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Abstract 
This study investigated the influence of land-use and precipitation change and variability on Lake 
Victoria’s water-level fluctuations. Extreme precipitation events, corresponding to extreme water-
levels, over the lake and its catchment area were identified and their return periods estimated by 
fitting them into a generalized extreme value (GEV) distribution. Using general circulation models 
from the 6th phase of the Coupled Model Intercomparison Project (CMIP6)’s Detection & 
Attribution Model Intercomparison Project (DAMIP), an assessment of the potential contribution 
of human-induced climate change on the observed precipitation patterns over the study area was 
done. The greatest precipitation anomalies for the period 1900-2020 were recorded in 1961’s 
October-December (OND) season and 2019’s June-August (JJA) and OND seasons, 
corresponding to the period when the highest water-levels were recorded in Lake Victoria. While 
land-use change in the study domain was observed, extended and unusually heavy June to 
December 2019 precipitation bore the greatest responsibility for the 2019/2020 high water-levels 
in Lake Victoria. The OND precipitation event of 2019 was a 1-in-52-year event compared to the 
1961’s 1-in-693 years. Differences in return periods at various parts of the lake imply a high spatial 
climate variability within the lake itself. An analysis of the fraction of attributable risk (FAR) 
showed natural variability to have a greater influence on the JJA and OND precipitation patterns 
over Lake Victoria than human-induced climate change. However, variability over the land area 
of the study domain was mainly driven by human-induced climate change rather than natural 
variability, implying a unique climate system over Lake Victoria. Findings from the current study 
enhance the understanding of Lake Victoria’s water budget and motivate for further research to 
inform effective strategies on the planning and use of Lake Victoria’s water resources in a 
changing climate. 
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1 Introduction 

Occupying an approximate area of 69,000 km2, Lake Victoria is the largest and second largest 
freshwater lake in Africa and the world, respectively (UNEP, 2006). The lake is the largest inland 
fishery in the world supporting over 40 million inhabitants; about three million of which draw their 
livelihoods from the lake’s fisheries (e.g., Njiru et al., 2008; World Bank Group, 2016). 
Additionally, the lake indirectly supports about 340 million inhabitants of the Nile River Basin 
given that it is the source of the White Nile River (Sutcliffe & Parks, 1999); one of the main 
tributaries of the Nile. 

Approximately 80% of the water in Lake Victoria comes from direct precipitation while the rest 
(20%) is obtained from river inflows (Sutcliffe & Petersen, 2007). Due to its large spatial extent 
and remarkable topographical gradients, Lake Victoria has an influence on, and is also influenced 
by, East Africa’s climate (Awange et al., 2013). The Lake Victoria Basin (LVB), the lake’s 
catchment area, experiences significant climate variability over time and space (Faramarzi et al., 
2013; Ogega, Koske, et al., 2020; Stager et al., 2007). Hence, any changes in climate are likely to 
disturb the lake’s water balance, potentially resulting in a socio-economic ripple effect in the LVB 
and the entire Nile River Basin (NRB). On one hand, water surplus over the lake may cause more 
intense and frequent flooding in the lake basin’s lowlands, potentially destroying life and 
livelihoods. On the other hand, a water deficit (e.g., Awange et al., 2008; Swenson & Wahr, 2009) 
may diminish water availability for domestic and industrial use for countries in the LVB and NRB, 
such as Egypt and Sudan, that almost entirely depend on the Nile - one of whose main sources is 
Lake Victoria - for their freshwater needs (Di Baldassarre et al., 2011; Vanderkelen et al., 2018b). 
Hence, concerted effort is required to enhance the understanding of the lake’s water balance and 
inform strategies for management of the socio-economic implications of the water-level 
fluctuations on all the 11 countries in the NRB (Kiwanuka-Tondo et al., 2019; Olaka et al., 2019; 
Vanderkelen et al., 2018b). 

While efforts have been dispensed towards understanding Lake Victoria’s water balance, the skill 
of quantification of lake inflow, outflow, and evaporation remains limited (Shamsudduha et al., 
2017; Vanderkelen et al., 2018a). Hitherto, most of the research work has focused on the East 
Africa scale, resulting in minimal literature on the spatio-temporal precipitation characteristics 
over the lake and its basin. Yet, the lake provides a major environmental (Anyah et al., 2006) and 
socio-economic support (Awange et al., 2013; World Bank Group, 2016) to East Africa.  

