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Should seasonal rainfall forecasts be used for flood preparedness?
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Abstract. In light of strong encouragement for disaster managers to use climate services for flood preparation, we question
whether seasonal rainfall forecasts should indeed be used as indicators of the likelihood of flooding. Here, we investigate the
primary indicators of flooding at the seasonal timescale across sub-Saharan Africa. Given the sparsity of hydrological
observations, we input bias-corrected reanalysis rainfall into the Global Flood Awareness System to identify seasonal
indicators of floodiness. Results demonstrate that in some regions of west, central, and east Africa with typically wet climates,
even a perfect tercile forecast of seasonal total rainfall would provide little to no indication of the seasonal likelihood of
flooding. The number of extreme events within a season shows the highest correlations with floodiness consistently across
regions. Otherwise, results vary across climate regimes: floodiness in arid regions in Southern and Eastern Africa shows the
strongest correlations with seasonal average soil moisture and seasonal total rainfall. Floodiness in wetter climates of West
and Central Africa and Madagascar shows the strongest relationship with measures of the intensity of seasonal rainfall.
Measures of rainfall patterns, such as the length of dry spells, are least related to seasonal floodiness across the continent.
Ultimately, identifying the drivers of seasonal flooding can be used to improve forecast information for flood preparedness,

and avoid misleading decision-makers.

1 Introduction

Humanitarians have been investing significant attention and resources in the uptake and use of climate services to inform their
work in disaster risk management. For example, disaster managers regularly participate in Regional Climate Outlook forums
and climate service partnerships (Hewitt et al., 2012; ICPAC, 2016; Mwangi et al., 2014). While many early warning systems
focus on short-term hydrological flood warnings, these climate service initiatives promote the use of forecasts of seasonal total
rainfall. The use of such forecasts have yielded mixed results when used to prepare for heightened flood risk in Africa, such
as prepositioning flood relief items (Braman et al., 2013) and evacuating vulnerable people (Anon, 2016). In this article we

question whether seasonal rainfall forecasts have been over promoted for their usefulness in flood preparation.
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To clarify whether seasonal total rainfall forecasts indeed indicate increased risk of flooding, we identify the dominant
indicators of seasonal flooding in different locations of sub-Saharan Africa. In many locations, it is likely that total rainfall is
not the dominant driver, and other seasonal descriptors would give a better indication of the risk of flood hazards. Cumulative
rainfall is not the dominant flood-generating process for floods in most river basins in the United States (Berghuijs et al., 2016),
and monthly total rainfall has not been shown to be a good indicator of regional river “floodiness”, or the percentage of regional

rivers with extreme flooding (Stephens et al., 2015). We provide further discussion of “floodiness” in section 2.2.

In the context of sub-Saharan Africa, we quantify the relationship between seasonal total rainfall and floodiness, and explore
whether there might be alternative variables with a stronger relationship to floodiness at the seasonal level. In each river basin,
the catchment size and the climate regime will affect the influence of hydraulic routing, soil dynamics, and precipitation
patterns; we therefore identify which hydrometeorological variables are most related to seasonal flood risk in each location.
We investigate the association between seasonal percentage floodiness and seasonal total rainfall, as well as the relationship
with 14 other variables and their combinations.

2 Methods

Given the scarcity of hydrological data available for many parts of Africa, we offer an alternative methodology to that used by
Berghuijs et al. (Berghuijs et al., 2016) for assessing the indicators of flood intensity and frequency in a region. Rainfall
estimates from ERA-interim Land (Balsamo et al., 2015) are used to force the Global Flood Awareness System, a global
hydrological model (Alfieri et al., 2013). We calculate anomaly correlations between rainfall input and the predicted flooding,
which is defined as the proportion of river cells that have extreme discharge in a region in a given time period (Stephens et al.,
2015). We repeat this analysis with the 14 alternative variables, and develop a generalized linear model (glm) to identify which

combinations of variables provided the greatest indication of flood hazard in each region.

