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Abstract

In recent years, Eastern Africa has been severely impacted by extreme climate

events such as droughts and flooding. In a region where people's livelihoods

are heavily dependent on climate conditions, extreme hydrometeorological

events can exacerbate existing vulnerabilities. For example, suppressed rainfall

during the March to May 2019 rainy season led to substantial food insecurity.

In order to enhance preparedness against forecasted extreme events, it is criti-

cal to assess rainfall predictions and their known drivers in forecast models. In

this study, we take a case study approach and evaluate drivers during March to

May seasons of 2018, 2019 and 2020. We use observations, reanalysis and pre-

dictions from the European Centre for Medium-Range Weather Forecasts

(ECMWF) to identify and evaluate rainfall drivers. Extreme rainfall during

March to May 2018 and 2020 was associated with an active Madden–Julian
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International Programmes Award,
Grant/Award Number: NC/X006263/1 Oscillation (MJO) in Phases 1–4, or/and a tropical cyclone to the east of

Madagascar. On the other hand, the dry 2019 March to May MAM season,

which included a delayed rainfall onset, was associated with tropical cyclones

to the west of Madagascar. In general, whilst ECMWF forecasts correctly cap-

ture temporal variations in anomalous rainfall, they generally underestimate

rainfall intensities. Further analysis shows that underestimated rainfall is

linked to a weak forecasted MJO and errors in the location and intensity of

tropical cyclones. Taking a case study approach motivates further study to

determine the best application of our understanding of rainfall drivers. Com-

municated effectively, knowledge of rainfall drivers and forecast uncertainty

will inform preparedness actions and reduce climate-driven social and eco-

nomic consequences.
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1 | INTRODUCTION

Over recent decades, the intensity and frequency of
extreme events, such as droughts and flooding, have dra-
matically increased over Eastern Africa during the
months of March to May (MAM), also known as the
long-rains season (Chang'a et al., 2020; Kilavi
et al., 2018). These extreme events have had devastating
impacts on local populations. For example, they have led
to localized crop damage, outbreaks of pests and diseases,
food insecurity, loss of property and livestock, displace-
ment of populations, and a large number of fatalities
(NASA, 2018; Palmer et al., 2023; Reliefweb, 2020; Salih
et al., 2020). From 2018 to 2020, alternating anomalous
wet and dry MAM seasons were experienced over Eastern
Africa (Chang'a et al., 2020). The 2018 and 2020 MAM
seasons were extremely wet and led to widespread flood-
ing, as well as exceptional river and lake levels (Kilavi
et al., 2018; MacLeod et al., 2021; Marsham et al., 2020;
Wanzala & Ogallo, 2020). Conversely, the MAM 2019
season was anomalously dry and caused widespread
climate-induced food insecurity (Harrison et al., 2019).
Whilst multiple studies have investigated the drivers of
Eastern African rainfall (e.g., Finney et al., 2020; Funk
et al., 2018; MacLeod et al., 2021; Talib et al., 2023), or
provided a qualitative assessment of forecast skill
(de Andrade et al., 2021; Endris et al., 2021), there has
been minimal work assessing sub-seasonal forecasts from
a case study perspective.

Unlike the October to December season, also known
as the short rains, where the drivers of inter-annual rain-
fall variability are well known (Dutra et al., 2013;
Mutai & Ward, 2000; Ogallo et al., 1988), no single large-

scale driver has been found to influence the inter-annual
variability of the MAM season. Recently, Funk et al.
(2018) have shown a link between the El Niño-Southern
Oscillation (ENSO) and seasonal accumulations during
the long rains. Strong La Nina events are followed by
warmer sea surface temperatures (SSTs) in the western
Pacific, referred to as the ‘Western V Pattern’, which
strengthen the Walker Circulation and suppresses the
MAM rainfall. However, the relationship is only a source
of predictability for dry years. Focusing on sub-seasonal
timescales, the Madden–Julian Oscillation (MJO,
Berhane & Zaitchik, 2014; Hogan et al., 2015; Zaitchik,
2017; Finney et al., 2020; Maybee et al., 2023; Pohl &
Camberlin, 2006; Talib et al., 2023), tropical cyclones
(Finney et al., 2020) and equatorial waves (MacLeod
et al., 2021) have all been found to be major drivers of
sub-seasonal variability within the long rainy season. The
link between the MJO and extreme rainfall has been
demonstrated in a number of studies (e.g., Kilavi
et al., 2018; MacLeod et al., 2021; Maybee et al., 2023;
Pohl & Camberlin, 2006). When the MJO is active in
Phases 2–4, precipitation is enhanced; meanwhile, when
the MJO is in Phases 6–8, precipitation is suppressed.
Finney et al. (2020) highlight that the position of tropical
cyclones in the south-west Indian Ocean influences East-
ern Africa rainfall. Their study found that tropical
cyclones located to the east of Madagascar were associ-
ated with westerly winds around Lake Victoria and
enhanced Eastern Africa rainfall, whereas cyclones
located to the west of Madagascar drive easterly anoma-
lous winds and reduce rainfall. The study also concluded
that extreme rainfall is most favourable when the MJO is
active in Phases 2 or 3 and a tropical cyclone is located in
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the south-west Indian Ocean to the east of Madagascar.
Alongside the MJO state providing a source of rainfall
predictability, MacLeod et al. (2021) also found that
extreme rainfall is favoured during days with an active
equatorial Kelvin wave due to enhanced westerly wind
anomalies and moisture transported from continental to
Eastern Africa.

