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1Grantham

Madagascar, Mozambique, Malawi and neighbouring countries suffered severe flooding after
a series of tropical storms, including three cyclones, hit the region, starting with storms Ana
and Batsirai in January and February 2022.

Main findings
● Most impacts were caused by flooding. We therefore assess rainfall associated with
tropical storms, measured as the 3-day annual maximum. A measure which is short
enough to exclude rainfall from other events that occur close to the event in question
but long enough to encompass the full impacts.
● Madagascar, Malawi and Mozambique all had experienced flooding in the weeks
preceding Ana, and the communities affected by those floods were left extremely
vulnerable to any other hazard, in particular one that compounded the existing flood
situations - consecutive tropical storms do not allow people to recover before another
one hits. Underlying conditions of conflict (northern Mozambique) and drought
(southern Madagascar) likely increased vulnerability. Madagascar is currently
grappling with an extreme food insecurity situation, driven by a range of socioeconomic conditions and a prolonged drought.
● Both, tropical storm Ana and cyclone Batsirai were well forecasted and tracked
notably by Météo Madagascar and the Regional Specialised Meteorological Centre.
However, the existence of warnings does not guarantee that these warnings are
received and acted upon. In some areas, the damage to communication structures and
electrical grids has hampered the reception of the warnings.
● From a meteorological perspective the event (defined in this instance as max. 3-day
average rainfall) was only extreme for the first cyclone, Ana, with a return period of
approx. 1 in 50 years over Malawi & Mozambique. Batsirai was not a rare event with
one of approx. 1 in 2 years over Madagascar.
● Observations of rainfall in the region are sparse and contain many instances of
missing data, a quantitative assessment of trends is therefore fraught with
uncertainties. Qualitatively, however, in particular taking longer time series into
account, an increase in the likelihood and intensity of heavy rainfall as associated with
these tropical cyclones can be observed.
● To determine the role of climate change in these observed changes, we combine
observations with climate models. We conclude that greenhouse gas and aerosol
emissions are in part responsible for the observed increases.
● These findings are consistent with future projections of heavy rainfall associated with
tropical cyclones, corroborating the attribution finding that climate change indeed
increased the likelihood and intensity of the rainfall associated with Ana and Batsirai.

1 Introduction
The Southwest Indian Ocean, including the Mozambique Channel is a recognized hotspot of
tropical storms and cyclones, and associated with significant loss and damage in the areas hit.
In late January, Tropical Storm Ana brought winds, heavy rains, damage and destruction to
parts of Madagascar, Mozambique, Malawi and Zimbabwe. Ana was followed by Tropical
Cyclone Batsirai hitting the South coast of Madagascar on February the 5th 2022. Ana and
Batsirai were the first storms of the 2021-22 Southwest Indian Ocean cyclone season
(November-April) and affected several hundred thousand people across the affected
countries. Following those two storms three weaker storms, Dumako, Emnati, and Gombe
also made landfall that led to further flooding and casualties.
The circulation system of Ana was a tropical depression when it passed through east of
Madagascar on 22 January 2022. However, the region was already reeling under floods and
casualties from heavy rainfall spells in the preceding week, associated with the annual
southward migration of the Inter-Tropical Convergence Zone (ITCZ) , thereby compounding
the impacts. Although the system had weakened into a tropical disturbance when exiting the
island on 23 January 2022, it started strengthening again while moving across the
Mozambique Channel, finally making landfall in Mozambique on 24 January 2022 as a
moderate tropical storm.
Batsirai’s effects were primarily over Madagascar, where the cyclone made landfall as a
Category 3 storm on 5 Feb 2022 on the east coast. Heavy rainfall and strong gusts continued
till 7 Feb 2022 as it moved southwest across the island and weakened into a remnant low.
Both Ana and Batsirai caused severe humanitarian impacts in Madagascar, Mozambique, and
Malawi including deaths and injuries, infrastructure damage, and a range of long-lasting socioeconomic impacts which may become even more apparent as the recovery process begins. The
impacts were further compounded by preceding flood events and in Southern Madagascar a
severe drought.
Malawi and Mozambique strongly felt the impacts of Ana as it made landfall on the
Mozambique coastline and moved inland. In Mozambique, over 141,483 people are estimated
to have been directly affected, including at least 25 deaths (OCHA, 2022a). In Malawi, over
945,728 people are estimated to have been impacted by Ana including nearly 40,000 children
under-five, more than 10,000 people living with disabilities and roughly 21,000 pregnant and
lactating women (IFRC, 2022a), as well as over 190,429 displaced by the storm (IFRC, 2022b)
and 46 accounted dead (OCHA, 2022b).
Storm Ana had significant impacts on infrastructure and land. In Mozambique, more than 7,700
homes and 2,457 classrooms were reportedly destroyed, 70,982 hectares of land flooded, 23
water supply systems, 144 power poles and 2.275 km of roads damaged (OCHA, 2022a). In
Malawi, reported impacts include over 476 schools damaged, roads damaged, bridges washed
away and churches damaged (Ibid.), heavily reduced power generation capacity, failure to
operate water treatment and distribution systems including over 1,000 boreholes damaged,

contaminated or filled, impacting the access to potable water for over 300,000 people (OCHA,
2022b). In addition, the aftermath of Storm Ana is already showing important socio-economic
impacts notably on agricultural communities with many crops lost to the floods and winds.
Notably, over 37,000 hectares of crops were flooded in Mozambique (OCHA, 2022a) and
115,388 hectares in Malawi (IFRC, 2022b). Health impacts were also a concern in both
Mozambique and Malawi notably due to the damage of 30 healthcare facilities in Mozambique
(OCHA, 2022a) and 47 in Malawi (OCHA, 2022b). Additional reports of negative impacts on
nutrition and generalised food insecurity, particularly for already vulnerable groups such as
children and the elderly as well as increased exposure to protection risks for women and girls
(IFRC, 2022b; UNICEF, 2022). All this also happened in the context of the Covid-19
pandemic, with additional risks of cholera and polio outbreaks, measles, and malaria being of
particular concern (OCHA, 2022b; WHO, 2022). In addition, Madagascar is already grappling
with severe food insecurity (see Harrington et al., 2021).
In Madagascar, storm Ana is estimated to have affected over 500,000 people (OCHA, 2022c)
including 72,000 people displaced (Windsor, 2022) and tens of thousands left without
electricity (France 24, 2022). The official death toll sits around 58 (OCHA, 2022d). Only a
week later, Cyclone Batsirai came as a rapid compound event in a country already coping with
the recovery from storm Ana. In Madagascar, the death toll from Batsirai was much higher
than for storm Ana, with official numbers around 120 (OCHA, 2022e) including 87 people
from the Ikongo district, in the south-west of the country, alone (Rabary, 2022).
After Batsirai, over 20 roads and 17 bridges were recorded as destroyed, which left the worstaffected areas inaccessible by road (Al Jazeera, 2022). At least 10,900 homes were damaged
or completely destroyed (ECHO, 2022) and 69 health care centres were damaged (CARE,
2022). The city of Manajary was particularly devastated. In addition, increased food prices
(notably for rice) were also reported in Mozambique in the aftermath of Batsirai and Ana
(MSF, 2022). Given the highly stressed situation in the region in the past seasons and years,
there is elevated concern about heightened food insecurity (FEWSNet, 2022). Finally, many
health impacts are being felt as Madagascar recovers from both storms, including an increased
number of cases of diarrhoea and respiratory infections reported by Médecins Sans Frontières
(MSF, 2022).

