ecological impacts of drought and 

adaptation strategies would provide essential insights for policy-making and resilience efforts. 

 