Evaluations of sub-seasonal forecasts across Eastern
Africa illustrate that forecast skill is high up to a two-
week lead time (de Andrade et al., 2021; Endris
et al., 2021). Endris et al. (2021) evaluated the skill of
11 global climate models, including Météo-France/Centre
National de Recherche Meteorologiques (CNRM); the
European Centre for Medium-Range Weather Forecasts
(ECMWF), National Centers for Environmental Predic-
tion (NCEP) and the U.K. Met Office (UKMO). They
found, and consistent with de Andrade et al. (2021), that
ECMWF forecasts perform consistently better than other
models. Several studies have also investigated whether
forecasts reliably predict sub-seasonal rainfall drivers.
Regarding the MJO, studies have found that predictive
skill is sensitive to the MJO state at forecast initialization.
When a forecast model is initialized with a strong MJO,
predictive skill is higher than when initializing with a
weak or inactive MJO (Kim et al., 2014; Lim et al., 2018).
MacLeod et al. (2021) found that ECMWF and UKMO
models accurately represent the teleconnection between
the MJO and Eastern Africa rainfall. Given the low skill
of seasonal forecasts at predicting MAM rainfall
(MacLeod, 2018, 2019; Mwangi et al., 2014), the require-
ment for utilizing sub-seasonal forecasts to develop early
warning systems is enhanced (Gudoshava et al., 2022;
Hirons et al., 2021; White et al., 2017). For example,
Kilavi et al. (2018) highlight that the seasonal forecast
issued in February before MAM 2018 favoured near-
normal conditions across the majority of Eastern Africa.
However, seasonal rainfall accumulations were amongst
the wettest on record.

Improving our understanding of the representation of
the drivers in climate models at sub-seasonal timescales
is key to developing early warning/early action systems
and enhancing the resilience of populations within East-
ern Africa. In this study, we focus on rainfall predictabil-
ity during three recent long rainy seasons of 2018, 2019
and 2020. We take a case study approach to interrogate
the ability of sub-seasonal forecasts at capturing these
high-impact events. Through such a case study approach,
we are also able to compare the interacting large-scale
sub-seasonal drivers during these three high impacts, but
contrasting, long rainy seasons. The study has two main
components, including (1) an evaluation of ECMWF fore-
casts at predicting rainfall anomalies; and (2) an

investigation into the representation of known sub-
seasonal rainfall drivers during each of the MAM
seasons.

Section 2 outlines the datasets and methods used to
characterize rainfall during each of the MAM seasons
and evaluate forecast quality. Section 3 provides a
detailed discussion on sub-seasonal rainfall variability
during the three long rainy seasons (Section 3.1); the
success of ECMWF rainfall forecasts at predicting anom-
alous rainfall and the forecast representation of sub-
seasonal atmospheric drivers (Section 3.2). A summary
and conclusions are given in Section 4.

2 | DATA AND METHODS

2.1 | Observations and reanalysis data

Several satellite-based rainfall observational datasets are
available over the Eastern Africa region (Huffman et al.,
2007; Ashouri et al., 2015; Funk et al., 2015; Joyce
et al., 2004; Maidment et al., 2014; Novella &
Thiaw, 2013; Tarnavsky et al., 2014; Thorne et al., 2001).
Dinku et al. (2018) evaluated multiple satellite datasets
over the region against rain gauge observations and
showed that the Tropical Applications of Meteorology
using SATellite and ground-based observations
(TAMSAT) performed better at the daily timescale in
comparison with the Climate Hazards Group Infrared
Precipitation (CHIRP), CHIRP combined with station
observations (CHIRPS) and African Rainfall Climatology
version 2 (ARC2) datasets. Because of minimal errors at a
daily timescale, we use the TAMSAT dataset to character-
ize sub-seasonal rainfall variability and evaluate forecast
output. TAMSAT datasets are available from 1983 to the
near present (Maidment et al., 2014) at a spatial
resolution of 0.0375� (approximately 4 km). The ECMWF
fifth-generation reanalysis (ERA5, Hersbach et al., 2020)
datasets were used in evaluating the atmospheric fields.
ERA5, computed using four-dimensional variational data
assimilation and cycle 41r2 of the Integrated Forecasting
System, provides a detailed record of the global atmo-
sphere, land and ocean waves (Hersbach et al., 2018;
Hersbach 2019). The global dataset is available from 1940
to the near present at a 0.25� horizontal resolution. In
this study, we use hourly atmospheric data on seven pres-
sure levels (200, 300, 500, 700, 850, 925 and 1000 hPa).
When comparing precipitation errors, TAMSAT observa-
tions are re-gridded to a horizontal resolution of 1.5�

using a first-order conservative interpolation scheme to
be consistent with the resolution of ECMWF forecasts
(Section 2.2). Regarding ERA5, we downloaded the
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reanalysis data at the same horizontal resolution as the
forecasts.

