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Abstract 
Rainfall variability is a critical component of climate dynamics in East Africa, 
where socio-economic systems are highly sensitive to precipitation fluctua-
tions. This study investigates the spatiotemporal variability of rainfall and its 
relationship with large-scale ocean-atmosphere drivers over Rwanda, Uganda, 
Kenya, Tanzania, and Burundi using ERA5 reanalysis data and sea surface tem-
perature (SST). Statistical methods including standardized anomalies, Mann-
Kendall trend analysis, empirical orthogonal functions (EOF), and correlation 
analysis, were applied to quantify variability, detect trends, and identify domi-
nant climatic controls. Results reveal a pronounced west-east rainfall gradient, 
with maximum rainfall over the Lake Victoria basin and western highlands, 
and lower totals toward eastern Kenya and northeastern Tanzania. Trend anal-
ysis indicates declining annual and MAM rainfall over the western sector, while 
OND trends are spatially heterogeneous, with localized increases in eastern re-
gions. Rainfall anomalies show strong interannual variability, with significant 
dry conditions during the early 2000s and wet events in the late 1990s and late 
2010s. EOF analysis indicates that rainfall variability is dominated by a coher-
ent regional mode explaining 42.2% (MAM) and 61.3% (OND) of total vari-
ance, with secondary modes reflecting spatial contrasts. Correlation results 
demonstrate stronger SST-rainfall relationships during OND, particularly over 
the equatorial Pacific and western Indian Ocean, compared to weaker MAM 
connections. These findings highlight the combined influence of regional and 
large-scale climatic drivers and provide a scientific basis for improving sea-
sonal forecasting and climate risk management in East Africa.  
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1. Introduction 

Precipitation variability is one of the most important indicators of climate varia-
bility and change because it directly affects hydrological processes, ecosystems, ag-
ricultural productivity, and socio-economic stability worldwide. Global warming 
has intensified the hydrological cycle by increasing atmospheric moisture capacity 
and altering large-scale circulation patterns, resulting in changes in precipitation 
intensity, frequency, and spatial distribution (Trenberth et al., 2014; Legg, 2021). 
These changes are strongly modulated by large-scale ocean-atmosphere interac-
tions, including sea surface temperature (SST) anomalies and climate modes such 
as the El Niño-Southern Oscillation (ENSO), which influence rainfall patterns across 
the tropics through atmospheric teleconnections (Dai, 2013; Cai et al., 2014). Africa 
is particularly vulnerable to rainfall variability due to its strong dependence on rain-
fed agriculture and limited adaptive capacity to climate extremes (Brown & Funk, 
2008; Nicholson, 2017). Several studies have shown that rainfall variability across 
the continent has increased in recent decades, contributing to recurrent droughts, 
floods, and food insecurity in many regions (Christopher B. Field, 2014; Endris et 
al., 2019; Vizy & Cook, 2020; Zhao & Cook, 2021). Understanding rainfall varia-
bility and its driving mechanisms therefore remains critical for improving climate 
predictability and supporting climate-resilient development across Africa. 

East Africa exhibits one of the most complex rainfall regimes in the tropics, 
characterized by strong spatial and temporal variability associated with regional 
atmospheric circulation systems and ocean-atmosphere interactions. Most equa-
torial areas experience a bimodal rainfall pattern consisting of the long rains sea-
son (March-May) and the short rains season (October-December), while other 
parts of the region exhibit unimodal rainfall regimes (Gamoyo et al., 2015; Ni-
cholson, 2015). The variability of these seasonal rainfall patterns has profound 
socio-economic implications because the majority of the population depends on 
rainfall for agriculture, livestock production, and water resources (Funk et al., 
2016; Palmer et al., 2023). Recent observational analyses indicate substantial fluc-
tuations in rainfall intensity, frequency, and seasonal timing across East Africa, 
including increased rainfall extremes and persistent drought conditions in several 
areas (Wainwright et al., 2021; Kebacho et al., 2024). These variations are influ-
enced by complex interactions among large-scale climate drivers, regional atmos-
pheric circulation, and local factors such as topography and land-atmosphere 
feedbacks (Nicholson, 2017; Vizy & Cook, 2020). As a result, East Africa remains 
highly vulnerable to climate-related hazards such as droughts and floods, which 
pose serious challenges to food security and water resource management. 

A growing body of research has investigated rainfall variability and trends 
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across East Africa, highlighting the dominant role of large-scale ocean-atmos-
phere processes in controlling regional precipitation patterns. Among these driv-
ers, the El Niño-Southern Oscillation (ENSO) and the Indian Ocean Dipole (IOD) 
have been widely recognized as key factors influencing seasonal rainfall variability 
in the region (Black, 2005; Nicholson, 2015; Palmer et al., 2023). Positive IOD 
events are often associated with enhanced rainfall during the short rains season 
due to increased moisture transport and convection over the western Indian 
Ocean, whereas negative IOD events are linked to suppressed rainfall and drought 
conditions (Ummenhofer et al., 2009; Cai et al., 2014). ENSO also influences East 
African rainfall through atmospheric teleconnections that modify large-scale cir-
culation patterns and moisture transport pathways (Vigaud et al., 2017). Recent 
studies further suggest that additional climate modes such as the Madden-Julian 
Oscillation (MJO), regional SST variability, and atmospheric circulation anoma-
lies can modulate rainfall variability and extreme precipitation events in the re-
gion (Tozuka et al., 2016; Zhao & Cook, 2021; Kebacho et al., 2024; Nguyen-Le et 
al., 2024). Moreover, several analyses have reported spatially heterogeneous rain-
fall trends across East Africa, including declining trends in the long rains season 
and increasing variability in the short rains (Yang et al., 2014; Funk et al., 2016). 

