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Abstract

The EI Nifio-Southern Oscillation (ENSO) is the dominant source of seasonal predictability for
southern Africa, yet operational guidance rarely conveys which agriculturally relevant variables it
can skillfully predict, or where ENSO impacts are most likely. We present an operational analysis
framework that converts an ENSO state, classified by phase and strength, into gridded, analogue-
composite outlooks for 15 indicators spanning rainfall, evaporative demand, related standardized
indices (SPI, SPEI), crop water balance, dry-spells, rainfall-season timing, and heat extremes. El
Nifo typically produces the adverse outcome across the central and southern interior, with
moderate-to-strong events having more robust impacts. We assess skill with cross-validated
ranked probability skill scores at the grid-cell scale and aggregated over the response domain, and
phase-specific verification scores. Predictability is substantial but uneven: temperature and
potential evapotranspiration are the most predictable. Rainfall is skillful across much of the core
though spatially variable. Crop water balance, season length and a smoothed dry-spell metric are
skillful as regional indices, while the onset and cessation dates carry little skill. Skill peaks at the
height of the rains, is weaker for La Nifia than EI Nifio, and increases with event strength. A single
ENSO-based outlook can be misleading. Outlook guidance, including confidence should be set by
location, season, indicator, phase and event strength, with stronger El Nifio events being more
impactful. This is relevant to the very strong EI Nifio forecast for 2026/27. The framework is
accessible through the Southern Africa ENSO Explorer (https://enso.ubramplab.org).

Keywords: El Nifio Southern Oscillation (ENSO), Relative Oceanic Nifio Index (RONI),
verification metrics, predictability, agroclimatic indicators, anticipatory action

Practical Implications

El Nifio and La Nifia events typically occur every 2 to 7 years, and influence climate in many
regions around the world. Seasonal planning across southern Africa therefore encounters a
recurring question: when an El Nifio or La Nifia is forecast, what does it mean for the coming
rainfall season, which areas are likely to be affected, and what should they prepare for? This paper
describes the analysis underlying an operational, free climate service, the ENSO Explorer
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(https://enso.ubramplab.org), that answers this question with maps, area summaries, and an
interpretive brief. For a given forecast ENSO state, the service shows how a set of decision-
relevant indicators behaved across the region in comparable historical seasons, together with a
measure of how reliable each signal is. The indicators, which are relevant to a range of user sectors,
include seasonal rainfall, evaporative demand, the climatic water balance, crop water balance, dry
spells, rainy-season timing and length, and heat extremes. Selecting a country or province returns
a plain-language summary of what comparable seasons have looked like for that area,
downloadable as a short report, which translates the map-based analysis into practitioner-ready
information.

The service offers five features of practical value to policy-makers and practitioners: stronger,
more decision-ready odds; area-specific likelihoods; coverage of a range of decision-relevant
indicators; explicit confidence information; and a view of the extremes. The sections below
develop these and illustrate them with a case study.

By around mid-year, ahead of the summer rains, the ENSO state that will affect the coming
summer season can usually be forecast with good skill (Ehsan et al., 2024). At the same time, our
results indicate that ENSO impacts in many parts of southern Africa show reasonable
predictability. Thus, an ENSO-conditioned outlook can be useful for the peak rainfall season,
while forecasts made earlier in the year are less reliable (Barnston et al., 2012). Operational
consensus outlooks issued at regional and national forums typically express probabilities for three
categories (below-normal, near-normal and above-normal) that seldom exceed 40% in any one
category. For moderate-to-strong events, the historical ENSO-conditioned frequencies reported
here reach 60 to 70% and higher over the core response domain (Figs 1, 2). These strong, evidence-
based probabilities therefore give seasonal forecasters an additional input that can help strengthen
their forecasts. Higher probabilities matter because they allow decision-makers to act more
decisively: firmer, higher-cost commitments become justifiable where the likelihoods are high and
reliable, while weak or unreliable signals warrant only low-cost actions (Murphy, 1977; Katz and
Murphy, 1997; Richardson, 2000).

Users have long reported that in addition to seasonal rainfall tercile forecasts, they also need
information such as onset and dry spells to support their decision-making (Ingram et al., 2002;
Hansen et al., 2022). By providing location-specific probabilities for various indicators including
seasonal timing and length, dry spells, heat, and water balance, the service lets each sector plan
against its most relevant parameters. An agricultural manager who sees a high likelihood of longer
dry spells in a specific district has a concrete basis for promoting supplemental irrigation,
conservation agriculture, and shorter-cycle or drought-tolerant varieties in that district. A basin
water manager can read probabilities for rainfall, evaporative demand and the SPEI index over a
watershed and, combined with current soil-moisture and reservoir conditions, assess the
probability that demand will be met. A public-health office can identify where extreme-heat days
are more likely and prepare for closer surveillance and in-season advisories. Because the indicators
are available before the season, they support the pre-allocation of finance to where it is most likely
to be needed, which is the basis of forecast-based financing and early warning early action
(Coughlan de Perez et al., 2015).

The 2015/16 EI Nifio event produced one of the most severe droughts in the region in decades and
a widespread food-security emergency. The event clearly illustrated the typical impacts of a strong
El Nifio in the region (Blamey et al., 2018). Applied retrospectively, the framework highlights
enhanced preparedness for this kind of season: over the core domain it would have shown a high
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likelihood of below-normal rainfall, elevated evaporative demand, more dry-spell days, and more
hot days, with the signal strongest in the peak season. The value for a planner is an early, location-
specific and multi-sectoral statement of increased risk, carrying an indication of confidence,
months ahead of impact. The most recent strong El Nifio, in 2023/24, produced a comparable
regional drought and national disaster declarations, underscoring that this is a recurring, policy-
relevant pattern.

National and regional consensus climate forecasts typically collapse the forecast probabilities into
a simplified forecast of the one or two most likely forecast categories, stating, for example, that
rainfall will be “normal to below normal” (Nicholls, 1999; Hansen et al., 2022). This approach
offers a narrow range of decision-support, with users tending to base decisions on the most likely
outcome. By encouraging a wider range of specific probabilities, with higher odds where relevant,
the climate service enables a more robust approach that weighs both the probabilities and the
consequences of the possible outcomes, aligned with a no-regret decision-making approach
(Murphy, 1977; Palmer, 2002; Hallegatte, 2009). A farmer facing elevated drought odds might
plant a reduced area, and split between a drought-tolerant and higher-value crop under more
intensive management, while investing the balance in irrigation or water harvesting, so that the
operation is protected under a poor season and remains sound under a normal one. The service
supplies the reliable, area-specific probabilities, which is one set of essential input for a robust
probabilistic decision making process; however the optimal portfolio for any given user also
depends on that user’s own costs, losses and risk tolerance, and a formal optimization is beyond
both the service and this paper.

Two features of the service help set the threshold for action. The tool flags where the signal is
strong enough to stand out from normal year-to-year variability, and treats this as a confidence
threshold: areas within the confidence mask can support firmer commitments, while those without
call for lighter, no-regret actions. The quintile outlook serves an additional purpose: the tercile
view indicates the general tendency of the season, while the quintile view addresses the potential
for extreme conditions. Because anticipatory action and contingency plans are usually keyed to
extremes, the quintile view is a natural basis for the extreme-event triggers those instruments use.

