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a b s t r a c t
Climate variability inﬂuences both plant phenology and physiology, resulting in inter-annual variation
in terrestrial gross primary productivity (GPP). However, it is still difﬁcult to explain the inter-annual
variability of GPP. In this study, we propose a Statistical Model of Integrated Phenology and Physiology
(SMIPP) to explain the contributions of maximum daily GPP (GPPmax ), and start and end of the growing season (GSstart and GSend ) to the inter-annual variability of GPP observed at 27 sites across North
America and Europe. Strong relationships are found between the anomalies of GSstart and spring GPP
(r = 0.82 ± 0.10), GPPmax and summer GPP (r = 0.90 ± 0.14), and GSend and autumn GPP (r = 0.75 ± 0.18)
within each site. Partial correlation analysis further supports strong correlations of annual GPP with
GSstart (partial r value being 0.72 ± 0.20), GPPmax (0.87 ± 0.15), and GSend (0.59 ± 0.26), respectively. In
addition, the three indicators are found independent from each other to inﬂuence annual GPP at most
of the 27 sites. Overall, the site-calibrated SMIPP explains 90 ± 11% of the annual GPP variability among
the 27 sites. In general, GPPmax contributes to annual GPP variation more than the two phenological indicators. These results indicate that the inter-annual variability of GPP can be effectively estimated using
the three indicators. Investigating plant physiology, and spring and autumn phenology to environmental
changes can improve the prediction of the annual GPP trajectory under future climate change.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Global carbon cycle exhibits strong inter-annual variability,
most of which has been inferred to be caused by changes in carbon sequestration in terrestrial ecosystems (Ballantyne et al., 2012).
Indeed, the inter-annual variability is one of the least understood
carbon cycle processes (Luo et al., 2015). Past researches have
been focused on the timings of spring emergence and autumn
senescence under global warming, which were found to shift in
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the Northern Hemisphere, and the length of growing season has
changed (Cleland et al., 2007; Ibáñez et al., 2010). Growing season length has substantial effects on annual carbon uptake; both
gross primary productivity (GPP) and net ecosystem productivity
(NEP) are enhanced by longer growing seasons caused by warming climate (Churkina et al., 2005; Dragoni et al., 2011; Keenan
et al., 2014; Piao et al., 2007; Richardson et al., 2010). In addition, warming-induced drought stress limits plant photosynthesis
in summer and leads to great decline in peak summer productivity
and even annual GPP (Angert et al., 2005; Buermann et al., 2013;
Ciais et al., 2005; Schwalm et al., 2012). Since both phenology dates
and photosynthetic physiology greatly affect annual GPP, it is necessary to explain annual GPP variability from both plant phenology
and physiology yet to partition their respective contributions.
Recently, Xia et al. (2015) proposed that annual GPP is jointly
controlled by plant phenology and physiology and can be diag-
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nosed by the product of the length of CO2 uptake period (CUP) and
the maximum capacity of CO2 uptake (GPPmax ). The product of CUP
and GPPmax , i.e., CUP × GPPmax , can explain more than 90% of the
temporal GPP variability in most areas of North America during
2000–2010 and more than 95% of the spatial GPP variation among
213 ﬂux tower sites. Although CUP is a good phenological indicator, it does not allow us to separately evaluate the inﬂuence of
spring and autumn phenology on annual GPP variability. While CUP
does not change, spring emergence and autumn senescence may
shift and affect annual GPP in different ways (Richardson et al.,
2010). In addition, the respective contributions of spring emergence and autumn senescence to growing season change and hence
annual GPP variability have not been separated, and their contributions seem to vary across different ecosystems (Garonna et al.,
2014; Jeong et al., 2011; Menzel and Fabian, 1999; Zhu et al., 2012).
Thus, the effects of both spring emergence and autumn senescence
on annual GPP should be considered separately to investigate the
contributions of spring and autumn phenological changes to the
inter-annual variability of GPP.
In northern temperate ecosystems, the growing season starts
in spring and ends in autumn when the photosynthetic carbon
assimilation is limited by temperature and solar radiation. Daily
photosynthetic rate reaches its peak (GPPmax ) in summer under
favorable environmental conditions, and GPP is small or even negligible in winter (Allard et al., 2008; Hirata et al., 2007; Saigusa et al.,
2008; Uehlinger, 2006). The starting and ending dates of the growing season, expressed by GSstart and GSend , are closely correlated
with spring and autumn GPP, respectively (Keenan et al., 2014).
Similarly, GPPmax is positively correlated with summer GPP (Stoy
et al., 2014). Thus, the three indicators, GSstart , GPPmax , and GSend ,
can inﬂuence seasonal GPP and hence annual GPP. Combining the
effects of these three indicators, it may have the potential to explain
annual GPP variability and separate the respective contributions of
both spring and autumn phenology and plant physiology to it.
Because the phenological and physiological events occur in different seasons and affect carbon assimilation in different ways,
these three indicators may have independent effects on annual
GPP. The spring emergence and autumn senescence dates vary temporally and spatially, and respond differently to climate change
(Vitasse et al., 2009). Although there is a strong correlation between
warmer temperature and earlier spring emergence, the association
between temperature and autumn senescence is weaker (Menzel
et al., 2006). In addition to temperature, spring emergence is also
affected by other factors, such as winter chilling conditions and
freeze-thaw processes (Chen et al., 2011; Fu et al., 2015; Pope
et al., 2013; Yi and Zhou, 2011; Yu et al., 2010). Autumn senescence
has been reported to be inﬂuenced by multiple factors, including
temperature, precipitation, photoperiod, soil moisture, wind, frost
events, etc. (Fracheboud et al., 2009; Panchen et al., 2015; Yang
et al., 2015). In view of the different responses to climate factors,
both spring emergence and autumn senescence should be included
and the combination of the three indicators could provide more
exhaustive explanation of annual GPP variability.
This paper proposes an integrated statistical model to explain
the inter-annual variability of GPP in the Northern Hemisphere
from the perspectives of both phenology and physiology and evaluates the contributions of phenological and physiological changes
to annual GPP variability using data from 27 ﬂux tower sites (283
site-years) across North America and Europe. The speciﬁc objectives are to (1) investigate the effects of variations in GSstart , GPPmax
and GSend on respective seasonal GPP and hence annual GPP; (2)
develop a Statistical Model of Integrated Phenology and Physiology
(SMIPP) involving the three indicators to explain the inter-annual
variability of GPP for each site; (3) partition the contributions of
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phenological and physiological changes to annual GPP variability
for the 283 site-years.

