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Abstract. We used long-term observations of grassland aboveground net plant production (ANPP, 1939–
2016), growing seasonal advanced very-high-resolution radiometer remote sensing normalized difference
vegetation index (NDVI) data (1982–2016), and simulations of actual evapotranspiration (1912–2016) to
evaluate the impact of Pacific Decadal Oscillation (PDO) and El Ni~no–Southern Oscillation (ENSO) sea sur-
face temperature (SST) anomalies on a semiarid grassland in northeastern Colorado. Because ANPP was
well correlated (R2 = 0.58) to cumulative April to July actual evapotranspiration (iAET) and cumulative
growing season NDVI (iNDVI) was well correlated to iAET and ANPP (R2 = 0.62 [quadratic model] and
0.59, respectively), we were able to quantify interactions between the long-duration (15–30 yr) PDO tem-
perature cycles and annual-duration ENSO SST phases on ANPP. We found that during cold-phase PDOs,
mean ANPP and iNDVI were lower, and the frequency of low ANPP years (drought years) was much
higher, compared to warm-phase PDO years. In addition, ANPP, iNDVI, and iAET were highly variable
during the cold-phase PDOs. When NINO-3 (ENSO index) values were negative, there was a higher fre-
quency of droughts and lower frequency of wet years regardless of the PDO phase. PDO and NINO-3
anomalies reinforced each other resulting in a high frequency of above-normal iAET (52%) and low fre-
quency of drought (20%) when both PDO and NINO-3 values were positive and the opposite pattern when
both PDO and NINO-3 values were negative (24% frequency of above normal and 48% frequency of
drought). Precipitation variability and subsequent ANPP dynamics in this grassland were dampened when
PDO and NINO-3 SSTs had opposing signs. Thus, primary signatures of these SSTs in this semiarid grass-
land are (1) increased interannual variability in ANPP during cold-phase PDOs, (2) drought with low
ANPP occurring in almost half of those years with negative values of PDO and NINO-3, and (3) high pre-
cipitation and ANPP common in years with positive PDO and NINO-3 values.

Key words: aboveground net plant production (ANPP); actual evapotranspiration (AET); advanced very-high-
resolution radiometer; Central Plains Experimental Range (CPER); El Ni~no–Southern Oscillation (ENSO); growing
season; normalized difference vegetation index (NDVI); northeastern Colorado; Pacific Decadal Oscillation (PDO);
semiarid grassland.
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INTRODUCTION

Multi-year ocean–atmosphere fluctuations
have been linked to North American climate—
the Pacific Decadal Oscillation (PDO: after Man-
tua et al. 1997), which was identified during the
1990s by Mantua et al. (1997), Zhang et al.
(1997), and Gershunov and Barnett (1998) refer-
ring to the atmospheric component as the North
Pacific Oscillation. These multi-year fluctuations
in sea surface temperature (SST) involve abrupt
basinwide switching in the sign of SST anomalies
across the North Pacific. These phase changes
occur at approximately 15- to 30-yr intervals for
the PDO. El Ni~no–Southern Oscillation (ENSO)
teleconnections with North American climate
have different impacts depending on the phase
of the PDO (warm or cool; e.g., Hu and Huang
2009, Gershunov and Barnett 1998, Gutzler et al.
2002, McCabe and Dettinger 1999, Wang et al.
2014).

The PDO is referred to as ENSO-like inter-
decadal variability based on a number of similar-
ities between the ENSO and PDO signals. This
includes a weak statistical correlation between
the time-series, qualitative similarities in the Paci-
fic-wide SST patterns, and similar impacts on
North American climate because of the strength
and position of the Aleutian low (Mantua et al.
1997, Zhang et al. 1997, Gershunov and Barnett
1998). Zhu and Liang (2013) have shown that the
expansion of the Bermuda High has an impact
on strength of the low-level jet in the Great Plains
with a strong low-level jet decreasing precipita-
tion in the Southern Great Plains and increasing
precipitation in the Northern Great Plains. They
also indicate that expansion of the Bermuda
High is correlated to the PDO SST. Liang et al.
(2015) show that the strength of the low-level jet
is correlated to the phase of the El Ni~no.

Numerous papers (Diaz and Kiladis 1992, Hu
and Huang 2009, and Zhu and Liang 2013) have
shown that precipitation in the Great Plains is
well correlated to PDO/NINO-3 SST patterns.
Multi-decadal variations in precipitation in the

Southwest United States are correlated to
changes in the PDO with increases in precipita-
tion associated with the warm-phase PDO and
decreased precipitation associated with cold-
phase PDO (McCabe et al. 2004, Hu and Huang
2009). Hu and Huang (2009) show interactive
impacts of the PDO and ENSO SST patterns on
precipitation in the Southern Great Plains with
high precipitation (wet soil conditions) occurring
when the ENSO and PDO are both in the posi-
tive phase and low precipitation (dry soil condi-
tions) when the ENSO and PDO are both in the
negative phases. Note that the ENSO SST
changes on a 2- to 4-yr cycle while the PDO
index changes on a 15- to 30-yr cycle.
Previous research (Lauenroth 1979, Sala et al.