Our methodology depends on the reanalysis for a climatology of rainfall and focuses on the hydrological model to estimate
the consequences of this rainfall on river flows. This approach is not limited by a patchy observational network, and results
can be compared across regions to inform regional policies. While the rainfall has been bias-corrected with observations, we
would encourage the replication of this methodology using local rainfall observations for more detailed study of the local

indicators of floodiness.
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2.1 Rainfall

To calculate the rainfall indices, we use daily gridded reanalysis rainfall estimates from 1980 — 2010. The rainfall estimates
are 24-hour totals from the ERA-Interim Land reanalysis, which is adjusted from ERA Interim calibrated using GPCP v2.1
data (Balsamo et al., 2015). Due to patchy observational networks, uncertainties in precipitation datasets over Africa are large
(Sylla et al., 2013), and this bias correction was shown to improve the performance of river discharge simulations from ERA-

Interim Land over Africa (Balsamo et al., 2015). The soil moisture estimates are also taken from the ERA-Interim Land dataset.

The area of study we have selected is sub-Saharan Africa, 16N — 35S, 17W — 52E. Because flooding primarily happens during
the wet seasons, we applied a dry mask by eliminating all 3-month seasons that have an average of less than 15% of the total
annual rainfall and also less than 50cm of rainfall in that season (Mason et al., 1999). To calculate seasonal total rainfall, we
sum the daily rainfall estimates for each overlapping 3-month season (JFM, FMA, etc.) over a 2.5 degree gridbox, as this is
the resolution of many seasonal forecasting products from the Global Producing Centres for Long-Range Forecasts (Barnston
etal., 2003; WMO, n.d.).

2.2 Flooding

We use daily rainfall from ERA-Interim Land to drive a hydrological model to estimate river discharge. The system used here
is the Global Flood Awareness System (GloFAS), which is comprised of a HTESSEL land surface model to generate surface
and subsurface runoff and a Lisflood model to complete the routing and groundwater flows at a 0.1 degree resolution for the
entire global land surface (Alfieri et al., 2013). In this study we focus on river flooding only, therefore we only consider
GIoFAS river gridpoints which have greater than 1000km2 upstream basin area. These river pixels are aggregated to the 2.5

degree resolution to match the rainfall scale.

There are several ways to define whether a location experienced “flooding”, which is the variable of interest to the disaster
manager. Here, we define flooding according to the return period of the discharge, such that extreme floods happen at
approximately the same frequency throughout the study area. We focus on the 1 in 5 and 1 in 50 year events; these return
periods are defined by fitting a Gumbel extreme value distribution to the daily flows (Alfieri et al., 2013).

To understand the magnitude of flooding in a 2.5 degree gridbox, we calculate “floodiness” as defined in Stephens et al (2015).
Percentage floodiness is the percent of river pixels that have at least one day of flooding above the return period, and duration
floodiness is the number of pixel-days that have flooding during that season. Our results were very similar between percentage

and duration floodiness, therefore duration floodiness is not shown here.



2.3 Predictor variables

While seasonal total rainfall has demonstrated some predictability in this part of the world (Barnston et al., 2010b; Weisheimer
and Palmer, 2014), there are other variables that might be predicted at the seasonal level: frequency of extreme events within
a season, sub-seasonal rainfall patterns, soil moisture, and rainfall intensity. Here, we investigate whether variables in each of
5 those categories could serve as a better indicator of flood risk in sub-Saharan Africa. In addition to seasonal total rainfall, we

calculated 14 predictor variables at the seasonal level. These are defined as follows:

Extreme events within a season:

1 Day Above 95% Number of days in the season during which daily precipitation is greater than the 95%
percentile of daily precipitation of the entire timeseries

1 Day Above 99 Number of days in the season during which daily precipitation is greater than the 99t
percentile of daily precipitation of the entire timeseries

3 Days Above 75™ Number of 3-day events in the season during which 3-day precipitation is greater than
the 75™ percentile of 3-day precipitation of the entire timeseries

3 Days Above 99 Number of 3-day events in the season during which 3-day precipitation is greater than
the 99™ percentile of 3-day precipitation of the entire timeseries

5 Days Above 991 Number of 5-day events in the season during which 5-day precipitation is greater than

the 99™ percentile of 5-day precipitation of the entire timeseries

10 Patterns of rainfall within a season:
Rainy days Seasonal count of number of days in which daily precipitation is greater than 1mm
(Sillmann et al., 2013)
Mean wet spell length Average length of all wet spells in that season, where a wet spell is defined as the length
of consecutive days in which daily precipitation is greater than 1mm
Median dry spell length Median length of all dry spells in that season, where a dry spell is defined as the length
of consecutive days in which daily precipitation is less than 1mm