2. Materials and methods
2.1. Flux tower data
GPP estimates (g C m−2 day−1 ) were obtained from 14 AmeriFlux sites and 13 EuroFlux sites (Table 1). A total of 283 site-years
were used and the record length for each site ranged from 6 to
21 years. Generally, the 27 ﬂux sites were classiﬁed into three
plant functional types, including 8 deciduous broadleaf forests
(DBF), 9 evergreen needle-leaf forests (ENF), and 10 non-forests
sites (NF) (e.g., cropland, grassland, closed shrubland and wetland). The estimates of GPP were available from AmeriFlux (Level
2 products, http://public.ornl.gov/ameriﬂux) and EuroFlux (Level
4 products, http://gaia.agraria.unitus.it/). The half-hourly eddy
covariance measurements (i.e., net ecosystem exchange) used in
this study have been standardized, gap-ﬁlled using the Marginal
Distribution Sampling (MDS) method, and partitioned into GPP and
ecosystem respiration (Papale and Valentini, 2003; Reichstein et al.,
2005).
The 27 sites were chosen according to the following four criteria.
(1) The site-years with more than 80% of the GPP data which were
actual measurements or gap-ﬁlled with high conﬁdence, i.e., data
marked as ‘the original’ or ‘most reliable’ according to the quality
ﬂag, were selected. Only the site-years with effective measurements covering the entire growing season (March-October) were
used. (2) The sites with at least 6 site-years of data were selected in
order to avoid overﬁtting of multiple linear regression. According
to Austin and Steyerberg (2015), a minimum of two observations
per variable is required to permit accurate estimation of regression
coefﬁcients (relative bias < 10%). As three variables (GSstart , GPPmax
and GSend ) were used to build up the regression, 6 years of observations for each site is the minimum requirement. (3) Sites located in
the moist tropical climate with low seasonality of daily GPP were
not used because the phenology dates cannot be identiﬁed according to the given threshold. (4) Sites located in some Mediterranean
climate were not used because the maximum daily GPP occurs
during the winter-spring seasons.
The half-hourly data of GPP were aggregated to daily totals. The
following subsequent steps were taken: (1) seasonal and annual
GPP were calculated for each site-year; for seasonal analysis, spring
refers to March-May, summer refers to June-August, autumn refers
to September-November, and the remaining months are considered as winter; (2) the time series of daily GPP over each site-year
were smoothed using singular spectrum analysis (SSA) to identify
the three indicators GSstart , GPPmax and GSend ; (3) Pearson correlation was used to develop the relationship between the anomalies
of the three indicators and their respective seasonal GPP; Pearson
partial correlation was used to develop the relationship between
the anomalies of annual GPP and each of the three indicators; (4)
the interrelationship between each pair of the three indicators was
investigated to test whether the three indicators are independent
from each other; (5) a multiple regression model was established
between the anomalies of annual GPP and the three indicators to
explain the inter-annual variability of GPP and separate the contributions of the three indicators for each site.