Despite significant progress in understanding rainfall variability over East Af-
rica, important uncertainties remain regarding the spatial and temporal charac-
teristics of rainfall trends and the relative contributions of different climatic driv-
ers. Many previous studies have focused on specific seasons, individual climate 
indices, or limited geographic domains, resulting in fragmented knowledge of 
rainfall dynamics across the broader East African region (Nicholson, 2017; Palmer 
et al., 2023). Furthermore, the combined influence of multiple large-scale ocean-
atmosphere variables on rainfall variability has not been fully examined, particu-
larly in terms of their interactions and relative contributions to observed rainfall 
trends (Vizy & Cook, 2020; Kebacho et al., 2024). Addressing these limitations 
requires comprehensive analyses that integrate long-term rainfall observations 
with large-scale climate variables to better understand the mechanisms governing 
rainfall variability. In this context, the general objective of this study is to analyze 
the spatial and temporal variability of rainfall and identify the major climatic fac-
tors influencing rainfall trends over East Africa. Specifically, the study aims to as-
sess rainfall variability and long-term trends across the region and examine the 
relationships between rainfall variability and large-scale ocean-atmosphere driv-
ers. Improving the understanding of these processes is essential for enhancing cli-
mate prediction, strengthening early warning systems, and supporting climate-
resilient water and agricultural management in East Africa.  

2. Data and Methods 
2.1. Area of Study 

The East African region is characterized by complex topography and diverse hy-
droclimatic conditions that strongly influence the spatial and temporal distribu-
tion of rainfall. This study focuses on Rwanda, Uganda, Kenya, Tanzania, and Bu-
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rundi, located approximately between 5˚N - 12˚S latitude and 29˚E - 42˚E longi-
tude. The region comprises highly variable terrain, including highlands, rift val-
leys, and major inland water bodies such as Lake Victoria, which play a significant 
role in modulating regional atmospheric circulation and rainfall distribution. Fig-
ure 1 presents the geographical location and elevation characteristics of the study 
area, highlighting the major topographic and hydrological features relevant to 
rainfall variability across East Africa. The climate of East Africa is largely con-
trolled by the seasonal migration of the Intertropical Convergence Zone (ITCZ) 
and regional atmospheric circulation patterns that modulate rainfall distribution 
across the region (Nicholson, 2015; Funk et al., 2016). Most equatorial parts of the 
region experience a bimodal rainfall regime, consisting of the long rains season 
during March-May (MAM) and the short rains during October-December 
(OND), whereas some southern and northern areas exhibit unimodal rainfall re-
gimes (Nicholson, 2017). Rainfall variability across East Africa is influenced by 
several large-scale climate drivers, including the El Niño-Southern Oscillation 
(ENSO) and the Indian Ocean Dipole (IOD), which modulate atmospheric circu-
lation and moisture transport over the region (Black, 2005; Yang et al., 2014; Endo 
& Tozuka, 2016; Tozuka et al., 2016; Nguyen-Le et al., 2024). Due to the strong 
dependence of agriculture and water resources on rainfall, the region is highly 
sensitive to climate variability and extreme events such as droughts and floods 
(Funk et al., 2016; Palmer et al., 2023) (Figure 1). 
 

 

Figure 1. Location and topographical characteristics of the study area. (a) Map of Africa showing the position 
of the East African region (red box). (b) Detailed map of East Africa (Rwanda, Uganda, Kenya, Tanzania, and 
Burundi) illustrating elevation (m above sea level), major lakes, and river networks. 
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2.2. Data 

This study utilizes precipitation and sea surface temperature (SST) datasets to in-
vestigate rainfall variability and its relationship with large-scale ocean-atmos-
phere processes over East Africa. Precipitation data were obtained from the ERA5 
reanalysis dataset, the fifth-generation global atmospheric reanalysis produced by 
the European Centre for Medium-Range Weather Forecasts (ECMWF) under the 
Copernicus Climate Change Service. ERA5 provides physically consistent climate 
variables by assimilating a wide range of observational data into a numerical 
weather prediction framework, offering a high spatial resolution of approximately 
0.25˚ × 0.25˚ and continuous temporal coverage from 1940 to the present. In this 
study, monthly precipitation totals were derived from ERA5 to characterize an-
nual and seasonal rainfall variability across East Africa. The selection of ERA5 is 
motivated by its demonstrated capability to reliably capture large-scale precipita-
tion patterns and variability, particularly in data-sparse regions such as East Af-
rica, where in-situ observations are limited and spatial rainfall heterogeneity is 
high (Hersbach et al., 2020). 

To assess the influence of large-scale oceanic conditions, sea surface tempera-
ture (SST) data were obtained from the NOAA Extended Reconstructed Sea Sur-
face Temperature Version 6 (ERSSTv6) dataset, provided at a spatial resolution of 
2˚ × 2˚. ERSSTv6 is a globally complete, monthly SST product derived from in 
situ observations, including ship and buoy measurements, and reconstructed us-
ing advanced statistical techniques to ensure spatial consistency and long-term 
stability (McPhaden et al., 2020; Huang et al., 2025). The dataset is widely used for 
climate variability studies and has been extensively applied in the analysis of 
ocean-atmosphere interactions and teleconnections, including ENSO and Indian 
Ocean variability (Huang et al., 2025). The combined use of ERA5 precipitation 
and ERSSTv6 SST datasets provides a robust framework for examining the spati-
otemporal variability of rainfall and its linkage to large-scale climate drivers over 
East Africa. 

The analysis was conducted for the period 1979-2024, based on the availability 
and temporal consistency of the ERA5 reanalysis dataset. Monthly total precip-
itation from the ERA5 variable “total precipitation” (tp) was extracted and con-
verted from meters (m) to millimeters (mm) by multiplying by 1000 prior to 
analysis. Annual rainfall totals were computed by summing monthly precipita-
tion values from January to December for each year. Seasonal rainfall totals for 
the March-May (MAM) and October-December (OND) seasons were similarly 
derived by aggregating monthly rainfall totals corresponding to each season. In 
this study, the rainfall series used for the standardized anomaly and SST-corre-
lation analyses was defined as the spatially averaged regional rainfall index com-
puted over the entire East African domain (Rwanda, Uganda, Kenya, Tanzania, 
and Burundi). The regional mean was calculated from gridded rainfall fields using 
an area-weighted spatial average to account for differences in grid-cell area with 
latitude. Standardized rainfall anomalies were calculated relative to the 1979-2024 
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climatological mean, obtained by subtracting the long-term seasonal or annual 
mean from the rainfall series and dividing by the corresponding standard devia-
tion. 

