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ABSTRACT: The state of the El Nifio Southern Oscillation (ENSO) is critical for seasonal climate
forecasts, but recent events diverged substantially from expectations in many regions, including
Sub-Saharan Africa where seasonal forecasts are critical tools for addressing food security. Here,
we evaluate 39 years (1982-2020) of data on hydroclimate, leaf area index, and maize yields to
investigate the strength of ENSO teleconnections in southern and East Africa. Teleconnections to
precipitation, soil moisture, and leaf area index are generally stronger during ENSO phases that
cause drought conditions (El Nifio in southern Africa and La Nifia in East Africa), with seasonality
that aligns well with the maize growing seasons. Within maize growing areas, however, ENSO
teleconnections to hydroclimate and vegetation are generally weaker compared to the broader
geographic regions, especially in East Africa. There is also little evidence that the magnitude of
the ENSO event affects the hydroclimate or vegetation response in these maize regions. Maize
yields in Kenya, Malawi, South Africa, and Zimbabwe all correlate significantly with hydroclimate
and leaf area index, with South Africa and Zimbabwe showing the strongest and most consistent
yield responses to ENSO events. Our results highlight the chain of causality from EI Nifio and
La Nifa forcing of regional anomalies in hydroclimate to vegetation health and maize yields in
southern and East Africa. The large spread across individual ENSO events, however, underscores
the limitations of this climate mode for seasonal climate prediction in the region, and the importance

of finding additional sources of skill for improving climate and yield forecasts.
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1. Introduction

The state of the El Nifio Southern Oscillation (ENSO) system is one the most important sources
of skill in seasonal climate forecasts (Goddard et al. 2001). This is because cold (La Nifia) and
warm (El Nifio) ENSO states, and their regional climate impacts, can be skillfully predicted at least
several months in advance (Barnston et al. 2019; Goddard et al. 2001; Lenssen et al. 2020). As
such, ENSO events often have major implications for crop yields and malnutrition (Anttila-Hughes
et al. 2021; Guimaraes Nobre et al. 2019; Sazib et al. 2020; Ubilava and Abdolrahimi 2019),
highlighting the value of using ENSO-informed forecasts to monitor and predict changes in food
security (Guimardes Nobre et al. 2019; Goddard and Dilley 2005). The Famine Early Warning
Systems Network (FEWS NET), for example, uses seasonal climate and ENSO forecasts, with
other information, to monitor and forecast levels of food insecurity in many developing regions
around the world (Backer and Billing 2021; Funk et al. 2019; Ross et al. 2009). This includes
countries in Central Asia, Sub-Saharan Africa, and Central America, developing regions often
dependent on international aid when food insecurity arises.

Despite their value for seasonal climate predictions, however, there have been several recent
incidents where seasonal climate forecasts diverged significantly from what was expected given the
ENSO state at the time. One of the more notable occurrences in the last decade was the 2015/16
El Nifo, at the time the strongest El Nifio event in 36 years (Kogan and Guo 2017). Despite
the magnitude of this El Nifio event, however, regional hydroclimate and food security conditions
deviated substantially from forecasts in regions like East Africa (Choularton and Krishnamurthy
2019; Krishnamurthy et al. 2020), the western United States (Jong et al. 2018; Paek et al. 2017),
and Peru and Ecuador (Cai et al. 2020). Weaker than expected teleconnections during some ENSO
events can often be traced to dynamical differences in how the events evolve (Jong et al. 2018; Paek
et al. 2017). Teleconnections can also be affected by other sources of variability in the climate
system, including other climate modes (Ashcroft et al. 2016), internal atmospheric variability
(Deser et al. 2017), and even ocean temperatures in other basins (Giannini et al. 2004). There
are also large uncertainties regarding how well the classic ENSO teleconnections to precipitation
translate through the land surface (e.g., soil moisture), and the implications this may have for
vegetation health and crop yields. Studies that have addressed this topic have often focused on

relatively short time periods (Anyamba et al. 2018, 2002; Sazib et al. 2020) with a limited number
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of ENSO events, potentially under-sampling important variability in the climate system. Sazib
et al. (2020), for example, found strong associations between ENSO states and soil moisture and
crop yields in southern and East Africa, but only used ten years for their analysis (2010-2019) and
did not explicitly highlight the extent to which ENSO events may differ from each other.

Here, we build upon and extend previous work by using nearly 40 years of observations to
investigate and quantify the strength of El Nifio and La Nifia impacts on climate, vegetation, and
crop yields in southern and East Africa. These are regions with major food security concerns, and
where the impacts of individual ENSO events have been well documented in the past. For our
analyses, we primarily focus on the major cropping regions for maize, the single most important
food crop in the region for countries that depend upon food imports to meet their nutritional needs
(e.g., Zimbabwe) or serve as a major exporter supporting other countries in the regional food
system (e.g., South Africa). Further, the extended period of observations we use greatly expands
the number of ENSO events sampled compared to previous analyses (e.g., Sazib et al. 2020),
allowing us to look in more detail at differences across events. We focus on the following research
questions: (1) Are ENSO impacts on hydroclimate and vegetation in southern and East Africa
equally expressed for El Nifio and La Nifia events?; (2) How strongly does the magnitude of ENSO
forced regional hydroclimate and vegetation impacts scale with event strength?; (3) How does the
seasonal evolution of climate and vegetation compare across some of the strongest events in recent
decades (1997/98 vs the 2015/16 El Niiio; 1998/99 vs 2010/11 La Nifia)?; and (4) How sensitive

are country-level maize yields to climate variability and ENSO in these regions?