Fig1. 3-day average precipitation [mm/day] from tropical storm Ana (left) and tropical
cyclone Batsirai (right) in ERA5 reanalysis data. The red box indicates the region used for
the assessment in Mozambique and Malawi.

The impacts from both these storms in the affected regions were primarily driven by the
heavy precipitation the storms brought, causing widespread flooding that led to subsequent
infrastructure damage and loss of lives. Therefore, accumulated or averaged precipitation for
typical durations of tropical storms (or cyclones) in the region in question is the variable most
closely connected to the impacts and is used for discerning the role of climate change in this
attribution study. To determine the temporal scale of the event, we need to ensure that the
period is sufficiently long to capture the rainfall associated with the storm over a particular
location while short enough to not include rainfall due to other phenomena. Therefore, this
period is fixed at 3 days for this study, a justified choice given that this is the average
duration over which these events persisted over the affected areas.
Fig. 1 shows the 3-day average rainfall over the Madagascar and Mozambique Channel from
Ana and Batsirai. Based on the respective areas over which the impacts from these storms
were greatest, two spatial domains are identified for this study, as follows:
1. A box (see Fig. 1(left)) over Mozambique and Malawi [20S-12S; 30E-42E]- the MMbox, for Tropical Storm Ana, and
2. Madagascar as a whole, for Cyclone Batsirai.
Fig. 2 shows the area-averaged annual precipitation cycles for Madagascar (Fig. 2(a-c)) and
the MM-box (Fig. 2(b-d)), for three available gridded observational datasets. The cycles for
both the regions follow unimodal distributions with most of the precipitation occurring during
the cyclone season of November-April, and peaking in January. We therefore choose to look
for annual extreme events, defining the year as July-June.

Fig2. Area-averaged annual precipitation cycles (mm/day) based on CHIRPS, TAMSAT and
ERA5 datasets for Madagascar (top) and the MM-box (bottom).
Further, we examine the sensitivity of the choice of 3-day precipitation averaging period in
reflecting the impacts of storms in the selected domains. Fig. 3 shows the 3-day accumulated
precipitation series over Madagascar and the MM-box, also highlighting the precipitation
associated with cyclone events (black dots, from IBTrACS1) in the respective regions. A
substantial proportion - about 65% - of the annual 3-day precipitation maxima over
Madagascar are found to be frequently associated with cyclones. This fraction is somewhat
less (22%) for the MM-box.
This implies that in this study we take into account trends in heavy precipitation more
generally, not limited to trends in precipitation associated with tropical cyclones only.
However, tropical depressions, a major cause of heavy rainfall events in the area, have very
similar synoptic features to cyclones, but are not captured by cyclone tracking datasets. If
these were included the proportion of tropical storm-related heavy rainfall events were even
higher. We thus consider the 3-day annual max rainfall as an impact-relevant indicator for
flood-damage during the tropical cyclone season.
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Fig3. Area-averaged 3-day running accumulated precipitation series for Madagascar (top)
and the MM-box (bottom). The black dots highlight the instances where the precipitation is
associated with a cyclone event (from the IBTrACS dataset). Data: CHIRPS

Tropical storms and cyclones are an annual occurrence in Madagascar, Mozambique, and
Malawi in this season. Between 1986 and 2021, the EM-DAT2 database reported that a
cumulative 96 tropical storms have hit the three countries. Based on gridded observational data
assessment (see section 3.2) the precipitation associated with storm Ana had a return period of
1 in 50 years, so clearly and extreme event, while Batsirai was a 1 in 2 year event (ie. with a
50% chance of occurring every year), not very extreme for Madagascar. Looking at station data
alone (see section 3.1) also the rainfall in Mozambique was on the order of a 1 in 2-6 year
event. In terms of impacts, which were driven mostly by flooding, both storms were not that
unusual. For example, according to EM-DAT, 40% of storms to have hit either of the three
countries since 1968 have had death tolls over 25, and 30% over 50. Although the impacts of
tropical storms in the region are not particularly unusual, this level of impact is considered
extreme at a global scale, at a level which triggered the WWA protocol (>100 deaths and
>1,000,000 people affected, reaching 2/3 of the threshold). The vulnerability and exposure
contexts of the region (see section 7) partially explains this pattern.
There is relatively little literature on the influence of anthropogenic climate change on
tropical cyclones and storms over basins other than the North Atlantic. The IPCC AR6 report
2
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(Seneviratne et al., 2021) states low confidence in most reported long-term (multidecadal to
centennial) trends in tropical cyclone frequency- or intensity globally when all types of
tropical cyclones are considered. This lack of evidence should not be interpreted as implying
that no trends exist, but rather as indicating that either the quality or the temporal length of
the data is not adequate to provide robust assessments. The AR6 further states that it is
however likely that the proportion of major tropical cyclone intensities and the frequency of
rapid intensification events have both increased globally over the last 40 years. An increase in
the occurrence of the most intense tropical cyclones has also been observed over the South
Indian Ocean (SIO; Kossin et al., 2020).
To our knowledge there are no attribution studies, linking these observed trends to
anthropogenic climate change. There is further limited evidence from individual event
attribution studies on the intensification of tropical cyclones (Patricola & Wehner, 2018).
There is much more robust evidence that anthropogenic climate change contributed to
extreme rainfall amounts during several intense tropical cyclones and storms in the North
Atlantic (e.g Emanuel, 2017; van Oldenborgh et al., 2017 and Risser and Wehner, 2017) and
outside, leading the AR6 to conclude with high confidence that precipitation intensities
associated with tropical storms have increased. This statement is however a global average,
and as with other types of extreme events, including heat waves, local changes can be
different. Luu et al. (2021) found a limited role for global warming in the heavy rainfall
associated with recent typhoons in Vietnam. Given the lack of any attribution studies on any
aspects of tropical cyclones hitting the African continent, despite repeated devastating
landfalls in recent years, a dedicated attribution study is needed to identify whether and to
what extent tropical cyclones in the Mozambique channel differ from the globally expected
picture.
Rainfall associated with tropical cyclones is projected to increase further with warming
following the Clausius-Clapeyron relationship on average, but with several regions expected
to see higher rain rates, especially on daily and shorter timescales (Seneviratne et al., 2021).
Tropical cyclone tracks and the location of topography relative to the cyclones significantly
affect precipitation, thus in general, areas on the eastern and southern faces of mountains
have higher precipitation changes.

2 Data and methods
2.1 Observational data
Daily rainfall observations for 24 stations (Fig. 4) in the study domain were made available
by the Mozambique National Institute of Meteorology. However, only 4 stations have the
quality (low proportion of gaps) and length (1981-2022) required for assessing trends (as
shown in appendix Fig. A1). Even these observations are too short to draw defensible
attribution conclusions or evaluate the quality of the gridded data products over the relatively
large study domain. Therefore, we use the data only in a limited manner - as an independent

line of evidence and a source of cross-validation for the generalised extreme value (GEV)
distribution parameters used in analyses of gridded data (see section 3.1).

