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Robustness

Ability of a statistical method or modeling exercise to
work well not only in ideal conditions, but in the
presence of data and/or model updates, mild to
moderate departure from assumptions, or both.

For example, for non-normal data and/or in the
presence of large errors median is more robust
statistics than mean.



Overview
• Introduction

• Soil moisture variability projections

• Reddened ENSO framework

• Projected change in hydroclimate predictability

• Changing drought and pluvial risks



Climate 
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Soil Moisture
A metric to examine land hydroclimate variability and predictability

Illinois soil moisture observations: mean (color shading) 
and variability (contour lines) (Kumar et al., 2019)

% saturation

Soil moisture 
and PDSI 
correlation in 
climate model



Objectives

Investigate Investigate projected change in soil 
moisture variability using the large 
ensemble data.

Understand Understand drivers of changing soil 
moisture variability and 
predictability at inter-annual time 
scales.

Assess Assess potential implications on 
drought and pluvial risks under 
changing climate.



Soil moisture variability changes are rather small or even decreases 
despite increase in precipitation variability
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• Two large ensemble data: CESM-LE
(40 members), and GFDL-CM3-LE
(20 members).

• Historical and RCP8.5 (highest
emission) climate projections

• Five climate period: 1940-69, 1970-
99, 2000-2029, 2030-59, and 2060-
89.

• Percentage change in variability
relative to 1970-99 climate

• Statistical significance at 95%
confidence level using f-test.



Reddened ENSO Framework

𝑺𝑺 𝒕𝒕 = 𝜶𝜶 𝑺𝑺 𝒕𝒕−𝟏𝟏 + 𝜷𝜷 𝑬𝑬 𝒕𝒕 + 𝜺𝜺

• Modeling soil moisture variability at inter-annual time scales

• Soil moisture (S) in the current year (t) is modeled as a memory effect due to previous year soil
moisture (t-1), and the current year ENSO (E) variability (major mode of SST variability in the tropical
Pacific)

• Linear regression coefficients 𝛼𝛼 (memory effect), and 𝛽𝛽 (ENSO effect) are computed from climate
model data, then 𝜀𝜀 (noise) is computed using the cross-validation techniques

• A similar model has been used to study multi-decadal variability in the north Pacific, although in that
case, the memory term represents oceanic mixed layer processes (Newman et al., 2003)

• Time-averaging (12 month running mean) can allow us to represent a complex non-linear system using
a linear set of equations (e.g., Huang et al. 2019).
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Reddened ENSO Framework in observations
𝑆𝑆 𝑡𝑡 = 𝛼𝛼 𝑆𝑆 𝑡𝑡−1 + 𝛽𝛽 𝐸𝐸 𝑡𝑡 + 𝜀𝜀

𝑆𝑆 𝑡𝑡

𝐸𝐸 𝑡𝑡

EOF1

Lake Mead

Anomaly correlation
between prediction
and observation
(withheld 10% data);
repeat the process
until all data is
sampled

Lake Mead

ERA5 soil moisture variability in the US Southwest and Lake Mead Water Level
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Reddened ENSO Framework in observations
𝑆𝑆 𝑡𝑡 = 𝛼𝛼 𝑆𝑆 𝑡𝑡−1 + 𝛽𝛽 𝐸𝐸 𝑡𝑡 + 𝜀𝜀
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until all data is
sampled

Lake Mead

ERA5 soil moisture variability in the US Southwest
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Reddened ENSO Framework in observations

𝑆𝑆 𝑡𝑡 = 𝛼𝛼 𝑆𝑆 𝑡𝑡−1 + 𝛽𝛽 𝐸𝐸 𝑡𝑡 + 𝜀𝜀

𝑆𝑆 𝑡𝑡

𝐸𝐸 𝑡𝑡

EOF1

Lake Mead

Anomaly correlation 
between prediction and 
observation (withheld 10% 
data); repeat the process 
until all data is sampled

ERA5 soil moisture variability in the US Southwest and Lake Mead Water Level
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Reddened ENSO Framework in observations
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Hydroclimate Predictability in Changing Climate
A reduction in high-latitude, e.g., Canadian Plains, and an increase in the US Southwest 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑠𝑠𝑛𝑛𝑠𝑠𝑠𝑠𝑛𝑛



Understanding changing hydroclimate variability and predictability 
ENSO increases and memory decreases

𝑺𝑺 𝒕𝒕 = 𝜶𝜶 𝑺𝑺 𝒕𝒕−𝟏𝟏 + 𝜷𝜷 𝑬𝑬 𝒕𝒕 + 𝜺𝜺



Large Ensemble provides a robust assessment 

ENSO Index (Nino 3.4) mean 
(y-axis) and variability (x-axis) 
changes N

in
o 

3.
4

Soil moisture memory (x-axis) 
and potential 
evapotranspiration (PET) 
changes 

𝑑𝑑𝑠𝑠
𝑑𝑑𝑑𝑑 = − �1 𝜏𝜏 𝑠𝑠 + 𝜀𝜀

∆𝑆𝑆 = −𝐸𝐸𝐸𝐸 + 𝑃𝑃 − 𝑅𝑅

ET = f(s)* PET

As PET 𝜏𝜏



Hydroclimate Extremes
A limited sample size problem in observations and climate model

Annual average water level in Lake Mead at Hoover Dam (Source: Bureau of Reclamation).   

4 X 6 = 24 
person height

𝑆𝑆 𝑡𝑡 = 𝛼𝛼 𝑆𝑆 𝑡𝑡−1 + 𝛽𝛽 𝐸𝐸 𝑡𝑡 + 𝜀𝜀

Reddened ENSO Framework can enlarge the sample size to 1000 by randomly generating the noise (from
estimated parameters of normal distribution), and soil moisture initial condition, and taking ENSO
sequence from the climate model



Power spectra of changing soil moisture variability 
A strengthening of ENSO variability and wakening of low frequency variability (memory reduction effect) 
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Color shading and solid lines: 
Reddened ENSO Framework 
(1000 sample size)

Star Markers: Climate model

ENSO Frequency: 6-7 cycles 
per 29 years 



Changing risk of Drought in US Southwest: Mean state changes drive future drought risks

Color shading and solid lines: Reddened 
ENSO Framework (1000 sample size)

Star Markers: Climate model
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Mean state changes drive future drought and pluvial risks



Conclusions

1. North America’s hydroclimate is changing

2. Changes in soil moisture variability is rather small or even decrease despite
increase in precipitation variability.

3. Increasing ENSO variability, and decreasing soil moisture memory affect land
hydroclimate variability and predictability

4. Future drought and pluvial risks are primarily driven by changes in the mean state
suggesting infrastructure planning can incorporate robust mean state changes
despite uncertainty in the variability projections.
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