2. Materials and Methods

a. Defining ENSO Events

We identifed El Nifio and La Nifia events using December-January-February (DJF) values of the the
Oceanic Nifio Index (ONI) from the Climate Prediction Center (CPC) (https://origin.cpc.
ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php). The ONI
uses sea surface temperatures (SSTs) averaged over the Nifio 3.4 region (5°N-5°S, 120°W-170°W).
We defined El Nifio events when 3-month DJF running mean Nifio 3.4 SSTs meet or exceed +0.5°C

and La Nifia conditions when the 3-month DJF running mean values are equal to or colder than
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—0.5°C. Based on our definition, we identified 14 El Nifio events and 15 La Nifa events over the

39 year study period of 1982-2020 (Table 1).

Table 1. List of ENSO events analyzed in this study.

El Nifio La Nifa

1982/1983, 1986/1987, 1987/1988, 1991/1992, 1994/1995, | 1983/1984, 1984/1985, 1985/1986, 1988/1989, 1995/1996,

1997/1998, 2002/2003, 2004/2005, 2006/2007, 2009/2010, | 1996/1997, 1998/1999, 1999/2000, 2000/2001, 2005/2006,

2014/2015, 2015/2016, 2018/2019, 2019/2020 2007/2008, 2008/2009, 2010/2011, 2011/2012, 2017/2018

For our analyses, we consider climate responses across the full life cycle of these ENSO events,
from at least 6 months prior to the event peak and through at least the 6 months following. ENSO
events typically develop over the course of an entire calendar year, and it is well established that
some ENSO teleconnections are strongest during the months leading up to, or following, the event
peak in the boreal winter (Yeh et al. 2018). This is because the atmospheric responses to ENSO
SSTs that drive various regional teleconnections can get stimulated before the ENSO events reach
their peak, or may lag behind as the atmosphere adjusts to the change in SST boundary forcing.
For example, El Nifio events are most strongly associated with reduced Indian monsoon rainfall in
the summer and fall prior to the winter event peak (Kumar et al. 2006). Similarly, the strongest
correlations between ENSO and precipitation over northeast Brazil occur in the spring following

the winter peak (Rodrigues et al. 2011).

b. Precipitation and Soil Moisture Data

Precipitation and soil moisture data are taken from the FEWS NET Land Data Assimilation System
(FLDAS) (McNally et al. 2017), part of NASA’s Land Information System framework. FLDAS is
a suite of global land surface model simulations from 1982 through the present, forced by precipi-
tation from the Climate Hazards Group Infrared Precipitation with Station (CHIRPS) precipitation
forcing dataset (Funk et al. 2015) and other meteorological forcings from the NOAA Global Data
Assimilation System (GDAS) (Derber et al. 1991) and NASA’s Modern Era Reanalysis for Research
and Applications version 2 (MERRA-2) (Bosilovich et al. 2015). From FLDAS, we analyze the
CHIRPS data and the 200 centimeter soil moisture from the NOAH model. While the soil moisture
is modeled, previous analyses have confirmed that the high quality of the CHIRPS precipitation

inputs produces modeled soil moisture estimates that compare favorably with observations (Jung
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et al. 2019; McNally et al. 2016, 2017).

To test the sensitivity of our analyses to dataset choices, we also use precipitation from the Global
Precipitation Climatology Centre (GPCC) (Schneider et al. 2022) and root zone soil moisture (top
1-3 meters, depending on grid cell vegetation) from the Global Land Evaporation Amsterdam
Model (GLEAM) (Martens et al. 2017; Miralles et al. 2011). Unlike FLDAS, GLEAM root zone
soil moisture is not solely a product derived from a model driven by atmospheric forcing (e.g.,
precipitation). GLEAM uses a Kalman filter to directly assimilate satellite observations of surface
soil moisture from version 6.2 of the ESA-CCI product (Dorigo et al. 2017; Gruber et al. 2017) into
the top soil layer in the model, providing an additional constraint on GLEAM estimates compared

to products (like FLDAS) that are solely derived from atmospheric inputs.

c. Leaf Area Index Data

Monthly average values of leaf Area Index (LAI) data are taken from version 3 of the GLOBMAP
dataset (Liu et al. 2012). GLOBMAP is a satellite based, global LAI dataset available at 8 km
spatial resolution. Itis constructed by merging LAI from historical Advanced Very High Resolution
Radiometer (AVHRR) (1981-2000; half month temporal availability) and Moderate Resolution
Imaging Spectroradiometer (MODIS) sensors (2001-2020; 8-day temporal availability). As with
precipitation and soil moisture, we compare results using GLOBMAP LAI against an alternative
dataset, version 4g of the Global Inventory Modeling and Mapping Studies (GIMMS) LAI dataset
(Cao et al. 2023).

d. Maize Cropping

Maize cropping regions were identified using the Best Available Crop Specific masks (BACS) from
the Group on Earth Observations Global Agriculture Monitoring (GEOGLAM) Crop Monitor
dataset (Becker-Reshef et al. 2023). These data were aggregated to a half degree resolution to
match the resolution of other datasets used in our analysis. Any grid cell with greater than 1%
harvested maize area was included in our analysis, producing the maize masks used for aggregating
across southern and East Africa (Figure 1). We tested alternative thresholds for the masking at >
0.0%, 0.1%, 2.0%, and 10% (Supplementary Figure 1). A threshold of 0.1% would include nearly

every grid cell in many of our countries of interest (e.g., Zambia, Zimbabwe, Mozambique), most of
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FiG. 1. Major maize cropping regions in southern Africa and East Africa, where at least 1% of grid cell area
is planted for maize. Countries in our southern Africa region with substantial maize cropping include Angola,
Zambia, Zimbabwe, Malawi, Mozambique, South Africa, and Lesotho. In East Africa, these include Kenya,