1988, and Del Grosso et al. 2008) has established
that annual precipitation is one of the major fac-
tors controlling grassland production in semiarid
regions, with aboveground plant production
(ANPP) increasing linearly with increasing pre-
cipitation at the global, regional, and individual
site levels. Irisarri et al. (2016) recently showed
that ANPP for a shortgrass steppe in northeast-
ern Colorado at the Central Plains Experimental
Range (CPER) decreases linearly with increasing
grazing intensity and is highly correlated to
spring precipitation (April–June). Research by
Hermance et al. (2015) at the CPER site showed
that grassland plant growth is most responsive
to precipitation in the spring. They also showed
that ANPP at the CPER site is highly correlated
to integrated growing-season normalized differ-
ence vegetation index (iNDVI, cumulative May
to September). The Hermance et al. (2015), Iris-
arri et al. (2016), and Morgan et al. (2016) papers
showed that most of the grassland plant produc-
tion occurs during the April to June time period
and that live plant biomass (R2 = 0.80) and
ANPP (R2 = 0.80) are highly correlated to
iNDVI.
For the semiarid grassland system in Great

Plains, there are only limited changes of
long-term carrying capacity associated with the
long-term moderate and heavy grazing for more
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than 70 yr (Milchunas et al. 1994, Porensky et al.
2017). Although the C3 perennial grasses are
more responsive to rainfall regimes (Derner et al.
2008), they are not dominant plant functional
groups in this ecosystem.

Key for ranchers is the fundamental under-
standing of knowing whether the mean and
variability of forage production differ with the
long-term (i.e., 10–20 yr) PDO patterns. This
gives ranchers sufficient time for planning,
decision-making, and adaptive management. For
example, adaptive management can be used to
manage complexity associated with precipita-
tion-induced variability in forage production for
livestock consumption through incorporating
flexibility in animal numbers and grazing season
length using science-informed monitoring to
help match forage production variability across
years and within portions of a grazing season
with animal demand (Derner and Augustine
2016). Recent economic models suggest that
addition of yearlings to cow–calf operations, for
example, provides increased flexibility for ranch-
ers regarding decision-making and profitability
in variable climates (Ritten et al. 2010, Torell
et al. 2010), especially when stocking decisions
are adjusted using available forage and seasonal
weather/climate forecasts. Despite the economic
advantages of flexible stocking, implementation
of this grazing strategy is hindered by limited
predictive ability to date regarding accuracy of
seasonal weather (3–6 months) forecasting and
low-risk approaches of ranchers where the pre-
vailing mantra is to reduce downside risk associ-
ated with negative consequences of drought
rather than attempting to capitalize on the
upside benefits of good years. Thus, the inher-
ently high interannual variability in forage pro-
duction in these semiarid rangeland ecosystems
has resulted in a management approach that is
quite conservative with the occurrence of a good
year within an unfavorable period of years hav-
ing little impact on land/grazing management as
the emphasis is on recovery of the system from
the poor years.

The unique aspect of this paper is the quantifi-
cation of the impact of the PDO/NINO-3 SSTs on
the time-series of three important ecological vari-
ables (ANPP, iNDVI, and iAET). This paper will
focus on evaluating the impact of PDO and
NINO-3 (ENSO index) SST patterns from 1912 to

2016 on cumulative April to July actual evapo-
transpiration (iAET), ANPP, and iNDVI for the
CPER site along with the correlations of iNDVI
to ANPP and iAET to ANPP and iNDVI. Morgan
et al. (2016) showed that live grassland plant bio-
mass observations are well correlated to NDVI,
while Hermance et al. (2015) showed that ANPP
is well correlated to iNDVI. We used iAET, rather
than rainfall, to correlate to ANPP since it
includes the impact of winter precipitation on
growing season plant growth (potential storage
of soil water during the winter). It was reported
that ANPP in western U.S. grasslands is less
impacted by growing temperature than precipi-
tation (Mowll et al. 2015). In addition to iAET
and precipitation, we also investigated the tem-
perature effects (e.g., April to July mean tempera-
ture and cumulative potential evapotranspiration
[PET]) on ANPP. The DayCent ecosystem model
has a land surface submodel that is capable of
simulating daily soil water content, actual evapo-
transpiration (AET), and plant transpiration in
long periods (Parton et al. 1998). Multiple year
observations of daily soil water and AET data
confirm that the DayCent ecosystem model cor-
rectly simulates seasonal changes in soil water
and AET at the CPER site.