Fig4. Weather stations within the region of the MM-box. The four stations with relatively few
days of missing data since 1981 are marked in blue.
We use three gridded datasets for fitting probability distributions to rainfall in the study
region(s) and thereafter analysing the heavy rainfall event due to Ana and Batsirai in the
context of climate change. The first dataset is the rainfall product developed by the Tropical
Applications of Meteorology using Satellite data and ground-based observations (TAMSAT)
group at the University of Reading, UK, based on high-resolution Meteosat thermal infrared
(TIR) imagery that are calibrated using rain gauge observations (Maidment et al., 2014,
2017; Tarnavsky, 2014). The rainfall product developed by the UC Santa Barbara Climate
Hazards Group called “Climate Hazards Group InfraRed Precipitation with Station data”
(CHIRPS; Funk et al. 2015) is the second dataset considered in this study. Both products
have wide applications in weather monitoring and forecasting and crises management in
Africa by engaging with the various government agencies (see
http://www.tamsat.org.uk/impact; https://www.chc.ucsb.edu/monitoring). However, both
these products have relatively shorter lengths, starting at 1983 and 1981, respectively, which
leads to very high uncertainties in the estimated precipitation trends. Therefore, we also
include data from the European Centre for Medium-Range Weather Forecasts- the ERA5
reanalysis product , which is longer in length (starting at 1950). We note that precipitation
from ERA5 is not directly assimilated, but it is a diagnostic variable generated by
atmospheric components of the IFS modelling system. For the period prior to 1979, the
information on tropical cyclones best track minimum mean sea level pressure is assimilated
to have a better representation of the extremes (Hersbach et al. 2020).

For obtaining rainfall distributions with respect to a hypothetical climate devoid of
anthropogenic influence, we assume that the distribution parameters scale with the Global
Mean Surface Temperature (GMST), an accepted measure of anthropogenic climate change
(e.g., Luu et al., 2021; van Oldenborgh et al., 2017). We use low-pass filtered estimates of
annual global mean surface temperature (GMST) from the National Aeronautics and Space
Administration (NASA) Goddard Institute for Space Science (GISS) surface temperature
analysis (GISTEMP, Hansen et al., 2010 and Lenssen et al. 2019).

2.2 Model and experiment descriptions
In addition to the observed datasets, we use three different ensembles from climate modelling
experiments using very different framings (Philip e al., 2020): SST driven global circulation
models, coupled global circulation models and regional climate models..
The first ensemble is the HighResMIP SST-forced model ensemble (Haarsma et al. 2016),
the simulations for which span from 1950 to 2050. The SST and sea ice forcings for the
period 1950-2014 are obtained from the 0.25° x 0.25° Hadley Centre Global Sea Ice and Sea
Surface Temperature dataset that are area-weighted regridded to match the climate model
resolution (see Table 1 ). For the ‘future’ time period (2015-2050), SST/sea-ice data are
derived from RCP8.5 (CMIP5) data, and combined with greenhouse gas forcings from SSP58.5 (CMIP6) simulations (see Section 3.3 of Haarsma et al. 2016 for further details).
The second ensemble considered in this study is GFDL-CM2.5/FLOR. This is a fully coupled
climate model developed at the Geophysical Fluid Dynamics Laboratory (GFDL; Vecchi et
al., 2014) with horizontal resolution of 50 km for land and atmosphere and 1 degree for ocean
and ice. The five ensemble simulations cover the period from 1860 to 2100, and include both
the historical and RCP4.5 experiments driven by transient radiative forcing from CMIP5
(Taylor et al., 2012).
The third ensemble is the CORDEX-Africa (0.44° resolution, AFR-44) multi-model
ensemble (Nikulin et al., 2012), comprising of 23 simulations resulting from pairings of
Global Climate Models (GCMs) and Regional Climate Models (RCMs). These simulations
are composed of historical simulations up to 2005, and extended to the year 2100 using the
RCP8.5 scenario.
The 1950-2022 period for which the observed data is available is chosen for model
evaluation, while the entire length of simulations up to the year 2022 is considered for the
attribution analysis.

Model

Resolution

Institute

CMCC-CM2-VHR4

~25 km

Fondazione Centro Euro-Mediterraneo sui
Cambiamenti Climatici

CMCC-CM2-HR4

~100 km

Fondazione Centro Euro-Mediterraneo sui
Cambiamenti Climatici

CNRM-CM6-1-HR

~50 km

Centre National de Recherches Meteorologiques

CNRM-CM6-1

~100 km

CNRM-CERFACS

EC-Earth3P-HR

~40 km

EC-Earth-Consortium

EC-Earth3P

~80 km

EC-Earth-Consortium

HadGEM3-GC31-HM

~25 km

UK Met Office, Hadley Centre

HadGEM3-GC31-MM

~60 km

UK Met Office, Hadley Centre

MPI-ESM1-2-XR

~60 km

Max Planck Institute for Meteorology

MPI-ESM1-2-HR

~100 km

Max Planck Institute for Meteorology

Table 1. List of HighResMIP models used in the study.
2.3 Statistical methods
In this study we analyse area averaged precipitation time series for Madagascar and the MMbox (see Fig. 1). Methods for observational and model analysis and for model evaluation and
synthesis are based on the World Weather Attribution Protocol, described in Philip et al.
(2020), with supporting details found in van Oldenborgh et al. (2021), Ciavarella et al. (2021)
and here.
The analysis steps include: (i) trend calculation from observations; (ii) model evaluation; (iii)
multi-method multi-model attribution and (iv) synthesis of the attribution statement.
We calculate the return periods, Probability Ratio (PR) and change in intensity of the event
under study for the comparison between observed GMST values of 2022 and past GMST
values (1850-1900, based on the Global Warming Index
https://www.globalwarmingindex.org), which is a difference of 1.2 °C.

3 Observational analysis: return time and trend
Several options exist when evaluating a recent extreme weather event in the context of
historical climate observations. While analysing historical data from local weather stations is
the first preference for any study, there are only very few stations of sufficient quality within
the regions of interest. In Madagascar and Malawi there are no suitable stations, but, as
described above, there are some in Mozambique. The main analyses are based on the gridded
data sets as described above, but we use the four usable stations in Mozambique as an
additional line of evidence for the MM-box region assessment.

3.1 Analysis of point station data
Fig. 5 shows the trend fitting methods described in Philip et al. (2020) applied to the transient
series of annual maximum 3-day average rainfall, for the four stations identified above (sec.
2.1). The behaviour of the location parameter with respect to the GMST (Fig.5 (left)) suggests
an increase in average rainfall due to warming, for all stations except Quelimane. Further, the
return period of 2022 rainfall in the current climate is found to range from 1 to 18 years for
these stations (Fig. 5 (right)), which is much lower than the estimate of 50 years adopted for
Mozambique, based on gridded data analysis, as explained in the next section. Although we
cannot compare an area average directly with station data, these results corroborate the finding
that the event is not very extreme from a meteorological point of view.

Fig5. GEV fit with constant dispersion parameters, and location parameter scaling
proportional to GMST of the index series, for the four weather stations in Mozambique. No
information from 2022 is included in the fit. Left: Observed max. annual 3-day average
rainfall as a function of the smoothed GMST. The thick red line denotes the time-varying
location parameter. The vertical red lines show the 95% confidence interval for the location
parameter, for the current, 2022 climate and the fictional, 1.2ºC cooler climate. The 2022
observation is highlighted with the magenta box. Right: Return time plots for the climate of
2021/22 (red) and a climate with GMST 1.2 ºC cooler (blue). The past observations are

shown twice: once shifted up to the current climate and once shifted down to the climate of
the late nineteenth century. The markers show the data and the lines show the fits and
uncertainty from the bootstrap. The magenta line shows the magnitude of the 2022 event
analysed here.