Dry spell autocorrelation Spearman rank lag-1 autocorrelation of successive dry spell lengths (Schleiss and Smith,

2016)
3 Day autocorrelation Spearman rank lag-3 autocorrelation of daily rainfall amounts
Soil moisture and intensity:
Soil moisture Volumetric soil water layer 1: Top soil layer 0-7cm. Average daily soil moisture for the

season in kg/m3,
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Intensity Total seasonal rainfall divided by the number of rainy days (see definition above)

Contribution of extremes  Total rainfall falling in days of 95" percentile or higher, divided by total seasonal rainfall
(Alexander et al., 2013)

Burstiness 15day Burstiness as defined in (Schleiss and Smith, 2016):

Z"—;there u is the average time between a specific amount of rainfall (interamount
nw

time), held at 15 days, and o is the standard deviation of interamount times

2.4 Comparison

We examine whether anomalously high values of these variables correlate with greater floodiness. Using seasonal anomalies
for each variable, we calculate the Spearman rank correlation between the rainfall anomalies and floodiness at every gridpoint,
as the data is not normally distributed. To assess our confidence in these results, we bootstrap the timeseries to generate 1000
replicates using a block bootstrap of 5 seasons. If less than 5% of the rank correlations of these bootstrapped replicates have
an opposite sign as the original result, we have confidence in our result. Only results with this level of confidence are plotted

in the figures.

Basin hydrology can also lead to complex relationships between rainfall and flooding. We therefore explore the correlation
between basin-level rainfall with basin-level floodiness. We average the rainfall variable and floodiness variable across Food
Producing Units (FPU) (Cai and Rosegrant, 2002), which are defined by a combination of hydrological basins and geopolitical
regions and are therefore relevant for decision-making purposes. We apply a drymask for an entire FPU if more than half of
the gridpoints in the FPU are in a dry season. With these aggregated results, we then apply the same correlation methods as

for the gridpoints above.

Lastly, we fit a generalized linear model (glm) to three of the predictor variables from different categories that showed
improvements in correlation relative to seasonal total rainfall. For the dependent variable, we use a binary dataset indicating
the occurrence or not of floodiness above the 50-year return period. The model uses a binomial distribution with a logit link,
and uses 10-fold cross-validation to fit the glm. We select the most parsimonious model within 1 standard error of the model

with the minimum standard error, using the glmnet package for R (Friedman et al., 2010).
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3 Results and Discussion

Three-month seasonal total rainfall anomalies show significant correlation with floodiness in several regions (Figure 1). The

relationship is weakest in West and Central Africa, and also weakens as flood severity increases.

When the rainfall and floodiness are aggregated by FPU and then correlated, the correlations improve in almost all locations,
suggesting that seasonal total rainfall forecasts for FPUs (Figure 1 ¢ and d) might be of greater use than gridbox forecasts
(Figure 1 a and b) as a predictor of flood hazard. Different regional forecast aggregations could also be explored to determine

whether this can be further optimized.

While the correlations are significant in many regions, there is considerable variation in floodiness that remains unexplained
by this variable. To demonstrate this, we calculate the probability of flooding (floodiness greater than 0) conditional on
seasonal rainfall being in the top tercile of the distribution, which is the focus of many seasonal forecasts. Ultimately, even if
a top-tercile rainfall forecast were given with 100% certainty, it would represent only a small increase in the probability of

flooding relative to climatology (Figure 1e).

In Figures 2-4 we display results from three different sets of possible predictor variables. In Figure 2 we plot the anomaly rank
correlations with floodiness for five different measures of extreme precipitation events within a season. None of these rainfall
variables are a better predictor of floodiness in all locations (Figure 2 second row); however, the number of rain events above
the 99" percentile (1-day, 3-day, and 5-day events) tend to outperform seasonal total rainfall in the areas of West and Central

Africa (where seasonal total rainfall had the weakest correlations; see Figure 1).

Next, we analyzed five different measures of rainfall patterns within a season, including the length of dry spells and wet spells.
Apart from in isolated locations, these measures do not have coherently stronger correlations with floodiness than seasonal

total rainfall (Figure 3).

