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Abstract The El Nifio Southern Oscillation (ENSO) impacts climate variability globally and can influence
extreme climate and weather events. We quantify the uncertainty in ENSO's atmospheric teleconnections with
extremes using the Twentieth Century Reanalysis, showing that uncertainty estimates vary regionally over the
historical period. Uncertainty is found to be greater in regions of lower socioeconomic development. This can
be linked to the limited availability of observational data in these regions as well as difficulties constraining
tropical climate dynamics in global gridded atmospheric data sets. Poorer locations face greater challenges due
to lack of understanding of past variability limiting confidence in regional projections.

Plain Language Summary Extreme weather events, such as droughts and floods, can be influenced
by climate phenomena such as the El Nifio Southern Oscillation. El Nifio and La Nifia events are the biggest
drivers of climate variability globally and so it is important to understand their influence on climate extremes.
We demonstrate that understanding of how El Nifio and La Nifia influence extremes is not consistent across

the globe. There is the least understanding in the poorest regions of the world. As many of these regions are
especially vulnerable to climate change, this has important implications for adapting to the impacts of extremes.

1. Introduction

The El Nifio—Southern Oscillation (ENSO) is the world's greatest source of interannual climate variability
(McPhaden et al., 2006). ENSO receives widespread scientific and public attention due to the often-damaging
nature of its impacts. ENSO has been linked to both environmental and economic impacts including animal
population changes (Stenseth et al., 2002), coral bleaching (Zhang et al., 2017), and synchronous crop failure
(Anderson et al., 2019). Many studies have suggested that the most devastating impacts of ENSO are felt through
climate and weather extremes (Goddard & Gershunov, 2020). ENSO can influence the frequency and intensity
of heatwaves (Luo & Lau, 2019), wildfires (Williams & Karoly, 1999), droughts (Singh et al., 2022), and floods
(Ward et al., 2014) in many regions of the world. As these extreme events can have devastating consequences for
populations and places, it is critical that we have a thorough understanding of the historical relationship between
ENSO and extremes. It is also important that we can project and interpret how this relationship may change in the
future, as climate change may alter the frequency and intensity of ENSO-related climate and weather extremes
(Goddard & Gershunov, 2020).

Climate change will not impact people equally; lower-income countries that have contributed the least to green-
house gas emissions will experience some of the greatest impacts (IPCC, 2022). Climate change can also act to
increase socio-political inequalities and inhibit economic development (Diffenbaugh & Burke, 2019), including
in agricultural regions where crop yields and associated livelihoods are affected by warming temperatures and
extreme weather events (IPCC, 2022). Here, we quantify the uncertainty in the ENSO relationship with weather
extremes globally using a state-of-the-art large ensemble reanalysis product. We find there is greater uncertainty
in the ENSO-weather extreme relationship in regions of lower socioeconomic development and call for more
efforts to reduce the relevant uncertainties in these parts of the world.
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Figure 1. Greatest uncertainty in El Nifio-Southern Oscillation relationships in equatorial regions. (a) Map of Human Development Index (2015 values) (Kummu
et al., 2018). (b) Map depicting number of station observations used in 2 X 2° bin for 20CR (2015 values) (Compo et al., 2019). (c) 20CR ensemble mean spatial
correlation between NDJ Nifio3.4 index and seasonal mean precipitation anomalies (1901-2015). Hatching indicates regions of weak teleconnection (correlation
coefficient < 10.2l). (d) Spatial map of 20CR ensemble spread for the correlation between Nifio3.4 index and mean precipitation anomalies as measured by standard
deviation. (e) 20CR ensemble mean spatial correlation between NDJ Nifio3.4 index and seasonal max Rx1day (1901-2015). Hatching indicates regions of weak
teleconnection. (f) Spatial map of 20CR ensemble spread for the correlation between Nifio3.4 index and Rx1day as measured by standard deviation. Regions beyond
60°S are cropped out due to low population.