SITE DESCRIPTION AND DATA SETS

The CPER, a Long-Term Agroecosytem
Research network site, is in the precipitation
shadow of the Rocky Mountains with annual
precipitation of 321 mm (with high inter- and
intra-annual variability; Knapp and Smith 2001)
and mean annual air temperature of 8.6°C. The
site is typical of mid-continental semiarid grass-
lands with peak precipitation occurring during
May and June. The site has a long history of graz-
ing with plant communities dominated by the
C4 perennial shortgrass blue grama (Bouteloua
gracilis) with some C3 perennial graminoids
(western wheatgrass (Pascopyrum smithii), needle
and thread (Hesperostipa comata), and threadleaf
sedge (Carex eleocharis)). Potential plant produc-
tivity is highly responsive to spring precipitation
amounts (Derner et al. 2008). The data sets used
in this analysis include annual estimates of plant
production from 1939 to 2016, observed growing
season biweekly advanced very-high-resolution
radiometer (AVHRR) NDVI (1982–2016), observed
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daily maximum and minimum air temperature
and precipitation from the CPER site (1912–2016),
observed daily soil moisture and AET data
(1987–1992, 2001–2003), and observed PDO and
ENSO SST anomalies (1912–2016).

ANPP data sets
The ANPP estimates from Lauenroth and Sala

(1992) from 1940 to 1990 were derived using a
variety of techniques including clipped plots (late
July and August) from different sites (4–20) and
visual estimates of ANPP. The CPER ANPP esti-
mates from 1983 to 2016 were determined by
using the observed live biomass levels from
clipped biomass plots (1.8-m2 quadrants) from
three different topoedaphic locations (midslope,
ridge, and swale) in a long-term moderately
grazed pasture. The sum of clipped live biomass
(clipped in late July or early August) from five
different plant functional groups (BOBU, CSAG,
CSPG, WSPG, and FORB) was used to estimate
live grassland plant biomass for each year. The
plant functional group BOBU is blue grama plus
buffalograss (C4 shortgrasses); CSAG is cool-
season annual grasses; CSPG is cool-season
perennial graminoids; WSPG is warm-season
perennial grasses; and FORB is the combination
of annual and perennial forbs. Clipped biomass
from shrubs and cactus was excluded in this
analysis. The average values of ANPP from 1983
to 2014 were determined by averaging ANPP for
the midslope, ridge, and swale topoedaphic loca-
tions and are available at (http://hdl.handle.net/
10217/81141). A detailed description of how the
data were collected is presented by Lauenroth
(2013). The CPER ANPP estimates from 1983 to
2014 were used in our detailed statistical climatic
analysis because the Lauenroth and Sala (1992)
data sets used different techniques (visual and
clipped plot estimates of ANPP) over time, and
different pastures were used every year (3–30
pastures per year) to determine the average
ANPP.

PDO and NINO-3 data sets
The NINO-3 time-series was determined from

data published by Physical Sciences Division
(2015). The NINO-3 time-series is calculated as
the area-weighted average SST anomaly over the
central equatorial Pacific (5° S to 5° N, 150° W to
90° W) with the anomaly calculated using a base

period of 1951–2000. The specific time-series
used is the PSD WG-SP time-series calculated
from 1870 to present based on the HADISST 1
data set (Rayner et al. 2003). The PDO time-series
was provided by University of Washington,
College of the Environment, JISAO (2016;
accessed 12/9/2016). The PDO time-series is com-
puted after Mantua et al. (1997) as the leading
empirical orthogonal function of North Pacific
(20°–70° N) monthly averaged SST anomalies
after removing the global mean. The specific
time-series is calculated from 1912 to 2016 based
on the Reynolds OI SST V2 data set (Reynolds
et al. 2007).

AVHRR data set
We used observed AVHRR biweekly values of

NDVI measured (NOAA, 1992) for a 3 9 3 pixel
array (i.e., average NDVI for 3 9 3 30 m pixels)
centered on 104.72943° W and 40.815935° N
(Pasture 24 SW section at the CPER site) from
1982 to 2016. We corrected the NDVI values dur-
ing the growing season by subtracting 0.20 from
each value since NDVI values during the non-
growing season (November–March) are equal to
0.20 when live plant biomass is minimal. We cal-
culated an integrated growing season NDVI
(iNDVI) by cumulating the biweekly NDVI val-
ues from May 1 to September 30.

DayCent model description
We used the DayCent model to simulate the

annual changes in AET from 1912 to 2016. Day-
Cent (Parton et al. 1998, Del Grosso et al. 2001,
2011) is a biogeochemical model that simulates
exchanges of water, carbon, and nutrients (e.g.,
nitrogen [N]) among the atmosphere, soil, and
plants and other ecosystem parameters in
response to land management and climate at
daily scale. The primary inputs to DayCent
include daily weather (maximum and minimum
temperatures and precipitation) data, soil texture
profile, crop cultivar parameters, crop manage-
ment practices, and site location (Chen et al.
2016). There are four primary submodels in Day-
Cent: (1) plant growth/productivity, (2) soil
organic matter decomposition, (3) land surface,
and (4) trace gas (Del Grosso et al. 2001, 2011).
We have included a comparison of the DayCent
simulated daily AET and soil water with
observed soil water and AET data sets from the

 ❖ www.esajournals.org 4 December 2017 ❖ Volume 8(12) ❖ Article e02069

CHEN ET AL.

http://hdl.handle.net/10217/81141
http://hdl.handle.net/10217/81141


CPER site. We used observed daily soil moisture
and AET from a three-year Bowen ratio experi-
ment (Parton et al. 2012), observed soil moisture
from the NUNN site of Natural Resources Con-
servation Service (NRCS) from 1996 to 2000
(National Water and Climate Center, NRCS,
USDA 2015), and daily lysimeter estimates of
AET (Parton et al. 1981) from 1987 to 1992. A
detailed description of the DayCent model is
found in the online material (Appendix S1).