2.3. Statistical Methods 

To investigate rainfall variability, trends, and their relationship with large-scale 
climate drivers, several statistical techniques were applied. These methods include 
standardized anomaly analysis, the Mann-Kendall trend test, Empirical Orthogo-
nal Function (EOF) analysis, and correlation analysis. These techniques are widely 
used in climatological studies to identify variability patterns, detect trends in hy-
dro-meteorological time series, and examine relationships between climate varia-
bles. 

2.3.1. Standardized Anomaly 
Standardized anomalies were calculated to examine the temporal variability of 
rainfall relative to its long-term mean. The standardized anomaly index allows 
comparison of rainfall variability across different locations and time periods by 
normalizing the data relative to the mean and standard deviation. The standard-
ized anomaly is computed as: 

iXI XSA −
=

σ
 

where: 

iX  = rainfall value for year or month i; 
X  = long-term mean rainfall; 
σ  = standard deviation of the rainfall series. 
Positive anomaly values indicate wetter-than-average conditions, whereas neg-

ative values represent drier-than-average conditions. Standardized anomalies are 
widely used in climate variability studies to detect drought and wet periods in pre-
cipitation time series (Funk et al., 2016; Nicholson, 2017). 

2.3.2. Mann-Kendall (MK) Trend Test 
The Mann-Kendall (MK) test is a non-parametric statistical method widely used 
for detecting monotonic trends in hydro-meteorological time series such as rain-
fall and temperature. The test evaluates whether a significant upward or down-
ward trend exists in a dataset without assuming a specific data distribution (Mann, 
1945; Kendall, 1975). The MK statistic S  is calculated as:  
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The variance of the statistics is calculated as: 
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The standardized test statistic Z  is then computed as: 
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If 2Z Zα> , the trend is considered statistically significant at the chosen sig-
nificance level (typically α = 0.05). The MK test is widely applied in rainfall trend 
analysis because it is robust against non-normal data and missing observations.  

2.3.3. Theil-Sen Slope Estimator 
To estimate the magnitude of rainfall trends in the time series, the non-parametric 
Theil-Sen slope estimator (Sen, 1968) was applied. The method provides a robust 
estimate of trend magnitude and is less sensitive to outliers and non-normal data 
distributions compared with ordinary least squares regression. The slope between 
two data points is computed as: 

j k
i

x x
T

j k
−

=
−

 

where jx  and kx  are the data values at times j  and k , respectively. 
The Sen’s slope estimator ( iQ ) is then calculated as the median of all pairwise 

slopes: 
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 +    

 

where N  represents the total number of computed slopes. Positive iQ  values 
indicate increasing rainfall trends, whereas negative values indicate decreasing 
trends. In this study, the Theil-Sen estimator was used to quantify rainfall trend 
magnitudes, while the Mann-Kendall test was applied to assess the statistical sig-
nificance of the detected trends at the 95% confidence level. 

2.3.4. Empirical Orthogonal Functions (EOF) 
Empirical Orthogonal Function (EOF) analysis was used to identify dominant 
spatial patterns of rainfall variability across East Africa. EOF analysis decomposes 
a spatiotemporal dataset into orthogonal spatial modes and their associated tem-
poral coefficients, allowing the extraction of the most significant variability pat-
terns in the data. Prior to EOF decomposition, monthly and seasonal rainfall anom-
aly fields were constructed by removing the corresponding climatological mean 
from the original rainfall fields. Linear trends were also removed to isolate interan-
nual variability from long-term changes. In addition, latitude-based area weighting 
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using the square root of the cosine of latitude was applied to account for the de-
creasing grid-cell area toward higher latitudes before EOF computation. The re-
sulting anomaly fields were then decomposed into orthogonal spatial modes and 
their associated temporal principal components. Mathematically, the rainfall 
anomaly field ( ),X x t  can be represented as: 

( ) ( ) ( )
1

,
m

k k
k

X x t PC t EOF x
=

= ⋅∑  

where: 
( )kEOF x  = spatial pattern of mode k ; 

( )kPC t  = principal component time series for mode k . 
The first EOF mode represents the spatial pattern explaining the largest fraction 

of total variance, while subsequent modes explain progressively smaller portions 
of variance. EOF analysis is widely used in climate studies to identify large-scale 
patterns of variability such as teleconnections and regional climate modes. 

2.3.5. Correlation Analysis 
Correlation analysis was performed to quantify the relationship between rainfall 
variability over East Africa and large-scale oceanic conditions represented by sea 
surface temperature (SST). The Pearson correlation coefficient was used to meas-
ure the strength and direction of the linear relationship between rainfall anomalies 
and SST anomalies. The Pearson correlation coefficient r  is calculated as: 

( )( )
( ) ( )

1
2 2

1 1

n
i ii

n n
i ii i

X X Y Y
r

X X Y Y
=

= =

− −
=

− −

∑
∑ ∑

 

where: 

iX  = rainfall anomaly at time i ; 

iY  = SST anomaly at time i ; 
X  = mean rainfall anomaly; 
Y  = mean SST anomaly; 
n  = number of observations. 
The correlation coefficient r  ranges between −1 and +1, where positive values 

indicate that rainfall increases with increasing SST, while negative values indicate 
an inverse relationship between the two variables. Values close to zero indicate 
weak or no linear relationship. To assess the statistical significance of the correla-
tion coefficient, the Student’s t-test was applied. The test statistic is computed as: 

2

2
1

r nt
r
−

=
−

 

where: 
r  = Pearson correlation coefficient; 
n  = number of paired observations. 
The calculated t  statistic follows a Student’s t-distribution with: 

2df n= −  
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degrees of freedom. The null hypothesis assumes that there is no linear relation-
ship between rainfall and SST anomalies ( 0 : 0H r = ). The correlation is consid-
ered statistically significant when: 

2, 2nt tα −>  

at the chosen significance level, typically α = 0.05. This method has been widely 
applied in climatological studies to investigate teleconnections between oceanic 
conditions and regional rainfall variability (Vizy & Cook, 2020; Palmer et al., 
2023). 

The SST-rainfall relationships presented in this study are interpreted primarily 
as statistical associations rather than direct causal attribution. The correlation 
analysis was based on spatial SST anomaly fields and therefore reflects broad 
ocean-atmosphere teleconnection patterns associated with East African rainfall 
variability. The observed SST patterns are broadly consistent with known ENSO- 
and Indian Ocean-related variability. 