The Dipole Mode Index (DMI), an indicator of the
Indian Ocean Dipole (IOD, Saji et al., 1999; Webster
et al., 1999), and the Oceanic Niño Index (ONI), an indi-
cator for the ENSO, are obtained from the National Oce-
anic and Atmosphere Administration Climate Prediction
Centre (NOAA CPC) website. Although the IOD and
ENSO are not major drivers of inter-annual variability
during the long rains, recent studies have shown that the
influence of large-scale oceanic drivers on the character-
istics of long rains seasons is mediated by anthropogenic
forcing or multi-decadal natural variability (Anderson
et al., 2023; Funk et al., 2014; Park et al., 2020). SSTs are
extracted from the Optimum Interpolation Sea Surface
Temperature (OISST v2.1) analysis (Banzon et al., 2020;
Reynolds, 1993). SST-based datasets are available from
1981 to near present at a horizontal resolution of 0.25�.
Observed MJO indices are obtained from the Australian
Bureau of Meteorology (Wheeler & Hendon, 2004). These
MJO indices are computed using zonal winds at 850 and
200 hPa from the reanalysis product produced by the
National Centers for Environmental Prediction (NCEP)
and the National Center for Atmospheric Research
(NCAR; Kalnay et al., 1996), and daily-mean outgoing
long-wave radiation observations (Liebmann &
Smith, 1996) from the NOAA. The two leading empirical
orthogonal functions associated with these variables, and
the corresponding principal components (PC1 and PC2),
are used to diagnose the phase and amplitude of the MJO
(Wheeler & Hendon, 2004). The location of the observed
active tropical cyclones in the Indian Ocean during each
of the studied MAM seasons is obtained from the Inter-
national Best Track Archive for Climate Stewardship
(IBTrACS) best-track version 4 (Knapp et al., 2018).

2.2 | Sub-seasonal forecasts

The Global Challenges Research Fund (GCRF) African
Science for Weather Information and Forecasting Tech-
niques (African SWIFT) project (Parker et al., 2022) was
1 of 16 projects that took part in the Sub-seasonal to Sea-
sonal (S2S) prediction project (Vitart et al., 2017) Real-
time Pilot Initiative. As part of the initiative, African
SWIFT carried out a two-year sub-seasonal forecasting
testbed: a forum where new bespoke sub-seasonal fore-
cast products are co-produced and operationally trialed
in real-time (Gudoshava et al., 2022; Hirons et al., 2021,
2023). During the testbed, the ECMWF model was uti-
lized because past studies have shown that skill of the
model is relatively high over the region in comparison
with other models (de Andrade et al., 2021; Endris

et al., 2021; Vigaud et al., 2018). The ECMWF issues sub-
seasonal forecasts twice a week on Monday and
Thursday. We utilize the Monday initialization for the
evaluation of the model consistent with the initialization
that was utilized operationally in the forecasting testbed
(Gudoshava et al., 2022; Hirons et al., 2021, 2023). The
ECMWF forecast has a run length of 46 days and
51 ensemble members. The hindcast in ECMWF consists
of 11 ensemble members for the past 20 years, and it is
based on real-time forecast dates.

2.3 | Methods

Weeks with extreme rainfall in studied MAM seasons
were identified using TAMSAT estimates. The weeks
with the highest rainfall anomalies during each MAM
season were classified as an ‘extreme week’. These weeks
are later shown in Figures 3 and 4. To evaluate MJO fore-
casts, we calculate forecasted MJO indices using a modi-
fied method described in Gottschalck et al. (2010). We
project meridionally-averaged (�10� to 0� N latitude)
850 and 200 hPa zonal winds, alongside outgoing long-
wave radiation anomalies, onto the empirical orthogonal
function structures of Wheeler and Hendon (2004). Inter-
annual MJO variability is removed by subtracting the
20-year hindcast mean of RMM indices from the previous
120 days. To compute the forecast bias, we subtract
weekly-mean observed anomalies from forecast anoma-
lies. When computing biases for each year, we use the
same 20-year period for both forecasts and observations.
For instance, when evaluating forecasts issued in 2020,
we used 2000–2019 climatologies for both forecasts and
observations. This is consistent with operational practices
at ECMWF who perform reforecasts for the previous
20 years when issuing a forecast (Vitart et al., 2017).

3 | RESULTS

3.1 | Precipitation characteristics during
MAM rainfall seasons in 2018, 2019
and 2020

To highlight the anomalously wet and dry MAM seasons
experienced between 2018 and 2020, we first provide an
overview of spatial and temporal variations in precipita-
tion anomalies during each MAM season. Anomalies are
calculated relative to a 1998–2017 climatology. This cli-
matology includes all years used in hindcast climatol-
ogies excluding years when forecasts are evaluated
(i.e., 2018, 2019 and 2020). The timespan of 20 years is
consistent with operational procedures by ECMWF who
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perform reforecasts for the previous 20 years relative to
the forecast initialization date (Vitart et al., 2017).
Figure 1 shows anomalous monthly and seasonal rainfall
totals across Eastern Africa during each MAM season,
whilst Figure 2 illustrates daily variations in regional
mean precipitation. For our regional average, we con-
sider all land points in the rectangle of �8 to 8� N lati-
tude and 30–45� E longitude, (denoted by black rectangle
in Figure 1a). This is the same region that was used in
Kilavi et al. (2018). In March 2018, parts of Kenya and
Tanzania received enhanced rainfall, which was in excess
of 180 mm compared with the climatological (1997–2017)
mean (Figure 1a). The enhanced rainfall continued into
April 2018 with both equatorial and southern parts of
Eastern Africa being wetter than usual (Figure 1b), and
slightly reduced in May (Figure 1c). Daily rainfall in 2018
is consistently above the 90th percentile, this is especially
so during the month of April (Figure 2a). Focusing on
the daily accumulations, we observe a steep increase in

cumulative rainfall during April 2018, and by the end of
the rainfall season, the total amount of accumulated rain-
fall (510 mm) is almost double the climatological mean
(288 mm; Figure 2b). Subsequently, the 2018 long rainy
season was one of the wettest MAM seasons on record
(Kilavi et al., 2018). Moving onto MAM 2019, most of
Eastern Africa received suppressed or near-normal rain-
fall during March 2019, with southern parts of Tanzania
and the Ethiopian highlands being an exception
(Figure 1e). Anomalous dry conditions continued until
mid-April (Figure 2c). From mid-April to the end of the
season (May), Eastern Africa received enhanced rainfall,
with 21 days exceeding the climatological mean
(Figure 2c). For most of MAM 2019, the total rainfall was
below climatology; however, rainfall partially recovered
in May (Figure 2d). Overall, deficit rainfall during the
start of the season (Figures 1e,f and 2c) led to an anoma-
lously dry MAM 2019 season, particularly over parts of
central to western Kenya, southern South Sudan and