Hardly any extreme precipitation event attribution studies exist for East Africa - even fewer for in 
the LVB. One of the reasons for this could be the unavailability of adequate observational data, 
especially over the lake, for use in model validation and bias correction (Otto et al., 2015; 
Washington et al., 2006). A study by Marthews et al. (2019) concluded that human-induced 
climate change had resulted in less precipitation during the March-May (MAM) season over Lake 
Victoria. In contrast, a similar study by Uhe et al. (2018) found no significant influence of climate 
change on precipitation in Kenya. The current study advances earlier works by focusing on the 
LVB and using model simulations from the state-of-the-art Detection and Attribution Model 
Intercomparison Project (DAMIP; Gillett et al., 2016). DAMIP is one of the projects under the 6th 
phase of the Coupled Model Intercomparison Project (CMIP6; Eyring et al., 2016). 

In late 2019 and early 2020, unprecedented high water-levels were recorded in Lake Victoria 
resulting in considerable flooding in the lake-adjacent areas in Kenya, Uganda, and Tanzania 
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(Mafaranga, 2020; Nile Basin Initiative, 2020; Ram, 2020). The last time such high water-levels 
were observed was between 1961 and 1964, caused by unusually heavy rains in the LVB at the 
time (Awange et al., 2008; Kite, 1981). The current study investigated the lake’s high water-levels 
of 2019 by assessing the relationship between patterns of the lake’s historical water-levels, 
precipitation, and land-cover. Additionally, the study estimated return period for the 2019 
precipitation event, and whether the event was triggered by human-induced climate change or 
natural variability. The rest of the paper is structured into Material and methods (2), Results and 
discussion (3), and Conclusion and recommendations (4).  

2 Material and methods 
2.1 Study area 

Lake Victoria straddles the equator and is shared among three East African countries namely 
Kenya, Uganda, and Tanzania (Figure 1). The lake’s catchment area consists of a network of 23 
rivers in five countries namely Kenya, Uganda, Tanzania, Burundi, and Rwanda. The White Nile 
River is the lake’s only outflow and forms part of the greater Nile River (Senay et al., 2014; 
Sutcliffe, 2009). The lake is located at 1,135 m above mean sea level with its main rainy seasons 
being MAM and October-December (OND). July-August (JJA) is the region’s “dry” season 
(Awange et al., 2013; Yang et al., 2015).  
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Figure 1. A topographic map of the study domain 

The map (Figure 1) was produced using bathymetry data from the Harvard Dataverse (Hamilton 
et al., 2016), river shapefiles from Food and Agriculture Organization (FAO) geonetwork portal 
(http://bit.ly/3bkW1Ky), and urban data digitized from google earth and basemap from United 
States Geological Survey. Areas marked A, B, C, D, and E were used in the study to represent the 
Centre, West, East, South, and North of the lake, respectively. 

2.2 Data  

The current study used daily and monthly precipitation datasets from the Climate Hazards Group 
InfraRed Precipitation with Station data (CHIRPS). CHIRPS is a quasi-global precipitation dataset 
available from 1981 to near present, incorporating climatology, in-situ station data, and satellite 
imagery to form a gridded precipitation time series at 0.05o horizontal resolution (Funk, Peterson, 
et al., 2015). The datasets have been validated (Dinku et al., 2018) and used widely for studies in 
East Africa (e.g., Gebrechorkos, 2019; Geleta & Deressa, 2021; Ngoma et al., 2021; Ogega et al., 
2020) and beyond (e.g., Bai et al., 2018; Ogega et al., 2020a). Additionally, Centennial Trends 
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Greater Horn of Africa precipitation dataset (CenTrends) data were used with CHIRPS to provide 
a long time series (1900-2020). CenTrends data provides a reasonably accurate and complete set 
of gridded seasonal precipitation products spanning the Greater Horn of Africa region (15 °S – 18 
°N, 28 °E-54 ° E) for the period 1900 to 2014, at 0.1o horizontal resolution (Funk et al., 2015a) 
(Funk et al., 2015a). Here, CHIRPS data (monthly totals) were extended from 1981 to 1900 using 
CenTrends data as in Uhe et al. (2018). 

Table 1 provides details of DAMIP model simulations used in the current study for extreme event 
detection and attribution. CMIP6 general circulation model (GCM) simulations provide the most 
advanced model simulations to enhance the understanding of the earth system’s response to 
forcing, origins and consequences of systematic model biases, and the assessment of future climate 
changes considering internal climate variability, predictability, and uncertainties in scenarios 
(Eyring et al., 2016). DAMIP model simulations enable improved estimation of natural and 
anthropogenic forcing contributions to observed changes in regional and global warming and in 
other climate variables (Gillett et al., 2016). 