The last set of variables we explored included soil moisture and several measures of seasonal rainfall intensity. Figure 4a
shows that in most regions seasonal total rainfall is more strongly correlated with floodiness than soil moisture. In comparison,
seasonal rainfall intensity shows a slightly higher correlation with floodiness across the continent (4b), defined as the total
precipitation divided by the number of rainy days. Similarly, the percent of seasonal rainfall occurring in the top 95" percentile
days, here called the “contribution of extremes”, shows higher correlations in the West and Central Africa region (4c). Both
of these variables show less variation across Koppen climate regions, compared to seasonal total rainfall (Figure 1). Burstiness
(Schleiss and Smith, 2016) of a 15-day interamount time (4d) does not show better correlations with floodiness than does

seasonal total rainfall.
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It is possible that a combination of these variables would outperform any of them in isolation, so we also test the combination
of three different types of variables that each have strong correlations with floodiness: (1) 3 days above 99th, (2) soil moisture,
and (3) contribution of extremes. To test whether a combination of these variables is better able to predict 50-year return period
floodiness, we fit a logistic regression model for each gridpoint using these three variables. Because these variables are
correlated with each other in several regions, we select the generalized linear model (glm) fit with the fewest variables that is

still within one standard error of the optimal fitted model.

Results of the glm generally confirm the spatial patterns reflected in the correlation figures above, and indicate that a
combination of these variables could be a useful indicator of floodiness in many regions. Figure 5 shows that the number of 3-
day events above the 99" percentile was a meaningful contributor when added as a predictor independently, or in conjunction
with another variable, in most of sub-Saharan Africa. Soil moisture is included as an additional predictor primarily in Southern
Africa, while the contribution of extremes was included primarily in Central Africa. A combination of all three variables was
recommended in East Africa and parts of Southern Africa, while none of the predictors was selected as a meaningful

contributor for much of West and Central Africa.

4 Conclusions

In the analysis above, we have demonstrated that indicators of floodiness differ widely across the African continent, using a
methodology that can be replicated for other data-scarce regions to assess the key indicators of flooding. Improvements both
to the climatology of reanalysis rainfall and to the skill of global hydrological models could further improve the understanding
of predictability of these processes, and we encourage replication of this methodology using observations to further describe

and validate the flood-generating processes in specific locations.

It is clear that seasonal total rainfall is not a reasonable proxy for floodiness in most of West Africa, Central Africa, and
Madagascar. Large portions of these regions fall in the “equatorial” Koppen classification, which includes tropical savannahs.
Floodiness in these regions demonstrated a stronger relationship with measures of the intensity of rainfall during a season than
in the rest of the continent. In these regions, the climate services community should reconsider their association of seasonal
total rainfall with flood risk and flood preparation measures (Braman et al., 2013). When using forecasts in an operational
context, imperfect forecast skill of the rainfall proxy itself further reduces the usefulness of this information for flood

preparedness.

On the other hand, much of East Africa, Southern Africa, and the Sahel tend to show similar patterns in the dominant indicators

of flooding. Seasonal total rainfall had some of the highest correlations in these regions, as well as the number of extreme
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events within a season. There are large “arid” areas in each of these regions, and these findings are consistent with studies
done in other arid areas. Berghuijs (2016) found that daily and multi-day rainfall events were the dominant flood-generating

processes for river basins in arid regions of the United States, similar to the results in Figure 2d.

To maximize usefulness in these regions, forecasters could consider simple formatting alternatives to current forecasts that
would provide a better indication of floodiness, such as replacing tercile forecasts with forecasts of the top percentiles of the
distribution (Grieser, 2014), and offering aggregate forecasts for river basins or FPUs. The latter could also lend itself to greater

forecast skill than for rainfall itself, and encourage regional-scale disaster preparedness.

Researchers developing new forecast products should consider several of the predictor variables discussed here. Forecasts of
the frequency of extreme rainfall events would likely provide a better indication of floodiness, compared to seasonal total
rainfall forecasts, for much of Sub-Saharan Africa. Studies have shown potential predictability of this variable in several
locations (Anderson et al., 2015; Higgins et al., 2000; Verbist et al., 2010). Seasonal forecasts of soil moisture could give a
useful indication of flood risk in dry regions of Africa (Figure 4), and these forecasts are also likely to have seasonal
predictability in areas where they can be well initialized, notably due to the persistence of soil moisture (Kanamitsu et al.,

2002; Koster et al., 2010; Poveda et al., 2001). This also takes evaporation into account.