Detailed, localized interpretation remains the mandate of the National Meteorological and
Hydrological Services, and the tool directs users to them. Known barriers to the uptake of seasonal
forecasts also apply here: perceived low reliability and difficulty of conveying probabilistic,
uncertain information; poor fit with existing decision processes; limited awareness and access; and
gaps in organizational capacity and expertise (Vogel and O’Brien, 2006; Bruno Soares and Dessai,
2016). A further challenge is that outlook reliability varies from place to place, and the tool
addresses this by presenting confidence information. The interpretive brief is experimental, offered
as a communication aid that supplements official guidance; a formal evaluation of its decision-
support value is future work. The tool gives decision-makers a firmer, earlier and more detailed
evidence base for anticipatory action during ENSO events.

1. Introduction

The El Nifio-Southern Oscillation (ENSO) is the dominant source of seasonal predictability for
southern Africa: El Nifio tilts the region toward drier, hotter growing-season conditions and La
Nifa toward wetter ones (Ropelewski and Halpert, 1987) and has been shown to shift rainfall
probabilities more strongly under stronger events (Pomposi et al., 2018). The 2015/16 EIl Nifio
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produced the region’s most severe drought in decades, and the 2023/24 El Nifo again drove
widespread crop failure and food insecurity across the maize-dependent interior, while the strong
1997/98 EI Nifio produced a more muted impact than anticipated. These variations underscore the
need to understand the probabilities, risks and uncertainties associated with ENSQO’s influence
across a range of indicators with a direct bearing on societal impacts like agriculture, water
resources and health. This need is particularly pressing in years when forecasts indicate a high
probability of a strong or very strong El Nifio. In June 2026, the National Oceanic and Atmospheric
Administration (NOAA) Climate Prediction Center (CPC) forecast the chance of a very strong El
Nifo as high as 63% during the 2026/27 rainfall season (NOAA CPC, 2026a).

Although historical approaches have successfully characterized ENSQO’s typical agricultural
impacts across Africa (Anderson et al., 2019; Sazib et al., 2020; Coughlan de Perez et al., 2024)
allowing for ENSO-based planning, seasonal outlooks that translate ENSO information into user
products still typically provide generic and difficult-to-use information (Lemos et al., 2012;
Hansen et al., 2022). On the other hand, planners (farmers, water resource managers, national
agencies, humanitarian and food-security actors) need to assess and action the risk and potential
impacts of heat stress, evaporative demand, the timing and reliability of the rains, including dry
spells. A forecast of seasonal rainfall totals on its own has limited actionable value for many of
these decisions, which rely on season timing and dry spells (Ingram et al., 2002). Here we address
two important questions: which of these many agriculturally relevant variables can ENSO predict,
and where is that prediction trustworthy? Providing accessible tools to answer these questions
strengthens the ability of regional and national forecasters to support decision makers and policy
makers who need to respond to risks posed by ENSO-related extremes.

This paper introduces an operational analysis framework that addresses both. It converts an ENSO
state, classified with the Relative Oceanic Nifio Index (RONI), which removes the tropics-wide
warming trend so events can be classified under a changing climate (L’Heureux et al., 2024), into
gridded, analogue-composite outlooks for over a dozen agriculturally-relevant indicators. These
span rainfall, the climatic and crop-specific water balance, evaporative demand, dry-spells, rainy-
season timing, and heat extremes, each accompanied by a pixel-scale statistical-significance mask
(and, for the frequency view, a bootstrap robustness mask). ENSO state is subdivided into
categories: moderate-to-strong La Nifia, weak La Nifia, weak El Nifio and moderate-to-strong El
Nino, adapting NOAA’s ENSO strength classifications (NOAA CPC, 2026b). For each of these
state selections, we characterize the robustness of ENSO teleconnections using several skill score
metrics, at both the grid-cell and at an aggregated sub-regional scale, to establish which indicators
exhibit enough historical consistency to carry genuine predictive value. The results presented here
are based on either individual grid cells or a spatially average ‘core’ region that exhibits the most
robust impacts.

In the southern African context, such a framework is particularly relevant as a regional climate-
service support tool. Seasonal outlooks produced through regional processes such as the Southern
Africa Regional Climate Outlook Forum (SARCOF) increasingly need to be complemented by
indicator-specific information that is meaningful for agriculture, drought monitoring, water
resources and other climate-sensitive sectors. A regional ENSO-conditioned system of this nature
can therefore provide an early, long-lead layer of decision support for SADC Member States, while
still requiring interpretation and contextualization by NMHSs and sector institutions at national
level. In this sense, the framework is intended to complement, existing national and sub-national
climate services.
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Leveraging the higher seasonal predictability available during ENSO events allows forecasters to
issue stronger, area-specific outlook probabilities. This, combined with the increased number of
decision-relevant indicators provided by the service, shapes how ENSO information can be used
in operational decision making. For the 2023/24 El Nifio, triggered by its forecasts, the
humanitarian community allocated USD 33 million for anticipatory actions that reached over 2
million people, the largest such delivery of anticipatory action in the region to date. (Anticipation
Hub, 2024). Area-specific probabilities and their reliability for each indicator, such as provided by
this service, could help sharpen such anticipatory targeting and allocation decisions (Guimaraes
Nobre et al., 2024). In the wider forecast-related decision-making context, known barriers to the
uptake of seasonal forecasts, including perceived low reliability, difficulty of conveying
probabilistic, uncertain information, limited technical capacity, and poor fit with existing decision
processes, all apply in this setting (Vogel and O'Brien, 2006; Bruno Soares and Dessai, 2016).

2. Data and indicators

All indicators are derived from open, operational satellite-gauge and reanalysis records over 1981-
2025 on the southern Africa domain (Table 1). These have relatively high spatial resolutions of
0.05° to 0.10° latitude and longitude, enabling identification of patterns at a spatial scale that is
useful for local to subnational planning. Rainfall is CHIRPS v3 (Funk et al., 2015, 2026); reference
evapotranspiration (ETo) is the Hobbins et al. (2023) NOAA long-term daily ETo reanalysis,
computed using FAO-56 Penman-Monteith (Allen et al., 1998) from MERRA-2 data (Gelaro et
al., 2017) at a native 0.5° latitude x 0.625° longitude, regridded here to 0.10°; daily maximum 2-
m air temperature (Tmax) is CHIRTS-ERA5 (Climate Hazards Center, 2025). CHIRTS-ERA5
bias-corrects ECMWF ERAGS reanalysis 0.25° resolution (Bell et al., 2021) data relative to 0.05°
resolution CHIRTS temperature data (Funk et al., 2019; Verdin et al., 2020). Additional indicators
were derived from these basic inputs:

e Standardized Precipitation-Evapotranspiration Index (SPEI): based on the standardized
climatic water balance D = P — ETo (Vicente-Serrano et al., 2010). SPEI was standardized
non-parametrically via the Gringorten plotting position (Farahmand and AghaKouchak,
2015), which avoids the poor distributional fit of the classic log-logistic in high-rainfall,
occasionally dry areas. For consistency, we also compute the Standardized Precipitation
Index (SPI; McKee et al., 1993) by the same nonparametric standardization applied to
precipitation only.

e Water Requirement Satisfaction Index: (WRSI; Verdin and Klaver, 2002; Senay and
Verdin, 2003).