Table 1. Details of the DAMIP GCM simulations used in the study, at a nominal resolution of 100 km and at a monthly temporal 
resolution. All simulations are part of the historical experiment with data for both natural forcing (hist-nat) and greenhouse gas 
emissions (hist-GHG), available at https://esgf-node.llnl.gov/search/cmip6/ 

Model name Institution Variant label (s) Reference 
Community Earth 
System Model 
Version 2 (CESM2) 

The National Center 
for Atmospheric 
Research (NCAR), 
USA 

r1i1p1f1, r2i1p1f1, 
and r3i1p1f1 

Danabasoglu et al. 
(2020) 
 

Meteorological 
Research Institute 
Earth System Model 
version 2 (MRI-
ESM2-0) 

Meteorological 
Research Institute 
(MRI), Japan 

r1i1p1f1, r2i1p1f1,  
r3i1p1f1, and 
r5i1p1f1 

Kawai et al. (2019) 

Beijing Climate 
Center Climate 
System Model (BCC-
CSM2-MR) 

Beijing Climate 
Center (BCC), China 

r2i1p1f1 and 
r3i1p1f1 

Wu et al. (2019) 

Geophysical Fluid 
Dynamics Laboratory 
Earth System Model 
version 4.1 (GFDL-
ESM4) 

GFDL, U.S. National 
Oceanic & 
Atmospheric 
Administration 
(NOAA), USA 

r1i1p1f1 Dunne et al. (2020) 

A summary of other datasets used in our study is provided in   
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Table 2.  
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Table 2. Details of other datasets used in the study 

Variable Dataset Description 
Lake water-
level 

Copernicus 
Global Land 
Operations – 
Lot 2 
(CGLOPS2) 

CGLOPS2 contains lake water-levels for 94 selected lakes 
on four continents (including Africa) derived from satellite 
radar altimetry. Here, water-level is defined as the height 
(in meters above the geoid) of the reflecting surface of 
continental water bodies. Computed as a time series, water-
level is obtained from space radar altimeter observations 
that measure the time taken by the radar pulses to reach the 
ground targets directly below the spacecraft and back 
(Calmant et al., 2013; Copernicus Climate Change 
Services, 2020; Crétaux et al., 2011). The Water-level data 
is available (as one value per lake per timestep) from 1992 
to present, downloaded from http://bit.ly/3bW19VV 

Land-cover Normalized 
Difference 
Vegetation 
Index (NDVI) 

We used the fifth version of a gridded NDVI derived from 
the United States’ National Oceanic and Atmospheric 
Administration (NOAA)’s Climate Data Record (CDR) of 
Advanced Very High-Resolution Radiometer (AVHRR) 
Surface Reflectance. The dataset is available from 1981 to 
near present, at 0.05o by 0.05o global grid (Vermote & 
NOAA CDR Program, 2019) 

Due to the differences in resolution and grids between precipitation observational and model data, 
processing and statistical computations were done in native grids and resolutions (as in Diaconescu 
et al., 2015). The final files were then bilinearly interpolated (as in Zhou et al., 2017) onto the 
CHIRPS regular grid to facilitate multi-model averaging and comparison between various model 
simulations and observations. 

2.3 Methods 

First, an analysis of Lake Victoria’s water-level patterns was done using standardized annual 
water-level anomalies for the period 1993 – 2020, corresponding to the availability of water-level 
data from the Copernicus Global Land Service. By definition, standardized anomalies are 
computed by dividing deviations from the mean by standard deviation. They remove influences of 
location and spread from the data and make it easier to identify normal and above/below normal 
values in a dataset. Values between -1 and 1 are considered to fall between the normal range while 
values between 1 and 2 (-1 and -2) fall within the above (below) normal range. Values above 
(below) 2 (-2) are considered extreme (e.g., Dabernig et al., 2017; Grumm & Hart, 2001). 
Standardized anomalies have been widely used in similar analyses (Awange et al., 2013; Dabernig 
et al., 2017; Scheuerer & Büermann, 2014). 

Secondly, the climatology of spatio-temporal precipitation patterns in the LVB were computed 
using a set of five annual extreme climate indices (Table 3) and mean annual (ANN) and seasonal 
(MAM, JJA, and OND) precipitation statistics. The indices, part of the Expert Team on Climate 
Change Detection and Indices (ETCCDI; https://www.wcrp-climate.org/etccdi) and are defined in 
detail in Zhang et al. (2011), adequately represent precipitation characteristics in study domain. 
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Table 3. A description of extreme precipitation indices used in the study, obtained from Zhang et al. (2011) 