FIGURE 1 Monthly and seasonal Tropical Applications of Meteorology using SATellite and ground-based observations (TAMSAT)

precipitation anomalies (mm month�1) during 2018 (top), 2019 (centre), and 2020 (bottom) in March (far left), April (middle), May and

March–May (far right). Anomalies are calculated using a 1998–2017 climatology. The black rectangle shown in Panel (a) denotes the area

(�8 to �8� N latitude, 30–45� E longitude) used for computing regional means in Figures 2 and 4.
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western and southeastern Ethiopia (Figure 1h). In 2020,
enhanced rainfall was received across most of Eastern
Africa during March and April (Figures 1i,j and 2e). In
particular, daily-accumulated precipitation was high dur-
ing mid-April (Figure 2f). May 2020, on the other hand,
was anomalously dry over parts of Uganda, Somalia,
Ethiopia and Kenya (Figure 1k). Overall, the MAM 2020
season received enhanced rainfall across the majority of
Eastern Africa (Figures 1l and 2f).

Whilst the 2018–2020 long rainy seasons were diverse
in their seasonal characteristics, they also exhibited sub-
stantial intra-seasonal variability. To understand the pos-
sible mechanisms responsible for intra-seasonal rainfall
characteristics, the influence of three sub-seasonal rain-
fall drivers are investigated: (1) the MJO; (2) tropical

cyclones in the south-west Indian Ocean; and (3) large-
scale coupled climate phenomena such as the ENSO and
IOD. Figure 3 shows regional mean (�8 to �8� N lati-
tude, 30 to 45� E longitude, black rectangle in Figure 1a)
daily precipitation accumulations (blue bars), the phase
of the MJO (black dots) and dates with active tropical
cyclones in the south-west Indian Ocean (coloured dots)
for each MAM season. We also show ENSO (Niño 3.4)
and IOD (DMI) indices during January 2017 to January
2020. Beginning our analysis by focusing on the MJO, we
identify that the MJO is active and in Phases 1–4 during
periods of high rainfall across Eastern Africa
(Figure 3a,c,e). This is consistent with previous work that
has shown that Eastern Africa rainfall is favoured when
the MJO is active in Phases 2–4 (e.g., Kilavi et al., 2018;

FIGURE 2 Regional mean

(�8 to �8� N latitude, 30–45� E
longitude) Tropical Applications

of Meteorology using SATellite

and ground-based observations

(TAMSAT) precipitation during

March to May (MAM) (top)

2018, (centre) 2019 and (bottom)

2020. Left panels show daily

precipitation totals (coloured,

mm day�1) and the 1997–2017
climatological mean (black),

whilst right panels show the

seasonal precipitation

accumulation (coloured, mm)

alongside the climatology

(black). Blue cyan shading

represents the 10th and 90th

rainfall percentiles over the

region.
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FIGURE 3 Legend on next page.
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MacLeod et al., 2021; Vellinga & Milton, 2018). We par-
ticularly note that the MJO is active and in Phases 1–4
during each of the season's wettest week (denoted by grey
shading, Figure 3). Focusing on MAM seasons in 2018–
2020 highlights that the passage of MJO convection can
modulate local rainfall.

Consistent with Finney et al. (2020), we find that the
position and track of tropical cyclones in the south-west
Indian Ocean mediate the impact of tropical cyclones on
Eastern Africa rainfall during the 2018, 2019 and 2020
MAM seasons. Tropical cyclones in the south-west
Indian Ocean impact Eastern Africa rainfall via changes
in zonal wind and moisture flux convergence. Of
particular importance to anomalous wet conditions
across Eastern Africa are cyclones to the east of
Madagascar, which lead to westerly wind anomalies and
enhance moisture transport from continental to Eastern
Africa. Cyclones Dumazile, Eliakim and Fakir in 2018,
and cyclone Herold in 2020, were located in the east of
Madagascar and associated with enhanced East African
rainfall (Figure 3b,f). In 2019, on the other hand, cyclone
Idai, located in the Mozambique Channel (Figure 3d),
was associated with reduced rainfall over Eastern Africa
and a delayed long rain onset (Figure 3c). One month
after cyclone Idai made landfall, towards the end of April
2019, cyclone Kenneth formed to the north of
Madagascar (Figure 3d) and led to enhanced Eastern
Africa rainfall (Figure 3c). Cyclones Johaninah and
Haleh, on the other hand, both of which originated fur-
ther east, did not have an impact on East African rainfall.
Our case study analysis of MAM rainfall seasons during
2018–2020 suggests that the impact of the MJO on East-
ern African rainfall is modulated by tropical cyclones.
However, the modulation of MJO-associated rainfall
anomalies by tropical cyclones is sensitive to the tropical
cyclone location. We observe excessive rainfall during
weeks when both the MJO is active in Phases 1–4 and a
tropical cyclone is present to the east or north of
Madagascar (Figure 3a,c). For instance, excessive rainfall
is observed between the 1st and 7th of March 2018,
which coincides with an active MJO in Phases 2 and
3 and cyclone Dumazile. However, when the MJO is
active and a tropical cyclone is located to the west of
Madagascar, we observe suppressed rainfall (Figure 3c).