2.2. Statistical model of integrated phenology and physiology
The Statistical Model of Integrated Phenology and Physiology
(SMIPP) to explain the inter-annual variability of GPP is an extension of the approach of Xia et al. (2015), i.e., GPP = ˛ · CUP · GPPmax .
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Table 1
Twenty-seven eddy covariance sites in North America and Europe used in this study. Site descriptions include Site Identiﬁer (ID), Latitude (Lat, ◦ ), Longitude (Lon, ◦ ), Plant
Functional Type (PFT), Period of Record, and a reference for each site. PFTs are taken from the International Geosphere-Biosphere Program (IGBP) land cover classiﬁcation
scheme (DBF = Deciduous Broadleaf Forest, ENF = Evergreen Needle-Leaf Forest, CRO = Cropland, GRA = Grassland, CSH = Closed Shrub Land, WET = Wetland).
Site ID

Lat

Lon

PFT

Period of Record

Reference

DE-Hai
IT-Col
IT-Ro2
US-Ha1
US-MMS
US-PFa
US-UMd
US-WCr
BE-Bra
CA-Qcu
CA-Qfo
CH-Dav
FI-Sod
IT-Ren
RU-Fyo
US-Ho1
US-Ho2
US-Ne1
US-Ne2
US-Ne3
AT-Neu
IT-MBo
SE-Deg
UK-AMo
US-Kon
US-Los
FI-Kaa

51.0792
41.8494
42.3903
42.5378
39.3231
45.9459
45.5625
45.8060
51.3092
49.2671
49.6925
46.8153
67.3619
46.5869
56.4615
45.2041
45.2091
41.1650
41.1649
41.1797
47.1167
46.0147
64.1820
55.7917
39.0824
46.0827
69.1407

10.4530
13.5881
11.9209
−72.1715
−86.4131
−90.2723
−84.6975
−90.0798
4.5206
−74.0365
−74.3420
9.8559
26.6378
11.4337
32.9221
−68.7402
−68.7470
−96.4766
−96.4701
−96.4396
11.3175
11.0458
19.5567
−3.2389
−96.5603
−89.9792
27.2950

DBF
DBF
DBF
DBF
DBF
DBF
DBF
DBF
ENF
ENF
ENF
ENF
ENF
ENF
ENF
ENF
ENF
CRO
CRO
CRO
GRA
GRA
GRA
GRA
GRA
CSH
WET

2000–2007
1998/2000–2002/2005/2007–2012
2002–2008/2010–2012
1992–2012
1999–2014
1997–2004/2006–2014
2007–2013
1999–2006/2011–2014
1999–2000/2002/2004–2008
2002–2009
2004–2009
1998–2009
2000–2008
1999/2001–2011
1999–2010
1996–2004/2006–2008
1999–2009
2002–2012
2001–2012
2001–2012
2002–2009
2003–2012
2001–2003/2005–2009
2003/2005–2010
2007–2012
2001–2008
2000–2008

Kutsch et al. (2008)
Valentini et al. (1996)
Gioli et al. (2004)
Urbanski et al. (2007)
Dragoni et al. (2007)
Saito et al. (2009)
Nave et al. (2011)
Yi et al. (2004)
Carrara et al. (2004)
Giasson et al. (2006)
Bergeron et al. (2007)
Zweifel et al. (2010)
Thum et al. (2007)
van Gorsel et al. (2009)
Groenendijk et al. (2009)
Hollinger et al. (2004)
Richardson and Hollinger (2005)
Suyker et al. (2005)
Suyker et al. (2005)
Suyker et al. (2005)
Wohlfahrt et al. (2008)
Gilmanov et al. (2007)
Lund et al. (2010)
Stoy et al. (2013)
Scurlock et al. (2002)
Liang et al. (2006)
Aurela et al. (2004)

Firstly, annual GPP is expressed as a function of GSstart , GPPmax , and
GSend

18

GPP = f (GSstart , GPPmax , GSend )

15

(1)

dGPP =

∂GPP
∂GPP
∂GPP
dGSstart +
dGPPmax +
dGSend
∂GSstart
∂GPPmax
∂GSend

(2)