Descriptor Acronym Description Unit 

Simple precipitation 
intensity index 

SDII Mean precipitation amount on a wet day. Let 
RRij be the daily precipitation amount on wet 
day w (RR ≥ 1 mm) in period j. If W 
represents the number of wet days in j then the 
simple precipitation intensity index SDIIj = 
sum (RRwj) / W 

mm/day 

Consecutive wet days CWD Maximum length of wet spell, maximum 
number of consecutive days with RR ≥ 1mm: 
Let RRij be the daily precipitation amount on 
day i in period j. Count the largest number of 
consecutive days where: 
RRij ≥ 1mm 

Days 

Number of wet days 
with moderate 
intensity precipitation 

R10mm Defined as the number of days with 
precipitation ≥10 mm/day and representing 
moderate intensity precipitation days  

Days 

Number of wet days 
with heavy intensity 
precipitation 

R30mm Defined as the number of days with 
precipitation ≥30 mm/day and representing 
heavy intensity precipitation days 

Days 

Max 5‐day 
precipitation amount 

Rx5day Monthly maximum consecutive 5‐day 
precipitation 

mm 

 

Thirdly, an estimation of return periods for extreme precipitation events was done using a peak-
over-threshold method (as in van der Wiel et al., 2017; van Oldenborgh et al., 2017), with the 
extreme event values of interest fitted into a generalized extreme value (GEV) distribution given 
by 

𝐹(𝑥) = exp [−(1 +  𝜉
௫ିఓ

ఙ
)

ଵ
కൗ ];    Equation 1 

where 𝜇 = 𝜇଴ exp(
ఈ்ᇲ

ఓబ
) and 𝜎 = 𝜎଴ exp(

ఈ்ᇲ

ఓబ
) represent the location and scale parameters, 

respectively. The shape parameter of the curve is represented by ξ and the ration 𝜎
𝜇ൗ  

reduces to the constant 𝜎଴
𝜇଴

ൗ . T represents a 4-year running mean of the global mean 
temperature (also referred to as smoothed GMST). 

As detailed in van der Wiel et al. (2017), the maximum likelihood method is used to estimate the 
fit by varying σ, μ0, σ0, and ξ. Here, a 0.2 width Gaussian is added to the likelihood function so 
that values greater than 0.4 are regarded as unphysical. Hence, fits are restrained to the 1000-
member nonparametric bootstrap used to estimate uncertainty (as in Efron & Tibshirani, 1994). 
The presence of a trend is shown by the difference between the distributions with the range of 
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uncertainty estimated with a 1000-member nonparametric bootstrap. The peak-over-threshold 
method has been used in various extreme event detection and attribution studies in East Africa 
(e.g., Uhe et al., 2018) and across the world (e.g., van der Wiel et al., 2017; van Oldenborgh et al., 
2017). The analysis of return periods for extreme climate events is important for climate-induced 
risk management and mitigation (Vanem, 2015). 

Further, the attribution of extreme precipitation events over the study domain was done using 
DAMIP model simulations. Here, differences in mean annual cycle statistics (ANN, MAM, JJA, 
and OND) between model simulations and reference data were computed to show the performance 
of CMIP6 GCMs in representing precipitation patterns over the study domain, over the period 
1981-2014. The student t test was used to compute significant differences in means of model 
simulations and observations (biases), at 99% confidence interval. Additionally, the mean absolute 
errors (MAE; Equation 1) were used (calculated using detrended data) to rank the performance of 
the GCM simulations (relative to observations) in representing precipitation characteristics for our 
study domain. MAEs give the best measures of mean error magnitudes compared to other measures 
of dispersion (Chai & Draxler, 2014; Willmott & Matsuura, 2005).  

𝑀𝐴𝐸 =
ଵ

௡
∑ |𝑦௜ − 𝑥௜|

௡
௜ୀଵ   Equation 2 

where n represents the number of observations while xi and yi represent observational and 
simulated values, respectively. The smaller the MAE, the better the simulation. 

To assess the potential contribution of human-induced climate change on the observed 
precipitation patterns over the LVB, the fraction of attributable risk (FAR; Stott et al., 2004; Zhang 
et al., 2017). Here, FAR is defined as 1 - (P0/P1), where P0 is the probability of exceeding a given 
quantile under natural forcing while P1 is the probability of exceeding the quantile under 
greenhouse gas (GHG) forcing. Using DAMIP data spanning 1850 to 2020, the 90th percentile 
values under natural forcing (P0) were used to identify corresponding percentile ranks in the data 
under GHG forcing (P1). Lastly, an analysis of land-use patterns over the study domain was done 
using standardized annual NDVI anomalies for the period 1981 to 2020. 