e Dry-spells(total dry-spell days and the longest dry spell, post-onset, counting only spells
of at least 10 days): Our dry day definition uses a smoothed definition: a day is dry when
its forward 10-day-mean rainfall is below 1 mm per day, so an isolated light-rain day does
not fragment a spell; spells are counted only after season onset (defined for the daily
dryspell analysis as the first rain day on which 25 mm falls over a 10-day period). Where
no onset occurs in a particular season, the climatological-mean onset is used as a fallback
so that years in which the season fails to establish are represented

e Rainy-season timing and duration: Rainy-season onset is the first dekad after 31 August
meeting a rainfall-accumulation threshold, with a minimum of 25 mm of rainfall in the first
dekad, and a total of at least 20 mm in the ensuing 2 dekads (Senay and Verdin, 2003);
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cessation is the last dekad before 1 June in which at least 10 mm is received following a
wet event of at least 30 mm in the previous 3 dekads, and followed by a sustained dry
period of at least 3 dekads; length is the onset-to-cessation span in dekads. Dekads divide
each month into two ten-day periods, followed by a third dekad containing the remainder
of the days in each month. We also track onset occurrence, that is, whether a season
establishes at all in a given year, which carries information in the arid margins where onset
is not guaranteed.

e Air temperature and heat indices: mean daily Tmax, counts of days above 30 °C and 35 °C
(the latter a maize-relevant heat threshold; Lobell et al., 2011), and heatwave days (Perkins
and Alexander, 2013).

e Indicators are computed for nine overlapping seasonal windows (OND, NDJ, DJF, JFM,
FMA, MAM, DJFM, SOND and ONDJFM); we report the peak season (DJF) unless noted
(the annual season-timing metrics and WRSI use ONDJFM).

3. Methods
3.1 ENSO classification

ENSO phase is classified from the NOAA CPC RONI, the 3-month running mean of Extended
Reconstructed Sea Surface Temperature version 5 (ERSSTv5) anomalies in the Nifio-3.4 region
relative to the global tropical mean SST anomaly (L’Heureux et al., 2024). An event requires at
least five consecutive overlapping 3-month seasons at or beyond 0.5 °C, the same classification
that also defines the analogue composites (Section 3.2). NOAA CPC (2026b) grades ENSO events
into Weak (0.5-0.9 °C), Moderate (1.0-1.4 °C), Strong (1.5-1.9 °C) and Very Strong (>2.0 °C)
grades; for analogue selection the three highest classes are pooled into a single moderate-to-strong
class (>1.0 °C), giving enough analogue years for stable statistics while separating weak from
stronger events, a stratification supported by evidence that stronger El Nifio events shift southern
African rainfall probabilities more than weaker ones (Pomposi et al., 2018), because central Pacific
atmospheric heating and precipitation, the source of the teleconnection (Gill, 1980) becomes
substantially greater (Figure 9, Funk et al., 2018)

3.2 Analogue compositing

For a given forecast phase and strength, the outlook at each grid cell is the empirical distribution
of the indicator across the matching analogue years (the historical years of that phase/strength).
We summarize these distributions in three ways: (a) the composite anomaly (mean of analogue
years minus the 1991-2020 climatological mean), (b) the composite percent of average (composite
mean as a percentage of the 1991-2020 climatological mean), and (c) the frequency: the proportion
of analogue years in which the indicator falls in the upper/lower tercile (1-33" and 67"-100"
percentiles), showing only the dominant tercile. The same analysis is repeated for 20" and 80™
quintile extremes. These results are delivered openly through the Southern Africa ENSO Explorer
(https://enso.ubramplab.org).

Figures 1 and 2 show maps of response frequencies for moderate-to-strong El Nifio and La Nifia
events. Supplementary Figures S1 and S2 show the frequency maps for all EI Nifio and La Nifia
events.
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3.3 Statistical significance

Each composite anomaly, percent-of-average and frequency layer carries a mask indicating where
the phase signal is distinguishable from background variability. On each map, non-significant grid-
cells are shown via hatching. The composites and the frequency layers use different masking
approaches. The composite mask uses a two-sided Wilcoxon-Mann-Whitney test of the analogue-
phase years against all other years (o = 0.05; after Vicente-Serrano et al., 2011). To produce a
frequency-layer bootstrapped robustness mask (Knutti and Sedlacek, 2013; Collins et al., 2013),
at each pixel the indicator is detrended over 1981-2025 using the Theil-Sen robust trend (Sen,
1968), the median of the detrended analogue-year anomalies gives the composite shift, and the
analogue years are resampled with replacement (500 bootstrap iterations), recomputing the median
each time to form the bootstrap distribution of the shift. Because the frequency map already shows
a dominant tercile (a direction) at each pixel, the pixel is retained where the one-sided 95%
bootstrap bound clears zero in that direction (Wilks, 2011). Under this rule, pixels whose analogue-
year detrended anomalies are mixed in sign are typically hatched as weak signals, even where one
tercile is nominally dominant on the frequency map.

3.4 Forecast skill

We assess out-of-sample skill with the ranked probability skill score (RPSS) of the categorical
tercile forecast against an equiprobable-tercile climatology, evaluated by leave-one-out (LOO)
cross-validation at each pixel (Wilks, 2011). The forecast for each held-out year is built from the
remaining years only: the indicator is detrended on year and standardized, tercile boundaries are
taken from the training residuals, and an ordinary-least-squares fit of the standardized indicator on
RONI defines a Gaussian predictive distribution whose integral over each tercile gives the
categorical probabilities for the held-out year from its RONI value. RPSS is positive when the
RONI-conditioned forecast improves on climatology, zero at no improvement, and negative when
it is worse. Because the predictor is the continuous RONI value, the skill spans the full ENSO
range. The predictor is the observed peak-season RONI, so this is a perfect prognosis assessment
and thus an upper bound on operational skill. Detrending is applied only in this skill assessment;
the composites of Section 3.2 are not detrended.

We report RPSS at each pixel and as regional indices over a southern Africa response domain
delineated in prior published work (Hoell et al., 2015, 2017a; Funk et al., 2016). We report two
nested extents: a regional domain (12.5-42.5 E, 35-15 S) that spans the broad southern Africa El
Nifio response region (including its semi-arid areas), and a core domain (26.5-36 E, 27-15 S)
formed as the intersection of these two delineations, where the ENSO skill is concentrated (Fig.
3). The regional and core indices are first averaged across the domain into a single annual series,
which is then scored. Aggregating before scoring raises the region-wide ENSO signal and
distinguishes locally noisy from regionally coherent skill. For the crop water balance (WRSI),
areas flagged as model’s no-start-of-season are excluded before averaging. Skill at the grid-cell
level is summarized by the median RPSS and the fraction of grid-cells with positive skill, both
taken over valid data grid cells within the response domains where the indicator is defined
(excluding no-data, ocean and no-season pixels). The RPSS and other skill measures are also
presented as maps, showing the spatial variation in skill. Figure 3 shows the LOO forecast skill for
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DJF for rainfall, ETo, SPEI and maximum air temperature. Supplementary Figures S3 and S4 show
forecast skills for 12 of the 15 indicators.

A complementary, deterministic view of the out-of-sample skill is the Heidke skill score. The
ENSO phase is used directly as a three-category forecast (EI Nifio predicts the adverse tercile,
neutral the near-normal, La Nifia the opposite) and scored on the full 3x3 contingency table of
forecast against observed tercile, over all the years.