Transforming the absolute changes in annual GPP and the three
indicators into their relative forms, the relative change in annual
GPP can be evaluated as
dGPP
GPP

=

∂GPP/GPP

dGSstart

∂GSstart /GSstart GSstart
+

+

∂GPP/GPP

∂GPPmax /GPPmax GPPmax

∂GSend /GSend GSend

GPP

dGSstart
GSstart

+ mgpp

dGPPmax
GPPmax

+ mend

dGSend
GSend

(3)

where GSstart , GPPmax , GSend and GPP refer to the mean annual values
of the three indicators and annual GPP, and are constant for a given
site. The parameters mstart (
mend (

9

6

3

GSstart

GSend

0
0

30 60 90 120 150 180 210 240 270 300 330 360

Fig. 1. An example of the reconstructed time series of daily gross primary productivity (GPP) using the singular spectrum analysis method, and determination of the
three phenological and physiological indicators, i.e., GSstart , GPPmax and GSend at the
US-Ha1 (DBF) site in 2002.

∂GPP/GPP dGSend

= mstart

12

dGPPmax

or
dGPP

GPPmax
GPP (g C m-2 day-1)

The three indicators GSstart , GPPmax and GSend are assumed to be
independent from each other and that their combination includes
the phenological and physiological changes of plants under environmental changes. The total differential form of annual GPP with
respect to the three indicators is as follows:

∂GPP/GPP
∂GPP/GPP
), mgpp (
) and
∂GSstart /GSstart
∂GPPmax /GPPmax

∂GPP/GPP
) are the sensitivity coefﬁcients of annual GPP rel∂GSend /GSend

ative to GSstart , GPPmax and GSend , respectively, representing the
conversion factors from the relative changes in the three indicators to the relative change in annual GPP. Eq. (3) indicates that
the inter-annual variability of GPP can be decomposed into three
independent components, induced by the changes in the three indicators. The phenological and physiological sensitivity coefﬁcients

of annual GPP in the SMIPP were estimated using the multiple
regression method, where dGPP/GPP is the dependent variable and
dGSstart /GSstart , dGPPmax /GPPmax , dGSend /GSend are the independent
variables.
2.3. Determination of phenological and physiological indicators
Values for GSstart , GSend and GPPmax were determined from time
series of GPP for each site-year. Singular spectrum analysis (SSA)
was used to derive smoothed curves from daily GPP measurements
(Fig. 1). The SSA is a non-parametric method for the analysis of
time series. It can decompose a time series into oscillatory components and noises according to the singular value decomposition,
and then reconstruct speciﬁc components (e.g., seasonal signal)
from the original time series (Vautard et al., 1992). The SSA method
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2.4. Absolute and relative anomaly analyses
An anomaly analysis was performed to represent the interannual variability of GPP and other variables. Both the absolute and
relative anomalies were used in this study. The absolute anomaly
refers to the deviation of a variable from its mean value, while the
relative anomaly is the standardized deviation of a variable from its
mean value. The two kinds of anomalies are calculated as follows:
Xi = Xi − X̄
ıXi =

Xi − X̄
X̄

(4)
× 100%

(5)

where Xi represents the variable X in year i, and X̄ is the mean
annual value of the variable X over all the available years for each
site. Xi and ıXi represent the absolute and relative anomalies of Xi ,
respectively. The absolute anomalies of seasonal and annual GPP,
and the three indicators GSstart , GPPmax and GSend , were calculated
for correlation analysis. Relative anomalies of the three independent variables and one dependent variable in Eq. (3) were used to
establish the SMIPP for each of the 27 sites.
To make the absolute and relative anomalies of GSstart and GSend
more comparable, they were calculated in the following ways:
GSstart = GSstart − GSstart

(6)

GSend = GSend − GSend

(7)

ıGSstart =
ıGSend =

GSstart
GSstart

× 100%

GSend
365 − GSend

× 100%

(8)
(9)