3 Results and discussion 
3.1 Analysis of Lake Victoria’s water-level patterns 

A plot of standardized anomalies for Lake Victoria’s average annual water-levels (Figure 2) 
showed a decadal cycle. Here, positive values were recorded between 1993 and 2003 followed by 
negative values until 2013 after which positive values were recorded through 2020. Most of the 
fluctuations remained within the normal range (-1 and 1) except in 1998, 2019, and 2020 when 
above normal values (>1) were recorded. Additionally, below normal values (< -1) were recorded 
in 2006.  
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Figure 2. Standardized mean annual water-level anomalies (no units) for Lake Victoria for the period 1993 – 2020 

The high-water-levels of 1997/1998 have been attributed to extreme precipitation recorded in the 
region (Ngecu & Mathu, 1999), triggered by a strong El Niño event of 1997/1998 (Bayer et al., 
2014; Elliott et al., 2001). The 2006 low water-level corresponds to a severe drought observed in 
the region at the time (Hastenrath et al., 2007; Nicholson, 2014; Wakabi, 2006), possibly caused 
by a strong negative Indian Ocean Dipole in 2006 (Hastenrath et al., 2007). However, some studies 
(e.g., Sutcliffe & Petersen, 2007) suggest that despite the 2005/2006 drought, lake water over-
abstraction related to the expansion of the Nalubaale dam in Uganda may have aggravated the low 
water-levels recorded in 2005/2006. The following section analyzes precipitation patterns over the 
study domain to explain the observed 2019/2020 high water-levels in Lake Victoria.  

3.2 Analysis of precipitation patterns over LVB 

A plot of precipitation climatology over the study domain (Figure 3) showed a relatively wetter 
precipitation regime over Lake Victoria than the rest of the domain. Consistent with literature (e.g., 
Yang et al., 2015), three distinct precipitation seasons were shown with MAM and OND being the 
main rainy seasons and JJA the relatively dry season. Here, more mean precipitation values were 
recorded for the MAM season than for OND, with average precipitation exceeding 8 mm/day over 
the western part of the lake during MAM. Over the lake-adjacent areas, higher precipitation values 
were recorded over western Kenya (eastern part of the study domain) than areas over Uganda and 
Tanzania (north-western and southern parts of the study domain, respectively). The mean daily 
precipitation for OND ranged from 2 to 8 mm/day compared to 2 to 6 (0 to 4) mm/day for ANN 
(JJA).  The JJA season recorded drier/wetter conditions over the southern/northern part of the 
study domain. Considering the annual cycles (Figure 3, right panel), the MAM season seemed to 
begin early resulting in a February-May season relative to the 1981-2020 mean precipitation 
values. With some precipitation values being recorded for the JJA season, the study domain 
experienced an almost all-year round precipitation season as noted by earlier works (e.g., 
Herrmann & Mohr, 2011; Nicholson, 2017). 
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Figure 3. Mean daily annual (ANN) and seasonal (MAM, JJA, and OND) precipitation patterns over the study area, averaged for 
the period 1981-2020. The line plots represent annual precipitation cycles averaged over the study area (LVB; blue line) and a 
segment of Lake Victoria (LV; red line). All units are in mm/day 

An analysis of the interannual precipitation over the study domain (Figure 4) showed high 
variability albeit within the normal range (-1 to 1). The highest standardized anomalies for OND 
were recorded in 1997 and 2019 while the only markable values for the JJA season were recorded 
in 2019. Except in 1984 and 1993 where extreme below normal values (-2.5 and -2.3, respectively) 
were recorded, no other discernible values were recorded for the MAM season. A similar pattern 
was observed for annual precipitation indices (Figure 4, bottom panel), where most of the values 
were within the normal range. Notably, the number of days with at least 10 mm of precipitation 
per day (R10mm) showed a build-up from around 2015 reaching a peak (above normal values) in 
2019. 
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Figure 4. Standardized anomalies for seasonal precipitation statistics (top panel) and annual precipitation indices (bottom 
panel), averaged over a portion of Lake Victoria (32.2 to 33.8 oE, 1.6 to 0.4 oS), for the period 1981-2020. The standardized 
anomalies have no units 

With reference to Figure 2 and Figure 4, the observed high water-levels of Lake Victoria in 2019 
(Mafaranga, 2020) corresponded to unusually heavy and prolonged 2019 JJA and OND 
precipitation over the study domain. Hence, a further analysis of the two seasons (Figure 5) was 
done to pick long term variability patterns. Here, the three highest above-normal standardized 
anomalies for OND were recorded in 1961, 2019, and 1951, respectively. The only above-normal 
standardized anomaly value recorded for JJA was in 2019. Unlike in 1961 when the only extreme 
precipitation values recorded were for OND season, extreme precipitation values were recorded 
for both JJA and OND seasons in 2019.  
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Figure 5. As in Figure 4 but only for JJA and OND, using CenTrendsChirps data for the period 1900-2020 