3. Results 
3.1. Spatial Distribution of Rainfall 

The spatial distribution of annual and seasonal rainfall across East Africa is pre-
sented in Figure 2. The figure illustrates the mean annual total rainfall, along 
with the seasonal rainfall during the March-May (MAM) and October-December 
(OND) seasons over Rwanda, Uganda, Kenya, Tanzania, and Burundi. The annual 
rainfall distribution (Figure 2(a)) shows considerable spatial variability across the 
region. Higher rainfall totals are concentrated around the Lake Victoria basin and 
surrounding highland areas, particularly across Uganda, western Kenya, Rwanda, 
and Burundi, where annual rainfall exceeds approximately 1800 - 3000 mm. Mod-
erate rainfall values ranging from 1000 to 1800 mm extend across much of western 
and southern Tanzania and parts of central Kenya. In contrast, relatively lower 
annual rainfall totals, generally below 800 mm, are observed across eastern Kenya 
and northeastern Tanzania, indicating a clear west-east rainfall gradient across the 
region. 

The spatial pattern of rainfall during the MAM season (Figure 2(b)) generally 
reflects the broader annual rainfall distribution but with slightly enhanced rainfall 
concentrations around the Lake Victoria basin and adjacent highland regions. 
Rainfall amounts exceeding 800 - 1000 mm are evident in parts of Uganda, west-
ern Kenya, and northern Tanzania, indicating that this season contributes sub-
stantially to the annual rainfall totals in these areas. Moderate rainfall values are 
distributed across much of Tanzania and central Kenya, while comparatively 
lower rainfall amounts occur toward the eastern parts of Kenya. 

The OND rainfall distribution (Figure 2(c)) shows a somewhat similar spatial 
pattern but with overall lower magnitudes compared to the MAM season. Higher 
rainfall totals are again concentrated around the Lake Victoria region and western 
highlands, where seasonal rainfall reaches approximately 600 - 1000 mm. Moder-
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ate rainfall values occur across central Tanzania and parts of southern Kenya, 
while relatively lower rainfall totals are observed in eastern Kenya and northeast-
ern Tanzania, where seasonal rainfall generally remains below 300 - 400 mm. 
 

 

Figure 2. Spatial distribution of mean rainfall over East Africa derived from ERA5 reanal-
ysis data: (a) annual total rainfall, (b) March-May (MAM) seasonal rainfall, and (c) Octo-
ber-December (OND) seasonal rainfall. Rainfall values are expressed in mm. 

3.2. Monthly Climatology of Rainfall 

The spatial distribution of the climatological monthly rainfall across East Africa 
is presented in Figure 3. The figure illustrates the mean monthly total precipita-
tion derived from the ERA5 dataset for each month from January to December, 
highlighting the seasonal evolution of rainfall patterns across Rwanda, Uganda, 
Kenya, Tanzania, and Burundi. 

At the beginning of the year (January-February), rainfall is generally moderate 
across much of the region, with relatively higher precipitation concentrated over 
western Tanzania, Rwanda, Burundi, and parts of Uganda, where monthly totals 
range approximately between 120 and 240 mm (Figure 3(a) and Figure 3(b)). In 
contrast, comparatively lower rainfall amounts are observed over northeastern 
Kenya, where precipitation remains below 60 mm/month. Rainfall intensity in-
creases markedly during March and April, marking the onset of the long rains 
season. During this period, large portions of Uganda, western Kenya, Rwanda, 
Burundi, and northern Tanzania experience elevated precipitation exceeding 200 
- 300 mm/month, particularly around the Lake Victoria basin (Figure 3(c) and 
Figure 3(d)). These months exhibit some of the highest rainfall totals across the 
region, indicating a substantial contribution to the annual rainfall accumulation. 

In May, rainfall remains relatively high across the western and central parts of 
the region but begins to decline slightly compared to April (Figure 3(e)). Rainfall 
values remain above 180 mm/month in areas surrounding Lake Victoria, while 
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lower totals are evident across eastern Kenya and southeastern Tanzania. A pro-
nounced reduction in rainfall is observed during June-August (Figures 3(f)-(h)). 
During these months, most of Tanzania and eastern Kenya experience relatively 
dry conditions with precipitation generally below 60 mm/month. However, local-
ized rainfall persists in parts of Uganda and western Kenya, where moderate pre-
cipitation values remain around 60 - 120 mm/month. 
 

 

Figure 3. Climatological monthly rainfall distribution over East Africa for (a) January - (l) December. Rainfall values are expressed 
in mm/month. 

 
Rainfall begins to increase again during September, particularly over Uganda 

and western Kenya, where moderate precipitation values reappear (Figure 3(i)). 
This increase continues into October and November, corresponding to the short 
rains season, during which rainfall intensifies across Uganda, western Kenya, 
Rwanda, Burundi, and northern Tanzania, with totals exceeding 200 mm/month 
in several areas (Figure 3(j) and Figure 3(k)). By December, rainfall remains rel-
atively elevated across western Tanzania and the Lake Victoria basin, while mod-
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erate precipitation extends across much of the study region (Figure 3(l)). In con-
trast, comparatively lower rainfall values persist across northeastern Kenya, indi-
cating consistent spatial variability in rainfall distribution throughout the year. 

3.3. Rainfall Trends 

Spatial patterns of rainfall trends over East Africa are presented in Figure 4. The 
annual rainfall trend (Figure 4(a)) indicates predominantly negative trends across 
the Lake Victoria basin and western parts of the study region, particularly over 
Uganda, western Kenya, Rwanda, and Burundi, with trend magnitudes reaching 
approximately −10 to −15 mm/yr. In contrast, weak positive trends are observed 
in parts of central and eastern Kenya, while much of Tanzania shows relatively 
small or near-neutral trends. Areas marked with stippling indicate regions where 
the trends are statistically significant at the selected confidence level. 
 

 

Figure 4. Spatial distribution of rainfall trends estimated using the Theil-Sen slope estima-
tor for (a) annual rainfall trend (mm/yr), (b) MAM rainfall trend (mm/season/yr), and (c) 
OND rainfall trend (mm/season/yr) rainfall over East Africa. Stippling indicates statisti-
cally significant trends at the 95% confidence level based on the Mann-Kendall test. 
 