The absolute anomalies in Eqs. (6) and (7) would be positive
when GSstart advances and GSend delays relative to their mean values, which both contribute positively to annual GPP increase. The
relative anomalies of GSstart and GSend in Eqs. (8) and (9) were used
as the independent variables of the SMIPP in Eq. (3).
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Seasonal GPP anomaly (g C·m-2)

has been used to identify the phenological transition dates from
time series of GPP in previous studies (Keenan et al., 2014). The
“Rssa” package in R (https://cran.r-project.org/web/packages/Rssa/
index.html) provides a set of fast and reliable tools to perform SSA,
and it was used to decompose and reconstruct the time series of
GPP and obtain a smoothed curve of daily GPP for each site-year.
GPPmax was determined as the peak value of the smoothed curve
of daily GPP. GSstart and GSend were determined as the ﬁrst and last
days when the smoothed daily GPP crossed a given threshold. In
this study, the threshold was set to be 10% of the multi-year average
GPPmax over all available years for each site, and it varied from 0.5 to
2.5 g C m−2 day−1 among different sites. The choice of this threshold
was determined by comparing with other approaches. In comparison with ﬁxed thresholds across all sites (e.g., 2 g C m−2 day−1 in
Richardson et al. (2010)), relative thresholds for individual sites
can better capture variations in phenological events without being
affected by different vegetation types and sites, because GPPmax
varies considerably (5–25 g C m−2 day−1 ) among different sites.
Keenan et al. (2014) used 30% of mean annual variance of daily
GPP as a threshold for each site, and stated that the inter-annual
variability of the derived phenological dates is not affected by the
threshold value, which only impacts the mean estimated dates for
each site. Compared with a variable threshold, such as 10% of GPPmax
for each year in Wu et al. (2013), a ﬁxed threshold, i.e., 10% of the
multi-year average GPPmax , for each site used in this study can better reﬂect the inter-annual variability in phenological transition
dates and avoid artiﬁcially induced interrelationship among the
three indicators.
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Absolute anomalies of three indicators
Fig. 2. An example of the linear relationship between the absolute anomalies of
GSstart (day) and spring GPP, GPPmax (g C m−2 day−1 ) and summer GPP, GSend (day)
and autumn GPP, respectively, at the US-Ha1 site.

3. Results
3.1. Relationship between the anomalies of GPP and the three
indicators
The absolute anomalies of the two phenological indicators,
GSstart and GSend , and of the physiological indicator, GPPmax , were
used to explain inter-annual variations in seasonal GPP and hence
annual GPP. For example, Fig. 2 shows the relationship between
absolute anomalies of the three indicators and corresponding seasonal GPP at the US-Ha1 site. Similarly, the three indicators were
used to explain the GPP variability across the three PFTs and the 27
sites.
The correlation results between the anomalies of the three
indicators and their respective seasonal GPP for the 27 sites are
shown in Fig. 3. GPPmax shows a strong correlation with summer
GPP (0.90 ± 0.14), and the correlation coefﬁcient is more than 0.80
for 24 out of the 27 sites, except for two DBF sites (DE-Hai and
IT-Ro2) and one NF site (US-Ne1). The two phenological indicators do not explain spring and autumn GPP variations so well as
GPPmax explains summer GPP variation. And GSstart correlates with
spring GPP (r = 0.82 ± 0.10) more closely than GSend with autumn
GPP (r = 0.75 ± 0.18). The linear relationship between GPPmax and
summer GPP is stronger for ENF (r = 0.95 ± 0.03) sites than for
DBF (r = 0.83 ± 0.20) and NF (r = 0.90 ± 0.11) sites. Although GPPmax
explains summer GPP well for ENF sites, the two phenological indicators explain spring and autumn GPP less well for ENF than for
the other two PFTs (Fig. 3a–c). NF sites show the highest correlation coefﬁcients between GSstart and spring GPP (0.86 ± 0.08) and
between GSend and autumn GPP (0.83 ± 0.11).
The increase in GPPmax leads to more carbon assimilation in
summer for ENF sites, where 1 g C m−2 day−1 increase in GPPmax
corresponds to an increase of 79.3 ± 9.2 g C m−2 in summer GPP.
The sensitivity of summer GPP to GPPmax is 84.7 ± 25.0 g C m−2 for
NF sites and 76.3 ± 25.2 g C m−2 for DBF sites (Fig. 3e). On average,
a one-day advance in GSstart and a one-day delay in GSend increase
GPP in spring and autumn by 4.0 ± 2.5 and 4.4 ± 2.6 g C m−2 , respectively. A one-day change in GSstart and GSend causes the largest GPP
changes in spring (6.3 ± 1.8 g C m−2 ) and autumn (5.6 ± 1.7 g C m−2 )
for DBF sites. Spring and autumn GPP respond to GSstart and GSend
in different ways at the NF sites (Fig. 3d and f). A one-day delay in
GSend increases GPP by 5.3 ± 3.2 g C m−2 in autumn, while a one-day
advance in GSstart only increases GPP by 2.9 ± 2.5 g C m−2 in spring.
The partial correlation analysis between the anomalies of annual
GPP and the three indicators shows that annual GPP correlates the
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Fig. 3. Distributions of correlation coefﬁcients (r) and regression slopes between the absolute anomalies of (a, d) GSstart (day) versus spring GPP (g C m−2 ), (b, e) GPPmax
(g C m−2 day−1 ) versus summer GPP, and (c, f) GSend (day) versus autumn GPP for the three PFTs and all of the 27 sites. The mean values of r and regression slopes are shown
in asterisks.