3.2 Analysis of gridded data
Fig. 6 shows the precipitation time-series for CHIRPS (1981-present), TAMSAT (1983present)and ERA-5 (1950-present) for Madagascar (Fig. 6 (top)) and the MM-box (Fig. 6
(bottom)). Overall, these records are in agreement, showing increasing trends in annual
maximum rainfall, for both regions. We acknowledge that ERA5 is found to be biased
slightly wet for some parts of Africa (Gleixner et al., 2020; Terblanche et al., 2021) and the
other data sets are developed for the region. However, the length of the other two data sets
are too short to identify significant trends in a noisy measure. We thus use all three datasets
(Fig. 6), seasonal cycles (Fig. 2) and spatial patterns (Fig. 10) as interchanegable sources for
computing return periods of the storm events, as follows.

Fig6. Time series of annual (July-June) maxima of 3-day average rainfall along with the tenyear running mean (shown by green line) for Madagascar (top) and Mozambique (bottom),
based on CHIRPS, TAMSAT and ERA5 rainfall datasets.
As with station-based observations, the left panels in Fig. 7 show the response of annual
maximum 3-day average precipitation to the global mean temperature, for Madagascar,
based on the gridded datasets from CHIRPS, TAMSAT and ERA5 (similar plots for the MMbox in Fig. 8). The right panels in Figs. 7 & 8 show the return period curves in the present,
2022 climate and the past climate when the global mean temperature was 1.2 °C cooler.
Because the TAMSAT and CHIRPS time series are too short to obtain the return period with
enough confidence, we use the return periods from ERA5 for the model analysis. These are,
for the current climate, rounded to 2 years for Madagascar and 50 years for the MM-box.

Fig7. same as Fig. 5, but for Madagascar, based on observed data from CHIRPS (top),
TAMSAT (middle) and ERA5 (bottom).

Fig8. same as Fig. 5, but for the MM-box, based on observed data from CHIRPS (top),
TAMSAT (middle) and ERA5 (bottom).

3.3 Influence of modes of natural variability
Tropical and subtropical teleconnections, particularly the El-Niño Southern Oscillation
(ENSO) is a principal driver of rainfall variability in sub-Saharan Africa (Camberlin et al.,
2001) and cyclonic activity in the adjoining seas (Burns et al., 2016). Fig. 9 shows the timing
of wet and dry seasons associated with the negative phase of ENSO or La-Niña, for the
various global regions. During austral summer (November-April), this phase fosters positive
rainfall anomalies in the southern part of Africa including the study domain, by influencing
the locations of major circulations responsible for synoptic rainfall-mechanisms in these
regions, primarily, the South Indian Convergence Zone (SICZ; Hoell et al., 2015; Hart et al.,
2018) and the Intertropical Convergence Zone (ITCZ; Schneider et al., 2014).

On the other hand, the association between ENSO and cyclonic activity in the Southwest
Indian Ocean is not as straightforward, and therefore not conclusive. Some features of
positive ENSO phase or El-Niño, primarily high SSTs and humidity that are conducive for
cyclogenesis are countered by other El-Niño features such as strong vertical westerly shear
and weak upper layer, anti-cyclonic vorticity (Burns et al., 2016; Mavume et al., 2009).
Consequently, cyclonic activity is slightly higher in the La-Niña years.
The 2022 cyclone season was accompanied by La Niña conditions persisting into the second
consecutive year, which has been shown to have influenced above-average rainfall seasons
over southern Africa3. However, the extent to which these modes of variability represent a
causal driver of specific rainfall events, in particular also over Madagascar which is outside
the region typically influenced, remains less clear. Further, there is evidence of climate
change intensifying precipitation rates during tropical cyclones in these regions (Knutson et
al., 2015), alongside decreases in cyclone activity (Muthige et al., 2018; Cattiaux et al.,
2018). Therefore, attribution studies focusing on precipitation associated with storms and
thus including both effects are useful to understand the overarching role of climate change in
one of the most damaging aspects of tropical cyclones.

Fig9. Schematic illustrating the timing of wet and dry conditions related to La Niña (source
https://fews.net/la-niña-and-precipitation)
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4 Model evaluation
We use three criteria to assess the models’ fitness for purpose. Firstly, we qualitatively compare
the seasonal cycles in models and observations; secondly, we compare the spatial pattern of
annual rainfall and thirdly, we compare the parameters of the fitted GEV in observations and
models. The assessment of whether the seasonal cycles in the models follow the observed
cycles (see Fig. 2) is done by visually inspecting the mono-modal distributions. For the spatial
patterns we compare, again visually, the annual mean rainfall in the observations (Fig. 10) with
those in the models. Many models show very high levels of rainfall over the Mozambique
channel and are excluded from the analysis.

Fig10. Annual average daily mean precipitation pattern (mm/day) for CHIRPS (left) and
ERA-5 (right) averaged over the length of the respective time series.
The figures for patterns and seasonal cycles in the models can be found in the appendix. Fig.
A2 shows the annual precipitation cycles based on CORDEX models for Madagascar (Fig.
A3 shows similar plots for the MM-box). The average precipitation patterns over the larger
domain including both Madagascar andt the MM-box, based on these models are shown in
Fig. A4. Figs A5-A6 show the seasonal cycles and spatial pattern of precipitation from the
coupled FLOR model.
Fig. A4 shows that many models have a large bias over the Mozambique Channel. Because
of the large discrepancies in the observed rainfall distributions in the different observational
data products, the spatial pattern assessment in particular provides a harder test for the
models.We note however, that because of the difficulty in assessing reliable observations,
models labelled “good” would more realistically be labelled “not terrible” as all criteria are
comparably weak.
Tables 2 &3 show the model evaluation results, including both the models that passed the
evaluation tests (labelled as "good", green) and models which did not (labelled as
“reasonable” (yellow) "bad", red). Of those models considered, all that were labelled as “bad”

or “reasonable” were discarded from the subsequent attribution analysis, for either of three
reasons, the spatial patterns of the rainfall did not resemble those of the observations, the
seasonal cycle is wrong, or the 95% confidence intervals of the GEV parameters did not
overlap with the corresponding confidence intervals in the observational data sets. We also
note that values for CHIRPS and TAMSAT in Table 1 are very different to those of ERA5.
The statistical test thus only offers limited insight into the fitness for purpose of the models.