The weather data required for DayCent includ-
ing daily maximum and minimum air tempera-
tures and precipitation data (1912_2016) were
obtained from multiple sources (Parton et al.
2012, Parton 2013, National Centers for Environ-
mental Information, NOAA 2015, Rangeland
Resources Research Unit, ARS. 2015, USDA
NRCS [U.S. Department of Agriculture, National
Water and Climate Center] 2015). Since there
were no weather records at CPER before 1940,
weather records between 1912 and 1940 were
used from the nearby site at Grover, Colorado.
The weather records from these two sites were
consolidated in the overlapping period (i.e.,
1940–1968). The re-analyzed 3-h solar radiation
data between 1979 and 2014 (Physical Sciences
Division, ESRL, NOAA 2015) were accumulated
at daily scale as an extended weather input. In
addition, these data were used to calibrate the
twelve solar radiation monthly adjustment coeffi-
cients for correct daily solar radiation estimation
from daily temperatures before 1979.

Statistical analysis of data
The annual changes in April–July cumulative

AET from 1912 to 2016 were correlated to the
changes in the warm- and cold-phase PDO pat-
terns (three warm phases and three cold phases)
and annual average April–June PDO and NINO-
3 SST anomalies. We determined the impact of
the PDO and NINO-3 anomalies on the fre-
quency of low (tercile 1), medium (tercile 2), and
high (tercile 3) AET years. We used the observed
CPER ANPP data (1983 to 2014) to determine the
correlation of annual ANPP to cumulative April–
July AET and iNDVI.

Multiple regression analysis was used to deter-
mine the potential impact of April–July cumulative
potential evapotranspiration (iPET) and mean air
temperature (TEMP) in addition to iAET on
ANPP.

The term variability in this paper refers to a
quantity’s degree of being changeable in a given
time window. It is defined as follows:

Variability ¼
PT�1

t¼1
absðytþ1 � ytÞ
T � 1

(1)

where the term y refers to the quantity of inter-
ests; the subscripts refer to the time points; the
number of total time points is T; and the term abs
() refers to the absolute operator. In this paper,
the variability is calculated for April–July cumu-
lative AET (iAET), cumulative May–September
NDVI (iNDVI), and the annual observed above-
ground plant productivity (ANPP) during the
warm- and cold-phase PDOs.

RESULTS

DayCent model evaluation
The DayCent model was used to simulate daily

soil water and AET from 1912 to 2016 for the CPER
site. The ability of the model to simulate plant
ecosystem dynamics for the CPER site (seasonal
live leaf dynamics and net ecosystem carbon
exchange) has been documented by Chen et al.
(2016) using observed live leaf biomass and net
carbon exchange data from a three-year eddy
covariance data set (2001–2003). We used the
observed daily AET data from Parton et al. (2012)
and daily AET data (1987–1992) from a lysimeter
located at the CPER site (Parton et al. 1981) to test
model performance. The results show that mod-
eled AET is highly correlated with observed daily,
weekly, and monthly AET (R2 = 0.55, 0.81, and
0.92, respectively; Appendix S2). DayCent simu-
lated vs. observed seasonal patterns in AET and
soil water are presented in the online material
(Appendices S3, S4). The results show that maxi-
mum AET rates and soil water contents are
observed during the May to June season and that
AET rates and soil water content are higher, and
decrease with time, following the rainfall events.
These observed changes in AET and soil water
content following rainfall events are well simulated
by DayCent, indicating the suitability of the model
to simulate changes in AET from 1912 to 2016.
As expected, we found that ANPP (1983–2014)

was well correlated to iNDVI (R2 = 0.59) and
that ANPP was highly correlated (R2 = 0.58) to
iAET for the same time period. We also found
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that iAET was positively correlated to iNDVI
(quadratic model, R2 = 0.62). These results show
the strong autocorrelation among iAET, iNDVI,
and ANPP.

We found that iAET and cumulative April to
July precipitation (iPREC) have similar correla-
tions with ANPP. It is expected since iAET and
iPREC have a high correlation (R2 = 0.88 exclud-
ing two extreme points where iPREC exceeded
iAET and one point where iAET is significantly
higher than iPREC because of snow water stor-
age in the winter). In addition, we found that on
average iAET exceeded iPREC by 1–3 cm on an
annual basis. The higher iAET values compared
to iPREC are the results of a net storage of 1.6 cm
of water during the November 1 to March 31
time period. The ratio of iPREC to iAET shows
that 85.3% of the time the ratio is <1.05, indicat-
ing that most of the precipitation falling during
the April to July time period is last due to evapo-
transpiration. Our results also show that daily
PET during the April to July time period is
greater than daily AET and precipitation 84.1%
of the time.

