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Introduction

In this study, we consider subseasonal precipitation forecast skill over southwest Asia (Fig. 1; SWA),
a region including several food insecure countries that rely heavily on winter precipitation as a key
water source for agricultural production. Forecasts are generated by a machine learning model
called a linear inverse model (LIM, Penland and Sardeshmukh 1995, see below for details), which is
also used to identify SFOs and relate them to ENSO and the MJO.

ENSO and MJO Teleconnections to Southwest Asia Precipitation

Figure 1: Region of focus, southwest Asia. From Barlow et al. 2016.

Research Questions
1. Can precipitation SFOs over southwest 
Asia be objectively identified at time of 
forecast?
2. Are these SFOs associated with ENSO 
or the MJO?

Method and Results
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Research Questions
A1: Yes! The LIM can identify, at time of forecast, the ~20% of 
forecasts with significantly elevated precipitation skill, 
indicating SFOs. 
A2: SFOs are significantly more likely in forecasts initialized on 
days with strong El Niño, La Niña and MJO phases 2-3 and 6-
7 conditions.

• Subseasonal (weeks 3-8 lead time) forecasts of
precipitation are highly desirable but are not always skillful
over land (de Andrade 2018; Pegion et al. 2019).

• Instead, identifying the smaller portion of forecasts that
are skillful, so-called ‘subseasonal forecasts of opportunity’
(SFOs), has become a goal of ongoing research.

• Tropical processes such as the El Niño-Southern
Oscillation (ENSO) and Madden-Julian Oscillation (MJO)
can impart signals in the extratropics and are often
associated with SFOs (Albers and Newman 2021; Mayer an
Barnes 2021; Albers et al. 2022; Breeden et al. 2022a,b).
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Figure 3: Schematic showing how the LIM generates a 15-day forecast using
the dynamic operator, L. From Breeden et al. 2022.
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Even though the LIM expected skill better ID’s SFOs than just considering MJO or ENSO indices 
(Fig. 4), the  likelihood of SFOs increases during strong RMM phases (Fig. 5) and strong Niño3.4 

(Fig. 6) phases, consistent with past research (see above).

The LIM is an empirical dynamical model in which the
dynamics are determined from the observed
instantaneous and lagged covariance between a selected
subset of climate anomalies relevant to SWA precipitation.
Similar to output from numerical forecast models, for each
initialization and lead time, the LIM generates unbiased
forecasts of temperature and precipitation by propagating
the initial conditions forward in time (Fig. 3).

• MJO phases track the eastward movement of subseasonal
tropical convection from the Indian Ocean to the central
Pacific. Phases 2-4 reflect anomalous convection in the
Indian Ocean (Fig. 2a,c) and reduced precipitation over
SWA. Phases 6-8 reflect suppressed convection in the
Indian Ocean (Fig. 2b,d) and enhanced precipitation over
SWA.

• ENSO is the leading interannual mode of tropical
convection, which also greatly impacts subseasonal
convection and the associated teleconnections. El Niño
conditions are associated with enhanced precipitation,
and La Niña conditions with reduced precipitation (Fig. 3).

Figure 2: Composite outgoing longwave radiation and precipitation associated with
MJO phases 2-4 (a,c) and 6-8 (b,d). From Hoell et al. 2018a.

Figure 3: Mean precipitation anomaly from November – April associated with a) El Niño conditions and b) La
Niña conditions. From Hoell et al. 2018b.

Table 1: Variables and domains used to
create the SWA precipitation LIM.
Forecasts are available at 3-day lag:
https://www.psl.noaa.gov/forecasts/s2s_int
ernational/.

The southwest Asia JFM LIM hindcast skill is
evaluated using anomaly correlation coefficient
(ACC; Fig. 4), which is comparable to or higher
than other subseasonal models (de Andrade et al.
2019; Pegion et al. 2018). The LIM can also
identify periods of elevated forecast skill at the
time of forecast, which is achieved using a theory-
based metric called expected skill. This approach
identifies more skillful forecasts (Fig. 4b) than
those identified using other methods such as the
Niño3.4 index (Fig. 4c) and Realtime Multivariate
MJO (RMM) index (Fig. 4d).

• LIM is trained on daily mean data
with a 7-day running mean applied,
for January-February-March (JFM),
1981-2020.

• The Japanese Reanalysis-55 dataset
is used for all variables except
precipitation.

• The Climate Hazards InfraRed
Precipitation with Stations dataset is
used for precipitation.

LIM Skill and Success Identifying SFOs 

Figure 4: ACC for weeks 3-4 forecasts, evaluated from January – March 1982-2020. Panel a) shows ACC for all dates in the record, b) ACC for the 20% of forecasts initialized with the
highest expected skill, c) ACC for the 20% with the highest Niño3.4 amplitude, and d) ACC for the 20% with the highest RMM amplitude. The black stippling indicates where the skill
of the top 20% of forecasts in each group is statistically significantly different from the skill of the remaining 80% of forecasts at the 95% confidence level. From Breeden et al. 2022.
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Figure 5: Relative risk a weeks 3-4 lead time SFO is identified, relative to the risk one occurs on any given
day, as a function of RMM index amplitude and phase. From Breeden et al. 2022.

Figure 6: Relative risk a weeks 3-4 (a) or 5-6 (b) lead time SFO is identified, relative to the risk one
occurs on any given day, as a function of Niño3.4 amplitude and sign.

Relative Risk of a High Expected Skill Date

-1.5 -1 -0.5 0 0.5 1 1.5
Nino3.4

0

0.5

1

1.5

2

2.5

3

3.5

R
el

at
iv

e 
R

is
k

Relative Risk of a High Expected Skill Date

-1.5 -1 -0.5 0 0.5 1 1.5
Nino3.4

0

0.5

1

1.5

2

2.5

3

3.5

R
el

at
iv

e 
R

is
k

b) Weeks 5-6a) Weeks 3-4

La Niña El Niño La Niña El Niño

Re
la

tiv
e 

Ri
sk

Re
la

tiv
e 

Ri
sk

• Theoretical LIM expected skill, a function
of the forecast signal-to-noise ratio, is
used to assess the confidence of the
forecasts and identify SFOs (Fig. 4).
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