Two agricultural quantities need a non-tercile treatment. Season onset is defined only where a
season establishes, so beyond the onset date we separately score onset occurrence, the binary event
of whether the season starts at all, with a leave-one-out Brier skill score: a continuous-RONI linear-
probability forecast against the observed-occurrence climatology, over the arid margin where
occurrence varies (both outcomes present).

3.5 Phase-specific verification

The continuous-RONI RPSS of section 3.4 spans the whole ENSO range and therefore blends both
the EIl Nifio and La Nifia phases. To characterize each phase on its own, we add four standard
verification measures (Wilks, 2011; Jolliffe and Stephenson, 2012), computed separately for El
Nifio and La Nifia. EI Nifio is verified against the adverse tercile of each indicator (drier, hotter, or
shorter season) and La Nifia against the opposite tercile (wetter, cooler or longer season); phases
are defined from the peak-season DJF RONI (EI Nifio > +0.5 °C, La Nifia < -0.5 °C), a single-
season assignment that agrees with the Section 3.1 five-window event classification in all but one
year over the 1981 to 2025 period. This skill assessment conditions on the single-season (DJF)
state; the composites (Section 3.2) use the multi-season event classification. Each year’s observed
tercile is taken from the same leave-one- out, detrended definition used for RPSS, so the category
is out-of-sample.

We summarize the EIl Nifio and La Nifia phases with four measures. Each measure, compared
against the one-third climatological base rate, captures complementary aspects of skill. The
conditional probability of the target tercile, P (target | phase), is the most directly interpretable for
decision-support: how often that tercile occurs in the phase, the verification counterpart of the
ENSO-conditioned frequency the operational tool displays (Mason and Goddard, 2001). The
Hanssen-Kuipers (Peirce) skill score measures discrimination, the hit rate minus the false-alarm
rate on the all-years contingency table (Jolliffe and Stephenson, 2012). The Brier skill score is the
quadratic score of each phase used as a probabilistic forecast of its target tercile; as a single-
category measure it is the most demanding of the four and is best assessed as a map, the fraction
of skillful pixels varying sharply by indicator (Wilks, 2011). The rate of return is a likelihood-
based score expressed as an investment return: the profit from investing in proportion to the
forecast probabilities, scored against a climatological baseline; it rewards discrimination and
calibration together and is zero when the forecast adds no value beyond climatology (Hagedorn
and Smith, 2009)

These measures are reported per grid-cell for twelve of the fifteen indicators. Supplementary
Figures S5 and S6 show the phase-specific conditional probability of the target tercile. Figs. S7
and S8 show the Heidke skill scores. Fig. S7 is associated with combination of the El Nifio phase
with adverse outcomes and La Nifia phase with favorable outcomes, the typical primary southern
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Africa response. Fig. S8 shows the inverse response, which is skillful in the north-eastern parts of
the region. Supplementary Figs. S9 and S10 show responses expressed as rates-of-return.

4. Results
4.1 Frequency of the dominant tercile, by indicator, phase and strength

Results on the ENSO explorer portal (https://enso.ubramplab.org) have adopted a common
outcome orientation. Each indicator is oriented so that red identifies its adverse outcome and blue
the opposite. Here ‘adverse’ means the drought-and-heat direction: drier, hotter, or a shorter or
later-starting season, and for the agricultural indicators, more dry-spell days or a lower WRSI.
Blue marks the wetter, cooler, or longer-season outcomes. Wet-extreme hazards such as flooding
are also adverse, but lie outside our single-direction convention and are not addressed here.

Using this common outcome orientation, the indicators present a coherent result (Fig. 1). For a
moderate-to-strong El Nifio, the adverse outcome is more frequent, occurring over 70% of the time
in the south-central interior core for temperature, evaporative demand and the water-balance
indicators, while the opposite (wetter, cooler) response is confined to the north-eastern areas (the
ENSO-rainfall dipole), and to some extent, the western-central areas, particularly western Angola.
Moderate-to-strong La Nifia events show the opposite response, with the wetter, cooler outcome
being more frequent over the same core, albeit visibly weaker and less spatially coherent, the well-
known ENSO asymmetry (Mason and Goddard, 2001; Cai et al., 2025). The season-timing
indicators show the weakest, least spatially coherent response throughout. These ENSO-
conditioned frequencies of over 70% for moderate-to-strong events compare with the near-40%
ceiling typical of the three-category consensus outlooks issued at regional and national forums.
This represents an operationally meaningful strengthening of the odds during strong ENSO events.

The response is also observed to sharpen with event strength. The moderate-to-strong frequency
maps (Figs. 1, 2) are more saturated and spatially coherent than the all-events frequency maps
(Figs. S1, S2), a finding similar to that made by Pomposi et al. (2018). This contrast is directly
relevant to operational planning under the 2026/2027 forecast for a very strong El Nifio event: the
stronger the forecast event, the more likely an adverse multi-indicator response, historically. The
mid-June 2026 CPC forecast suggested a 79% chance of a strong or very strong El Nifio event by
DJF 2026/27 (NOAA CPC, 2026b).

4.2 Spatial patterns of forecast skill by indicator

At the grid-cell scale, ENSO-conditioned skill (RPSS, covering the ENSO range from La Nifia to
El Nifio) in the peak season (DJF) is positive across most of the core domain, and its magnitude
differs by indicator and location. Tmax, ETo and SPEI are the most skillful, with 99 to 100% of
core grid cells beating climatology, and median RPSS of +0.27, +0.22 and +0.17 respectively
(Table 2). Skill for ETo and Tmax are higher in the western half of the core domain, including
eastern Botswana, northern South Africa and Zimbabwe. Rainfall is skillful at 88% of core grid-
cells (median RPSS +0.11), and its skill is highest in the northern and eastern part of the core-
domain, including southern and central Mozambique, southern Zambia, and Zimbabwe, while in
the south-west of the core domain, in northern South Africa, DJF rainfall has little to no skill (Fig.
3).
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The larger regional domain provides a broader overview of skill variation across southern Africa,
with the larger aggregation providing a regional-level skill measure. Tmax and ETo remain skillful
over the larger domain (94% of grid cells), with exclusions being south-western Angola and
western South Africa for both parameters, while ETo also has low skill in central Namibia. Rainfall
and SPEI also display higher skill in the northern half of the regional domain, particularly south-
eastern Angola, north-eastern Namibia, south-western Zambia and northern Botswana.

WRSI skill is also highest in a northern belt across the regional domain, covering southern Angola,
northern Namibia, northern Botswana, southern Zambia, and central Zimbabwe. In this area, the
WRSI is free to vary, neither saturated in the wet north, nor chronically poor (or no-season) in the
drier south. For onset occurrence, in the semi-arid south-west areas (including parts of western
Angola, western and central Namibia, central and western Botswana, west of central South Africa,
and southern Zimbabwe), EIl Nifio lowers the probability that a rainy-season onset occurs from
about 76% under La Nifia to about 59% (LOO occurrence skill: +0.12). Skill for the parameters
Days > 35 °C and Heatwave days is higher in the western half of the regional domain, where
extreme temperatures > 35 °C are not uncommon. Length of season responds to ENSO mainly in
the more southerly parts of the domain even though the majority of pixels (60%) are not skillful,
whereas the dry-spell metrics respond more in the northern parts of the region. The onset and
cessation dates are near or below climatology at most pixels (onset 33%, cessation 29%), although
some onset skill is observed in north-eastern parts of the region including Tanzania, northern
Mozambique, and Malawi (Fig. S4(Q)).