Ethiopia, Tanzania, Uganda, Rwanda, and Burundi.

which are unlikely to be major production areas. A threshold of 10%, however, would leave virtually
zero grid cells available in most of these countries. No grid cells in Ethiopia, for example, exceed
this threshold. We therefore chose 1% as a compromise that allows for (1) reasonable sampling
of grid cells for our regional and country-level averaging while (2) excluding areas that are likely
not major production regions. Maize cropping seasons for each country (including planting and
harvest periods), used to contextualize the country-level analyses of climate and maize yields, were
taken from the International Production Assessment Division of the United States Department of

Agriculture Foreign Agricultural Service (https://ipad. fas.usda.gov/countrysummary/).

e. Crop Yield Data

Crop yield data for Kenya, South Africa, Malawi, and Zimbabwe were taken from the FAOSTAT

database (Food and Agriculture Organization of the United Nations 2023). These countries have
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lines) with a kernel density of three years used to estimate fractional yield anomalies for our analyses.

been previously identified as (1) having significant ENSO teleconnections to maize yields and (2)
data of sufficient quality to identify such teleconnections. Crop yields are sensitive to a variety of
factors aside from climate and weather variability, including fertilizer use, available technology,
crop cultivars, and agricultural policies. As such, it is a well established best practice to remove
long-term trends (e.g., by first differencing the data or differencing from a smoothed average) to
isolate climate and weather signals in the crop yield data (e.g., Calderini and Slafer 1998; Lobell and
Field 2007; Lobell and Tebaldi 2014), including in analyses of ENSO and crop yields (Anderson
etal. 2019, 2023; lizumi et al. 2014). For our analyses, we took the observed FAOSTAT crop yields
(Figure 2, blue lines) and applied a low-frequency Gaussian filter (Figure 2, orange lines) with a
kernel density of three years to calculate expected yields (i.e., the estimated yield attributable to

management and technology). This resulting trend is similar to a nine-year running mean. We then
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calculated the crop yield anomalies as the difference between the observed and expected yields.
Finally, we divided these anomalies by the expected yield to calculate the fractional yield anomaly

(in units of fraction of expected yield) that is used in our analyses.

f. Analyses

Prior to our analyses, all precipitation, soil moisture, and LAI data for each month were linearly
detrended over the full period of study (1982-2020). The resulting residual anomalies were then
superimposed on the long-term mean calculated over the same period. Overall, detrending had
negligible effects on our results and conclusions (not shown). For the regional and country-level
analyses, we calculated area-weighted averages using the southern and East Africa maize cropping
masks in Figure 1, preserving the original units of the data.

To assess the strength of the ENSO teleconnections at each grid cell, we calculated the “anomaly
sign consensus” for the El Nifo and La Nifia composite maps, defined as the fraction of events
with an anomaly sign consistent with the sign of the composite mean anomaly. This indicator has
been used in other studies and reports (e.g., Dirmeyer et al. 2013) and we apply it here for two
reasons. First, it is highly interpretable and relatively simple to implement and understand, making
no assumptions about the underlying data structure, an advantage given the limited sampling of
ENSO events available over our period of analysis. Second, it is a highly relevant metric from the
perspective of seasonal climate predictions, where there is strong interest in accurate predictions
of below or above average anomalies.

To determine the “significance” of the anomaly sign consensus values, we modified the approach
of Dirmeyer et al. (2013). First, we generated 10,000 random series sampled from (-1, +1) with
lengths equal to the number of El Nifio (n=14) or La Nifia (n=15) events. This null hypothesis
assumes, as in Dirmeyer et al. (2013), equal probabilities of either anomaly sign. We then processed
each time series identically to the original data (linearly detrending and recentering on zero mean)
and then calculated the anomaly sign consensus. From these 10,000 anomaly sign consensus
values, we calculated the 95" percentile, and used this as our significance threshold. For both
phases, this threshold was 10 events, corresponding to approximately 71% and 67% of El Nifo and
La Nifia events, respectively. We also conducted a two-sample Wilcoxon rank sum test (one sided,

p < 0.05 significance level), comparing (at each grid cell) differences between median anomalies



20 during all El Nifio and all La Nifia years. For both the anomaly sign consensus and Wilcoxon tests,

=0 We apply hatching to mask areas with insignificant results.

precipitation

leaf area index soil moisture
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202 Fic. 3. Composite average standardized anomalies of precipitation, soil moisture (200 cm), and leaf area
23 index during El Nifio (n=14) events from 1982-2020. Areas where at least 10 of the 14 (approximately 71%)
20« El Nifio events have the same sign of response as the composite average are considered regions with significant
205 agreement in the anomaly sign consensus metric. All other areas are hatched. July-August-September (JAS) and
26 October-November-December (OND) anomalies are taken from the year corresponding with the development of

27 the El Niflo event (e.g., 1997), while all other seasons are taken from the following year (e.g., 1998).

s 3. Results

20 a. El Nifio Composite Anomalies

20 Beginning in July-August-September (JAS) of the preceding calendar year, El Nifio events are as-
on sociated with negative precipitation anomalies across Ethiopia, Sudan, South Sudan, and western

2 Kenya (Figure 3). The precipitation response to El Nifio subsequently switches sign to positive

10



213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

across most of East Africa during the following “short rains” of October-November-December
(OND). These somewhat complex ENSO teleconnection patterns are well established in the lit-
erature (Kiflie and Tao 2020; Korecha and Barnston 2007; Nicholson and Kim 1997; Nicholson
2017; Palmer et al. 2023; Vashisht et al. 2021). In the northern Greater Horn of Africa (GHA)
region, which receives the majority of its rainfall in JAS, precipitation is reduced during El Nifio
and increased during La Nifia. By contrast, in the equatorial region of GHA (including Eastern
Kenya and Somalia) October-December rainfall (one of the two key bi-modal seasons) anomalies
are wetter than normal during El Nifio and drier than normal during La Nifia, and additionally
modulated by the Indian Ocean Dipole.