For example, during tropical cyclone Idai, 8–14 March
2019, daily rainfall was suppressed even though the MJO
was active and in Phase 4.

Although previous studies demonstrate a limited
influence of the ENSO and IOD on MAM rainfall
(Gudoshava & Semazzi, 2019; Indeje et al., 2000), we
investigate whether the state of these two climate drivers
may have played a role in rainfall characteristics during
the 2018–2020 MAM seasons. Whilst La Niña conditions
are typically associated with below-average Eastern
Africa rainfall during the MAM season (Funk et al.,
2019), we find that even though the 2018 MAM season
was preceded by La Niña conditions (Figure 3g), an
exceptional wet MAM season occurred (Figures 1d and 2b).
In May 2018, the IOD is weakly positive (Figure 3h).
Throughout the MAM season in 2018, SSTs over the
Indian Ocean remained cooler than usual (Figure S1a,d,g),
with slightly warmer than usual temperatures over the
southern part of the Indian Ocean. In MAM 2019, the
south-western Indian Ocean was warmer than usual
(Figure S1b,e,h). The development of positive IOD state
in May 2019 (Figures 3h and S1h) may have supported
the recovery of the 2019 long rainy season (Figures 1g
and 2c,d). This is consistent with Endris et al. (2021),
who showed that warm SSTs over the western Indian
Ocean is linked to enhanced rainfall in May. Addition-
ally, Vellinga and Milton (2018) have also shown an asso-
ciation between west Indian Ocean SSTs and rainfall
accumulations during the long rains. For MAM 2020,
whilst the IOD was neutral or weak throughout most of
the season (Figure 3h), Indian Ocean SSTs across the
whole basin were considerably warmer than usual
(Figures S1c,f,i). As rainfall was anomalously high during
MAM 2020 (Figures 1l and 2f), it identifies the need to
think beyond zonal Indian Ocean SST gradients. Our case
study analysis of MAM 2018–2020 seasons indicates that
an early formation of the positive IOD can lead to
enhanced rainfall during May. However, further
research, which samples a larger number of years, is
required to be more conclusive. In summary, we con-
clude that the amplitude and phase of the MJO, as well
as Indian Ocean tropical cyclones and SSTs, mediate
intra-seasonal rainfall characteristics during the long
rainy seasons of 2018–2020. In the following section, we

FIGURE 3 Understanding rainfall drivers during March to May (MAM) 2018, 2019 and 2020. (a–c) Regional-mean (�8 to �8� N
latitude, 30–45� E longitude) Tropical Applications of Meteorology using SATellite and ground-based observations (TAMSAT) precipitation

(blue bars, mm day�1) and current phase of Madden–Julian Oscillation (MJO) (black dots). Filled and unfilled dots highlight when the MJO

is active and inactive respectively (when the MJO magnitude is greater than 1). Coloured dots indicate days when a tropical cyclone is

observed across East Africa or in the south-western Indian Ocean basin. The tracks for each tropical cyclone are shown in Panels (d)–(f).
Panels (g) and (h) show the magnitude of the El Niño-Southern Oscillation (ENSO) (Niño 3.4 index) and the Indian Ocean Dipole (IOD)

(Dipole Mode Index) during January 2017 to January 2020. For Panels (g) and (h), MAM seasons are highlighted using grey shading.
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evaluate the representation of these intra-seasonal rain-
fall drivers in state-of-the-art sub-seasonal ECMWF
forecasts.

3.2 | Evaluation of ECMWF sub-seasonal
forecasts

3.2.1 | Evaluation of forecasted precipitation

After analysing intra-seasonal rainfall variability, and its
associated drivers, during the MAM seasons of 2018–
2020, here we evaluate ECMWF sub-seasonal forecasts.
We partition our forecast evaluation into two compo-
nents: (1) an evaluation of forecasted rainfall characteris-
tics; and (2) an assessment of the representation of key
intra-seasonal rainfall drivers. For the majority of our
analysis, we evaluate forecast performance at three lead
times: Week 1 (Days 7–13); Week 2 (Days 14–20); and
Week 3 (Days 21–27). Figure 4 shows observed
(TAMSAT) and forecasted precipitation anomalies for
each week in MAM 2018, 2019 and 2020. Ensemble fore-
cast spread is denoted using box plots.

Focusing on weeks with relatively high rainfall anom-
alies, Figure 4a shows that ECWMF forecasts correctly
capture enhanced rainfall during the week commencing
9 April 2018. During this week, the MJO was active in
Phases 1–3 (Figure 3a). Conversely, ECMWF forecasts
failed to predict enhanced rainfall between the 22 and
29 April 2019 (Figure 4b). Forecasts at all lead times indi-
cated drier than usual conditions. During this week, the
MJO was active in Phases 1–3, and cyclone Kenneth was
positioned to the north of Madagascar (Figure 3c,d).
However, this MJO event was preceded by a period of
weak MJO activity (Figure 3c), thereby a primary MJO
event (Matthews, 2008), whereas active MJO conditions
preceded the anomalously wet weeks in 2018 and 2020.
The influence of preceding MJO conditions is explored
further in Section 3.2.2. In 2020, ECMWF forecasts cor-
rectly predicted enhanced rainfall during anomalously
wet weeks (i.e., weeks beginning 13 and 20 April,
Figure 4c). During these weeks, the MJO was active in
Phases 1–3. Whilst ECMWF forecasts correctly captured
enhanced rainfall during anomalous wet weeks of 2018
and 2020, forecasted anomalous rainfall was less than
observed anomalies. In general, ensemble-mean rainfall

FIGURE 4 Weekly observed and forecasted regional-mean (�8 to �8� N latitude, 30 to 45� E longitude) precipitation anomalies