0.8
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(a)
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0.6

1

0.4
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GSstart-GPPmax GSend-GPPmax

Fig. 4. Partial correlation coefﬁcients (r) (a) between absolute anomalies of annual GPP and the three indicators and (b) between each pair of the three indicators for the
three PFTs and all of the 27 sites. The standard deviation of the correlation coefﬁcient is shown in black error bars.

strongest with GPPmax (partial r = 0.87 ± 0.15), followed by GSstart
(partial r = 0.72 ± 0.20) and GSend (partial r = 0.59 ± 0.26) for the 27
sites (Fig. 4a). The partial correlation coefﬁcient with respect to
GPPmax is more than 0.80 for 23 of the 27 sites, and that with respect
to GSstart and GSend is more than 0.60 for 19 and 14 sites, respectively. The effects of the two phenological indicators on annual GPP
vary over different sites, resulting in large standard deviation of the
partial regression coefﬁcients. GPPmax for the NF sites correlates the
best with annual GPP (r = 0.95 ± 0.04) excluding the effects of the
two phenological indicators. Similarly, both GSstart and GSend show

stronger partial correlation with annual GPP variation for NF sites
than for DBF and ENF sites.
The interrelationships between the three indicators were also
investigated for each site. The correlation coefﬁcient is 0.10 ± 0.44
between GSstart and GSend , −0.15 ± 0.38 between GSstart and GPPmax ,
and 0.12 ± 0.44 between GSend and GPPmax (Fig. 4b). Although the
interrelationship among the three indicators is strong (with r > 0.7
for any pair of correlation) for several sites (3 DBF, 2 ENF and 2
NF sites), the low mean correlation coefﬁcient and high standard
deviation indicate that there is no consistent correlation between
each pair of the three indicators across the 27 sites. As the three
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indicators individually explain annual GPP variability well, and they
are independent from each other to a large extent for most of the
27 sites, the three indicators can be used to establish an integrated
statistical model to explain annual GPP variability.
3.2. Statistical model of integrated phenology and physiology for
each site
The relative anomalies of the three indicators and annual GPP
were calculated and a multiple regression was established to estimate the phenological and physiological sensitivity coefﬁcients in
the SMIPP for each of the 27 sites. The coefﬁcient of determination
(R2 ) of the regression, and the estimated values of the three sensitivity coefﬁcients as well as their signiﬁcance levels are shown
in Table 2. The physiological sensitivity coefﬁcient, mgpp , is signiﬁcantly different from zero at 0.01 level for 22 sites, and varies from
0.31 to 1.53 and averages at 0.82, indicating that 1 percent change
in GPPmax would lead to 0.82% change in annual GPP on average
(Fig. 5b). Because the two phenological indicators have different
effects on annual GPP over different sites, the phenological sensitivity coefﬁcients, mstart and mend , show relatively large variability
across different sites, ranging from 0.01 to 1.81 and from 0 to 1.39,
respectively, and mstart is larger than mend for most sites (Fig. 5c
and d). Overall, the combination of the three indicators can explain
90 ± 11% of the variation in annual GPP, and the regression equation is signiﬁcant at 0.01 level for 21 sites, indicating that the SMIPP
can explain the inter-annual GPP variability well.
The NF sites consistently exhibit high R2 (0.96 ± 0.03) in the
SMIPP, suggesting that the three indicators can effectively capture
the annual GPP change in non-forest ecosystems. In comparison
with NF sites, R2 varies among the ENF (0.88 ± 0.09) and DBF
(0.83 ± 0.15) sites (Fig. 5a). The low value and large variance of R2
at the DBF sites are largely attributed to two sites, i.e., DE-Hai and
IT-Ro2, where GPPmax does not capture the summer GPP change,
especially during drought years, which will be discussed later. The
value of mgpp is much larger for NF sites (0.96 ± 0.24) than that for
DBF (0.70 ± 0.18) and ENF (0.76 ± 0.26) sites (Fig. 5b), indicating
that annual GPP of NF is more sensitive to GPPmax . At the NF sites,
summer GPP accounts for a larger proportion of annual GPP, thus,
1% change in GPPmax would lead to a greater change in annual GPP
at the NF sites. The NF sites show high variations in mstart and mend ,
larger than those for the two forest PFTs. In addition, the values of
mstart and mend are higher for DBF sites, about twice of those for ENF
sites (Fig. 5c and d).
3.3. Separating the contributions of the three indicators to annual
GPP variability
As the SMIPP shows, the relative anomaly of annual GPP can
be separated into three independent components, induced by the
changes in the three indicators, respectively. Thus, the products
of the relative anomalies of the three indicators by the sensitivity
coefﬁcients of annual GPP with respect to them denote the contributions of the three indicators to annual GPP variation. Their
contributions vary from site-year to site-year for each PFT (Fig. 6),
which are caused by the inter-annual variation of the indicators and
the variation of the sensitivity coefﬁcients among different sites.
The relative anomalies of the indicators range from −49% to 51% for
GSstart , from −39% to 56% for GPPmax , and from −70% to 62% for GSend
among the 283 site-years. With the sensitivity coefﬁcients for each
site in Table 2, the three estimated components of annual GPP relative anomalies vary from −21% to 29% (GSstart ), from −35% to 41%
(GPPmax ), and from −21% to 11% (GSend ), respectively, resulting in a
range of −41% to 41% for annual GPP relative anomaly over the 283
site-years (Fig. 6). Combining the three independent components,
the estimated annual GPP relative anomalies correlate well with
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the observed values both for a certain PFT and all sites. The NF siteyears exhibit the highest R2 (0.98), followed by ENF (0.95) and DBF
(0.85) site-years, and the overall R2 is 0.93 for the 283 site-years.
The estimated annual GPP relative anomalies from GPPmax are much
larger than those from GSstart and GSend , indicating that GPPmax contributes more than GSstart and GSend to annual GPP variability for the
three PFTs (Fig. 6).