Observations

Seasonal Spatial
cycle
pattern

Dispersion

Shape
parameter

Event magnitude

CHIRPS

0.107 (0.0730 -0.10 (-0.43
... 0.125)
... 0.099)

24.9

TAMSAT

0.157 (0.117 -0.17 (-0.45
... 0.184)
... 0.036)

15.8

ERA5

0.141 (0.114 -0.086 (-0.31
... 0.160)
... 0.14)

25.4
Threshold for
return period

Model
CMCC-CM2-VHR4
HighResMIP (1)
CNRM-CM6-1-HR
HighResMIP (1)
EC-Earth3P-HR
HighResMIP (1)
HadGEM3-GC31-HM
HighResMIP (1)
MPI-ESM1-2-XR
HighResMIP (1)
HadGEM3-GC31-MM
HighResMIP (1)

good

bad

0.170 (0.137 0.15 (0.0050
... 0.198)
... 0.29)

36.3

good

reasonabl 0.215 (0.174 -0.011 (-0.15
e
... 0.248)
... 0.11)

27.8

good

good

0.131 (0.110 -0.020 (-0.27
... 0.146)
... 0.11)

25.4

good

0.151 (0.124 -0.053 (-0.23
... 0.172)
... 0.092)

31.7

good

0.101 (0.0830 -0.096 (-0.27
... 0.115)
... 0.046)

18.3

bad

0.167 (0.142 -0.12 (-0.29
... 0.188)
... 0.031)

32.3

reasonabl 0.108 (0.0910 -0.30 (-0.43
e
... 0.121)
... -0.16)

19.7

good
good
good

EC-Earth3P HighResMIP
(1)
good
CNRM-CM6-1
HighResMIP (1)
CMCC-CM2-HR4
HighResMIP (1)
MPI-ESM1-2-HR
HighResMIP (1)

50-yr

reasonabl
e
bad

0.187 (0.150 0.16 (-0.023
... 0.219)
... 0.32)

32.7

good

bad

0.218 (0.177 -0.022 (-0.15
... 0.249)
... 0.11)

32.1

good

0.143 (0.116 -0.10 (-0.22
... 0.166)
... 0.025)

19.4

good

GFDL-CM2.5 / FLOR
historical-rcp45 (5)
good

good

0.164 (0.150 0.016 (-0.049
... 0.175)
... 0.083)

27.7

good

0.161 (0.121 -0.14 (-0.33
... 0.193)
... 0.063)

34.4

good

0.155 (0.116 -0.25 (-0.43
... 0.182)
... -0.013)

29.5

CCLM4 / HadGEM2-ES reasonabl
Cordex (r1)
e
good

0.167 (0.132 -0.063 (-0.34
... 0.197)
... 0.087)

37.0

CCLM4 / MPI--ESM-LR reasonabl
Cordex (r1)
e
good

0.170 (0.131 -0.097 (-0.28
... 0.200)
... 0.11)

39.3

HIRHAM5 / EC-EARTH
Cordex (r1)
good

good

0.180 (0.142 -0.053 (-0.23
... 0.210)
... 0.14)

29.4

bad

0.154 (0.120 -0.11 (-0.29
... 0.180)
... 0.070)

46.1

good

0.202 (0.152 -0.096 (-0.28
... 0.235)
... 0.19)

36.7

bad

0.179 (0.145 -0.011 (-0.20
... 0.206)
... -0.20)

44.6

good

0.208 (0.171 -0.15 (-0.37
... 0.237)
... 0.082)

26.1

RACMO22T / HadGEM2- reasonabl
ES Cordex (r1)
e
good

0.213 (0.171 0.12 (-0.27 ...
... 0.249)
0.39)

31.9

RCA4 / CanESM2 Cordex
(r1)
good

0.202 (0.166 -0.11 (-0.36
... 0.230)
... 0.069)

41.6

RCA4 / CNRM-CM5 reasonabl
Cordex (r1)
e
bad

0.183 (0.149 -0.19 (-0.33
... 0.208)
... -0.082)

42.2

RCA4 / CSIRO-Mk3
Cordex (r1)
good

good

0.238 (0.181 -0.16 (-0.35
... 0.278)
... 0.094)

43.9

bad

0.164 (0.131 -0.10 (-0.30
... 0.190)
... 0.091)

38.2

bad

0.155 (0.124 -0.0050
(... 0.177)
0.25 ... 0.19)

38.4

CCLM4 / CNRM-CM5
Cordex (r1)
good
CCLM4 / EC-EARTH
Cordex (r12)
good

REMO20009 / IPSLCM5A-LR Cordex (r3)
good
REMO20009 / MIROC5
Cordex (r1)
good
REMO20009
HadGEM2-ES
(r1)

/
Cordex
good

RACMO22T
/
ECEARTH Cordex (r1)
good

RCA4 /
Cordex (r1)

EC-EARTH

RCA4 /
Cordex (r3)

EC-EARTH

good
good

good

RCA4 / EC-EARTH
Cordex (r12)
good

bad

0.168 (0.137 -0.13 (-0.33
... 0.196)
... 0.058)

38.6

RCA4 / IPSL-CM5A-LR reasonabl
Cordex (r1)
e
bad

0.198 (0.161 -0.31 (-0.55
... 0.229)
... -0.054)

49.0

RCA4 / MIROC5 Cordex
(r1)
good

0.204 (0.168 -0.12 (-0.33
... 0.235)
... 0.062)

37.3

RCA4 / HadGEM2-ES reasonabl
Cordex (r1)
e
bad

0.209 (0.172 -0.32 (-0.56
... 0.237)
... 0.12)

37.6

RCA4 / MPI-ESM-LR reasonabl
Cordex (r1)
e
good

0.193 (0.158 -0.093 (-0.24
... 0.222)
... 0.024)

46.0

RCA4 / MPI-ESM-LR reasonabl
Cordex (r2)
e
good

0.180 (0.149 -0.17 (-0.38
... 0.207)
... -0.025)

41.4

RCA4 / MPI-ESM-LR reasonabl
Cordex (r3)
e
good

0.202 (0.170 -0.11 (-0.32
... 0.229)
... 0.016)

45.1

RCA4 / NorESM1 Cordex
(r1)
good

0.191 (0.154 -0.11 (-0.32
... 0.216)
... 0.049)

46.7

good

good

Table2. Evaluation results for the climate models considered for the attribution analysis of
Tropical Storm Ana in the MM-box. The table contains qualitative assessments of seasonal
cycle and spatial pattern of precipitation from the models (good, reasonable, bad) along with
estimates for dispersion parameter, shape parameter and event magnitude. The
corresponding estimates for observations are shown in blue. Based on overall suitability, the
models are classified as good, reasonable and bad, shown by green, yellow and red
highlights, respectively.

Observations

Seasona Spatial
Shape
l cycle pattern Dispersion parameter Event magnitude

CHIRPS

0.187
(0.135 ...
0.221)

-0.21 (-0.40
... -0.038)

20.3

TAMSAT

0.156
(0.109 ...
0.189)

0.019 (-0.15
... 0.18)

25.7

ERA5

0.261
(0.214 ...
0.296)

0.12 (-0.088
... 0.27)

27.1

Threshold for 2-yr
return period

Model

good

0.248
reasona (0.192 ...
ble
0.297)

good

good

0.415
(0.333 ...
0.469)

0.18 (-0.079
... 0.40)

22.42

good

0.210
(0.174 ...
0.241)

0.019 (-0.19
... 0.18)

18.03

HadGEM3-GC31-HM
HighResMIP (1)
good

good

0.262
(0.220 ...
0.291)

-0.17 (-0.31
... -0.018)

38.11

MPI-ESM1-2-XR
HighResMIP (1)

0.103
reasona (0.0860 ...
ble
0.116)

-0.049 (0.23 ...
0.084)

12.89

0.211
reasona (0.175 ...
ble
0.241)

0.093 (-0.14
... 0.25)

26.82

good

0.131
(0.104 ...
0.156)

0.15 (0.0070 ...
0.29)

19.86

good

good

0.262
(0.208 ...
0.312)

0.21 (0.080
... 0.33)