(mm day�1) during March to May (MAM) (a) 2018, (b) 2019 and (c) 2020. Blue bars denote observed Tropical Applications of Meteorology

using SATellite and ground-based observations (TAMSAT) precipitation anomalies whilst box plots illustrate forecasted precipitation rates at

a (red) one- (Days 7–14), (green) two- (Days 14–21) and (black) three-week (Days 21–28) lead time. Upper and lower quartiles are denoted

by the top and bottom of boxes whilst box whiskers denote the 10th and 90th percentiles. Coloured dots indicate outlier ensemble members.
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anomalies were approximately a third of the observed
anomaly at a one-week forecast lead time. We also note
that there are weeks when Eastern Africa receives rela-
tively normal rainfall but the forecast model overesti-
mates rainfall anomalies (e.g., week beginning 23 April
2018 or 13 May 2019, Figure 4). Despite the model's abil-
ity at capturing the sign of rainfall anomalies during most
weeks, ECMWF forecasts do not predict the correct rain-
fall intensities and generally underestimate total rainfall
during extreme wet events. ECMWF forecasts also tend
to overestimate relatively moderate events.

Focusing on the extreme anomalous wet weeks,
weeks beginning 9 April 2018, 22 April 2019 and 13 April
2020 (highlighted grey in Figure 4), we evaluated spatial
variations in forecast performance. We do this by

showing the TAMSAT anomaly alongside the ensemble-
mean forecast anomaly and bias at a one-week lead time
in Figure 5. In the week beginning the 9 April 2018,
ECMWF forecasts correctly capture anomalously wet
conditions over most parts of Eastern Africa. However,
predicted anomalies are not as high as those observed
(Figure 5a–c), consistent with Figure 4a. Comparing the
ensemble-mean forecast with TAMSAT observations
shows that the ensemble mean underestimated total rain-
fall by up to 16 mm over parts of Tanzania (Figure 5c). In
the week beginning 22 April 2019, ECMWF forecasts
reproduced wet anomalies across parts of Tanzania and
eastern Kenya, although with decreased magnitude com-
pared with observations (Figure 5d,e). Additionally, dry
anomalies were predicted over parts of western Kenya

FIGURE 5 Weekly-mean observed and forecasted precipitation anomalies (mm day�1) during the week beginning (a–c) 9 April 2018,
(d–f) 22 April 2019 and (g–i) 13 April 2020. Panels in the first column (a, d and g) show Tropical Applications of Meteorology using

SATellite and ground-based observations (TAMSAT) precipitation anomalies, whilst panels in the second (b, e, and h) and third (c, f and i)

columns show forecast anomalies and biases at a 7- to 14-day lead time. To compute biases, TAMSAT data are mapped onto the same

resolution as the forecasts using a first-order conservative interpolation scheme. ‘fc’ is shorthand for ‘forecast’.
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and eastern Tanzania, opposite to the wet anomalies that
were observed. Comparing with the extremely wet week
of 2018, biases are higher over most parts of the region
(Figure 5f). The sign of forecast anomalies in the week
beginning 13 April 2020 are consistent with observations
(Figure 5g,h). However, similar to other chosen weeks,
the forecasted ensemble mean underestimates total rain-
fall (Figure 5i). Biases for the week commencing 13 April
2020 are lower compared with the wettest weeks of MAM
2018 and 2019 by approximately 10 mm day�1. Compar-
ing the location of forecasted rainfall errors with fore-
casted climatologies shows that the magnitude of errors
is not due to errors in climatology (Figure S2a–d). We
also compared forecast anomalies at a two- and three-
week lead time (Figure S3b,c,e,fh,i). Whilst the spatial
structure of forecast errors is similar with increasing lead
time, the amplitude of errors increases (Figure S3).

Consistent with Figure 4, we found biases are compara-
ble at a one- and two-week lead time (Figure S3a,b,d,e,
g,h).

3.2.2 | Valuation of the large-scale drivers

It was previously noted that the forecast beginning
22 April 2019 was initialized when the MJO was inactive,
whilst for the week commencing 9 April 2018, the MJO
was active. As forecast skill is sensitive to the amplitude
and phase of the MJO at initialization (Vitart &
Molteni, 2010), we evaluated predictions of MJO charac-
teristics during April 2018, 2019 and 2020. Figure 6 shows
the ensemble spread in forecasted MJO conditions at a
one-week lead time as well as the ensemble-mean MJO
evolution at different week lead times. In April 2018,

FIGURE 6 Observed Madden–Julian Oscillation (MJO) phase and intensity (black lines) alongside forecasted MJO state (coloured

lines). Panels (a) to (c) show the forecasted ensemble mean (solid thick line) and individual ensemble members (solid thin lines) at a one-

week lead time. Panels (d) to (f) meanwhile show the ensemble mean at different forecast lead times. A lighter shade is used to indicate

increased forecast lead time. For example, in Panel (d), dark red, red and light red are used to denote the forecasted MJO state for the week

commencing 2 April 2018 at a lead time of one, two and three weeks, respectively. The dashed black line in all panels denotes the observed

MJO state in the week preceding the beginning of April.
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ECMWF forecasts successfully predicted the phase of the
MJO (Figure 6a,d). However, the ensemble mean under-
estimates the MJO amplitude, consistent with Kilavi
et al. (2018). The underestimated MJO intensity may be
partly responsible for negative rainfall errors. Whilst fore-
casts correctly capture weeks when the MJO is inactive
in April 2019, most ensemble members incorrectly pre-
dict an inactive MJO when it was active in Phases 2–4
during the week commencing 15 April 2019
(Figure 6b,e). MJO biases during this particular week
may have possibly contributed to underestimated fore-
casted rainfall. ECMWF forecasts also perform poorly at
predicting an active MJO during the month of April 2020
(Figure 6c,f). This may be due to low predictability of the

MJO state when it initiates in the Maritime Continent
(Kim et al., 2014).