Composite JAS precipitation anomalies during El Nifio are positive over southern Africa and
negative during OND across most of South Africa and the southern parts of Mozambique and
Zimbabwe. These southern Africa precipitation deficits intensify and expand across most of the
region in January-February-March (JFM). Notably, and regardless of the absolute magnitude of
the composite mean anomaly, the anomaly sign consensus is generally more significant for drought
anomalies compared to wetter than average conditions. For example, despite strong and widespread
positive mean precipitation anomalies during El Nifio across East Africa in OND, there is substan-
tial hatching (indicating the anomaly sign consensus is not significant) across these areas. This
contrasts with the drought response to El Nifo in southern Africa in OND and JFM, which is
significant across most areas with large precipitation deficits.

Soil moisture and LAI responses in both regions are consistent with the sign of the precipitation
responses. In East Africa, high precipitation in OND causes positive soil moisture anomalies
that largely persist through JEM and April-May-June (AMJ). The widespread hatching, however,
highlights the large spread across El Nifio events in this response. LAI anomalies follow the same
patterns as the soil moisture in East Africa, though these responses are even weaker in terms of
intensity, spatial extent, and significance of the anomaly sign consensus compared to the East
Africa soil moisture anomalies. In southern Africa, widespread and intense soil moisture drying
occurs during El Nifio in JFM and AMJ. Negative LAI anomalies align closely with these soil
moisture responses, though the LAI response is most widespread during JFM and mostly isolated

to Namibia and Angola during the AMIJ transition into the dry season. As with precipitation,
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these drought associated soil moisture and LAI anomalies show stronger agreement across events

compared to anomalies associated with wetter conditions.

\

precipitation

leaf area index soil moisture

-0.5-04-03-0.2-0.1 0.0 0.1 0.2 03 04 05

Fic. 4. Composite average standardized anomalies of precipitation, soil moisture (200 cm), and leaf area
index during La Nifia (n=15) events from 1982-2020. Areas where at least 10 of the 15 (approximately 67%)
La Nifia events have the same sign of response as the composite average are considered regions with significant
agreement in the anomaly sign consensus metric. All other areas are hatched. July-August-September (JAS) and
October-November-December (OND) anomalies are taken from the year corresponding with the development of

the La Nifia event (e.g., 1998), while all other seasons are taken from the following year (e.g., 1999).

b. La Nifia Composite Anomalies

The composite average anomalies during La Nifia over Sub-Saharan Africa are generally of oppo-
site sign compared to El Nifio (Figure 4), with a similar tendency towards higher agreement across
events in the sign of the anomaly in regions with drier conditions. During JAS of the preceding

year, La Nifia causes above normal precipitation across large areas of East Africa and widespread
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precipitation deficits over southern Africa. This is the dry season over southern Africa, and these
ostensibly large standardized anomalies represent small declines in absolute precipitation. La Nina
causes widespread and intense precipitation deficits during the OND short rains over East Africa
and increased precipitation in southern Africa, especially during JFM.

As during El Nifo events, soil moisture and LAI responses lag the La Nifa precipitation anoma-
lies. In East Africa, soil moisture declines begin with the short rains deficits in OND and persist
through JFM and AMJ, especially over Kenya, Tanzania, and the southern parts of Sudan and
Somalia. LAI declines associated with this drying are strongest in JFEM, matching closely with the
areas of most significant soil moisture deficits. Positive soil moisture anomalies in southern Africa
are most widespread during JFM and AMJ. Strong positive LAI anomalies are concurrent with
the largest positive soil moisture anomalies, though the largest and most significant anomalies are
centered over Namibia and the western part of southern Africa.

Areas of significant differences in the median anomalies between the two ENSO phases (El
Nino minus La Nifia; Figure 5) match well with areas with significant anomaly sign consensus
(Figures 3 and 4), clear examples being precipitation in east Africa during OND and southern
Africa during JFM. However, looking solely at these results obfuscates the asymmetric nature of
the teleconnections highlighted by the anomaly sign consensus. For example, while Figure 5 shows
that OND precipitation is significantly higher during El Nifio than La Nifia across much of East
Africa, the anomaly sign consensus results demonstrate the stronger and more consistent nature of
the La Nifia drought teleconnection.