The MAM rainfall trends (Figure 4(b)) exhibit a pattern broadly consistent 
with the annual trends. Significant negative trends dominate the western sector of 
East Africa, particularly around the Lake Victoria basin, whereas eastern Kenya 
shows weak positive or near-neutral trends. Across Tanzania, the trends are gen-
erally weak with localized areas of slight increases or decreases. 

In contrast, the OND rainfall trends (Figure 4(c)) display a more heterogene-
ous spatial pattern. Positive trends are observed over parts of central and eastern 
Kenya and portions of northern Tanzania, while western regions near Lake Vic-
toria show weak negative trends. Overall, OND rainfall trends exhibit smaller 
magnitudes compared with the annual and MAM trends across much of the study 
area. 
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3.4 Monthly Rainfall Trends 

Monthly rainfall trends over East Africa exhibit strong spatial and seasonal contrasts, 
with both magnitude and significance varying substantially across months (Figure 
5). For the MAM season (March-May) (Figures 5(c)-(e)), negative trends persist 
over the Lake Victoria basin (≈−1.0 to −1.5 mm/month/yr) in March, while positive 
trends (≈+0.5 to +1.0 mm/month/yr) emerge over central and southern Tanzania. 
During April, the pattern reverses locally, with positive trends (≈+1.0 to +2.0 
mm/month/yr) concentrated over central Kenya and parts of northern Tanzania, 
while weaker negative trends appear over western regions. In May, significant nega-
tive trends (−1.0 to −2.0 mm/month/yr) re-intensify across the Lake Victoria basin 
and western East Africa, with widespread stippling indicating statistical significance, 
while eastern and southeastern regions show weaker and mostly insignificant signals. 
 

 

Figure 5. Monthly rainfall trends over East Africa derived from ERA5 data for (a) January - (l) December. Colors indicate linear 
trends (mm/month/yr), with blue (red) representing decreasing (increasing) rainfall. Stippling denotes statistically significant tr 
trends at the 95% confidence level based on the Mann-Kendall test. 
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During the OND season (October-December) (Figures 5(j)-(l)), spatial varia-
bility increases. In October, positive trends (≈+1.0 to +2.0 mm/month/yr) domi-
nate northern and eastern Kenya, while negative trends persist along the western 
and southern margins, especially over Tanzania. In November, positive trends intensify 
and expand across eastern Kenya and coastal Tanzania, reaching > +1.5 mm/month/yr, 
while negative trends (≈−1.0 mm/month/yr) remain over the Lake Victoria basin. 
In December, widespread negative trends (−0.5 to −1.5 mm/month/yr) dominate 
much of Tanzania, Uganda, and western Kenya, while localized positive trends 
are confined to northeastern Kenya, and the spatial coherence weakens relative to 
October-November. 

Outside the main rainy seasons (January-February and June-September; Figure 
5(a) and Figure 5(b), Figures 5(f)-(i)), trends remain pronounced but vary in 
structure. During January-February, significant negative trends (−1.0 to −2.0 
mm/month/yr) dominate the Lake Victoria basin, Uganda, western Kenya, and 
Rwanda-Burundi region, while strong positive trends (>+1.5 mm/month/yr) are 
evident over southern Tanzania, particularly in January, and eastern Kenya shows 
weak and spatially inconsistent signals. In the June-August period, trends are gen-
erally weaker and more heterogeneous: June shows moderate negative trends 
(≈−1.0 to −1.5 mm/month/yr) over the Lake Victoria basin, while July and August 
display a north-south dipole, with positive trends (>+1.0 mm/month/yr) over 
northern Kenya and negative trends over southern Tanzania. In September, a pro-
nounced shift occurs, with strong positive trends (>+1.5 to +2.0 mm/month/yr) 
concentrated over the Lake Victoria basin and western Kenya, while southern re-
gions remain weakly negative. 

3.5. Rainfall Standardized Anomalies 

Temporal variability of standardized rainfall anomalies over East Africa is pre-
sented in Figure 6 for the annual, MAM, and OND series, showing pronounced 
interannual fluctuations with values exceeding ±1 standard deviation in several 
years. The annual rainfall anomalies (Figure 6(a)) range approximately between 
−2.0 and +2.0. Strong positive anomalies (wet conditions) occur in 1979 (~+2.0), 
1982 (~+1.5), 1986 (~+1.9), and 2020 (~+1.7). In contrast, pronounced negative 
anomalies (dry conditions) are observed in 1993 (~−1.2), 2000 (~−1.5), 2003 
(~−1.8), and 2005 (~−2.0), with the early 2000s (2000-2005) representing the most 
sustained dry period in the record. After 2015, anomalies shift toward more fre-
quent positive values (wetter conditions), although a notable negative anomaly 
(dry year) appears in 2021 (~−1.7). 

For the MAM season (Figure 6(b)), anomalies vary between approximately 
−1.7 and +2.5. Positive anomalies (wet conditions) are evident in 1979 
(~+1.9), 1982-1987 (frequently > +1.0), and 2018 (~+2.5, the highest in the 
series), with another positive year (wet) in 2019 (~+1.4). Negative anomalies 
(dry conditions) dominate the late 1990s to early 2000s, particularly in 2000 
(~−1.7), 2002 (~−1.0), 2007 (~−1.4), and 2009 (~−1.5). The period 1999-2009 
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shows repeated negative excursions below −1.0, indicating a cluster of dry 
MAM seasons. 
 

 

Figure 6. Standardized rainfall anomaly time series over East Africa for (a) annual rainfall, (b) March-May 
(MAM) rainfall, and (c) October-December (OND) rainfall. Dashed lines indicate ±1 standard deviation from 
the long-term mean. 

 
The OND anomalies (Figure 6(c)) exhibit the largest variability, ranging from 

approximately −1.8 to +3.0. A strong positive peak (extremely wet condition) oc-
curs in 1997 (~+3.0, the highest across all series), followed by additional positive 
anomalies (wet years) in 1982 (~+1.7), 2006 (~+1.4), 2011 (~+1.1), and 2019 
(~+2.2). Negative anomalies (dry conditions) are observed in 1993 (~−1.3), 1999 
(~−1.8), 2005 (~−1.6), 2015 (~−1.3), and 2021 (~−1.5). The variability is highly 
oscillatory, with rapid transitions between wet and dry conditions across consec-
utive years. 