2. Regional Disparities in Understanding Historical ENSO Teleconnection

Reanalysis products, which combine observations and numerical model simulations to produce a record of histor-
ical weather and climate, can be used to inform our understanding of the historical relationship between ENSO
and weather extremes. The latest version of the 20th Century Reanalysis (20CR) (Compo et al., 2011), which has
been shown to reliably produce atmospheric estimates when compared with other reanalysis products, satellite
data, and observations (Slivinski et al., 2021), is unique in a having a large 80-member ensemble. This allows
us to calculate uncertainty statistics from the range of different realizations of historical climate. By evaluat-
ing ENSO teleconnections—the impact of ENSO on climatic conditions in geographically distant areas—at the
global scale (Figures 1c and le), we can identify regions where there is greater disagreement between ensemble
members in their simulation of these relationships. We can then use ensemble spread as a measure of uncertainty
in historical ENSO teleconnections and explore the underlying factors contributing to this uncertainty.

In this analysis we investigate links between the country-level Human Development Index (HDI)—as a broad
measure of socioeconomic inequality—and uncertainty in ENSO teleconnections. Here we use the most recently
available HDI (2015) so that results are relative to present socioeconomic conditions. We are interested in current
values as is it is the least developed countries now that have the least ability to adapt to future climatic changes.
By correlating ensemble spread with the HDI spatially, we find that the agreement on historical ENSO telecon-
nections between ensemble members is not as well constrained in less developed areas of the world (Figure 2).
This is true for both mean climate variables and several measures of climate extremes (Figure 2 and see Figures
S1 and S2 in Supporting Information S1 for additional variables). Regions that demonstrate a high uncertainty
in the mean rainfall teleconnection also demonstrate a high uncertainty in the teleconnection with Rx1day—an
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Figure 2. Greater uncertainty in the historical El Nifio—Southern Oscillation (ENSO) relationship in less developed regions.
20CR ensemble spread of ENSO teleconnection versus Human Development Index (HDI) for (a) mean precipitation (b)
Rx1day. Dot size is weighted by population (Center for International Earth Science Information Network - CIESIN -
Columbia University, 2018). Standard deviation is over the period 1901-2015 for NDJ. HDI is 2015 values. Tropics defined
as 0°-23.5°, Subtropics as 23.5°-35.5°, Mid-latitudes as 35.5°-60° for both hemispheres, and High-latitudes as 60°-90°. r
value represents the Pearson correlation coefficient between the two variables.

index of extreme rainfall representative of the wettest day of the season (Figures 1d and 1f). This suggests that
the uncertainty is regionally dependent.

We find that regions that have a higher teleconnection uncertainty are typically located within the tropics and
that uncertainty is also typically higher in the southern hemisphere compared to the northern hemisphere (NH,
Figures 1d, 1f, and 2). The lowest values of uncertainty are found in the NH mid-latitudes, however ENSO tele-
connections are less important for regional climate variability in some of these areas compared to other modes
(Rauthe & Paeth, 2004). We note that many of the most developed countries, as measured by HDI, tend to be in
the higher latitudes and the least developed countries are predominantly located in the tropics (Figure 1a).

3. Lack of Observations Linked to Lack of Confidence

Our results show that the relationship between socioeconomic development (as measured by the HDI) and
uncertainty in the ENSO teleconnection with both mean and extreme rainfall varies regionally. We suggest that
local weather dynamics and observation density may both influence confidence in the representations of ENSO
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teleconnections in the reanalysis. As spread in reanalysis ensemble members decreases with observation density
(Slivinski et al., 2019), the high ensemble spread in countries with a lower HDI may stem from a lower observation
count in these regions (Figure 1b). However, some regions with a higher observation count also show high levels
of uncertainty (see Figures S3 and S4 in Supporting Information S1), suggesting that this is not the only factor
contributing to the disagreement across the ensemble members. The relationship between ENSO teleconnection
uncertainty and HDI is also evident in the latter half of the 20th century, despite the overall number of available
observations contributing to the reanalysis increasing drastically after the mid 1950s (Slivinski et al., 2019). As
most of the identified countries with high levels of ensemble spread are in the tropics, it appears that some uncer-
tainty within the teleconnection can be attributed to the difficulties associated with constraining tropical weather
dynamics, often driven by small-scale convective processes, in global gridded atmospheric data sets (Lee &
Biasutti, 2014). Convective processes may limit the achievable skill of the reanalysis, which cannot be improved
by increasing the number of local observations. Model biases in simulating ENSO's atmospheric teleconnections
could also be contributing to the limits of the reanalysis skill, especially in tropical regions where there have been
limited improvements in representations of ENSO teleconnections (Lee & Biasutti, 2014). Regional investiga-
tions into areas that demonstrated high uncertainty despite having relatively high observation counts support the
hypothesis that regional uncertainty can be attributed to a combination of both weather dynamics and observation
density (see Figures S3 and S4 in Supporting Information S1).