We find very similar results results from the anomaly sign consensus and Wilcoxon ranksum
tests using the alternative datasets (GPCC precipitation, GLEAM root zone soil moisture, and
GIMMS 4¢g LAI) (Supplementary Figures 2-4). This includes the overall tendency for more
stronger anomaly sign consensus during drought teleconnections, and similar anomaly magnitudes
in the event composites. Overall, this suggests that the conclusions from our analyses so far are

largely insensitive to the datasets chosen.

c. ENSO Seasonality in Maize Regions

Anomalies of precipitation, soil moisture, and LAI averaged over maize growing regions during

ENSO events in southern (Figure 6) and East (Figure 7) Africa are consistent with the composite
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Fic. 5. Differences in median standardized anomalies of precipitation, soil moisture (200 cm), and leaf area
index between ENSO phases (El Nifio minus La Nifia). Significance is assessed using a two sample Wilcoxon-
Rank sum test (one sided, p < 0.05), with insignificant areas indicated by the hatching. July-August-September
(JAS) and October-November-December (OND) anomalies are taken from the year corresponding with the

development of the El Nifio or La Nifia event, while all other seasons are taken from the following year.

anomaly maps in Figures 3—4. Further, significant differences (two sample Wilcoxon Rank Sum
test; significance levels indicated by asterisks in the figure panels) between El Nifio and La Nifia
events can be found in these variables for several seasons, also consistent with the composite event
median comparisons in Figure 5.

In maize regions of southern Africa (Figure 6), precipitation is significantly (indicated by the
asterisks; see figure caption for details) drier during El Nifio events compared to La Nifa in JFM,
the latter half of the wet season, driving the significantly reduced soil moisture in JFM and AMJ.
LAI responses lag the precipitation and soil moisture anomalies, with significantly lower median

LAI during El Nifio in AMIJ. In East Africa (Figure 7), precipitation is significantly lower in JAS
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Fic. 6. Box and swarm plots of precipitation, soil moisture (200 cm), and LAI during El Nifio and La
Nifia over southern Africa. Each observation is the area-weighted average during the specified season over the
maize cropping regions of southern Africa identified in Figure 1. Grey shading indicates the central tercile
of anomalies from all years in our datasets (1982-2020). As previously noted, July-August-September (JAS)
and October-November-December (OND) anomalies are taken from the year corresponding with the peak in
the ENSO event, while other seasons are from the following year. Asterisks indicate significance levels from a
two-sample Wilcoxon rank sum test comparing El Nifio and La Nifia distributions: *p < 0.10, ** p < 0.05, and

x#xp < 0.01.
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FiG. 7. Box and swarm plots of precipitation, soil moisture (200 cm), and LAI during El Nifio and La Nifa over
East Africa. Each observation is the area-weighted average during the specified season over the maize cropping
regions of East Africa identified in Figure 1. Grey shading indicates the central tercile of anomalies from all
years in our datasets (1982-2020). As previously noted, July-August-September (JAS) and October-November-
December (OND) anomalies are taken from the year corresponding with the peak in the ENSO event, while
other seasons are from the following year. Asterisks indicate significance levels from a two-sample Wilcoxon

rank sum test comparing El Nifio and La Nifa distributions: *p < 0.10, %= p < 0.05, and ***p < 0.01.

during El Nifio, with the expected sign reversal and significantly drier conditions during La Nifia

in OND. These La Nifia induced precipitation deficits are followed in JFM by significantly lower
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soil moisture and LAIL

Even in seasons with the strongest responses or largest differences between El Nifio and La Nifia,
however, the spread across events can be substantial. For example, while median precipitation in
maize regions of southern Africa is strongly and anomalously low during El Nifio in JFM, only 8
of the 14 El Nifio events themselves have anomalies that fall below the long-term central tercile
(the grey shading). Indeed, 5 of the events (36%) had anomalies at or above the long-term median
(dashed line). Similar results can be found for La Nifia and precipitation deficits in OND in East
Africa maize regions, where again the large spread means that 8 of the 15 La Nifia events (53%)
have precipitation anomalies that fall within or above the central tercile. This strongly suggests
there may be some major limitations in the robustness of ENSO phases to predict major drought
events within the maize growing areas of southern and East Africa, where crop production concerns
are significant. We note that, in some cases, averaging of anomalies across maize regions may
mask important spatial variability in the climate response to ENSO. In East Africa, for example,
the negative aggregate JAS precipitation responses during El Nifio (Figure 7) are primarily driven
by the response over Ethiopia and Uganda, rather than Kenya and Tanzania (Figure 3).

Results are consistent using the alternative datasets, with some small, but possibly important,
differences in LAI (Supplementary Figures 5-6). Over both southern and East Africa maize
regions, absolute values of LAI from the GIMMS 4g dataset are overall higher than GLOBMAP
and, in some cases, differences across ENSO phases are more significant. As an example, for
southern Africa maize regions, GIMMS 4g has a significant LAI response during JEM (there is
no significant difference in GLOBMAP during this season) and a more significant (**p < 0.05
in GLOBMAP vs ***p < (0.01 in GIMMS 4g) response during AMJ. Despite these somewhat
nuanced differences across datasets, however, the ultimate conclusions remain the same, regardless

of which dataset is being considered.

d. ENSO Case Study Events in Maize Growing Regions

The high variance across ENSO events is further illustrated by examining the seasonal evolution of
hydroclimate and vegetation across recent strong El Nifio (1997/1998 and 2015/2016; ON1 > 2.0 K)
and La Nina (1998/1999 and 2010/2011; ON1 < —1.0 K) events (Figure 8). Precipitation anomalies

were substantially below the mean across nearly the entire wet season (October—February) during
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Fic. 8. Seasonal cycles of precipitation (mm/day), soil moisture (200 cm, mm3/mm3), and LAI (m2/m2),
averaged over maize cropping regions of southern Africa. Mean climatology (1982-2020) is shown in the
thin black line. The interquartile ranges for all El Nifio and La Nifia events are in the red and blue shading,

respectively, and individual ENSO events are shown in the colored lines.

the 2015/2016 El Nifio while 1997/1998 was above normal from September through January.
Additionally, the 1997/1998 wet season began with soil moisture levels well above the mean. The
wetter conditions in 1997/98 may explain why LAI was higher in most months during this event
compared to 2015/2016. The 1998/1999 and 2010/2011 La Nifa events both had above average
precipitation during December and January, but 2010/2011 precipitation was higher and the wet
season began with higher soil moisture levels. These overall wetter conditions may explain the
higher early wet season LAI values, which drop substantially when precipitation drops below
normal in February and March. By contrast, despite higher precipitation and soil moisture across

most of the wet season, LAI is below normal from January through March in 1998/1999.
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and individual ENSO events are shown in the colored lines.