23.30

good

0.119
reasona (0.0920 ...
ble
0.138)

-0.019 (0.15 ...
0.14)

12.73

good

0.254
reasona (0.193 ...
ble
0.310)

0.37 (0.20
... 0.51)

22.57

GFDL-CM2.5 / FLOR
historical-rcp45 (5)
good

good

0.231
(0.212 ...
0.248)

-0.034 (0.11 ...
0.030)

26.71

reasona
ble
good

0.223
(0.179 ...
0.259)

-0.051 (0.37 ...
0.16)

32.57

CMCC-CM2-VHR4
HighResMIP (1)
CNRM-CM6-1-HR
HighResMIP (1)
EC-Earth3P-HR
HighResMIP (1)

good

good

HadGEM3-GC31-MM
HighResMIP (1)
good
EC-Earth3P
HighResMIP (1)
CNRM-CM6-1
HighResMIP (1)
MPI-ESM1-2-HR
HighResMIP (1)

CMCC-CM2-HR4

CCLM4 / CNRMCM5 Cordex (r1)

good

0.30 (0.11
... 0.46)

32.49

CCLM4 / EC-EARTH reasona
Cordex (r12)
ble
good

0.205
(0.166 ...
0.237)

-0.16 (-0.31
... 0.0010)

35.68

CCLM4 / HadGEM2- reasona
ES Cordex (r1)
ble
good

0.286
(0.235 ...
0.324)

-0.27 (-0.56
... 0.0)

32.72

CCLM4 / MPI--ESMLR Cordex (r1)
good

good

0.221
(0.169 ...
0.257)

-0.16 (-0.33
... 0.036)

38.45

good

0.235
(0.194 ...
0.267)

0.026 (-0.10
... 0.16)

24.33

bad

0.184
(0.143 ...
0.215)

-0.23 (-0.47
... -0.041)

48.16

good

0.245
(0.198 ...
0.284)

-0.11 (-0.32
... 0.031)

33.49

REMO20009 /
HadGEM2-ES Cordex reasona
(r1)
ble
bad

0.201
(0.168 ...
0.231)

-0.14 (-0.59
... -0.0070)

49.31

RACMO22T / ECEARTH Cordex (r1)

good

0.361
(0.298 ...
0.409)

-0.19 (-0.38
... -0.059)

27.92

RACMO22T /
HadGEM2-ES Cordex reasona
(r1)
ble
good

0.317
(0.263 ...
0.353)

-0.17 (-0.42
... 0.13)

28.08

RCA4 / CanESM2
Cordex (r1)

0.180
(0.142 ...
0.212)

-0.26 (-0.51
... -0.13)

44.59

RCA4 / CNRM-CM5 reasona
Cordex (r1)
ble
bad

0.183
(0.141 ...
0.211)

-0.032 (0.22 ...
0.11)

48.87

RCA4 / CSIRO-Mk3
Cordex (r1)

0.294
(0.239 ...
0.340)

-0.33 (-0.51
... -0.20)

36.59

HIRHAM5 / ECEARTH Cordex (r1)
REMO20009 / IPSLCM5A-LR Cordex
(r3)

bad

good

REMO20009 /
MIROC5 Cordex (r1) good

bad

good

good

good

good

reasona
ble
bad

0.161
(0.125 ...
0.192)

-0.29 (-0.54
... -0.11)

48.32

reasona
ble
bad

0.180
(0.148 ...
0.207)

-0.14 (-0.31
... 0.029)

44.88

reasona
ble
bad

0.160
(0.127 ...
0.184)

-0.17 (-0.39
... -0.046)

46.18

bad

0.133
(0.107 ...
0.151)

-0.14 (-0.32
... 0.015)

54.03

good

0.213
(0.172 ...
0.245)

-0.25 (-0.42
... -0.092)

42.85

RCA4 / HadGEM2-ES reasona
Cordex (r1)
ble
bad

0.151
(0.118 ...
0.176)

-0.20 (-0.40
... -0.024)

55.31

RCA4 / MPI-ESM-LR
Cordex (r1)
good

good

0.173
(0.140 ...
0.202)

-0.40 (-0.69
... -0.25)

50.23

good

0.181
(0.147 ...
0.210)

-0.32 (-0.67
... -0.19)

50.54

good

0.147
(0.122 ...
0.165)

-0.24 (-0.46
... -0.049)

50.30

good

0.196
(0.156 ...
0.232)

-0.38 (-0.68
... -0.12)

42.62

RCA4 / EC-EARTH
Cordex (r1)
RCA4 / EC-EARTH
Cordex (r3)
RCA4 / EC-EARTH
Cordex (r12)

RCA4 / IPSL-CM5ALR Cordex (r1)
good
RCA4 / MIROC5
Cordex (r1)

good

RCA4 / MPI-ESM-LR
Cordex (r2)
good
RCA4 / MPI-ESM-LR
Cordex (r3)
good
RCA4 / NorESM1
Cordex (r1)

good

Table3. Same as Table 2, for attribution analysis of Cyclone Batsirai in Madagascar.

5 Multi-method multi-model attribution
This section shows Probability Ratios and change in rain event intensity ΔI for models and also
includes the values calculated from the fits with observations. Tables 4 and 5 show only the
models that are labelled "good".

Model / Observations

Threshold for
return period 2 Probability ratio
yr
PR [-]

Change in
intensity ΔI
[mm/day]

CHIRPS

20 mm/day

0.97 (0.66 ... 1.7)

-3.0 (-31 ... 35)

TAMSAT

26 mm/day

0.56 (0.10 ... 4.9)

-9.6 (-31 ... 23)

ERA5

27 mm/day

2.4 (1.1 ... 6.4)

33 (3.5 ... 76)

EC-Earth3P-HR HighResMIP
(1)
18 mm/day

0.83 (0.45 ... 1.5)

-5.5 (-21 ... 17)

HadGEM3-GC31-HM
HighResMIP (1)

38 mm/day

2.9 (0.79 ... 12)

26 (-4.8 ... 57)

EC-Earth3P HighResMIP (1)

20 mm/day

0.89 (0.51 ... 1.8)

-2.2 (-14 ... 11)

CNRM-CM6-1 HighResMIP
(1)

23 mm/day

1.1 (0.61 ... 1.9)

2.4 (-17 ... 26)

CCLM4 / CNRM-CM5 Cordex
(r1)
33 mm/day

1.5 (0.59 ... 2.8)

10 (-11 ... 31)

CCLM4 / EC-EARTH Cordex
(r12)
36 mm/day

1.3 (0.58 ... 3.0)

6.8 (-11 ... 25)

CCLM4 / HadGEM2-ES
Cordex (r1)

33 mm/day

1.2 (0.25 ... 2.0)

6.5 (-25 ... 28)

HIRHAM5 / EC-EARTH
Cordex (r1)

24 mm/day

2.2 (1.2 ... 4.3)

21 (4.2 ... 42)

1.7 (0.62 ... 3.3)

12 (-6.9 ... 33)

REMO20009 / HadGEM2-ES
Cordex (r1)
49 mm/day

Table 4. Precipitation threshold for the 2-yr return period, Probability Ratio and change in
intensity for the models that passed the validation tests, for Madagascar.