Forecasts of rainfall intensity could give a better indication of flood risk in West and Central Africa (Figure 5). However,
intensity is the least spatially coherent and therefore least likely to be predictable (Moron et al., 2007). Further research into
the area is merited, as there are a few examples showing some potential predictability of rainfall intensity (Pineda and Willems,
2016).

Seasonal skill in forecasting total 3-month rainfall anomalies is varied around the world; highest skill has been achieved during
ENSO events in areas that have ENSO teleconnections (Barnston et al., 2010a; Weisheimer and Palmer, 2014). Given the low
correlations we have found here between floodiness and either seasonal total rainfall or other rainfall indicators, forecasts of
any of these proxies are unlikely to provide strong signals of increased risk. However, there have been several studies using
large-scale climate patterns and Sea Surface Temperatures (SSTs) as predictors of flood risk, most focusing on the role of
ENSO in changing global flood risk (Emerton et al., 2017; Ward et al., 2014, 2016). Further research on using SSTs and other
climate patterns to directly forecast changes to flooding is merited, to explore whether such forecasts would give stronger

indications of change in flood hazard than seasonal climate models of rainfall.

Ultimately, the most informative forecasts of flood hazard at the seasonal scale could be seasonal streamflow forecasts using

hydrological models calibrated for individual river basins (Sahu et al., 2016). While this is more computationally and resource
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intensive, investments in better forecasts of seasonal flood risk could be of immense use to the disaster preparedness

community.

In their work, disaster managers can support these forecasting efforts by better defining the meteorological and hydrological
variables that relate to disaster. Sharing this information with forecasters can inform the development of forecast products that
provide specific information about these “danger levels”, thus better enabling stakeholders to take appropriate preparatory
actions. Forecast-based finance initiatives are underway globally, with the aim to take action and release financing proportional
to the risk information in a forecast, before the potential disaster (Coughlan de Perez et al., 2016). Changes to forecast products
to provide clearer and more targeted risk information can support this process, and enable humanitarians to better anticipate

and prepare for disasters before they strike.

Data availability: ERA Interim Land rainfall and soil moisture estimates that support the findings of this study are available
from ECMWEF http://apps.ecmwf.int/datasets/data/interim-land/type=an/ . GIoFAS hydrological discharge estimates are

generated from the Joint Research Centre and available in real time http://globalfloods.jrc.ec.europa.eu/. Derived data

supporting the findings of this study are available from the corresponding author upon request.

Acknowledgements

We thank our colleagues for their insights and suggestions on indices to consider. We are grateful to the German Federal
Foreign Office for their support to the development of Forecast-based Financing pilots around the world, which have inspired
these research questions. This work was supported by the UK Natural Environment Research Council (NE/P000525/1). This
work was also funded in part by grants/cooperative agreements from the National Oceanic and Atmospheric Administration
(NA150AR4310076 and NA130OAR4310184). The views expressed are those of the authors and do not necessarily reflect the
views of NOAA or its subagencies. E. Stephens' time was funded by Leverhulme Early Career fellowship ECF-2013-492.


http://apps.ecmwf.int/datasets/data/interim-land/type=an/
http://globalfloods.jrc.ec.europa.eu/

10

15

20

25

30

35

References

Alexander, L., Yang, H. and Perkins, S.: CIlimPACT: Indices and software. [online] Available from:
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=weh&cd=1&cad=rja&uact=8&ved=0ahUKEwiqycealoPQAhUKLyYyYKHR
e1CilQFggeMAA&url=http%3A%2F%2Fwww.wmo.int%2Fpages%2Fprog%2Fwcp%2Fccl%2Fopace%2Fopace4%2Fmeetings%2Fdocu
ments%2FETCRSCI_software_documentation_v2a.doc&usg=AFQjCNE3ir375yjOb4qSuE9W3taeU_EmSA&sig2=cPhLVEkK6AVVNbsX
GbkXo2w, 2013.

Alfieri, L., Burek, P., Dutra, E., Krzeminski, B., Muraro, D., Thielen, J. and Pappenberger, F.: GIoFAS — global ensemble streamflow
forecasting and flood early warning, Hydrol. Earth Syst. Sci., 17(3), 1161-1175, doi:10.5194/hess-17-1161-2013, 2013.