Similar differences can be found across these ENSO events in East Africa (Figure 9). Consistent
with expectations, both El Nifio events have below normal precipitation during JAS and above
normal precipitation in OND. However, the OND short rain precipitation surpluses are higher
during 1997/1998 compared to 2015/2016, resulting in higher overall soil moisture levels that
persisted across the following calendar year (1998). Precipitation was anomalously low for both La
Nifia events during October—February. However, initial soil moisture conditions in October were
higher during 1998/1999, a consequence of the extremely high precipitation during the short rains
from the El Nifio in the previous year carrying forward, which may explain the overall higher LAI

values compared to the 2010/2011 La Nifa.
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While there are some differences in anomaly magnitudes, the same analyses using the alternative
datasets show similar results (Supplementary Figures 7-8). For example, GPCC precipitation over
East Africa is also higher during the OND short rains in 1997/1998 compared to 2015/2016, and
these high levels of precipitation are reflected in the anomalously high GLEAM root zone soil

moisture that carried forward during the next calendar year.
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ENSO in Southern Afrlca (Maize Reglons)

Fic. 10. Scatter plots and regressions between the DJF ONI index and precipitation (mm/day), soil moisture
(200 cm, mm3/mm3), and LAI (m2/m2), averaged over maize cropping regions of southern Africa. Legends
display R2 and significance levels for the regressions using all years (grey lines), El Nifio years only (red lines),

and La Nifia years only (blue lines).

e. Teleconnection Strength and ENSO Event Magnitude

To investigate whether teleconnection strength scales with intensity of El Nifio and La Nifia events,
we used linear regression analyses to compare our ENSO index (the DJF ONI) and climate and
vegetation anomalies averaged over southern (Figures 10) and East Africa (Figures 11) maize
regions. We conducted three different regressions: using all years (grey lines), El Nifio events

only (red lines), and La Nifia events only (blue lines). Goodness of fit (R2) and significance levels
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Seasons with significant differences in the median between El Nifio and La Nifia events (Figures
6-7) also had significant regressions when using all years. For example, the regression with
all years of JFM precipitation in southern Africa resolved over 30% of the underlying variance
(R?> =0.322, p <0.001). However, regressions using only El Nifio or only La Nifia years were
weaker and largely insignificant, even for seasons where regressions using all years were skillful
(e.g., JFM precipitation in southern Africa). We found nearly identical results when using the

alternative datasets (Supplementary Figures 9 and 10). We therefore find no supporting evidence

that event magnitude alone has an impact on teleconnection strength over these regions.
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ENSO in East Africa (Malze Reglons)

Fic. 11. Scatter plots and regressions between the DJF ONI index and precipitation (mm/day), soil moisture
(200 cm, mm3/mm3), and LAI (m2/m?2), averaged over maize cropping regions of East Africa. Legends display
R2 and significance levels for the regressions using all years (grey lines), El Nifio years only (red lines), and La

Nifia years only (blue lines).
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f- Maize Yield Sensitivity to Hydroclimate

Maize yields in Kenya, Malawi, South Africa, and Zimbabwe have positive and significant (p <
0.05, black dots) correlations with hydroclimate averaged over the maize growing regions of these
countries (Figure 12). Horizontal shading shows the planting (blue), growth (grey), and harvest
(orange) periods associated with the maize growing seasons in each country. In Kenya, the two
maize growing seasons coincide with the short (top shading) and long (bottom shading) rains,
while in South Africa the two seasons are differentiated by region (top shading: west; bottom
shading; east).

Over Kenya, yield and precipitation correlate significantly in April, the middle of the long
rains maize planting season (March—-May), followed by significant correlations in soil moisture
and LAI that extend until the end of this growing season in September. The longer period of
significant correlations with soil moisture and LAI, which is also seen in other countries, likely
reflects the persistence of cumulative, antecedent precipitation anomalies embedded within these
variables. In Malawi, correlations between yield and precipitation peak in January-February, near
the beginning of the maize growing season, followed by significant soil moisture correlations
during the latter part of the growing season in March and into the harvest period of April-June.
Correlations with LAI are similarly higher during the May—June harvest period.