The regression analysis correlated ANPP to
iAET and iPET, and TEMP. The results show
including the iPET and TEMP variables in the
ANPP multiple regression analysis does not
improve the R2 (all around 0.58) between iAET
to ANPP. The results also show that correlating
the ratio of iAET and iPET to annual ANPP has
the similar correlation (i.e., R2 = 0.59) as iAET to
ANPP.

PDO/NINO correlations with iAET, iNDVI,
and ANPP

The primary objective of this paper is to docu-
ment the correlations of the PDO and NINO-3
SST anomalies to ANPP, iNDVI, and iAET at the
CPER site. Fig. 1 shows the changes in the PDO
(Fig. 1A) and NINO-3 (Fig. 1B) anomalies from
1912 to 2016. The data show 15- to 30-yr time
periods with either above-normal or below-
normal SST anomalies for PDOs, which include
three cold phases (1912–1924, 1945–1977, and
1999–2013) and three warm phases (1925–1944,
1978–1998, and 2014–2016). The NINO-3 (ENSO
SST patterns) sea surface anomalies vary with a
much higher frequency (1- to 3-yr pattern) and
NINO-3 has a weak positive correlation to PDO
(R2 = 0.20). The historical changes in growing

season temperature (April–October; Fig. 1C)
show a general trend for increasing temperatures
during the whole time period; however, growing
season temperatures are higher during the
warm-phase PDOs. This pattern is demonstrated
with the 1978–1997 warm phase that has higher
temperatures compared to the subsequent 1998–
2013 cold-phase PDO (mean temperatures of
16.2°C for the warm phase and 15.0°C for the
cold phase).
The DayCent simulated changes in iAET from

1912 to 2016 (Fig. 1D) show large year-to-year
variability in iAET with higher variability in
iAET during cold-phase PDOs compared to the
warm-phase PDOs (Appendix S5: Table S1).
Most of the high iAET rates (>26 cm/yr) and low
iAET rates (<16 cm/yr) occurred during the cool-
phase PDOs (72.0% of the high rates and 63.2%
of the low iAET rates for cold-phase PDOs
between 1912 and 2016). This pattern is quite
strong during the 1998–2013 cold-phase PDO
period with large negative year-to-year changes
in iAET (i.e., droughts followed by wet years for
much of the time). Comparison of the observed
plant production from 1939 to 2014 with the
iAET data (Fig. 1D, E) shows a high correlation
of ANPP to iAET (R2 = 0.45 excluding four
extreme points; 1942, 1943, 1981, and 2009) with
the high year-to-year variability in ANPP primar-
ily resulting from yearly changes in iAET. Com-
parison of the mean ANPP during the cold- and
warm-phase PDO show that ANPP is lower dur-
ing the cold-phase PDOs (ANPP = 65.0 g (dry
mass)/m2 during the cold-phase PDOs vs. 86.1 g
(dry mass)/m2 during the warm-phase PDOs).
The results show that vast majority of the low
ANPP values (<40 g (dry mass)/m2) occur during
the cold-phase PDOs (100% between 1939 and
2016).
Fig. 2 shows the frequency distributions of

iAET, iNDVI, and ANPP in terms of the cold and
warm PDO phases. It is seen that in warm-phase
PDOs iAET has a narrower normal-like distribu-
tion than in cold PDO periods, but their mean val-
ues are close, which is consistent with Table 1. For
example, the low-iAET years (i.e., iAET < 15 cm)
are more frequent during the cold-phase PDOs
(17%) than in the warm-phase PDOs (11%). Simi-
larly, the high-iAET years (i.e., iAET > 25 cm) are
also more frequent during the cold-phase PDOs
(35%) than in the warm-phase PDOs (20%). In
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Fig. 1. Average April to June Pacific Decadal Oscillation (A) and NINO3 (B) sea surface temperature anomalies
from 1912 to 2016, average growing season (April–October) air temperatures (C), DayCent simulated cumulative
actual evapotranspiration rates from 1912 to 2016 (red points: iAET < 16 cm/yr; blue points: iAET > 26 cm/yr)
as well as observed iAET from 1987 to 1992 and from 2001 to 2003 (yellow dots and lines; D), and observed
aboveground plant production (ANPP) for the Central Plains Experimental Range (CPER) site from 1939 to 2016
(E). The ANPP data from Lauenroth and Sala (1992) were used from 1939 to 1990, while the observed ANPP
from the CPER site was used from 1983 to 2016.
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contrast, the frequency distributions of iNDVI
and ANPP during the warm-phase PDOs show
an obvious positive shift from the corresponding
distribution during the cold-phase PDOs.

The impact of annual values of PDO and
NINO-3 anomalies on the frequency of low (ter-
cile 1), medium (tercile 2), and high (tercile 3)

iAET years is shown in Fig. 3. Fig. 3A shows the
distribution of low, medium, and high iAET
years as a function of the April to June average
PDO and NINO-3 anomalies. PDO and NINO-3
values are positively correlated (R2 = 0.20), most
of the low-iAET years (purple diamonds) occur
when both PDO and NINO-3 are negative

Fig. 2. The frequency distribution of iAET between 1912 and 2016 (A), iNDVI between 1982 and 2016 (B), and
ANPP between 1939 and 2016 (C) in terms of the cold and warm Pacific Decadal Oscillation (PDO) periods.