3.6. Monthly Rainfall Anomalies 

Monthly standardized rainfall anomalies over East Africa are shown in Figure 7, 
illustrating interannual variability for each month from January to December. 
Most months fluctuate around the long-term mean (0), with several years exceed-
ing the ±1 standard deviation thresholds. For January-February (Figure 7(a) and 
Figure 7(b)), anomalies range approximately from −1.5 to +3.0, with a pro-
nounced positive peak in January around 1997 (~+3.0) and a strong negative 
anomaly in February around 1999 (~−2.0). 
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Figure 7. Standardized monthly rainfall anomaly time series over East Africa derived from ERA5 data for (a) January - (l) December. 
Dashed lines represent ±1 standard deviation thresholds relative to the long-term mean. 

 
During the MAM season, anomalies display notable variability (Figures 7(c)-

(e)). March ranges roughly between −1.7 and +2.0, with positive peaks near 1980 
and 2020 (~+2.0). April shows a strong positive anomaly around 2018 (~+2.6) and 
negative values near −1.7 in the late 1990s. May varies between −1.7 and +2.0, with 
several positive peaks in the early 1980s and early 1990s. 

For June-September (Figures 7(f)-(i)), anomalies generally lie between −2.5 
and +2.5. June shows a positive peak near 2018 (~+2.0), while July records a min-
imum around 2001 (~−2.3). August exhibits a positive peak around 1983 (~+2.5), 
and September shows a strong negative anomaly near 1999 (~−2.5). 
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During the OND season, anomalies remain highly variable (Figures 7(j)-(l)). 
October shows a strong positive peak around 2018 (~+3.0). November reaches a 
positive anomaly near 1998 (~+2.6), while December exhibits a maximum close 
to +3.0 around 1997 and several negative anomalies approaching −2.0 in later 
years. 

3.7. EOF Analysis of MAM Rainfall 

The first two empirical orthogonal function (EOF) modes of MAM rainfall varia-
bility over East Africa are shown in Figure 8. The first EOF mode (EOF1) explains 
42.2% of the total variance (Figure 8(a)). The spatial loading pattern is largely 
uniform across most of the study region, with the strongest amplitudes centered 
over the Lake Victoria basin and surrounding areas of Uganda, western Kenya, 
Rwanda, and northern Tanzania. The corresponding principal component (PC1, 
Figure 8(b)) shows substantial interannual variability, with values ranging ap-
proximately from −2.4 to +1.7. Negative values occur during several years in the 
early 1980s and mid-2010s, while positive peaks appear around 2000 and 2008-
2010. 
 

 

Figure 8. Empirical orthogonal function (EOF) analysis of MAM rainfall over East Africa (1979-2024) derived from ERA5 data. (a) 
Spatial loading pattern of EOF1 explaining 42.2% of the total variance and (b) its corresponding principal component (PC1). (c) 
Spatial loading pattern of EOF2 explaining 12.0% of the total variance and (d) its corresponding principal component (PC2). 
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The second EOF mode (EOF2) accounts for 12.0% of the total variance (Figure 
8(c)). This mode exhibits a north-south dipole pattern, with negative loadings 
over the Lake Victoria basin and adjacent regions and positive loadings over 
southern Tanzania and southeastern parts of the study area. The associated PC2 
time series (Figure 8(d)) varies between approximately −2.7 and +2.7, with a 
strong negative excursion around 1988 and a positive peak near 1980. Overall, the 
first two modes together explain 54.2% of the total MAM rainfall variance over 
East Africa. 

3.8. EOF Analysis of OND Rainfall 

The leading EOF modes of OND rainfall variability over East Africa are shown in 
Figure 9. The first EOF mode (EOF1) explains 61.3% of the total variance (Figure 
9(a)). The spatial pattern shows broadly coherent loadings across most of the re-
gion, with the largest amplitudes centered over the Lake Victoria basin and adja-
cent areas of Uganda, western Kenya, Rwanda, and northern Tanzania. The asso-
ciated PC1 (Figure 9(b)) exhibits strong interannual variability ranging approxi-
mately from −3.0 to +1.8, with a pronounced negative peak around 1997 (~−3.0) 
and positive excursions near 1998-2000 (~+1.5 to +1.8). 
 

 

Figure 9. Empirical orthogonal function (EOF) analysis of OND rainfall over East Africa (1979-2024) derived from ERA5 data. (a) 
Spatial loading of EOF1 explaining 61.3% of the variance and (b) its corresponding principal component (PC1). (c) Spatial loading 
of EOF2 explaining 8.2% of the variance and (d) its corresponding principal component (PC2). 
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The second EOF mode (EOF2) accounts for 8.2% of the total variance (Figure 
9(c)). The spatial loading displays a north-south dipole structure, with positive 
loadings across northern East Africa (northern Kenya and Uganda) and negative 
loadings over southern Tanzania. The corresponding PC2 (Figure 9(d)) varies 
between approximately −2.1 and +2.8, with a strong positive peak around 1997 
(~+2.8) and a negative excursion near 1986 (~−2.1). Together, the first two modes 
explain 69.5% of the total OND rainfall variance over East Africa. 

3.9. Correlation between Rainfall and Sea Surface Temperature 
(SST) 

The spatial correlation between East African rainfall and global sea surface tem-
perature (SST) anomalies is shown in Figure 10 for annual, MAM, and OND rain-
fall. For annual rainfall (Figure 10(a)), negative correlations dominate large parts 
of the tropical Atlantic, North Atlantic, and western Pacific, with correlation val-
ues reaching approximately −0.45 to −0.60. Positive correlations are evident across 
portions of the equatorial Pacific and southern oceans, with values approaching 0.30 
- 0.60. Several of these regions exhibit statistically significant correlations, as indi-
cated by stippling. 
 