Anderson, B. T., Gianotti, D. and Salvucci, G. D.: Characterizing the Potential Predictability of Seasonal , Station-Based Heavy Precipitation
Accumulations and Extreme Dry Spell Durations *, J. Hydrometeorol., 16, 843-856, doi:10.1175/JHM-D-14-0111.1, 2015.

Anon: Kenya: Slum Residents in Nyeri Refuse to Relocate Ahead of EI Nino Rains, Star, 6th October, 2016.

Balsamo, G., Albergel, C., Beljaars, A., Boussetta, S., Brun, E., Cloke, H., Dee, D., Dutra, E., Mun??z-Sabater, J., Pappenberger, F., De
Rosnay, P., Stockdale, T. and Vitart, F.: ERA-Interim/Land: A global land surface reanalysis data set, Hydrol. Earth Syst. Sci., 19(1), 389—
407, doi:10.5194/hess-19-389-2015, 2015.

Barnston, A., Mason, S. J., Goddard, L., Dewitt, D. G. and Zebiak, S. E.: Multimodel Ensembling in Seasonal Climate Forecasting at IR,
Bull. Am. Meteorol. Soc., 84(12), 1783-1796, do0i:10.1175/BAMS-84-12-1783, 2003.

Barnston, A., Li, S., Mason, S. J., DeWitt, D. G., Goddard, L. and Gong, X.: Verification of the First 11 Years of IRI’s Seasonal Climate
Forecasts, J. Appl. Meteorol. Climatol., 49(3), 493-520, do0i:10.1175/2009JAMC2325.1, 2010a.

Barnston, A. G., Li, S., Mason, S. J., Dewitt, D. G., Goddard, L. and Gong, X.: Verification of the first 11 years of IRI’s seasonal climate
forecasts, J. Appl. Meteorol. Climatol., 49(3), 493-520, doi:10.1175/2009JAMC2325.1, 2010b.

Berghuijs, W. R., Woods, R. A., Hutton, C. J. and Sivapalan, M.: Dominant flood generating mechanisms across the United States, ,
doi:10.1002/2016GL068070, 2016.

Braman, L. M., Aalst, M. Van and Mason, S. J.: Climate forecasts in disaster management : Red Cross flood operations in West Africa ,
2008, Disasters, 37(1), 144-164, doi:10.1111/j.1467-7717.2012.01297, 2013.

Cai, X. and Rosegrant, M. W.: Global Water Demand and Supply Projections, Water Int., 27(2), 159-169, doi:10.1080/02508060208686989,
2002.

Coughlan de Perez, E., van den Hurk, B., van Aalst, M. K., Amuron, |., Bamanya, D., Hauser, T., Jongman, B., Lopez, A., Mason, S.,
Mendler de Suarez, J., Pappenberger, F., Rueth, A., Stephens, E., Suarez, P., Wagemaker, J. and Zsoter, E.: Action-based flood forecasting
for triggering humanitarian action, Hydrol. Earth Syst. Sci., 20, 3549-3560, doi:10.5194/hess-20-3549-2016, 2016.

Emerton, R., Cloke, H. L., Stephens, E. M., Zsoter, E., Woolnough, S. J. and Pappenberger, F.: Complex picture for likelihood of ENSO-
driven flood hazard, Nat. Commun., 8, 1-9, doi:10.1038/ncomms14796, 2017.

Friedman, J., Hastie, T. and Tibshirani, R.: Regularization Paths for Generalized Linear Models via Coordinate Descent, J. Stat. Softw.,
33(1), doi:10.18637/jss.v033.i01, 2010.

Grieser, J.: Flexible Forecasts: Responding to User Needs, Int. Res. Inst. Clim. Soc. [online] Available from:
http://iri.columbia.edu/news/flexible-forecasts-for-decision-makers/ (Accessed 17 September 2016), 2014.

Hewitt, C., Mason, S. and Walland, D.: The Global Framework for Climate Services, Nat. Clim. Chang., 2, 831-832,
d0i:10.1038/nclimate1745, 2012.

Higgins, R. W., Schemm, J. K. E., Shi, W. and Leetmaa, a.: Extreme precipitation events in the Western United States related to tropical
forcing, J. Clim., 13(4), 793-820, doi:10.1175/1520-0442(2000)013<0793:EPEITW>2.0.CO;2, 2000.