In South Africa, yield correlations with precipitation are significant in October in the year prior
to harvest and in January-February of the harvest year. October is the main maize planting period
in eastern South Africa, while December—January is the main planting period in the western
part of the country, which may explain the dual peak. As with Kenya and Malawi, correlations
with the other variables are lagged compared to precipitation, peaking in January—March for soil
moisture and February—April for LAI. These months represent the latter part of the maize growing
season in South Africa. Finally, correlations between yield and precipitation in Zimbabwe are
strong and significant in February, roughly the middle of the maize growing season. This is
followed by significant correlations in soil moisture and precipitation in the following months,
continuing through and beyond the main harvest season of May—June. In several instances, crop
yields correlate with soil moisture and LAI during months outside of the maize growing season:
for example, LAI during October—November in Malawi. While these months are after the typical

maize harvest, they do coincide with the planting period for maize, cotton, and peanuts the
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Correlations with Crop Yields
(Maize Regions)

Fic. 12. Pearson’s correlations between country-level maize crop yields and precipitation, soil moisture, and
LAI averaged over maize cropping regions (Figure 1) within those countries (1983-2020). Correlations were
calculated from July of the year prior to harvest (left side of dottted line) through October of the harvest year.
Nominally significant correlations (n=38, p < 0.05) are indicated by the black dots. Horizontal shading indicates
different phases of the maize growing season: planting (blue), growth (grey), and harvest (orange). Kenya and
South Africa have two maize growing seasons. For Kenya, these correspond to the growing season associated
with the short (top shading) and long (bottom shading) rains. For South Africa, these different seasons are

associated with maize growing in the western (top shading) and eastern (bottom shading) maize regions.
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following year. Given the strong persistence and lagged response of soil moisture and LAI to

precipitation apparent in our previous analyses, this could reflect carry over of effects from one

year or season to the next.
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Fic. 13. Box and swarm plots of country-level maize crop yield anomalies during El Nifio and La Nifa

events. Grey shading indicates the central tercile of anomalies from all years in the datasets (1983-2020). Yield

anomalies are taken from the year following the peak of the ENSO event. Asterisks indicate significance levels

from a two-sample Wilcoxon rank sum test comparing El Nifio and La Nifia distributions: #p < 0.10, **p < 0.05,

and **xp < 0.01.
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g. Maize Yield Variability during ENSO Events

Consistent with broad expectations from the previous hydroclimate analyses, maize yields are
typically below normal during La Nifia events in Kenya and below normal during El Nifio events
in Malawi, South Africa, and Zimbabwe (Figure 13). Differences between median yield during
La Nifia versus El Nifio events are only marginally significant for Kenya, with overall stronger
differences in South Africa and Zimbabwe. Differences in yield between El Nifio and La Nifia
events are not significant for Malawi, a result that may be at least partially attributable to its
geographic location, sitting on the periphery of regions with the strongest ENSO teleconnections.

As with the hydroclimate analyses of maize growing areas in these regions, there is a large
spread across ENSO events in maize yield anomalies. The most consistent responses are during
El Niiio in South Africa (10 of 14 events below the central tercile; 71%) and Zimbabwe (8 of 14
events; 57%). In Kenya and Malawi, less than half of the events have yield anomalies that fall
in the lower tercile during the drier ENSO phases. For Kenya, and to some extent South Africa
and Zimbabwe, however, the large variability in yield across events is consistent with the high

variability in hydroclimate impacts across ENSO events in these regions.

4. Discussion and Conclusions

Our results highlight the complexity of ENSO teleconnections to hydroclimate, vegetation, and
agriculture across southern and East Africa. For precipitation, these results are similar to decision
making aids like the “IRI cartoon” (Lenssen et al. 2020) and FEWS NET fact sheets (FEWS NET
2020), though the methods of arriving at these maps differ in terms of time periods considered
and thresholds for wet and dry. Our analysis goes beyond these efforts to quantify the stability of
these teleconnection patterns for precipitation and other variables closely connected to agricultural
and food security outcomes (soil moisture, LAI, crop yields). We find stronger and more stable
associations (i.e., high anomaly sign consensus) between regional hydroclimate, vegetation, and
crop yield responses and the drought associated ENSO events: El Nifio in southern Africa and
La Nifia in East Africa. South Africa, for example, has stronger and more consistent sign maize
yield anomalies (negative) and better separation from the central tercile during El Nifio (drought),
compared to La Nifa (wetter than normal). Teleconnection strength appears largely insensitive to

the intensity of the El Nifio and La Nifia events themselves over maize growing areas.
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Further, even in cases where ENSO teleconnections are strong, there is high variability in the
magnitude and sign of anomalies across events and ENSO phases within maize growing regions.
For example, despite the ostensible importance of La Nifia for East Africa drought, fewer than half
of these events are associated with lower tercile OND short rain precipitation in maize growing
areas of this region (Figure 7). This high variability across events also extends to maize yields
(Figure 13), especially in Kenya and Malawi where drought related ENSO phases caused lower
tercile maize yield anomalies in less than half of all events. There is consequently a substantial
amount of residual variability in both hydroclimate and crop yields independent from ENSO,
highlighting the challenges related to seasonal prediction, especially at finer, subregional spatial
scales. Ultimately, while ENSO does offer some significant power for predicting conditions related
to food insecurity over southern and East Africa, there are major limitations in relying on this mode
as the sole or primary source of skill for seasonal forecasts.

Our analyses and conclusions may be sensitive to several limitations in our study design and
methods. The short period of study (39 years) limits the number of ENSO events that can be
sampled: 14 for El Nifio and 15 for La Nifia. This is a constraint of the datasets we analyzed and
the lack of longer term high quality alternatives, especially for the remotely sensed LAI and maize
yield data. While this represents a substantial increase in events analyzed compared to previous
similar studies (e.g., Sazib et al. 2020), we are still likely undersampling important variability in
the ENSO system. For example, decadal scale variability in ENSO and tropical Pacific SSTs is
well established (Newman et al. 2016) and known to affect teleconnection strength (Gershunov
and Barnett 1998; Power et al. 2006). Additionally, other climate modes, forcings, and even
just internal atmospheric variability influence how strongly canonical ENSO teleconnections are
realized (Hoell et al. 2014, 2015, 2017; Taschetto et al. 2020).