Table 1. Mean and variability of the cumulative (April to July) actual evapotranspiration rates (iAET), observed
aboveground plant production (ANPP), cumulative NDVI (iNDVI—May to September), and the number and
frequency of drought years (AET <14 cm (H2O)/yr) and low plant production years (<40 g (biomass)�m�2�yr�1)
for the different cold and warm PDO periods from 1924 to 2016.†

Variable PDO period Variability‡ Mean‡

Number
(Frequency, %)
of drought years

Number
(Frequency, %)

of low ANPP years

April–July AET WARM (1924–1944) 5.508 17.70 4 (19.0) N/A
April–July AET COLD (1945–1977) 7.462 19.60 6 (18.2) N/A
April–July AET WARM (1978–1998) 4.815 23.78 0 (0.0) N/A
April–July AET COLD (1999–2013) 10.087 21.43 2 (13.3) N/A
April–July AET WARM (2014–2016) N/A 19.87 N/A N/A
Aboveground plant productivity COLD (1945–1977) 21.491 66.51 N/A 6 (18.2)
Aboveground plant productivity WARM (1978–1998) 21.530 82.88 N/A 0 (0.0)
Aboveground plant productivity COLD (1999–2013) 45.641 61.61 N/A 5 (33.3)
Aboveground plant productivity WARM (2014–2016) N/A 97.92 N/A N/A
Cumulated NDVI WARM (1982–1998) 0.248 2.70 N/A N/A
Cumulated NDVI COLD (1999–2013) 0.657 2.46 N/A N/A
Cumulated NDVI WARM (2014–2016) N/A 3.19 N/A N/A

Note: NDVI, normalized difference vegetation index; PDO, Pacific Decadal Oscillation.
† Only mean values of iAET, ANPP, and iNDVI are presented for the 2014 to 2016 warm PDO because there are only three

years of data.
‡ The unit of variability and mean depends on the variable. For April to July AET, the unit is cm (H2O)/year; for above-

ground plant productivity, the unit is g (biomass)�m�2�yr�1; for cumulated NDVI, the unit is 1/yr.
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values, and there is a high frequency for high
iAET years (yellow diamonds) when PDO and
NINO-3 both have positive values. The fre-
quency distribution for low, medium, and high
iAET years (Fig. 3B) as a function of PDO/NINO-
3 phases (positive PDO and NINO-3, negative
PDO and NINO-3, negative PDO and positive
NINO-3, and positive PDO and negative NINO-
3) shows that for positive NINO-3 yr (either neg-
ative or positive PDO) drought frequency is low
(low iAET years, pink bars) with a higher fre-
quency for wet years (high iAET years, light yel-
low bars). If both PDO and NINO-3 are positive,
this pattern of low frequency for droughts (about
20%) and a high probability for a wet year (about
52%) is enhanced. The years when NINO-3 is
negative show a general pattern of high fre-
quency of drought (dry years) and a low fre-
quency of a wet year. The results for both cold
and warm NINO-3 values show that when PDO
values increase from negative to positive values,
there is a decrease in the frequency of low iAET
and an increase in the frequency of high iAET.
These results suggest that PDO SSTs modulate
the impact of NINO-3 (ENSO) on the frequency
of low and high iAET years with little change in
the frequency of low, medium, and high iAET
years when PDO and NINO-3 SSTs are in oppo-
site phases.

Morgan et al. (2016) showed that MODIS-
derived NDVI values at the CPER site are highly
correlated to the live biomass (R2 = 0.90 for sea-
sonal patterns in live biomass vs. pasture NDVI
during 2001–2003). We used the observed cumu-
lative growing season NDVI (iNDVI, May to
September) as an index of live biomass and plot-
ted iNDVI changes from 1982 to 2016 (Fig. 4A).
The results show that iNDVI values are higher
and less variable during the 1977–1998 warm-
phase PDO compared to the values for the most
recent 1999–2013 cold-phase PDO (Table 1).
Fig. 4B shows the seasonal average NDVI pat-
terns for 1999–2013 cold-phase PDO and the
1982–1998 warm-phase PDO along with the stan-
dard deviations. The results show that average
NDVI values (live plant biomass) increase
rapidly from April to June and decrease from
July until the end of October. The results show
very low standard deviations in May and June
NDVI values for the warm-phase PDO and very
high standard deviation for the cold-phase PDO.
The high standard deviations for the cold-phase
PDO result from the frequent droughts and low
plant production observed during the cold-phase
PDO (low plant production and droughts in
2000, 2002, 2004, 2006, and 2012).
Table 1 presents a summary of the impact of