4. Discussion
4.1. Comparison of the SMIPP with other models
In the annual cycle of vegetation growth and dormancy, GPP
is controlled by photosynthetic capacity and the growing season
length. Our study indicates that the three indicators are closely
related to their respective seasonal GPP and the combination of
them can explain annual GPP variability to a large extent. The
environmental factors, such as temperature, moisture and radiation, affect annual GPP variability through their inﬂuences on the
three indicators. For example, climate warming accelerates carbon assimilation in spring, which can be captured by earlier GSstart
in view of the close relationship between warmer temperature
and earlier spring emergence in temperate and boreal ecosystems
(Keenan et al., 2014; Piao et al., 2015), and the following high temperature in summer may reduce GPPmax and summer GPP, because
warmer temperature implies higher vapor pressure deﬁcit and
exacerbates soil moisture deﬁcits during the middle of the growing season (Angert et al., 2005; Buermann et al., 2013). Because
the three indicators can capture the ﬂuctuations in GPP induced
by changing environmental conditions, which contribute signiﬁcantly to the variation in annual GPP (Zscheischler et al., 2014), the
proposed SMIPP is able to effectively explain annual GPP variability.
The predictive power of both phenological and physiological
indicators, and the combination of them have been explored in previous studies (Richardson et al., 2013; Stoy et al., 2014; Wu et al.,
2013; Xia et al., 2015). Here we compared the results of the SMIPP
with three single indicator models, i.e., a simpliﬁed SMIPP version
including only one indicator in Eq. (3), and the statistical model in
Xia et al. (2015). The SMIPP is shown to be much more effective
than any of the three single indicator models (Fig. 7). The single
indicator model which only links to GPP in the corresponding season has limitation in explaining annual GPP variability unless the
seasonal GPP correlates strongly with annual GPP. For example, the
three seasonal GPP is weakly correlated with annual GPP (spring:
r = 0.25; summer: r = 0.69; autumn: r = 0.40) at the US-Ne1 site, and
neither of the three single indicator models can explain more than
30% of annual GPP variability. However, the combination of the
three indicators in the SMIPP can effectively explain 99.5% of variation in annual GPP. Although a single indicator can capture annual
GPP variation in several sites, the SMIPP can consistently explain
GPP variability in most sites, indicating that annual GPP variability should be explained simultaneously from plant physiology and
spring and autumn phenology.
Xia et al. (2015) reported that CUP × GPPmax well captures
the variability in annual GPP, and the ratio ˛ between annual
GPP and CUP × GPPmax is relatively constant around 0.62 across
abroad range of vegetation types and environmental conditions.
In comparison with the statistical model in Xia et al. (2015), the
SMIPP explains annual GPP variability by investigating the contributions of the three indicators to the relative change in annual GPP.
Although our study does not yield any similar regression coefﬁcients as the stable ratio ˛ in Xia et al. (2015), the results indicate
that the SMIPP (R2 = 0.90 ± 0.11) improves the explanatory power
of Xia’s model (R2 = 0.87 ± 0.16) by replacing the phenological indicator CUP with GSstart and GSend for the 27 sites (Fig. 7). This study
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Table 2
Estimated phenological and physiological sensitivity coefﬁcients, i.e., mstart , mgpp , and mend , and the coefﬁcient of determination (R2 ) of the SMIPP for each of the 27 sites. The
statistically signiﬁcance (p-value) of the regression equations and sensitivity coefﬁcients are shown as well.
Site ID