With a focus on the core ENSO influence domain, the results highlight a consistent ranking across
indicators. Skill is highest for maximum temperature and evaporative demand, followed by
moisture indices (SPEI and rainfall), then intermediate for crop water balance, dry spells, and heat
extremes, and lowest for seasonal timing metrics, which have skill near or below climatology.
Aggregating over the regional domain preserves this ranking but shifts magnitudes (Table 2).
Rainfall, SPEI, length of season and the heat extremes show higher regional-index skill at that
extent (rainfall +0.28, SPEI +0.26), whereas ETo is higher in the core, so the core sharpens skill
at focused grid-cell analysis level, while the regional index better reflects the larger-scale ENSO
influence.

4.3 Seasonal evolution of forecast skill

Across the seasonal cycle, the signal, as calculated over the core domain, strengthens from the
early season (OND) to a peak at the height of the rains (DJF-JFM) before fading through FMA,
though skill for Tmax and ETo remain high. (Fig. 4). The strengthening of the teleconnection
between OND and DJF is related to the shifting positions of the Tropical Easterly Jet and Sub-
Tropical Westerly Jet, which shift south during austral summer. Temperature skill is low in OND
but coherent from NDJ, and peaks at JFM; ETo and SPEI follow a similar arc, and rainfall, while
noisier, follows the same progression, except for a slight dip in skill in NDJ. When viewed spatially
(Fig S3), a similar progression is observed in most areas within the domain, with Tmax, rainfall,
ETo and SPEI increasing from OND through DJF and JFM, before most of these decrease through
FMA. For Tmax, skill remains high through DJF, JFM, and FMA (RPSS of 0.42-0.37). For ETo,
RPSS scores show a decline in FMA but still relatively high skill (RPSS of 0.29). Analysis of the
other skill measures — Heidke Skill Score, as well as El Nifio Rate of Return, conditional
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probability, and True skill score, generally follow a similar pattern, although with high spatial
variability (not shown).

4.4 Phase-specific verification: El Nifio and La Nifia

Three further verification measures, computed for each phase as maps for all indicators. Two of
these measures are shown in the supplement for 12 indicators (Figs. S5-S6, S9-S10), and expose
an ENSO asymmetry. Each value cited below is the median over the analysis-domain pixels. Under
El Nifio the conditional probability of the adverse tercile rises above the one-third base rate for
several indicators, most notably for Tmax (0.69), ET (0.63), and 0.56 for rainfall, days > 35 °C
and SPEI, while the season timing indicators only slightly exceed climatology (cessation 0.38).
The TSS ranks the indicators in the same broad order as the RPSS, and the rate of return is positive
only for the temperature and demand indicators under El Nifio (mean Tmax +0.23, near zero for
the moisture indicators, and negative for the season-timing metrics). All measures are weaker for
La Nifa than for El Nifio: for mean Tmax the conditional probability of the phase's own target
tercile falls from 0.69 to 0.57 and the rate of return falls to near zero, the same weaker-La-Nifia
asymmetry seen in the composites, so outlook confidence should be higher for El Nifio than for
La Nifa events. This asymmetry holds at the domain scale, but it varies spatially: for most
indicators a substantial minority of pixels (about 30 to 50% for rainfall, SPEI and ETo, and around
15 to 30% for temperature) carry more skill under La Nifia than EI Nifio.

4.5 Seasonal evolution of the area-averaged response

The EI Nifio impact deepens through the season (Fig. 5). Area-averaged rainfall over the core
domain falls from near-normal in the early season (about 87% of average in OND) to about 80%
at the height of the rains, while the mean daily maximum temperature anomaly rises from near
zero to about +0.9 °C, both peaking at DJF-JFM. The temperature anomaly remains high in FMA.
The FMA rainfall value, like at DJF-JFM, remains substantially below average, but a minor
increase indicates reduced ENSO influence on rainfall past the season peak. This mirrors the
progression of skill over the course of the season noted in section 4.3: the ENSO response
strengthens to the peak of the rainfall season, and the indicators are most informative and skillful
at that time.

4.6 Significance of the composite signal

The operational analysis displays the composite together with where it is statistically
distinguishable from background variability (Fig. 6). For a moderate-to-strong DJF El Nifio, the
SPEI and rainfall composites both show the characteristic interior drying; the significance mask
(hatched where not significant) indicates that drying is significant over much of the land area for
SPEI (42% of land pixels) and slightly less so for rainfall (36%), rising to 65% and 53%
respectively within the regional domain, in alignment with the skill results and the influence of
temperatures on SPEI.

5. Discussion
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The composites show a coherent north-south structure in the El Nifio response (Fig. 1). The adverse
outcome dominates the southern and central interior, weakens through a transition belt of low
signal over central Angola, northern Zambia, northern Malawi and northern Mozambique, and
then reverses to the north. Over Tanzania and western Angola, El Nifio years tend to tilt toward
the favorable outcome (wetter, lower evaporative demand), while over central DRC the signal is
largely absent. This is the regional expression of the East-Africa / Southern-Africa dipole in the
ENSO rainfall teleconnection, in which a suppressed subtropical rain belt dries the summer-rainfall
zone while the equatorial East African regime, often reinforced by a warm western Indian Ocean,
responds with the opposite sign (Ropelewski and Halpert, 1987; Palmer et al., 2023; Steinkopf and
Engelbrecht, 2025). The transition belt is where the two regimes meet and neither outcome
dominates, and a more detailed analysis is required to identify sources of predictability. The
analysis domains (Section 3.4) lie south of this belt, within the coherent El Nifio-drying zone (Fig.
1), so the regional index averages over a spatially homogeneous response region.

Several indicators show the meridional weakening during El Nifio without a clean, coherent sign
reversal (WRSI, the dry-spell metrics, and the extreme heat indicators). This reflects their bounded
structure. WRSI saturates where the seasonal water requirement is already met in most years, so
added rainfall during EIl Nifio does not register as further WRSI improvement. The extreme heat
indicators, particularly days > 35 °C, seldom activate in much of northern half of the region, where
temperatures rarely reach this level. The dry-spell metrics are already near a floor of zero in the
humid north, and the wetter EI Nifio seasons therefore cannot reduce them further. This floor does
not apply in some bimodal north-eastern areas, where a January to February break between the
OND and MAM rainfall seasons means dry-spell counts are often above the zero floor.

It is worth noting that complementary rainfall, temperature and ETo responses amplify agricultural
risks, especially perhaps in Botswana, central and southern Mozambique and southern Zambia,
where ~70% of analog years had negative outcomes (Fig. 1). These areas, along with southern
Madagascar, also have large negative rainfall anomalies, on average, during moderate-to-strong
El Nifio events (Fig. 6). It should also be noted, however, that the entire region south of 15°S has
an average SPEI anomaly of at least -0.5Z (Fig. 6). Given that the SPEI has a standard normal
distribution, a -0.5Z shift increases the chance of a very low (<-2.0 SPEI) outcome two-fold, while
a -1 shift increases the probability more than four-fold.