cold- and warm-phase PDOs (1924–2016) on

Fig. 3. Distribution of low, medium, and high actual evapotranspiration (AET) years as a function of the
April–June Pacific Decadal Oscillation (PDO) and NINO-3 anomalies (A) and the relative frequency of low, med-
ium, and high AET years (B) as a function the four PDO/NINO-3 phases (positive PDO and NINO-3, negative
PDO and NINO-3, negative PDO and positive NINO-3, and positive PDO and negative NINO-3). Low AET
years include the years with the lowest AET values (33% of the observations). Average AET years are the 33% in
the middle, and high AET years include the 33% of the years with the highest AET values from 1912 to 2016.
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mean and variability of iAET, iNDVI, and ANPP.
The results show a consistent pattern of high
variability and lower mean iNDVI and ANPP for
the cold-phase PDO, while the iAET data show a
consistent pattern of higher variability during
the cold phase. The PDOs with the highest vari-
ability in iNDVI, iAET, and ANPP all occurred
during the most recent cold-phase (1998–2013)
PDO. Table 1 also presents the number and fre-
quency of droughts (<14 cm iAET) and low plant
production years (<40 g (dry mass)/m2) for the
cold- and warm-phase PDOs with a consistent
pattern of high drought frequency and low plant
production for the cold-phase PDOs.

DISCUSSION

The main goal of this paper was to evaluate
the impact of SST anomalies (PDO and NINO-3)

on the dynamics of semiarid grassland produc-
tivity at the CPER site in northeastern Colorado.
The results from Table 1, Figs. 1–3 show a clear
pattern of high variability in live plant biomass
(iNDVI), ANPP, and iAET during the cold-phase
PDOs as well as higher frequency of low plant
production and droughts. The annual PDO and
NINO-3 SST results show that iAET is high when
PDO and NINO-3 SST values are positive while
negative values of PDO and NINO-3 are associ-
ated with low iAET. The strong interactive
impact PDO and NINO-3 on iAET is shown by
the pattern of highest frequency of above-normal
iAET and lowest frequency of below-normal
iAET when PDO and NINO-3 are positive, the
opposite pattern when PDO and NINO-3 are
both negative, and results showing similar fre-
quency of low and high iAET years when PDO
and NINO-3 SSTs are in the opposite phases.
Our results are consistent with observations from
Hu and Huang (2009) and McCabe et al. (2004),
which show high drought frequency in the
Southwest United States for the cold-phase PDO
and low drought frequency for the warm-phase
PDO. These results are also consistent with
observations of Hu and Huang (2009), which
show strong interactive impacts of the PDO and
NINO-3 SSTs on precipitation, that is, high pre-
cipitation (wet soil conditions) occurring when
the NINO-3 and PDO are both in the positive
phase and low precipitation (dry soil conditions)
when the NINO-3 and PDO are both in the nega-
tive phases. Our results are similar to those pre-
sented by Power et al. (2006) for rainfall in
Australia showing a strong interactive impact of
ENSO and PDO on rainfall patterns in Australia.
The opposite patterns (compared to the CPER
site) are observed in Australia with high precipi-
tation observed when PDO and NINO-3 are both
negative and low precipitation observed when
PDO and NINO-3 are both positive.
Many authors (Lauenroth 1979, Sala et al.

1988, Lauenroth et al. 1999) have evaluated the
impact of annual and growing season precipita-
tion on ANPP and generally found that grass-
land ANPP increases linearly with increasing
precipitation. Our results show a strong linear
correlation (R2 = 0.58) of ANPP to iAET. A recent
paper by Morgan et al. (2016) showed that April
to June AET and precipitation-controlled annual
growing season net carbon uptake for the CPER

Fig. 4. Observed growing season cumulative (April–
October) advanced very-high-resolution radiometer-
derived normalized difference vegetation index (NDVI)
from 1982 to 2016 (A) and seasonal patterns of the aver-
age NDVI and standard deviation of NDVI for the
cold-phase Pacific Decadal Oscillation (PDO; 1999–
2013) and the warm-phase PDO (1982–1998; B). A shift
of �0.2 is applied to all values in panel (B) to highlight
the NDVI variability during the cold- and warm-phase
PDOs.
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site, while Derner and Hart (2007) showed that
cumulative April to June rainfall is highly corre-
lated to ANPP for a nearby grassland site in
Cheyenne, Wyoming. Morgan et al. (2016) and
Derner and Hart (2007) suggested that the July
and August precipitation have little impact on
ANPP. Furthermore, Hermance et al. (2015) also
showed that the precipitation at the end of the
growing season has little impact on plant
growth.

The results show that ANPP is well correlated
to both iAET and iPREC. This is primarily a
result of the high autocorrelation of iAET to
iPREC (R2 = 0.88) with annual AET values gener-
ally 1–3 cm higher than precipitation. The higher
AET values compared to precipitation are a
result of average net storage of 1.6 cm of water
during the winter time period (November 1–
March 31). The fact that ratio of iPREC to iAET is
<1.05 85.3% of the time shows that the vast
majority of the precipitation falling during the
April to July time period is lost as evapotranspi-
ration. This is a result of the fact that daily PET
exceeds rainfall and AET 84.1% of the time at
CPER site. These results are consistent with other
papers from dry grasslands in the western part
of the Great Plains where PET rates are much
greater than precipitation inputs (Yang et al.
1998, Lauenroth and Bradford 2006, Knapp et al.
2008).