The vertically integrated moisture flux divergence
(VIMFD) is an important indicator of regions that are
likely to receive rainfall. To further explore the ability of
ECMWF forecasts at predicting heavy rainfall weeks in
April 2018, 2019 and 2020, we investigate temporal and
spatial patterns of forecasted VIMFD. In Figure 7, we
compare the ensemble mean of forecasted VIMFD with
that calculated from ERA5. For both ERA5 and forecasts,
we calculate VIMFD using atmospheric data on 200, 300,
500, 700, 850, 925 and 1000 hPa pressure levels. In gen-
eral, anomalies in VIMFD are underestimated by the
ensemble mean of ECMWF forecasts (Figure 7). For

FIGURE 7 Weekly-mean ERA5 and forecasted VIMFD anomalies (filled, kg m�2 s�1) and vertically integrated moisture fluxes (arrows,

kg m�1 s �1) during the week beginning (a–c) 9 April 2018, (d–f) 22 April 2019 and (g–i) 13 April 2020. Panels in the first column (a, d and

g) show ERA5 anomalies, whilst panels in second (b, e and h) and third (c, f and i) columns show forecasted anomalies and biases at a one-

week lead time. ‘fc’ is shorthand for ‘forecast’.
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example, in the week beginning 9 April 2018, ERA5
shows moisture convergence across coastal regions of the
equatorial sector (5� S to 5� N, Figure 7a); meanwhile,
whilst one-week lead-time forecasts capture the cor-
rect anomalous spatial patterns, magnitudes in anom-
alous VIMFD are smaller compared with ERA5
(Figure 7b,c). The inability for ECMWF forecasts to
capture the magnitude of anomalous moisture flux
convergence is a consistent error in the forecast model
as forecasted climatologies in the moisture flux con-
vergence is much smaller compared with observations
(Figure S2e–h). Forecast skill also decreases with
increasing lead time (Figure S4a–c), with the three-
week forecast indicating the highest biases
(Figure S4c). Similar errors in the magnitude of
VIMFD anomalies are also observed during weeks
commencing 22 April 2019 and 13 April 2020
(Figure 7d–7i). Consistent with 2018, the biases in
VIMFD in 2019 and 2020 also increase with increase
in lead times (Figure S4d–i). Relatively weak fore-
casted VIMFD anomalies could partly explain the
inability of ECMWF forecasts at capturing the magni-
tude of rainfall anomalies during extreme weeks
(Figure 4).

In Section 3.1, we identified that tropical cyclones in
the south-west Indian Ocean partly mediate intra-
seasonal rainfall characteristics during the long rains of
2018–2020. For instance, cyclone Eliakim was associated
with anomalous heavy rainfall during March 2018
(Figure 3a). To evaluate the representation of tropical
cyclones influencing Eastern Africa rainfall, we selected
three weeks with which a tropical cyclone was present in
the south-west Indian Ocean, in the vicinity of
Madagascar. Our chosen weeks commence on 12 March
2018, 22 April 2019 and 9 March 2020 when Eliakim,
Kenneth and Herold were active, respectively. Figure 8
shows mean sea level pressure and 700 hPa wind anoma-
lies in ERA5 and the ensemble mean of ECMWF fore-
casts at a one-week lead time. Focusing on tropical
cyclone Eliakim, whilst forecasts did not capture the
cyclone strength, they did predict the location and pres-
ence of a tropical cyclone as well as anomalous westerlies
across the Congo (Figure 8a–c, and further supported by
forecasted storm tracks in Figure S5a). This conclusion is
consistent with Figure 4a, which shows that at a one-
week lead time anomalous wet conditions are predicted
but underestimated. Conversely, ECMWF forecasts fail to
capture cyclone Kenneth, the associated anomalous west-
erlies across the Congo (Figures 8d–f and S5b) and
wetter-than-normal conditions (Figures 4b and 5d–f).
Figure S5b shows that many of the ensemble members
did not contain a detectable tropical storm/hurricane
track that week. For the week commencing 9 March

2020, ECMWF forecasts have a weak representation of
tropical cyclone Herold (Figures 8g–i and S5c). Given
that forecasts typically underestimate wet conditions
when a tropical cyclone is present in the south-west
Indian Ocean (Figure 4c), we hypothesize that this error
is associated with a weak or minimal prediction of a trop-
ical cyclone. Therefore, the forecast model's ability at pre-
dicting the presence and strength of tropical cyclones in
the south-west Indian Ocean affects predictions of East-
ern Africa rainfall. We also note that the inability for the
forecast model to correctly predict a tropical storm is not
associated with consistent biases in mean sea level pres-
sure as observed and forecasted climatologies are similar
(Figure S2i–l).