4. Addressing the Inequality in Climate Information

Our analysis shows a broad trend indicating that in regions and countries with lower HDI we have much less
confidence in the relationship between local climate and the world's largest source of climate variability—
ENSO. Thus, evaluation of climate models in these regions and confidence in climate projections is more
limited (Doblas-Reyes et al., 2021). Model performance has been evaluated in regions such as East Africa where
high-quality observational data sets are scarce (Kisembe et al., 2019), however it is important to note that all
model evaluations are dependent on the quality of the reference data sets and so underlying uncertainties need to
be accounted for (Sillmann et al., 2017). We do not suggest that lack of understanding of ENSO impacts results
in poorer socioeconomic conditions. We do however highlight that uncertainty in past climate variability greatly
reduces the capacity of regions, countries, and populations to adequately prepare for ENSO-related extremes in
our changing climate. This can increase vulnerability of entire populations who work in weather-sensitive indus-
tries like agriculture, health, and infrastructure. These findings need to be considered when interpreting model
simulations of past and future climate and when analyzing the teleconnection response to global warming.

We need to be particularly wary when interpreting results related to future changes in regions where we have
shown there is greater uncertainty in the historical relationship. It is possible that the lack of data in some regions
is due to insufficient records, or that data exist but have not been made available for use (Thorne et al., 2017).
For example, national data policies and lack of financial investment have been attributed as the main reasons for
the limited access to existing climate data in many African countries, and the data that is available is often of
poor quality (Dinku et al., 2022). This is likely also the case for many other developing countries. Our results
underscore the importance for existing climatological data to be shared more broadly, as it could help increase
the certainty of regional climate information and consequently improve certainty of future projections. Data
rescue efforts may be useful as increasing the number of observations available in regions with limited data
could reduce overall uncertainty when incorporated into reanalysis products (Slivinski et al., 2021). While satel-
lite data has increased the accuracy and spatial coverage of precipitation estimates globally and is useful for
analysis over the last few decades (Sun et al., 2018), we still need to pursue data rescue for long range records.
Century-long records are essential for assessing the impacts of climate oscillations such as ENSO which can vary
over multi-decadal timescales. Availability of climate data remains a key challenge in increasing the scientific
understanding of climate, and data recovery is considered a high priority for building climate resilience globally
(Hewitt et al., 2020).

If we cannot reduce this uncertainty, it is important to consider the relevant uncertainties in decision making
when planning regionally specific climate change adaptation efforts and risk-preparedness for the future. ENSO
will continue to exert a profound influence on regional weather extremes and should be recognized as a major
risk to populations, including in areas where we have less confidence in its teleconnections. Understanding the
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historical teleconnections between ENSO and weather extremes and reducing impact-relevant uncertainties in
less developed regions should be a priority for future research.
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e HDI: https://datadryad.org/stash/dataset/doi:10.5061/dryad.dk1j0.

e Number of station observations: https://psl.noaa.gov/data/20CRv3_ISPD_obscounts_bymonth/.

e 20CRv3: https://portal.nersc.gov/archive/home/projects/incite1 1/ www/20C_Reanalysis_version_3/
everymember_anal_netcdf/subdaily.

e HadISST: https://www.metoffice.gov.uk/hadobs/hadisst/.
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