We attempted to determine whether iPET and
TEMP have any impact on annual ANPP using
regression analysis. The results show that includ-
ing TEMP and iPET in the regression of iAET to
ANPP does not improve the correlation of AET
to ANPP and thus suggest that rainfall (highly
correlated to iAET) is the most important vari-
able controlling grassland plant production at
CPER site. These results are consistent with a
recent paper (Mowll et al. 2015) showing that
rainfall is the primary control on grassland plant
production and that adding temperature had a
relatively small impact on improving the correla-
tion of rainfall to ANPP for Great Plains grass-
lands. The results from the Mowll et al. (2015)
paper showed that mean growing season tem-
perature was negatively correlated to ANPP and
suggested that using existing ANPP data sets to
predict the future impact of increases in tempera-
ture associated with potential climatic changes is
difficult as warming can have either positive or

negative effects depending the ratio of C3/C4
grasses in the plant community.
We used extensive observed daily soil water

and AET data sets (9 yr of AET data and 6 yr of
soil water data) from the CPER site to test the
ability of the DayCent model to simulate daily
soil water dynamics and AET rates at the site.
The results show that the model accurately simu-
lated daily, weekly, and monthly AET rates with
R2 values for the observed vs. simulated AET
rates increasing from 0.55 for daily values to 0.92
for monthly values. Comparison of observed vs.
simulated soil water dynamics (Appendix S4)
showed that the model accurately simulated the
seasonal changes in soil water content and the
daily changes in soil water following rainfall
events (decreasing with time). The DayCent
model has successfully been used to simulate soil
water and AET dynamics for grassland, agricul-
tural, and forest systems (Parton et al. 1998, Sav-
age et al. 2013, Scheer et al. 2014, Hudiburg
et al. 2015, Chen et al. 2016).
Correlation of growing season cumulative

NDVI (iNDVI) with observed plant production
at the CPER site shows a high correlation of
iNDVI to ANPP (R2 = 0.59). As expected, the
correlation of iNDVI to iAET is high (quadratic
model, R2 = 0.62) along with the correlation of
ANPP to cumulative iAET. These results suggest
the potential to use iNDVI values for grasslands
in the U.S. Great Plains to determine the
yearly changes in ANPP using AVHRR-derived
NDVI data sets. Advanced very-high-resolution
radiometer seasonal NDVI data are currently
available at the global scale (5 9 5 km grid) from
1982 to the present time (Smith et al. 2016) and
could be used to project yearly changes in ANPP
for Great Plains grassland using regionally cali-
brated correlation of ANPP to iNDVI. The Her-
mance et al. (2015) paper also shows the
potential to use iNDVI to determine ANPP with
a strong correlation of ANPP to MODIS iNDVI
(R2 = 0.75). The Gilmanov et al. (2005) and
Zhang et al. (2010) papers also show the strong
correlations of NDVI to plant production and net
growing season carbon uptake for grasslands in
the Great Plains.
The PDO pattern recently (2013) changed from

the cold phase to the warm phase. A simple
extrapolation of the historical patterns from the
last 100 yr would suggest ANPP and iAET will
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be higher and less variable at the CPER site dur-
ing the next 15–20 yr. The recent ANPP data
(2014–2016) show high plant production, which
is consistent with historical patterns for warm-
phase PDOs. Knowledge of these patterns has
important implications to rangeland and espe-
cially for adaptive grazing management (Derner
and Augustine 2016) by ranchers in this semiarid
grassland ecosystem. Understanding that the
warm-phase PDO is likely to result in higher
average, and less variable, ANPP for next decade
plus provides opportunities for ranchers to revise
short- and long-term planning efforts, and
enhance decision-making related to adaptive
grazing management by more effectively match-
ing animal demand with forage availability. It is
unclear how potential long-term changes in the
climate will impact ANPP patterns since the
observed data for the last cold-phase PDO (1999–
2013) showed that ANPP and iAET had the high-
est variability during the historical record. Dur-
ing this prior cold-phase PDO, the highly
variable ANPP resulted in ranchers in this
ecosystem having to make reactive decisions
related to purchasing feed/hay, finding addi-
tional pastures, and/or selling livestock during
the dry years (Kachergis et al. 2014).

CONCLUSIONS

The key results from this study show that
yearly changes in aboveground plant produc-
tion, iNDVI (index of growing season live bio-
mass), and April–July cumulative AET (highly
correlated to ANPP) are altered by the PDO and
NINO-3 SST patterns. ANPP, iNDVI, and iAET
values are much more variable during the cold-
phase PDO periods compared to the warm-phase
PDO. This high variability we attribute to a high
frequency for droughts and low plant production
years during the cold-phase PDO years, as evi-
denced by low average annual ANPP and iNDVI
values for these years. Annual ANPP is well cor-
related to iNDVI and iAET, and there is strong
autocorrelation among all of these ecosystem
variables. There is a strong impact of PDO and
NINO-3 SST patterns on iAET with positive
values of PDO and NINO-3 (ENSO index)
causing increases in precipitation and negative
values of PDO and NINO-3 causing decreases in
precipitation.
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