The predictability is also seasonally structured (Figs 4, S3). Skill is weak in the early season
(OND), strengthens through NDJ to a peak at DJF and JFM, and fades through FMA, tracking the
build-up of the ENSO response to the peak of the rains, and the subsequent reduction thereafter
(Section 4.5, Fig. 5). This progression is most pronounced for rainfall and SPEI, whose skill is
spatially fragmented early and late in the season, and most extensive at the peak, while ETo and
temperature carry usable skill across a longer window and a wider area. The seasonal frequency
composites show a similar outline - the adverse outcome footprint expands and intensifies from
OND to the DJF-JFM peak before contracting (not shown), and the north-eastern favorable
outcome is most evident in OND, when the East African short-rains response to El Nifio is
strongest. And in many areas and for several parameters, outlook confidence increases with ENSO
event strength (Fig. 1 vs S1), giving opportunities for improved long lead planning.

For users, the implications of these findings are important. The results show that ENSO-based
predictability is not uniform across indicators, seasons and locations and this should guide how
such information is interpreted in operational settings. Temperature and SPEI teleconnections are
reliable; in contrast, both predictability and skill of seasonal rainfall totals are more spatially
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variable, while seasonal rainfall characteristics, such as season length, timing and dry spells are
even more variable. The crop water balance is regionally skillful once no-onset seasons are
handled, and many areas exhibit a 60-to-70% probability of negative outcomes. In contrast,
seasonal timing characteristics such as onset and cessation show comparatively weak and
inconsistent skill and should therefore be treated with greater caution in operational applications.

The decision-theory basis for acting on these more resolved probabilities, weighing likelihood
against consequence under a no-regret approach, is touched on in the Practical Implications
(Murphy, 1977; Palmer, 2002; Marx et al., 2007), and a fuller treatment is left to future work.

The share of the regional domain with zero-length seasons (no onset) rises under El Nifio, and the
regional season-length skill carries little information about how much shorter an established season
will be, we find that the regional season-length skill is low when only actual onset seasons are
considered. We also find that indicator definition affects skill, a smoothed dry-spell definition
recovers the regional ENSO skill that the classic consecutive-dry-day definition misses. This could
be due to the reduced accuracy of CHIRPS that has been noted at daily timesteps, including
discrimination of rain vs no-rain (Dinku et al., 2018; Du Plessis and Kibii, 2021). This finding
highlights the utility of the smoothed dry-day approach for analysis and monitoring, more so given
its relevance for agricultural impacts — a single day of light rainfall makes little difference in crop
water availability, although it breaks the consecutive-dry-day count. Ultimately, decision guidance
resulting from ENSO-indicator analysis needs to be spatially disaggregated, and account for
multiple parameters in the field of interest, including agriculture, water resources, and health.

Several limitations bound these claims. The analogue-composite outlook assumes the historical
ENSO teleconnection is stationary, and so historical analogues are representative of future ENSO
events; the relative (RONI) classification mitigates, but does not eliminate, non-stationarity,
though the southern-Africa ENSO rainfall dipole has been found to remain stable in a warming
climate (Steinkopf and Engelbrecht, 2025). One analysis of EI Nifio-driven dry seasons (Funk et
al., 2018) emphasized the importance of non-adjusted Nifio3.4 SSTs, which are increasing in the
observations (Funk et al., 2018 - Fig. 3g) driving more extreme central Pacific precipitation
responses (Funk et al., 2018 - Fig. 9a,d). Under such a view, the expected teleconnection forcing
associated with the 2026/27 EI Nifio is likely to be very strong. Another weakness of the analog
compositing approach is that it may actually underestimate temperature and temperature-related
ETo values, which have been increasing over time.

The significance mask guards against over-interpreting the composite maps, but it is an in-sample
detection and so can be optimistic relative to out-of-sample skill. For the frequency view, the
bootstrap robustness mask additionally guards against small-sample instability, hatching where the
dominant tercile could be due to chance. Because the value of a probability forecast hinges on its
reliability, with an unreliable forecast worth no more than climatology to a user who acts on it, and
for some users, even costlier (Murphy, 1977; Richardson, 2000), these masks also mark where the
signal is strong and stable enough to be worth acting on. Beyond guiding interpretation, they can
therefore serve as a confidence threshold for action: where a location is flagged as both statistically
significant and robust, firmer, less-reversible commitments can be supported, and where it is not,
lighter, reversible, no-regret steps are more appropriate.

An additional limitation is that this study focuses on the ENSO signal alone. Southern Africa
summer rainfall is shaped by several other climate modes that can modulate the ENSO response,
among them the Subtropical Indian Ocean Dipole (SIOD) (Hoell et al., 2017a), the strength and
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position of the Angola Low together with the mid-tropospheric Botswana High and the South
Indian Ocean High (Blamey et al., 2018), variability in the tropical Atlantic, and the Southern
Annular Mode (Ibebuchi, 2024). Hoell et al. (2017b) demonstrate that the influence of the SIOD-
ENSO combinations extends beyond climatic variable to affect hydrological land surface variables
such as runoff and soil moisture. Because the analysis conditions seasonal outcomes on ENSO, it
does not represent these modulators, which is one reason a given EIl Nifio can over- or under-
perform its composite (Blamey et al., 2018). This was the situation during the very strong 1997/98
El Nifio, when local conditions, an unusually strong Angola Low and unusually high regional SSTs
in the western Indian and tropical South Atlantic Oceans, moderated the EI Nifio influence (Lyon
and Mason, 2007).

Despite these limitations, ENSO remains a dominant mode of interannual summer-rainfall
variability over the region (Lindesay, 1988; Pohl et al., 2018; Steinkopf and Engelbrecht, 2025).
In a follow-up study, Lyon and Mason (2009) showed that event dynamical models could not
reproduce the regional circulation anomalies that moderated the 1997/98 EI Nifio response, most
notably the enhanced Angola Low and its associated Southern Hemisphere stationary-wave
pattern, even when forced with observed SSTs and at a two-month coupled-model lead. ENSO can
thus provide a useful tool for long-lead guidance, as it captures the dominant component of the
seasonally predictable signal, even if it does not account for the whole of the region’s climate
variability. Moreover, the regional circulation features that have low predictability at seasonal
leads become more forecastable at sub-seasonal time scales (Masukwedza et al., 2025).

5.1 Implications for operational climate services

The framework presented in this study has significant practical value for the provision of climate
services in Southern Africa by translating forecasts of ENSO conditions into indicator-specific
climate information that can support risk-informed decision-making across multiple sectors.
Consistent with the principles of the Global Framework for Climate Services (GFCS), which
promotes the transformation of climate information into actionable services for society, the
framework extends beyond traditional seasonal rainfall outlooks by providing additional insight
into variables such as temperature, evaporative demand, crop water availability, dry spells and
rainfall season characteristics. This enables users to better understand not only the likelihood of
below- or above-normal rainfall, but also the potential implications for climate-sensitive sectors.

At the regional level, the framework can complement the Southern African Regional Climate
Outlook Forum (SARCOF), the principal regional platform for developing and communicating
consensus seasonal climate outlooks for the SADC region. While SARCOF focuses on forecasting
seasonal climate conditions, this framework provides an additional evidence base by illustrating
the historical response of multiple climate indicators under different ENSO phases and strengths.
Such information can strengthen sector-specific discussions during SARCOF and support the
interpretation of seasonal outlooks for agriculture, water resources, disaster risk management,
public health, energy and other climate-sensitive sectors.