Model / Observations

Threshold for
Change in
return period Probability ratio intensity ΔI
50 yr
PR [-]
[%]

CHIRPS

24.884
mm/day

15 (0.16 ... ∞)

12 (-11 ... 43)

TAMSAT

15.762
mm/day

1.8 (0.45 ...
2.1e+2)

14 (-16 ... 63)

ERA5

25.383
mm/day

14 (1.3 ... ∞)

16 (1.7 ... 33)

EC-Earth3P-HR HighResMIP
(1)

25 mm/day

3.4 (0.91 ... ∞ )

9.9 (-1.1 ... 23)

HadGEM3-GC31-HM
HighResMIP (1)

32 mm/day

2.9 (0.58 ... ∞ )

8.3 (-4.9 ... 25)

MPI-ESM1-2-XR HighResMIP
(1)
18 mm/day

8.9 (1.5 ... ∞)

10 (1.9 ... 21)

GFDL-CM2.5 / FLOR
historical-rcp45 (5)

28 mm/day

1.9 (1.3 ... 3.0)

6.2 (2.7 ... 10)

CCLM4 / CNRM-CM5 Cordex
(r1)
34 mm/day

2.8 (0.16 ... ∞ )

6.0 (-7.2 ... 20)

CCLM4 / EC-EARTH Cordex
(r12)

30 mm/day

-5.9 (-18 ...
0.31 (0.0031 ... ∞) 6.6)

CCLM4 / HadGEM2-ES
Cordex (r1)

37 mm/day

3.6 (0.83 ... ∞)

10 (-1.6 ... 30)

CCLM4 / MPI--ESM-LR
Cordex (r1)

39 mm/day

3.4 (0.50 ...
1.8e+10)

8.7 (-3.2 ... 21)

HIRHAM5 / EC-EARTH
Cordex (r1)

29 mm/day

1.5 (0.26 ... 29)

-3.6 (-15 ... 11)

REMO20009 / IPSL-CM5A-LR
Cordex (r3)
46 mm/day

18 (2.4 ... ∞)

16 (6.0 ... 27)

RCA4 / MPI-ESM-LR Cordex
(r3)

2.2 (0.14 ... ∞)

6.2 (-8.7 ... 22)

45 mm/day

Table 5. Same as Table 4, for the MM-box. Here, thresholds are shown for the 50-yr return
period.

6 Hazard synthesis
For each of the two event definitions we calculate the probability ratio as well as the change in
magnitude of the event in the observations and the models. If the models do not pass the
validation tests we do not use the results. We synthesise the ones that pass along with the
observations, to give an overarching attribution statement. Observations and models are
combined into a single result in two ways if they seem to be compatible. Firstly, we neglect
common model uncertainties beyond the model spread that is depicted by the model average,
and compute the weighted average of models and observations: this is indicated by the magenta
bar. As, due to common model uncertainties, model uncertainty can be larger than the model

spread, secondly, we also show the more conservative estimate of an unweighted average of
observations and models, indicated by the white box around the magenta bar in the synthesis
figures.

Fig11. Synthesis of intensity change (left) and probability ratios (right), when comparing the
2-year heavy rainfall event over Madagascar with a 1.2C cooler climate.

Fig12. Synthesis of intensity change (left) and probability ratios (right), when comparing the
50-year heavy rainfall event over the Mozambique Malawi region with a 1.2C cooler climate.
The evaluation of models in this study has proven difficult due to the very large discrepancies
in the observational data. For both event definitions the parameters of the GEV distribution
span a very large range, thus providing only loose criteria to exclude models. For the synthesis
we thus concentrated on models that showed a good representation of the observed rainfall
patterns as well as the seasonal cycle and excluded all models whose parameters were outside
the (still large) range of the best estimates for the observed parameters. The overarching results
are however not sensitive to whether the models with parameters labelled as “reasonable” are

included in the synthesis. Figures 11 & 12 show the synthesis only including the models having
passed the stricter evaluation criteria.
For both events the synthesis shows an increase in the intensity and probability ratios where
the increase in intensity is of the order expected from the Clausius-Clapeyron relationship and
probability ratios indicate very roughly a doubling in likelihood. The uncertainty around this
result is so large, that exact values are not informative. In fact, given the large discrepancy in
trends in models as well as observations, a quantitative synthesis is only reported here for
illustration, the quality of the observations and subsequent inability to identify fit-for-purpose
models renders any quantitative assessment meaningless as well as the notion of statistical
significance. Qualitatively however, it is important to highlight that with small sensitivity to
the exact choice of models that there is an increase in intensity and likelihood, suggesting that
heavy rain as observed in the regions in 2022 is a harbinger of what is to come.
This finding is in line with global research on tropical cyclones, e.g. summarised by Knutson
et al. (2020) highlighting that precipitation rates associated with tropical cyclones will rise with
further warming.
7 Vulnerability and exposure
What turns a hazard into a humanitarian disaster is generally understood as a combination of
exposure and vulnerability (including coping capacity) which combined make a community
or household better or worse equipped to respond to hazard risk and lessen its impact.
INFORM Risk Index
The INFORM index, a collaboration of the Inter-Agency Standing Committee Reference
Group on Risk, Early Warning and Preparedness and the European Commission, is a
framework to quantify the level of humanitarian risk in a country, based on the three
dimensions of risk: hazard exposure, vulnerability, and coping capacity. Through 54
different indicators, it builds a risk score out of 10 for each country (INFORM Risk
Methodology, 2017). INFORM ranks disaster risk in Mozambique as “very high”, notably
due to medium exposure to cyclones and floods, high vulnerability (7.6/10) notably due to
high inequality, rates of displacement, and socio-economic conditions, and a low coping
capacity (6.3/10). The same index ranks risk in Malawi as “medium” notably due to
medium exposure to floods (5.3/10) , medium vulnerability and medium-low lack of coping
capacity (6.4/10) notably due to vulnerable infrastructure and warning communication.
Finally, risk in Madagascar is ranked as “high”, product of a high exposure to cyclones and
floods, medium vulnerability (5/10) linked to “low development” and “deprivation”
(8.7/10) and presence of vulnerable groups including marginalised indigenous populations,
and high lack of coping capacity (7/10) notably due to highly exposed and vulnerable
infrastructure and limited warning communication structure (INFORM 2022).
Among the many vulnerability and exposure dynamics which are being uncovered in postdisaster reporting and research on storm Ana and cyclone Batsirai, common themes across both
events and the three countries include the presence of compound events, varying levels of
warning and preparedness, and a range of socio-economic impacts which made certain
populations particularly vulnerable to the storms.