We also recognize that our relatively simple approach for defining El Nifo and La Nifia will
mask some important sources of diversity across ENSO events. For example, both the seasonal
evolution (Vimont et al. 2022) and geographic center of action (Kao and Yu 2009) for the critical
SST anomalies can vary substantially across ENSO events. Such details can affect teleconnection
strength between ENSO and regional climate (Paek et al. 2017), but are unlikely to be captured
in our relative simple definition which uses fixed seasonal and geographic windows for the SST

anomalies. Given the short length of our dataset and limited sampling of events, we are reluctant
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to draw any strong conclusions about ENSO event diversity and teleconnection strength beyond
our analyses of event intensity, though we believe our approach to event definition is appropriate
for our study goals.

Our results suggest that ENSO teleconnection strength in southern and East Africa does not
scale with ENSO event magnitude, a finding at odds with other studies (e.g., Pomposi et al. 2018).
Such differences between our study and others could arise for several reasons. First, our analyses
of ENSO event magnitude focused specifically on the maize growing areas of southern and East
Africa, rather than the larger regions. Our results therefore likely reflect some degree of spatial
variability in ENSO teleconnection strength, something apparent from the anomaly sign consensus
analysis (Figures 3 and 4). Second, our results may be affected by undersampling of ENSO
variability. Other studies have circumvented this limitation using climate model experiments (e.g.,
Pomposi et al. 2018), a potentially useful approach but one that depends on how well the models
simulate ENSO dynamics and teleconnections.

The data on maize cropping areas and yields also have some significant uncertainties. For
crop areas, we chose a 1% area fraction for our cropping area masks used in the area averaged
hydroclimate comparisons. As noted previously, this choice represented a trade off between a
higher cropping density threshold that would severely restrict the number of grid cells versus
including all regions with any documented cropping, regardless of how important these areas are
for national production (Supplementary Figure 1). The quality of the crop yield data also varies
across different countries. Yields from South Africa, for example, are likely the most accurate
among the countries we analyzed because they are the largest maize producer in the region and a
significant exporter to other countries. More food insecure countries (e.g., Zimbabwe), however,
often have lower quality data. Additionally, while we standardized and detrended the yield data to
isolate yield variability due to climate, this is an imperfect approach and also likely does not address
the full suite of management changes that could affect relationships between yield and climate.
While our analysis focuses on the abiotic pathways by which ENSO affects crop yields, indirect
biotic pathways are likely also present. The relative incidence of disease and pests, such as locusts,
depends in part on the crop growing season climate, which is affected by ENSO. Our analyses
estimating the influence of ENSO on crop yields, therefore, should be interpreted as including

both the direct impact of abiotic stress on crop yields and the indirect influence of abiotic growing

27



534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

conditions on the incidence of biotic stresses. Separating out the relative importance of the biotic
and abiotic pathways during ENSO years, however, requires further research.

Even with these limitations, we believe our study offers strong motivation to explore the potential
predictive value of other modes of variability in the climate system and the role of initial conditions.
The importance of initial conditions is highlighted in the case study analysis, most notably in
the persistence of extreme high soil moisture anomalies in East Africa maize regions during the
transition from the 1997/98 El Nifio to the 1998/99 La Nifia (Figure 9). This suggests that a product
that combines initial conditions, specifically soil moisture and vegetation, with ENSO-informed
precipitation forecasts may provide useful information to users. Currently FLDAS-Forecast (Hazra
et al. 2023), NASA’s hydrologic forecast system for food insecurity based on the North American
Multi-Model Ensemble (NMME) forecasts, does provide this information for Africa. But this work
could be further developed, especially if initial conditions other than soil moisture (e.g., LAI) were
incorporated into the modeling framework.

Alternative modes of climate variability should also be explored and investigated, including how
they may interfere with expected ENSO teleconnections and whether they may offer additional
sources of skill for seasonal forecasts. One particularly important pattern is the Indian Ocean
Dipole (IOD), a subtropical mode of ocean-atmosphere variability in the Indian Ocean that can be
triggered by ENSO events or evolve independently (Saji et al. 1999; Webster et al. 1999). Peaking
during boreal autumn (SON) (Feba et al. 2021), positive phases of the IOD are associated with
wetter conditions in East Africa and drier conditions over southern Africa (Saji and Yamagata
2003; Scanlon et al. 2022). Depending on the phasing with ENSO, IOD events therefore have
strong potential to amplify or counteract ENSO forced precipitation anomalies (Saji and Yamagata
2003). Another pattern originating in the Indian Ocean, the Southern Indian Ocean Dipole (SIOD)
(Hoell et al. 2017), is also important over southern Africa. The SIOD peaks in February and, when
in phase with ENSO (e.g., +SIOD and El Nifio), weakens the ENSO teleconnection. Incorporating
information from these modes may, therefore, improve the fidelity of seasonal forecasts over
southern and East Africa. However, unlike ENSO, the time horizon of skill for these modes is
more limited. Skillful prediction of the IOD, for example, is limited to 6 months, with the strongest
skill at 4 months, though analyses of decadal prediction model experiments suggest skill may

extend to 17 months (Feba et al. 2021). Regardless, if skillful forecasts of these and other modes
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s« can be improved, then they may provide improved constraints for ENSO-informed seasonal climate

ss and food forecasts within Sub-Saharan Africa.
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