A plot of generalized extreme value (GEV) distribution fits for the 2019 JJA and OND 
precipitation at a point at the western part of Lake Victoria (Figure 1, point B) showed return 
periods of about 260.3 and 7990.5 for JJA and OND respectively (Figure 6). When scaled down 
to the climate of 1950 (2000), return periods of 48.7 (126.3) and 737.0 (2765.4) were recorded for 
JJA and OND, respectively. This implies that the 2019 JJA event was 11 times less likely to happen 
in 1950 and 3 times less likely to happen in 2000. The 2019 OND precipitation event was 2 times 
less likely to happen in 2000 and 5 times less likely to happen in 1950. 

 
Figure 6. Mean JJA (a, b) and OND (c, d) precipitation at 0.6 oS 31.9 oE fitted to a GEV that scales with smoothed global mean 
surface temperature. Values for 2019 are represented by the purple square while the bold red line represents the location 
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parameter (µ), the faint red lines representing µ + σ and µ + 2σ, and the two vertical red lines showing µ and its 95% confidence 
interval for the two climates in (b) and (d). The return periods for the 2019 JJA and OND precipitation are presented in (b) and 
(d), respectively. Values for events under investigation (shown in red + signs) were shifted to the climate of 1950 with the fitted 
trend (in yellow □ signs) and the climate of 2000 (in blue * signs). In (b) and (d), the GPD and its 95% confidence interval is 
represented by the red, yellow, and blue lines 2019, 1950, and 2000, respectively. Values for 2019 (excluded from the fit) are 
shown as horizontal purple lines. All units are in mm/day 

Looking at a summary of return periods for the 2019 and 1961 JJA and OND precipitation events 
at select locations on Lake Victoria (Table 4), the rarest JJA events were recorded at the western 
(1-in-260 years), central (1-in-64 years), and northern (1-in-45 years) parts of the lake, 
respectively. The eastern and southern parts of the lake showed no discernible variations in the 
likelihood of occurrence of the JJA and OND precipitation events. Conversely, the likelihood of 
occurrence for the 2019 JJA event over the central (northern) parts of the lake increased by factors 
of 2 and 6 (1.5 and 2.6) when downscaled to the climates of 2000 and 1950, respectively. No 
discernible changes were observed in the eastern and southern parts of the lake for the 2019 JJA 
event. 

Table 4. Return periods for 1961 and 2019 JJA and OND precipitation events at select locations on Lake Victoria, presented on 
Figure 1 as A, B, C, D and E for Centre, West, East, South, and North, respectively. Values within the 95% confidence interval 
are shown in brackets  

Location Year and season 
of event 

Return period at 
event year 

Return period if 
downscaled to 1950 

Return period if 
upscaled to 2000 

Centre 
(1.07oS, 
32.8oE) 

1961 JJA 5.5 (3.6 – 9.6) 6.8 (4.5 – 12.3) 4.0 (2.0 – 10.4) 
OND 695.0 (197.1 – 

20708.0) 
555.6 (147.2 – 

30267.0) 
1475.5 (334.3 – 

29996.0) 
2019 JJA 63.9 (4.7 – 

4792.1) 
382.3 (120.8 – 

8385.9) 
140.5 (26.3 – 

3959.8) 
OND 17.7 (3.0 – 108.3) 4.7 (3.2 – 11.3) 9.7 (4.3 – 24.3) 

West 
(0.6oS, 
31.9oE) 

1961 JJA 22.6 (13 – 65.0) 25.8 (14.7 – 86.1) 14.7 (3.5 – 111.6) 
OND 164.4 (67.3 – 

1778.9) 
225.2 (91.1 – 

4690.0) 
57.3 (5.4 – 280.8) 

2019 JJA 260.3 (3.2 - 
6791) 

48.7 (24.3 - 486.0) 126.3 (10 - 
1700.6) 

OND 7990.5 (739.1 - 
0.37E+06) 

737.0 (195.2 - 
65800) 

2765.4 (677.3 - 
0.1E+06) 

East 
(0.3oS, 
34.1oE) 

1961 JJA 1.6 (1.4 – 1.9) 1.6 (1.3 – 1.9) 1.6 (1.3 – 2.0) 
OND 3364.8 (560.7 – 

0.4E+06) 
7480.1 (1133.6 – 

0.31E+07) 
255.0 (12.5 – 

2438.3) 
2019 JJA 3.3 (1.4 – 15.0) 3.1 (2.3 – 4.3) 3.1 (1.8 – 5.8) 