The framework is equally relevant for National Meteorological and Hydrological Services
(NMHSs), which remain responsible for producing national climate outlooks and impact-based
advisories. Regional information generated through this approach should therefore be interpreted
alongside national observations, dynamical seasonal forecasts, local climatology and sector-
specific knowledge to develop context-specific climate services. In this regard, the framework
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provides a regional layer of climate intelligence that supports national climate service delivery,
while reinforcing the GFCS principle of strengthening the climate service value chain from climate
information producers to end users.

The results also demonstrate that confidence in ENSO-based climate information should not be
assumed to be uniform across all variables. The varying levels of skill identified across different
indicators, seasons and geographic areas highlight the importance of communicating forecast
confidence appropriately to users. This enables climate service providers to distinguish between
indicators that consistently exhibit strong ENSO relationships and those that require more cautious
interpretation, thereby supporting more transparent and evidence-based decision-making.

Finally, the framework has considerable potential to strengthen regional early warning and
preparedness. ENSO conditions are often identifiable several months before the onset of the
Southern Hemisphere rainfall season, providing an opportunity for governments, humanitarian
organizations and sector agencies to undertake early risk assessments and preparedness planning.
As the season progresses, the information can be progressively refined through seasonal, monthly
and sub-seasonal forecasts, creating a continuum of climate services that supports increasingly
informed decisions over different time scales and as forecast confidence improves (Hoskins,
2013). Such an approach contributes to strengthening anticipatory action and climate resilience
across southern Africa while reinforcing the complementary roles of regional climate institutions,
SARCOF and NMHSs in supporting sustainable development.

6. Conclusion

This study set out to establish and communicate which ENSO-conditioned indicators are
predictable over Southern Africa, and where the relationships are most reliable. We demonstrate
that predictability is substantial but unevenly distributed, and that the unevenness is systematic.
Temperature and evaporative demand are the most reliably predictable indicators across the widest
area; the climatic water balance and rainfall totals carry usable but more spatially fragmented skill;
the crop water balance is regionally informative once complete season failure is separated from
variation among seasons that become established; and the season onset and cessation are only
predictable in localized cases. The signal is highest in the south-central interior, reverses across
the regional rainfall dipole, and is strongest at the peak of the rainfall season. Predictability is also
asymmetric, being weaker for La Nifia than El Nifio, and it increases with event strength, so
outlook confidence should be set accordingly: a point of direct relevance to the very strong El Nifio
forecast for the 2026/27 season.

The practical consequence is that a single “ENSO outlook™ can be misleading. Guidance varies
based on the specific indicator, period and location of interest. Significance and robustness masks
are designed to make this reliability visible to users. Because the assessment conditions on
observed ENSO state, it represents an upper bound; operational skill will be lower when ENSO
forecasts are used to drive an ENSO-based guidance system such as this one, given the inherent
limitation in forecasts versus observations (Barnston et al., 2019). The operational skill will be
lower still where other modes of variability strongly modulate the response. On the other hand,
given that current predictions for late 2026 (NOAA CPC, 2026b) suggest a 46% chance of a very
strong DJF EI Nifio, a 33% chance of a strong El Nifio and a 16% chance of a moderate EIl Nifio it
seems safe to assume that a moderate-to-strong event will occur in late 2026. In addition, the
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inclusion of moderate events in our composites might modestly weaken the magnitude and
frequencies of expected outcomes.

The framework is regional, gridded, and meteorological, and is openly available through the
Southern Africa ENSO Explorer (https://enso.ubramplab.org). Layered with the higher-resolution
drivers that become forecastable at sub-seasonal leads, a longer-lead, ENSO-conditioned outlook
of this kind can anchor a tiered decision-support system that improves in accuracy as the season
approaches. Delivered in this way, the framework offers decision-makers a firmer, earlier and
more spatially detailed evidence base for anticipatory action, and it can inform forecast-based
financing triggers and related risk-financing instruments. Further, it supports regional and national
contingency-planning processes for disaster preparedness and response.
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Figures and Tables
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Fig. 1. Percent frequency of occurrence of the dominant tercile across twelve indicators during
moderate-to-strong El Nifio (DJF; ONDJFM for the annual season-timing metrics), the tercile
frequency are shown with a common outcome orientation: red = the adverse outcome (drier, hotter,
or a shorter season) occurs in more analogue years; blue = the opposite (wetter, cooler, longer
season). The dashed boxes mark the regional domain (grey) and the core domain (black) (Section
3.4). Hatching marks pixels where the frequency signal is not robust (the bootstrap 95% confidence
interval of the detrended median shift includes zero; Section 3.3). Map lines delineate study areas
and do not necessarily depict accepted national boundaries.
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Fig. 2. Same as Fig. 1, but for moderate-to-strong La Nifia. Map lines delineate study areas and do
not necessarily depict accepted national boundaries.
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Fig. 3. Grid-cell scale leave-one-out forecast skill (RPSS vs climatology), DJF, for the four main
parameters (rainfall, reference ET, SPEI, maximum temperature). Warm to green to blue colors
indicate increasing skill above climatology; grey marks no skill. Skill is higher in the core domain
and is coherent for temperature and reference ET, and more fragmented for rainfall and SPEI. Map
lines delineate study areas and do not necessarily depict accepted national boundaries.
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Seasonal progression of regional-index skill: builds to a DJF-JFM peak, then fades
(solid = regional index, aggregate-then-score; dashed = per-pixel median, same colour)
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Fig. 4. Seasonal evolution of regional LOO RPSS, comparing Tmax (red), rainfall (blue), reference
evapotranspiration (orange) and SPEI (green), for OND, NDJ, DJF, JFM and FMA.. Skill builds to
a DJF-JFM peak before fading through FMA, though skill for Tmax and reference
evapotranspiration remain high. The solid lines show the regional index, while the dashed lines
shows the median of all pixels over the core domain using the same colors as the dashed lines
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El Nino impact builds through the season
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Fig. 5. El Nifio impact increases through the season. Rainfall as a percentage of the long-term
average (blue, left axis) and the mean daily maximum temperature anomaly (red, right axis), both
averaged over the core domain, and composited over all EI Nifio years, by season from the early
rains (OND) to the late season (FMA). Both rainfall and temperature anomalies during El Nifio
strengthen through the season, reaching a peak at DJF/JFM.
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Fig. 6. Composite moderate-to-strong El Nifio impact (DJF) for (a) SPEI and (b) rainfall: the mean
anomaly over moderate-to-strong El Nifio years, shown in the platform's colour scheme. Hatching
marks pixels where the ENSO signal is not statistically significant. Map lines delineate study areas
and do not necessarily depict accepted national boundaries.
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Tables
Indicator Theme Variable Temporal El Nifio adverse
basis direction
Rainfall Meteorological Seasonal total rainfall (mm) DJF drier (lower)
SPI Meteorological Standardized Precipitation | DJF drier (lower)
Index (rainfall)
SPEI Meteorological Standardized Precipitation- | DJF drier (lower)
Evapotranspiration Index
(rainfall, ETo)
Reference ET Meteorological Reference evapotranspiration DJF higher demand
WRSI Agricultural Crop water-satisfaction index seasonal lower satisfaction
Onset Agricultural Probability the season | seasonal less likely to start
occurrence establishes
Dry-spell total Agricultural Total dry-spell days (smoothed) | DJF more dry days
Dry-spell Agricultural Longest dry spell (smoothed) DJF longer spell
longest
Rainy-season Agricultural Onset dekad (where season | seasonal later onset
onset starts)
Rainy-season Agricultural Cessation dekad seasonal earlier cessation
cessation
Length of season | Agricultural Season length (dekads) seasonal shorter season
Mean Tmax Meteorological Mean daily maximum | DJF hotter (higher)
temperature
Days>30C Heat Count of days Tmax > 30 °C DJF more hot days
Days>35C Heat Count of days Tmax > 35 °C DJF more hot days
Heatwave days Heat Heatwave day count DJF more heatwave days