 

Figure 10. Spatial correlation between East African rainfall and global sea surface tem-
perature (SST) anomalies: (a) annual rainfall, (b) March-May (MAM) rainfall, and (c) 
October-December (OND) rainfall. Colors indicate the Pearson correlation coefficient 
(r), with warm colors representing positive correlations and cool colors indicating neg-
ative correlations. Stippling denotes statistically significant correlations at the 95% con-
fidence level. 
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During the MAM season (Figure 10(b)), the correlation pattern remains rela-
tively weak across most ocean basins, with values generally within −0.30 to 0.30. 
Localized negative correlations appear across the North Atlantic and parts of the 
western Pacific, while positive correlations occur in portions of the equatorial Pa-
cific and southern oceans. 

In contrast, the OND rainfall correlations (Figure 10(c)) display stronger and 
more coherent patterns. A pronounced band of positive correlations (r ≈ 0.30 - 
0.60) extends across the central and eastern equatorial Pacific, while positive cor-
relations are also observed over parts of the western Indian Ocean. Negative cor-
relations appear across portions of the western Pacific and subtropical oceans. 
Several of these regions show statistically significant relationships. 

4. Discussion 

The spatial distribution of rainfall identified in this study reveals a clear westeast 
gradient across East Africa, with the highest annual and seasonal rainfall occur-
ring around the Lake Victoria basin and adjacent highland regions of Uganda, 
western Kenya, Rwanda, and Burundi, while comparatively lower totals occur to-
ward eastern Kenya and northeastern Tanzania. This pattern, evident in Figure 2 
and Figure 3, reflects the well-established climatological structure of East African 
rainfall, which is shaped by interactions between large-scale atmospheric circula-
tion, regional topography, and land-water contrasts associated with Lake Victoria. 
Previous studies have similarly documented the Lake Victoria basin as one of the 
most persistent rainfall maxima in East Africa due to enhanced convection and 
moisture convergence over the equatorial western sector of the region (Nicholson, 
2017; Cook et al., 2025). The persistence of this spatial structure in both the MAM 
(long rains) and OND (short rains) seasons indicates that regional geographical 
controls and circulation processes strongly influence rainfall distribution across 
Rwanda, Uganda, Kenya, Tanzania, and Burundi. 

The rainfall trend analysis highlights pronounced seasonal contrasts in precip-
itation changes across the study region. The annual and MAM rainfall trends 
show widespread negative tendencies across the Lake Victoria basin and western 
East Africa (Figure 4), suggesting a weakening or increased instability of the long 
rains over recent decades. This pattern is consistent with several observational and 
modeling studies that report declining or highly variable long rains across parts 
of the eastern and central equatorial region (Liebmann et al., 2014; Rowell et al., 
2015; Gebrechorkos et al., 2019). In contrast, OND rainfall trends display a more 
heterogeneous spatial pattern with localized increases over central and eastern 
Kenya and northern Tanzania. The seasonal difference between MAM and OND 
trends observed in this study is consistent with evidence that the short rains are 
more dynamically linked to large-scale ocean-atmosphere variability and there-
fore tend to exhibit stronger interannual fluctuations compared with the long 
rains (Lyon, 2014; Palmer et al., 2023). 

The standardized anomaly analysis further emphasizes the strong interannual 
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variability of rainfall across East Africa. The anomaly time series for both annual 
and seasonal rainfall (Figure 6 and Figure 7) reveal alternating wet and dry peri-
ods, with several years exceeding ±1 standard deviation from the long-term mean. 
Notably, strong positive anomalies appear during the late 1990s and late 2010s, 
while pronounced negative anomalies occur during the early 2000s. These fluctu-
ations correspond to documented hydroclimatic extremes across East Africa and 
highlight the strong year-to-year variability of rainfall in the region. Such varia-
bility has been widely linked to fluctuations in large-scale climate modes including 
ENSO and Indian Ocean variability, which influence atmospheric circulation and 
moisture transport across the tropical Indian Ocean and East Africa (Black et al., 
2003; Ummenhofer et al., 2009; Funk et al., 2015). The monthly anomaly results 
in Figure 7 also show that both the MAM and OND seasons contain significant 
year-to-year variability, indicating that extreme rainfall events can occur in both 
primary rainy seasons. 

The EOF analysis provides additional insight into the dominant spatial struc-
tures of rainfall variability across the region. For both MAM and OND seasons, the 
leading EOF mode represents a spatially coherent rainfall pattern centered over the 
Lake Victoria basin and surrounding equatorial regions (Figure 8 and Figure 9), 
explaining 42.2% of the MAM variance and 61.3% of the OND variance. Such 
dominant basin-wide modes have been widely identified in previous East African 
rainfall studies and are typically associated with large-scale circulation anomalies 
that affect regional moisture transport (Nicholson, 2017; de Andrade et al., 2024). 
The second EOF modes display dipole-like spatial structures, indicating redistri-
bution of rainfall between northern and southern sectors of the study area. These 
dipole structures are consistent with earlier findings showing that rainfall varia-
bility in East Africa often manifests as spatial contrasts between equatorial and 
southern sectors under different atmospheric circulation regimes (Tierney et al., 
2015). 

The SST-rainfall correlation results highlight the role of global ocean-atmos-
phere interactions in modulating rainfall variability across East Africa. The corre-
lation patterns in Figure 10 show that annual rainfall is linked to SST variability 
across multiple ocean basins, while the OND rainfall correlations are particularly 
strong across the equatorial Pacific and western Indian Ocean. These results align 
with the well-documented influence of ENSO and Indian Ocean variability on 
East African rainfall variability. Positive SST anomalies in the equatorial Pacific 
and western Indian Ocean have been shown to enhance atmospheric convection 
and moisture transport toward East Africa, thereby increasing rainfall during the 
short rains season (Ummenhofer et al., 2009; Palmer et al., 2023). In contrast, the 
weaker SST correlations observed during MAM rainfall reflect the more complex 
and less predictable dynamics of the long rains, which are influenced by multiple 
interacting regional and global climate processes (Lyon, 2014; Rowell et al., 2015). 
Overall, the results of this study demonstrate that rainfall variability over East Af-
rica arises from the combined influence of regional geographical controls, sea-
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sonal atmospheric circulation patterns, and large-scale ocean-atmosphere inter-
actions. These findings contribute to improving the understanding of rainfall var-
iability across Rwanda, Uganda, Kenya, Tanzania, and Burundi, and provide im-
portant insights for climate monitoring, seasonal prediction, and climate risk man-
agement in the region. 