OND 2.9 (1.2 – 19.0) 483.0 (122.6 – 
20682.0) 

21.1 (2.8 – 168.3) 

South 
(2.4oS, 
32.8oE) 

1961 JJA 3.2 (2.4 – 6.2) 3.1 (2.4 – 4.2) 3.6 (2.4 – 6.2) 
OND 1792.3 (535.6 – 

93674.1) 
3787.4 (1006.1 – 

0.3E+06) 
175.3 (12.9 – 

3810.6) 
2019 JJA 13.7 (3.9 – 230.7) 5.6 (3.6 – 11.0) 9.3 (4.9 – 34.1) 
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OND 12.2 (91.3 – 
149.3) 

123.8 (45.6 – 
2742.2) 

33.5 (4.0 -179.1) 

North 
(0.2oN, 
33.1oE) 

1961 JJA 10.4 (4.8 – 20.6) 13.5 (8.2 – 31.2) 4.7 (2.3 – 21.8) 
OND 1225.5 (191.3 – 

95211.1) 
3094.0 (596.0 – 

0.63E+06) 
70.2 (3.6 – 

1431.7) 
2019 JJA 44.6 (2.4 – 

3331.1) 
116.42 (43.4 – 

1841.3) 
67.8 (5.5 – 

1048.2) 
OND 16.5 (1.5 – 531.6) 878.4 (260.5 – 

72969.0) 
94.0 (6.5 – 

2280.4) 

The 2019 OND precipitation showed a similar trend with that of the 2019 JJA precipitation event. 
When averaged over Lake Victoria, the OND precipitation event of 2019 was a 1-in-52-year event, 
compared to 1961’s 1-in-693 years. Additionally, a high spatial precipitation variability was shown 
on the lake with various parts recording different return periods, especially for the 2019 JJA and 
OND precipitation events. 

3.2.1 Extreme Event Attribution using DAMIP GCM simulations 

A plot of mean annual (ANN) and seasonal (MAM, JJA, and OND) precipitation differences 
between model simulations (an ensemble mean) and observations (Figure 7) showed significant 
biases between models and observations. Here, the model simulations under-estimated MAM and 
JJA precipitation over most of the study area and over-estimated values for OND. However, most 
differences range between -50 and 50 mm/month.  
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Figure 7. Precipitation climatology (OBS, top panel) and differences in mean precipitation between DAMIP model simulations 
(ensemble mean) and observations (MODEL – OBS, middle panel), averaged for annual (ANN) and seasonal (MAM, JJA, and 
OND) precipitation, for the period 1981-2014. The mean absolute errors (relative to observations) for individual DAMIP model 
simulations are presented as histograms (bottom panel). Nearly all MODEL - OBS values are significant at 99% confidence 
interval and all units are in mm/month 

Looking at the mean absolute errors (Figure 7, bottom panel), the greatest/least model simulation 
biases (relative to observations) were recorded in the OND/JJA season. The performance of the 
model simulations was category-specific, with simulations from the MRI-ESM2-0 showing 
superior (inferior) performance for ANN (MAM and JJA) category. Simulations from the BCC-
CSM2-MR and GFDL-ESM4 models gave the best reproduction for MAM and JJA while the 
OND season was best reproduced by simulations from the MRI-ESM2-0 and BCC-CSM2-MR 
models. The relatively better performance of the MRI-ESM2-0 and BCC-CSM2-MR models have 
also been noted elsewhere (e.g., Yazdandoost et al., 2021). The observed intermodal differences 
in reproducing precipitation patterns over the study domain was possibly due to the complexity of 
the LVB enhanced by, in part, topography and localized climate systems (e.g., Smith & Semazzi, 
2014; Thiery et al., 2015, 2016; Williams et al., 2015). CMIP6 model simulations have also been 
found to underestimate precipitation in areas with heavy precipitation trends (e.g., Yazdandoost et 
al., 2021). Nonetheless, the observed MAEs were marginal with the highest bias being 125.4 
mm/month.  

Negative fraction of attributable risk (FAR) values for the JJA season (Figure 8) were recorded 
over most of the study domain. Most of the model simulations used agree on the negative FAR 
signal over most parts of the domain with a few lake-adjacent areas recording positive values. The 
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negative FAR values imply that the JJA precipitation patterns over the lake are mainly forced by 
natural variability rather than human-induced climate change. 