Table 1. Indicators assessed, grouped by theme (the variable measured, its temporal basis, the

direction of the adverse El Nifio response
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Indicator Median | % pixels > | Regional- Median % pixels | Regional- | Period

RPSS 0 (core) index RPSS > 0 | index

(core) RPSS (regional) | (regional) | RPSS

(core) (regional)

Rainfall 0.11 87.6 0.19 0.07 79.8 0.28 DJF
SPEI 0.17 98.7 0.15 0.12 93.6 0.26 DJF
Reference ET 0.22 99.9 0.40 0.15 93.8 0.26 DJF
WRSI 0.06 75.4 0.20 0.06 75.0 0.32 seasonal
Onset n/a n/a n/a 0.00 52.6 0.12 seasonal
occurrence*
Dry-spell total 0.04 71.1 0.16 0.03 68.2 0.17 DJF
Dry-spell -0.01 43.2 0.02 -0.01 42.8 0.04 DJF
longest
Rainy-season -0.02 32.8 0.07 -0.03 30.2 -0.06 seasonal
onset
Rainy-season -0.03 29.3 0.00 -0.03 27.8 -0.02 seasonal
cessation
Length of | -0.01 40.0 0.17 -0.02 36.2 0.29 seasonal
season**
Mean Tmax 0.27 100.0 0.43 0.21 94.4 0.44 DJF
Days > 30 C 0.19 91.9 0.34 0.12 83.9 0.39 DJF
Days > 35 C 0.12 81.3 0.37 0.13 79.6 0.39 DJF
Heatwave days | 0.04 724 0.16 0.07 75.9 0.30 DJF

Table 2. Leave-one-out skill (RPSS, against climatology) of each indicator's DJF tercile forecast
from the continuous RONI predictor, over the response regions (Section 3.4). For each indicator
the median grid-cell RPSS, the fraction of skillful pixels, and the regional-index RPSS (the area-
mean series scored, aggregate first) are given for the core domain (primary) and, for comparison,
the broader regional domain. The two are nested published delineations of the Southern Africa
response region (Hoell et al., 2015, 2017a; Funk et al., 2016), the core being their intersection.

* Onset occurrence is a binary event: the regional value is the leave-one-out occurrence skill and
the grid-cell value is the occurrence Brier skill over the variable-onset zone.

** The regional length-of-season skill reflects the spatial extent of season failure, not gradations
of length among seasons that occur (see Discussion)
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Supplementary Materials
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Fig. S1. As Fig. 1 but for all El Nifo events (RONI > 0.5 °C); the all-strength response,
compared with the Moderate-to-Strong main-text figure Fig. 1 to see the strength increasing for

stronger El Nifio events. Map lines delineate study areas and do not necessarily depict accepted
national boundaries.
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Fig. S2. As Fig. 2 but for all La Nifia events (RONI < -0.5 °C); the all-strength response,
compared with the Moderate-to-Strong main-text figures to see the strength sharpening. Map
lines delineate study areas and do not necessarily depict accepted national boundaries. Map lines
delineate study areas and do not necessarily depict accepted national boundaries.
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Fig. S3. Seasonal evolution of grid-cell Leave-one-out (LOO) RPSS, comparing, from left to
right, Tmax, rainfall, reference evapotranspiration and SPEI, for OND, NDJ, DJF, JFM and
FMA. Skill builds to a DJF-JFM peak before fading through FMA. Map lines delineate study
areas and do not necessarily depict accepted national boundaries.
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Fig. S4. Grid-cell scale leave-one-out forecast skill (RPSS vs climatology) for the twelve
indicators of Figs. 1, DJF (seasonal for WRSI and the season-timing metrics). Warm to green to
blue marks increasing skill above climatology; grey marks no skill. This is the skill complement
to the frequency overview (Fig. S1 and S2): it shows how much of each indicator’s response is
predictable. Map lines delineate study areas and do not necessarily depict accepted national
boundaries.
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Fig. S5. Phase-specific conditional probability of the target tercile, P(target | phase), for El Nifio,
over twelve indicators, targeting the adverse tercile (drier, hotter, shorter season). Grey marks
below the 1/3 climatological base rate; warm to green to blue marks an increasingly stronger
signal above it. Map lines delineate study areas and do not necessarily depict accepted national

boundaries.
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Fig. S6. Similar to Fig S5, but for La Nifia. Phase-specific conditional probability of the target
tercile, P(target | phase), for Nifia, over twelve indicators, targeting the favorable tercile(wetter,
cooler). Grey marks below the 1/3 climatological base rate; warm to green to blue marks an
increasingly stronger signal above it. Map lines delineate study areas and do not necessarily
depict accepted national boundaries.

37



Preprint: A multi-indicator framework for assessing the likelihood of ENSO impacts across southern Africa

SPEI Reference ET

Rainfall

WRSI

annual

Rainy-season cessation
TR TR, T

annual

T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6
3-category Heidke skill score (grey = no skill / worse than chance; warm>green>blue = increasing skill)

Fig. S7. Heidke skill score using each ENSO phase as a deterministic tercile forecast, under a
primary orientation. EI Nifio predicts the adverse tercile, neutral the near-normal, La Nifia the
opposite). Grey marks no skill (worse than chance); warm to green to blue marks increasing
skill, on the same all-years two-by-two table; chance-corrected accuracy, blue beats chance. Map
lines delineate study areas and do not necessarily depict accepted national boundaries.
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Fig. S8. Similar to Fig S7, but for the reverse orientation. Heidke skill score using each ENSO
phase as a deterministic tercile forecast, under a reverse orientation. El Nifio predicts the
favorable tercile, neutral the near-normal, La Nifia the adverse. This reverse orientation lets areas
with the inverse ENSO-rainfall response register as skillful. Grey marks no skill (worse than
chance); warm to green to blue marks increasing skill, on the same all-years two-by-two table;
chance-corrected accuracy, blue beats chance. Map lines delineate study areas and do not
necessarily depict accepted national boundaries.
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Fig. S9. Phase-specific rate of return for El Nifio: a likelihood-based score expressed as an
investment return relative to a 1/3 climatology (Hagedorn and Smith, 2009); grey marks no
positive return, warm to green to blue an increasing one. Map lines delineate study areas and do
not necessarily depict accepted national boundaries.
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Fig. S10. Similar to Fig. S9, but for La Nifia. Phase-specific rate of return for La Nifia. Grey
marks no positive return, warm to green to blue an increasing one. Map lines delineate study
areas and do not necessarily depict accepted national boundaries.
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