4 | DISCUSSION AND
CONCLUSIONS

In light of an increasing awareness and demand for accu-
rate and actionable S2S forecasts across sub-Saharan
Africa (Hirons et al., 2021), in this study, we assess the
ability of European Centre for Medium-Range Weather
Forecasts (ECMWF) S2S forecasts at representing
extreme rainfall and its key drivers during three long
rainy seasons (2018–2020) in Eastern Africa. Better
understanding the link between large-scale drivers and
local high-impact weather has the potential to improve
S2S forecasts and enhance early warning/early action sys-
tems. The 2018 and 2020 March to May (MAM) seasons
were wetter than average, with MAM 2018 being one of
the wettest long rainy seasons on record (Kilavi
et al., 2018). Conversely, the 2019 long rainy season expe-
rienced below-average precipitation. By comparing
observed rainfall anomalies with large-scale atmospheric
conditions, and consistent with previous work (Finney
et al., 2020; Kilavi et al., 2018; Macleod et al., 2021;
Vellinga & Milton, 2018), we conclude that enhanced
rainfall during the studied MAM seasons is associated
with an active Madden–Julian Oscillation (MJO) in
Phases 1–4, a tropical cyclone situated to the east or
north of Madagascar, or a combination of both. We also
find that the recovery of rainfall during the dry 2019
MAM season was associated with the development of
positive Indian Ocean Dipole (IOD) conditions. Whilst
continued research is warranted, and in agreement with
Finney et al. (2020), we propose that the influence of the
MJO on extreme Eastern Africa rainfall is modulated by
tropical cyclones in the south-west Indian Ocean. We
also find that suppressed rainfall and a delayed onset to
the 2019 MAM season were associated with cyclone Idai
to the west of Madagascar. For all three long rainy sea-
sons studied, we find no association between El Niño
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conditions and rainfall anomalies, which is consistent
with previous work (Gudoshava & Semazzi, 2019; Indeje
et al., 2000).

Evaluating ECMWF S2S forecasts and their ability to
reproduce rainfall anomalies across Eastern Africa high-
lights that whilst forecasts correctly capture temporal
rainfall variations, with particular success during the wet-
test weeks in MAM 2018 and 2020, forecasts failed to cap-
ture the magnitude of rainfall anomalies. In general,

forecasts underestimate rainfall anomalies during
extreme wet weeks and overestimate precipitation
during moderate events. Given that both positive and
negative precipitation errors are found for different
weeks, quantile or distribution mapping (Wood
et al., 2004) are better suited bias correction techniques
compared with linear scaling (Maraun, 2016). Spatial
maps of errors during extreme wet weeks illustrate that
errors are relatively large across coastal regions of Kenya

FIGURE 8 Weekly-mean ERA5 and forecasted mean sea level pressure anomalies (filled, hPa) and 700 hPa wind anomalies (arrows,

m s�1) during the week beginning (a–c) 3 March 2018, (d–f) 22 April 2019 and (g–i) 9 March 2020. Panels in the first column (a, d and g)

show ERA5 anomalies, whilst panels in second (b, e and h) and third (c, f and i) columns show forecasted anomalies and biases at a one-

week lead time. ‘fc’ is shorthand for ‘forecast’.
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and Tanzania, and on the eastern side of the Eastern
Africa highlands. This is unsurprising given that
observed rainfall is more intense in these regions. Unsur-
prisingly, forecast errors increase with lead time
(de Andrade et al., 2021; Endris et al., 2021). Focusing on
weeks with extreme rainfall accumulations, ECMWF
forecasts had similar skill at a one- and two-week lead
time, with errors substantially increasing at a three-week
lead time. A consideration of decreased skill at a three-
week lead-time is required when developing actionable,
user-focused early warning systems.

Alongside assessing forecasted precipitation, we also
evaluated the representation of large-scale atmospheric
drivers. Evaluating forecasted MJO characteristics during
each week of April 2018, 2019 and 2020 reveals that whilst
the MJO intensity is often weaker compared with observa-
tions, forecasts do reasonably well at capturing the MJO
phase at a one-week lead time. Analysis of the forecasted
ensemble mean highlights a rapid deterioration in forecasts
of an active MJO. This agrees with work showing that S2S
forecasts and climate models perform inadequately at repre-
senting persisting MJO events (Kim et al., 2019; Li
et al., 2022; Seo et al., 2009). Our case study analysis is also
consistent with other studies showing that an active MJO is
more likely to be forecasted when the model is initialized
with an active MJO (Kim et al., 2019; Vitart &
Molteni, 2010). For instance, the model performs best during
April 2018 compared with April 2019 and 2020, as the begin-
ning of April 2018 was characterized by an active MJO.

In light of Finney et al., 2020, we also evaluated the
forecasted influence of Indian Ocean tropical cyclones on
extreme rainfall. In general, forecasts with a better tropical
cyclone representation, and associated wind anomalies
across continental Africa, did a better job at capturing
rainfall anomalies. However, the forecasted tropical
cyclone intensity is often too weak, with the location of
forecasted tropical cyclones substantially varying. Our case
study analysis is in agreement with Kolstad 2021, who
found that only 5% of ECMWF ensemble members pre-
dicted local wind speed maxima and sea level pressure
minima in the Mozambique Channel. Lee et al. (2020) also
showed that skill in forecasting tropical cyclones is poor
after two weeks. Given that rainfall is sensitive to the
moisture flux convergence, we also evaluated spatial varia-
tions in the vertically integrated moisture flux conver-
gence. In general, ECMWF S2S forecasts correctly predict
spatial variations in the anomalous moisture flux conver-
gence. However, anomalies are underestimated when con-
sidering the ensemble mean. Unsurprisingly, given
concluded rainfall errors, biases in the moisture flux con-
vergence increase with forecast lead time. To further
develop S2S forecasts across Eastern Africa, a greater
understanding of the observed and forecasted relationship

between moisture flux convergence and rainfall is required
(Kolstad, 2021; Lee et al., 2020).

Future work can further explore the links between
local high-impact weather and large-scale sub-seasonal
atmospheric drivers. A better understanding of these
links, and the associated regime-dependent skill, is cru-
cial for informing the co-development of reliable and
actionable early warnings for the region.
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