 
Figure 8. FAR values for mean JJA precipitation calculated using the historical (1850-2019) DAMIP data under natural forcing 
and GHG forcing 

FAR values for the OND season (Figure 9) showed a general model simulation agreement. Here, 
positive FAR values of about 0.5 were recorded over non-lake areas of the study domain, implying 
a strong influence of human-induced climate change on the OND precipitation patterns. Over the 
lake, most model simulations showed negative FAR values implying that natural variability had a 
greater influence on the OND precipitation patterns over Lake Victoria than human-induced 
climate change. 
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Figure 9. As in Figure 8 but for OND 

This study enhances the understanding of spatio-temporal precipitation change and variability in 
the Lake Victoria region. While the lake’s water budget is primarily drawn from direct 
precipitation, human-induced changes in precipitation patterns in the lake-adjacent areas may vary 
the contribution of lake inflows from the catchment’s rivers. Given the sensitivity of Lake Victoria 
to climatic variability (Anyah et al., 2006; J. L. Awange et al., 2013; Olaka et al., 2019; Thiery et 
al., 2015), findings from the current study will be useful in informing the strategies on the use of 
the lake’s water resources. 

3.3 Analysis of Land use Patterns over LVB 

A plot of NDVI anomalies averaged over the study domain (Figure 10) showed a general increase 
in mean vegetative cover with a peak in 1999 before a gradual descent through 2020. The apparent 
drop in the study domain’s vegetative cover from the early 2000s may have been caused by 
intensification of agricultural activities at the expense of forest cover. East Africa’s farmed land 
had significantly increased (by about 34%) since the early 2000s, resulting primarily from the 
conversion of open and wooded grasslands and open forests to cropped areas (Bullock et al., 2021). 
Other possible drivers of the observed land use changes include the clearance of forest land for 
non-agricultural uses, and unsustainable extraction of forest products (Odada et al., 2004; Song et 
al., 2018; Waiswa et al., 2015). 
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Figure 10. Mean annual NDVI anomalies averaged over the LVB for the period 1981 – 2019. NDVI values are unitless 

A reducing mean land-cover may have minimized the LVB’s capacity to hold flood waters hence 
increasing the size of the runoff coefficient (e.g., Bradshaw et al., 2007; Kundzewicz et al., 2014). 
Consequently, the catchment’s river flow and flood water regulation ability may have reduced over 
time resulting in more water ending up in Lake Victoria per unit time. Given the significant role 
played by population and agricultural efficiency on the extent of an area’s vegetative cover 
(Stehfest et al., 2019), there is need for  enhanced sound land use regulation to enable the LVB 
increase its capacity to regulate river flow and flood waters and, ultimately, reduce the runoff 
coefficient.   

4 Conclusion and recommendations 

The 2019 high water-levels observed in Lake Victoria coincided with unusually heavy 
precipitation over the study domain at the same time. The domain’s mean land-cover was also at 
its lowest during 2019. Comparing the 2019 precipitation values to those in 1961 when similar 
high water-levels were observed in Lake Victoria, 2019 had extreme values recorded in JJA and 
OND while the only extreme values recorded in 1961 were for the OND season. An analysis of 
return periods using mean precipitation values over Lake Victoria showed the 2019 OND event to 
be a 1-in-52-year event, which was 13 times more likely to occur than the 1961 OND event. Hence, 
the extended and unusually heavy June to December 2019 precipitation in the study domain bore 
the greatest responsibility for Lake Victoria’s high water-levels of 2019/2020.  

An analysis of FAR values showed natural variability to have a greater influence on the JJA and 
OND precipitation patterns over Lake Victoria than human-induced climate change. However, 
variability over the land area of the study domain was mainly driven by human-induced climate 
change rather than natural variability, a unique climate system over Lake Victoria compared to the 
rest of the study domain. Further, the difference in return periods at various parts of the lake imply 
a high spatial climate variability within the lake itself. 

Further research is recommended to enhance the understanding of Lake Victoria’s water budget in 
the phase of a changing climate and land-use change in the LVB. More work is required to quantify 
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the exact contribution of direct precipitation, inflow from the rivers, discharge through the White 
Nile River and groundwater percolation, and evaporation. Additionally, the observed reduction in 
vegetative cover needs to be checked to restore the study domain’s capacity to regulate river flow 
and flood waters. Ultimately, an enhanced understanding of Lake Victoria’s water budget will be 
useful for strategies on the planning and use of the LVB’s water resources. Enhanced monitoring 
of the lake’s water-level fluctuations is required to mitigate the risk of aquatic ecosystem 
destruction and proactively respond to potential aquatic ecosystem service losses posed by extreme 
lake water-level fluctuations. 
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