10



10

15

20

25

30

35

ICPAC: The Forty-Fourth Greater Horn of Africa Climate Outlook Forum (GHACOF44) Announcement, [online] Available from:
http://www.icpac.net/wp-content/uploads/GHACOF-44-Announcement.pdf (Accessed 16 September 2016), 2016.

Kanamitsu, M., Lu, C.-H., Schemm, J. and Ebisuzaki, W.: The Predictability of Soil Moisture and Near-Surface Temperature in Hindcasts
of the NCEP Seasonal Forecast Model, J. Clim., 16, 510-521, 2002.

Koster, R. D., Mahanama, S. P. P., Yamada, T. J., Balsamo, G., Berg, A. A., Boisserie, M., Dirmeyer, P. A., Drewitt, G., Gordon, C. T.,
Guo, Z., Jeong, J.-H., Lawrence, D. M., Lee, W.-S., Li, Z., Luo, L., Malyshev, S., Merryfield, W. J., Seneviratne, S. I., Stanelle, T., van den
Hurk, B. J. J. M., Vitart, F. and Wood, E. F.: Contribution of land surface initialization to subseasonal forecast skill : First results from a
multi-model experiment, , 37(L02402), doi:10.1029/2009GL041677, 2010.

Mason, S. J., Goddard, L., Graham, N. E., Yulaeva, E., Sun, L. and Arkin, P. A.: The IRI Seasonal Climate Prediction System and the 1997
/ 98 El Nifio Event, Bull. Am. Meteorol. Soc., 80(9), 1853-1873, 1999.

Moron, V., Robertson, A. W., Ward, M. N. and Camberlin, P.: Spatial Coherence of Tropical Rainfall at the Regional Scale, J. Clim., 20,
5244-5263, doi:10.1175/2007JCL11623.1, 2007.

Mwangi, E., Wetterhall, F., Dutra, E., Di Giuseppe, F. and Pappenberger, F.: Forecasting droughts in East Africa, Hydrol. Earth Syst. Sci.,
18, 611-620, doi:10.5194/hess-18-611-2014, 2014.

Pineda, L. E. and Willems, P.: Multisite Downscaling of Seasonal Predictions to Daily Rainfall Characteristics over Pacific — Andean River
Basins in Ecuador and Peru Using a Nonhomogeneous Hidden Markov Model, J. Hydrometeorol., 17, 481-498, doi:10.1175/JHM-D-15-
0040.1, 2016.

Poveda, G., Jaramillo, A., Gil, M. M., Quiceno, N. and Mantilla, R. I.: Seasonality in ENSO-related precipitation , river discharges , soil
moisture , and vegetation index in Colombia, Water Resour. Res., 37(8), 2169-2178, 2001.

Sahu, N., Robertson, A. W., Boer, R., Behera, S., DeWitt, D. G., Takara, K., Kumar, M. and Singh, R. B.: Probabilistic seasonal streamflow
forecasts of the Citarum River , Indonesia , based on general circulation models, Stoch. Environ. Res. Risk Assess., doi:10.1007/s00477-
016-1297-4, 2016.

Schleiss, M. and Smith, J. A.: Two Simple Metrics for Quantifying Rainfall Intermittency: The Burstiness and Memory of Interamount
Times, J. Hydrometeorol., 17(1), 421-436, doi:10.1175/JHM-D-15-0078.1, 2016.

Sillmann, J., Kharin, V. V., Zwiers, F. W., Zhang, X. and Bronaugh, D.: Climate extremes indices in the CMIP5 multimodel ensemble: Part
2. Future climate projections, J. Geophys. Res. Atmos., 118(6), 24732493, doi:10.1002/jgrd.50188, 2013.

Stephens, E., Day, J. J., Pappenberger, F. and Cloke, H.: Precipitation and Floodiness, Geophys. Res. Lett., 42, 10316-10323,
doi:10.1002/2015GL066779, 2015.

Sylla, M. B., Giorgi, F., Coppola, E. and Mariotti, L.: Uncertainties in daily rainfall over Africa : assessment of gridded observation products
and evaluation of a regional climate model simulation, , 33, 1805-1817, doi:10.1002/joc.3551, 2013.

Verbist, K., Robertson, A. W., Cornelis, W. M. and Gabriels, D.: Seasonal predictability of daily rainfall characteristics in central northern
Chile for dry-land management, J. Appl. Meteorol. Climatol., 49(9), 1938-1955, d0i:10.1175/2010JAMC2372.1, 2010.

