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What about me? 

● I grew up in Phoenix, Arizona.

● Studied Hydrology and Atmospheric Sciences at the University of Arizona.

● Since graduating, I have primarily focused on statistical methods and 
models as they relate to extracting the best possible information from CMIP 
models (through bias correction and downscaling) and trying to improve 
subseasonal-to-seasonal precipitation forecasts.
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Joined NOAA/ESRL/PSL team in November 2018
Started work on a project with the intent to improve subseasonal/seasonal winter 
precipitation forecasts for the state of California. 

Early on in my research, while exploring methods to improve subseasonal forecasts, I 
also decided to try my hand at seasonal precipitation forecasts.

1. Maybe we can apply knowledge from seasonal forecasts to improve 
subseasonal forecasts.

2. Subseasonal-to-seasonal forecast skill is relatively low across much of 
the Western United States. At the same time, the water resources in this 
region have enormous influence on the societal and economic livelihoods 
of millions of American citizens.   
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Current skill of dynamical models’ precipitation forecasts 
for the extended winter season (November-March) 

HUCs = Hydrologic Unit Codes?
Important for water resources.
These are just delineations of 
hydrologic basins across the CONUS. 
Here, we use division 4. 
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The forecast skill for cold-season 
precipitation is modest, at best, 
across much of the Intermountain 
West. Northern California and the 
Upper Colorado River basin both 
have low skill, while being 
extremely important for water 
resources.
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Motivation

1. Develop a simple methodology that we can apply CONUS-wide. 
- Make better winter/cold season (November-March) forecasts of
precipitation across the state of California and the broader Western
states region.
(Focus on cold season because of its importance for water resources 
resulting from snow accumulation and spring snowmelt. Northern 
California receives 80% of its total yearly precipitation between 
Nov-Mar.) 

2. Competitive benchmark for more sophisticated and complex modeling 
frameworks. 
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Tools in Our Shed

1. Lagged or leading predictor/predictand relationship.

(often assumed that the previous/recent state contains all necessary information that captures all preceding states)

2. Data reduction or dimensionality reduction.
(Useful to: 1) reduce model overfitting, 2) minimize noise in the data, and 3) improve model run-time efficiency.)

3. Multiple linear regression with cross-validation.
(cross-validation just insures that we train/fit our model on separate data than what we use to validate)
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Sea surface temperatures

Predictors

Precipitation

PredictandsOct

Forecast
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Models

1. Sea surface temperatures (SSTs)
- Minimum benchmark

2. Multiple predictors (SST, SLP, UWND, VWND)
- More sophisticated benchmark
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Predictors for precipitation is simply the NINO3.4 SST 
time series

NINO3.4

Take the spatial average of the SSTs (NOAA ERSST v5) in this 
domain for each month of the year. Then, detrend the data.
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NINO3.4 time series 
AC with CONUS 
winter precipitation 
(November-March) at 
different lead times

SEP AUG JUL

JUN MAY APR

MAR FEB JAN

DEC NOV OCT

SEP AUG JUL

JUN MAY APR

10



NINO3.4 time series 
AC with CONUS 
winter precipitation 
(November-March) at 
different lead times

SEP AUG JUL

JUN MAY APR

MAR FEB JAN

DEC NOV OCT

SEP AUG JUL

JUN MAY APR

11



The ”combined lead sea surface temperature” 
(CLSST) model
1. Calibration: 1901/1902-1980/1981, Validation: 1981/1982-
2017/2018. 

2. Make a different forecast of our precipitation amounts (via 
data reduction, PC space) using varying lead times (1-18 months) 
of our NINO3.4 SSTs predictor time series.

3. Assess the model skill for each HUC, for all lead times, in the 
calibration period

4. For each HUC, weight the forecasts in the validation period by 
the anomaly correlation attained in the calibration period.
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Conclusions from CLSST
A simple, linear regression model that exploits both current and past tropical 
SSTs provides more skillful forecasts, as a CONUS average, than either 
NMME or ECMWF-SEAS5.

-More specifically, the methodology outlined exploits information
that can substantially boost forecast skill across the central
Intermountain West. 

Take home messages:
1. More resource intensive, non-linear dynamical models should
be able to outperform a benchmark model that can run in about a
second. 

2. Why do we observe this lagged response? What dynamical
processes can bridge this gap in time?
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Models

1. Sea surface temperatures (SSTs)
- Minimum benchmark

2. Multiple predictors (SST, SLP, UWND, VWND)
- More sophisticated benchmark
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SST

SLP

UWND

VWND

CLSST Model 

Optimize multiple 
linear regression 
in PC subspace 

Optimize multiple 
linear regression 
in PC subspace

Optimize multiple 
linear regression 
in PC subspace

Merge forecasts 
into a weighted 
ensemble mean 
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Sacramento hydrologic unit (Northern California) ESRL Stat Mod     →   r = 0.53
Sacramento hydrologic unit (Northern California) NMME            →   r = 0.28

What about where I 
care most?

Performance of Merged Statistical Model 

Average anomaly correlation:         33%
Average variance explained             45%

Improvement over 
NMME
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Average anomaly correlation:         46%
Average variance explained             93%

West of 100°



Performance in Sacramento Basin
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Performance of Merged Statistical Model 
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Impact of Cross Validation on Performance

Leave-
One-
Out 
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Split Sample
Validation:
1990,1993,…
1991,1994,…
1992,1995,…
Calibrate/Optimize:
All other years



Last Year’s Performance

22



Overall Conclusions
1. A simple regression model, using only prior NINO3.4 values, can 
modestly outperform NMME and ECMWF cold season precipitation 
forecasts.

2. With a few more predictors and a little more complexity, we can develop a 
model where its forecasts explain 45% more variance than NMME. 

3. These are interesting results that are extremely relevant to the water 
resources of the western US. 

- Why do we see the forecast skill that we do with these relatively simple
statistical models? 
- Physical mechanisms?
- What are these statistical models capturing that the dynamical models are not? 
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Questions, Comments, Suggestions

matt.switanek@noaa.gov

Thank You
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