a. Forecasts, warning, and preparedness
Warning and preparedness are a key tool to reduce the impact of disasters. The Southern Africa
region sees multiple tropical storms and cyclones per year and has developed robust
forecasting, warning, and preparedness to these hazards. For instance, Madagascar’s cyclone
and flooding contingency plan is updated every year and includes elements such as, plans for
different cyclone scenarios, budgets for preposition, and warning communication networks
(Repoblikan’i Madagasikara, 2013) - the latest was updated in November 2021 (Actu Orange,
2021). Similarly, Mozambique experiences at least one tropical cyclone landfall a year, on
average (1958-2008) (Bettinger and Merry, 2012). Tropical disturbances, storms, and cyclones
in the Southern Indian Ocean are relatively well-tracked and understood, monitored by a range
of institutions such as Météo Madagascar, South Africa Weather Services (SAWS), Instituto
Nacional de Meteorologia de Moçambique (INAM), and the Direction of Météo-France in La
Réunion, a designated Regional Specialised Meteorological Centre (RSMC) responsible for
the monitoring of all the tropical systems occurring over South-West Indian Ocean.
Both tropical storm Ana and cyclone Batsirai were well forecasted and tracked, notably by
Météo Madagascar and the Regional Specialised Meteorological Centre. A track of cyclone
Ana was first communicated on January 16th by MétéoFrance / Piroi and INAM warning
bulletins 8 days before it made landfall in Mozambique. Ana moved rapidly through
Madagascar to the Mozambique channel within 24 hours, rapidly intensifying and hitting
Angoche District in Nampula Province on January 24th (OCHA, 2022c). Cyclone Batsirai was
identified approximately with a 9 days lead-time. (MétéoFrance, 2022). The flooding caused
by the storms was also the subject of warnings in all three countries. For example, on the 21 st
January, the National Directorate for Water Resources Management (DNGRH) in Mozambique
issued warnings for increasing levels in the river basins of Zambeze (Sub basins of Revubue e
Chire), Licungo, coastal basins of the Zambezia, Nampula and Cabo Delgado provinces and a
risk of moderate to high urban flooding for the cities of Beira and Quelimane and erosion risk
for the city of Nacala Porto (DNGRH, 2022).
However, the existence of warnings does not guarantee that these warnings are received
and acted upon. Notably, the general damage to communication structures and electrical grids
may have hampered the reception of the warnings; and lead times of the warning may have
influenced the level of greater warning-based actions. Additionally, lack of trust in the forecast
information has also been reported as hindering the effectiveness of the warnings (IFRC,
2022c). Deeper investigation and analysis would be required to understand the role these
elements played in enhancing or limiting impacts.
b. Compound events
In the climate hazard literature, compound events are defined as the overlap of multiple hazards
and/or drivers that combine to increase social or environmental risk (Zscheischler et al., 2018;
Zscheischler et al., 2020; Raymond et al., 2020). This can includes a variety of combinations:
(1) more than one extreme event happening at the same time or not long after one another, (2)
different combinations of extreme events over underlying vulnerable conditions, (3) or the
occurrence of multiple events which on their own cannot be considered extreme but their
impacts are (IPCC, 2012 (SREX); Cato and Dowdy, 2021).
All three of these definitions apply to storm Ana and cyclone Batsirai, both which hit
with high rainfall intensity in river catchments that were already in the midst of a particularly
rainy season (IFRC, 2022d). Indeed, both Malawi and Mozambique had experienced flooding

in the weeks preceding Ana, and the communities affected by those floods were left particularly
vulnerable to additional hazards, in particular one that compounded the existing flood situations
- consecutive tropical storms do not allow people to recover before another one hits. Underlying
conditions of conflict (northern Mozambique), drought (southern Madagascar) may also be
important to explore further. Notably, Madagascar is currently grappling with an extreme food
insecurity situation, driven by a range of socio-economic conditions and a prolonged drought
(see Harrington et al., 2021). Although the track of cyclone Batsirai itself did not pass through
the regions most affected by the drought, the national and humanitarian capacity for disaster
response in the country is stretched thin from this prolonged crisis.
c. Socio-economic context
Related to the concept of compound events, socio-economic contexts of the impact region can
help to understand the differential impacts of both storms. Generally speaking, certain people
are at greater risk of dying or being injured during rapid-onset events, for example, elderly
people, people with disabilities, and children (IDMC, n.d.). At the same time, poorer,
marginalised, and displaced communities are more likely to live in at-risk areas such as
floodplains, making them more exposed to certain events (Adger et al., 2018; Thalheimer et
al., 2022). Marginalised people or communities are also less likely to receive early warnings
or be reached during disasters and often have limited resources to cope (Behlert et al., 2020).
In Mozambique, much of the affected communities’ experienced reduced resilience and a
limited ability to rebuild their homes after having been impacted by recurring storms, namely
by 2019 cyclones Idai and Kenneth, and 2021 tropical storm Eloise (IFRC, 2022e). In
Madagascar, socio-economic conditions are particularly low in rural areas which fare much
worse on child mortality, school attendance, literacy and primary school completion rates,
malnutrition, life expectancy, access to transport, electricity, potable water (World Bank,
2020). In Malawi, the areas of highest impact from storm Ana also seem to correspond to
poverty incidence (IFPRI, 2017).
Finally, the damage to livelihoods and assets caused by Ana and Bastirai are also determined
by their exposure to the flooding brought by the storm. For context, the region’s economy is
dominated by the agricultural sector which employs 64% of the workforce in Madagascar
(World Bank, 2021a), 70% in Mozambique (World Bank, 2021b), and 76% in Malawi (World
Bank, 2021c). Much of these agricultural lands are located in the floodplains of the impacted
region, where land is particularly fertile. Floodplains account for the high damages to the three
countries' economies. Prior to the event, these lands had already been impacted by a strong
rainy season, and crops were further damaged by the storm. In addition, the Covid-19 pandemic
has had significant impacts on the region’s economic situation, as highlighted in V&E section
of the 2021 Madagascar drought attribution study (see Harrington et al., 2021). For
Madagascar, the pandemic has reversed over a decade of gains in income per capita and poverty
reduction - export-oriented sector (mainly agricultural) have been most impacted and domesticoriented sectors dragged down by declining income (World Bank, 2020) - over 2 million people
have already fallen below the international poverty line of $1.90/capita (OCHA, 2022a). In
Malawi, 91,000 households and approximately 71,000 hectares of crops were critically
impacted. Around 12,655 livestock keepers, including 37,000 livestock were injured or killed
(OCHA, 2022b). Conversely, the flooding exacerbated the hardest-hit regions’ food insecurity,
which were already forecast to reach acute levels in March 2022 (Ibid.).

Vulnerability and Exposure Conclusion
The devastating impact of these storms, and the attribution of the heavy rainfall to climate
change, once again confirms that climate change is already impacting the most vulnerable
countries and communities. Climate change is elevating risk in places where tropical
cyclones are already affecting agriculture, infrastructure, livelihoods and lives. The
compounding of multiple rainfall events makes it more difficult for communities to recover
and prepare for the next event. Reconstruction efforts will need to account for increased risk
of rainfall related impacts, as well as the possibility of compounding crises, when making
decisions about rebuilding infrastructure and strengthening early warning systems. Similarly
ongoing development investments in this region need to incorporate rising risks across
hazards and sectors to reduce future impacts and avoid locking in future risks. Reducing
climate risks in this region will require both mitigation efforts from emitters around the
world, as well as, inclusive, locally led adaptation. Future research into vulnerability and
exposure dynamics, as well as robust recommendations for risk reduction will strengthen
resilience building efforts.
Data availability
All data that are used for the synthesis are available via the Climate Explorer at
https://climexp.knmi.nl/MMM2022.cgi.
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Appendix

Fig A1. Percentage of missing data for each year in the 1981-2022 period, for 24
weather stations in Mozambique.

FigA2. Evaluation of annual precipitation cycles from CORDEX models, for Madagascar.

FigA3. Same as Fig. A3, for the MM-box.

FigA4. Evaluation of average precipitation pattern from the CORDEX models.

FigA5. Annual precipitation cycle from the coupled FLOR model, for Madagascar (left) and
the MM-box (right).

FigA6. Average precipitation pattern from the coupled FLOR model