Ward, P. J., Eisner, S., Florke, M., Dettinger, M. D. and Kummu, M.: Annual flood sensitivities to El Nifio—Southern Oscillation at the global
scale, Hydrol. Earth Syst. Sci., 18(1), 47—66, doi:10.5194/hess-18-47-2014, 2014.

Ward, P. J., Kummu, M. and Lall, U.: Flood frequencies and durations and their response to El Nifio Southern Oscillation : Global analysis,
J. Hydrol., 539, 358-378, d0i:10.1016/j.jhydrol.2016.05.045, 2016.

Weisheimer, A. and Palmer, T. N.: On the reliability of seasonal climate forecasts, J. R. Soc. Interface, 11(April), 2014.

WMO: Global Producing Centres for Long-Range Forecasts, [online] Available from:
http://Amww.wmao.int/pages/prog/wep/weasp/gpc/gpc.php (Accessed 16 January 2017), n.d.

11



12



10

(a) 5-year return period: gridbox (b) 50-year return period: gridbox

— — — — - —

u 1.0 1.0
0.5 0.5
0.0 0.0
-0.5 05
1.0 -1.0
(c) 5-year return period: FPU (d) 50-year return period: FPU
[ T g1 [ L | mrte
0.5 0.5
0.0 0.0
-0.5 05
-1.0 -1.0
(e) Top Tercile
[ T T et
0.5
0.0
-0.5
-1.0

Figure 1: Anomaly rank correlations between seasonal total rainfall and percentage floodiness (Stephens et al., 2015) at the
5-year (a), and 50-year (b) return periods. Anomaly rank correlations between seasonal total rainfall for a 2.5 degree gridded
Food Producing Unit (FPU) and floodiness for that FPU at the 5-year (c) and 50-year (d) return periods. Correlations are only
shown here if more than 95% of all boostrapped replicates agreed on the sign of the result. The increase in probability of
floodiness above the 5-year return period conditional on seasonal total rainfall falling in the top tercile (e), expressed as the

difference in probability relative to climatology.
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Figure 2: Correlation of number of extreme events within a season and floodiness for FPUs in Africa. The top row shows the
anomaly rank correlations between each variable and percentage floodiness at the 5-year return period at the FPU level. The
bottom row is the improvement relative to seasonal total rainfall — locations in blue show a higher anomaly correlation for this
variable than for seasonal total rainfall anomalies. Areas in which seasonal total rainfall has a higher or equal correlation are
shown in grey. Note that results are only plotted for locations where more than 95% of the boostrapped replicas agree on the

sign of the change.

(a) Rainy days (b) Mean wetspell length (c) Median dryspell length (d) Dryspell autocorrelation (e) 3-day autocorrelation
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Figure 3: Same as figure 2 for the following variables (a) Rainy days: number of days with more than 1mm of rain (b) Mean
wetspell length: mean length of consecutive days of rain greater than 1mm, (c) Median dryspell length: median length of
consecutive dry days, (d) Dryspell autocorrelation: Spearman rank lag-1 autocorrelation of successive dry spell lengths, (e) 3-

day autocorrelation: Spearman rank lag-3 autocorrelation of daily rainfall amounts.
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(a) Soil Moisture (b) Intensity (c) Contribution of Extremes (d) Burstiness 15day
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Figure 4. Same as figure 2 for the following variables (a) Soil Moisture: seasonal average moisture in topsoil (b) Intensity:
total rainfall divided by the number of rainy days, (c) Contribution of Extremes: total rainfall divided by the amount of rain

contributed by the top 95" percentile days, (d) Burstiness 15day: Intermittency measure (Schleiss and Smith, 2016).
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Figure 5. Results of optimizing a logistic regression model using a combination of the high-performing variables considered
earlier. The model predicted whether there was any floodiness at the 50-year return period by using the following predictors:
number of 3-day events in the 95" percentile (crosses), soil moisture (yellow), and the contribution of extremes (red). To
optimize the model, we selected the most parsimonious combination of these three predictors that formed a gim that is within
one standard error of the standard error that could be achieved by the maximum fit. FPUs that are plain white showed no value
in using any of the predictors, while locations with colors/symbols show which predictors were retained in the optimized

model, either alone or in combination with other predictors.
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