Despite the robust spatial and temporal patterns identified in this study, several 
limitations should be acknowledged. First, the rainfall analysis is based primarily 
on a single reanalysis product (ERA5), and uncertainties associated with precipi-
tation representation in data-sparse regions may influence the magnitude of de-
tected variability and trends. Second, the SST-rainfall relationships presented here 
are derived from correlation analyses and therefore describe statistical associa-
tions rather than direct causality. Because multiple climate drivers may interact 
simultaneously across the Indo-Pacific and Atlantic sectors, the individual contri-
butions of specific teleconnection mechanisms cannot be fully isolated using cor-
relation analysis alone. Future studies incorporating multi-dataset comparisons, 
causal diagnostics, and coupled climate modeling approaches would further 
strengthen understanding of East African rainfall variability and its driving mech-
anisms. 

5. Conclusion 

This study examined the spatial and temporal variability of rainfall and its associ-
ation with large-scale ocean-atmosphere drivers over East Africa using ERA5 re-
analysis data. The results demonstrate a persistent and well-defined west-east 
rainfall gradient, with maximum rainfall consistently concentrated over the Lake 
Victoria basin and surrounding highlands, while relatively lower amounts prevail 
across eastern Kenya and northeastern Tanzania. Seasonal analysis confirms that 
rainfall characteristics differ substantially between the MAM (long rains) and OND 
(short rains) seasons, both in magnitude and spatial distribution. The monthly cli-
matology further shows that rainfall peaks during March-April and October-No-
vember, aligning with the bimodal rainfall regime of the region. These spatial and 
seasonal patterns highlight the dominant role of regional topography, lake-atmos-
phere interactions, and large-scale circulation in shaping rainfall distribution 
across Rwanda, Uganda, Kenya, Tanzania, and Burundi. 

The trend and anomaly analyses reveal pronounced variability in rainfall across 
multiple temporal scales. A general tendency toward declining rainfall in the an-
nual and MAM series is evident over the western sector, particularly around the 
Lake Victoria basin, whereas OND trends are more heterogeneous, with localized 
increases over eastern Kenya and northern Tanzania. The standardized anomaly 
analysis indicates strong interannual variability, characterized by alternating wet 
and dry conditions, with extended dry periods during the late 1990s to early 2000s 
and prominent wet events in the late 1990s and late 2010s. At the monthly scale, 
rainfall trends show significant intra-seasonal differences within both MAM and 
OND, emphasizing that seasonal averages may mask important sub-seasonal var-
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iability. The EOF analysis further demonstrates that rainfall variability is domi-
nated by a coherent regional mode centered over the Lake Victoria basin, with 
secondary modes reflecting spatial redistribution of rainfall between northern and 
southern sectors of the study area. 

The correlation analysis highlights the importance of large-scale SST variability 
in modulating East African rainfall, with a stronger and more spatially coherent 
relationship during the OND season compared to MAM. Positive correlations 
with the equatorial Pacific and western Indian Ocean during OND indicate a clear 
linkage with major climate modes such as ENSO and the Indian Ocean Dipole, 
whereas the weaker and less consistent MAM correlations suggest more complex 
and less predictable controls. Collectively, these findings demonstrate that rainfall 
variability over East Africa arises from the interaction between regional geo-
graphic factors and large-scale ocean-atmosphere processes, with a strong sea-
sonal dependence. The results contribute to improving the understanding of rain-
fall dynamics across the region and provide a scientific basis for enhancing sea-
sonal forecasting, climate risk assessment, and water resource management strat-
egies. 

6. Future Perspectives and Recommendations 

Future research on rainfall variability over East Africa should prioritize the inte-
gration of multi-source and high-resolution datasets to reduce uncertainties asso-
ciated with single-data dependence and to better capture spatial heterogeneity 
across complex terrains such as the Lake Victoria basin and surrounding high-
lands. Combining ERA5 with satellite-based products (e.g., CHIRPS, GPM) and 
in-situ observations would enhance the reliability of rainfall estimates and im-
prove validation of observed patterns. In addition, the application of high-resolu-
tion regional climate models (RCMs) and convection-permitting simulations is 
essential for resolving mesoscale processes, including topographic influences and 
localized convection, which strongly modulate rainfall distribution but are often 
underrepresented in coarse-resolution datasets. Given the strong interannual var-
iability identified in both MAM and OND seasons, future studies should also fo-
cus on multi-scale ocean-atmosphere interactions, particularly the combined and 
nonlinear influences of ENSO, the Indian Ocean Dipole (IOD), and intra-seasonal 
variability such as the Madden-Julian Oscillation (MJO). Advanced analytical ap-
proaches, including causal inference methods, machine learning techniques, and 
coupled diagnostics, are recommended to better quantify the relative contribu-
tions and interactions of these drivers. Although the observed SST patterns are 
broadly consistent with known ENSO- and Indian Ocean-related variability, ad-
ditional analyses using standardized climate indices such as Niño-3.4 and the Di-
pole Mode Index (DMI) would further improve attribution of specific teleconnec-
tion mechanisms. 

From an applied and forward-looking perspective, the pronounced spatial var-
iability and contrasting rainfall trends observed across Rwanda, Uganda, Kenya, 
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Tanzania, and Burundi highlight the need for region-specific climate assessments 
and tailored adaptation strategies. Future work should therefore adopt sub-re-
gional frameworks that distinguish key hydroclimatic zones, enabling more pre-
cise characterization of rainfall dynamics and improved decision-making. Fur-
thermore, enhancing the skill of seasonal forecasting systems through the integra-
tion of real-time SST monitoring, ensemble prediction models, and hybrid statis-
tical-dynamical approaches is critical for strengthening early warning systems for 
droughts and floods. In the context of climate change, there is a pressing need to 
assess the future evolution of rainfall variability and extremes using CMIP6 pro-
jections, with particular emphasis on the stability of the long rains (MAM) and 
the increasing variability of the short rains (OND) identified in this study. Such 
efforts are essential for advancing climate-resilient water resource management, 
agricultural planning, and policy development, ensuring that scientific insights 
are effectively translated into actionable strategies for sustainable development 
across East Africa.  
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