PFT

R2

p-value

mstart

p-value

mgpp

p-value

mend

p-value

DE-Hai
ITCol
ITRo2
USHa1
USMMS
USPFa
USUMd
USWCr
BEBra
CAQcu
CAQfo
CHDav
FISod
ITRen
RUFyo
USHo1
USHo2
USNe1
USNe2
USNe3
ATNeu
ITMBo
SEDeg
UKAMo
USKon
USLos
FIKaa

DBF
DBF
DBF
DBF
DBF
DBF
DBF
DBF
ENF
ENF
ENF
ENF
ENF
ENF
ENF
ENF
ENF
CRO
CRO
CRO
GRA
GRA
GRA
GRA
GRA
CSH
WET

0.57
0.90
0.59
0.93
0.87
0.89
0.93
0.97
0.87
1.00
0.90
0.71
0.97
0.98
0.86
0.89
0.77
1.00
0.99
0.99
0.94
0.89
0.95
0.95
0.96
0.98
0.99

0.203
0.001
0.087
<0.001
<0.001
<0.001
0.008
<0.001
0.012
<0.001
0.054
0.008
<0.001
<0.001
<0.001
<0.001
0.006
<0.001
<0.001
<0.001
0.002
0.001
0.001
0.068
0.012
<0.001
<0.001

0.99
0.75
0.81
0.61
0.43
0.46
0.70
0.81
0.08
0.52
0.59
0.21
0.51
0.29
0.42
0.32
0.34
1.26
0.71
1.81
0.15
0.60
0.17
0.38
0.18
0.75
1.24

0.185
0.002
0.280
<0.001
0.011
0.017
0.064
<0.001
0.211
0.003
0.058
0.154
0.028
0.011
0.039
0.022
0.048
<0.001
0.028
0.001
0.011
0.005
0.759
0.011
0.395
0.001
<0.001

0.41
0.52
0.75
0.64
1.02
0.63
0.87
0.76
0.74
0.84
1.33
0.31
0.61
0.87
0.86
0.74
0.56
0.88
1.03
0.88
1.53
1.24
0.73
0.80
0.87
0.70
0.92

0.390
0.056
0.040
<0.001
<0.001
<0.001
0.003
<0.001
0.009
<0.001
0.049
0.127
0.001
<0.001
<0.001
0.001
0.003
<0.001
<0.001
<0.001
0.003
0.002
0.005
0.002
0.010
<0.001
<0.001

0.17
0.60
0.13
0.48
0.34
0.17
0.26
0.33
0.03
0.11
0.54
0.11
0.00
0.19
0.18
0.13
0.04
0.78
0.56
1.39
0.14
0.33
0.30
0.13
0.09
0.45
0.96

0.749
0.031
0.470
0.019
<0.001
0.017
0.118
0.175
0.624
0.347
0.079
0.096
0.996
0.001
0.093
0.013
0.600
<0.001
0.007
0.005
0.027
0.020
0.425
0.155
0.439
0.002
0.002

Fig. 5. Distributions of (a) R2 , and the sensitivity coefﬁcients of (b) GPPmax , (c) GSstart , and (d) GSend in the SMIPP for the three PFTs and all of the 27 sites. The mean values of
the sensitivity coefﬁcients are shown in asterisks.

shows that the three sensitivity coefﬁcients vary among different
sites, and the sensitivity coefﬁcients with respect to GSstart and
GSend are not consistent for individual sites. The different sensi-

tivity coefﬁcients of annual GPP to GSstart and GSend at the 27 sites
indicate that the responses of annual GPP to GSstart and GSend are not
identical (Fig. 5c and d). Thus, although CUP integrates spring and
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Fig. 6. Linear relationship between the observed and estimated annual GPP relative anomaly for (a) DBF; (b) ENF; (c) NF; and (d) all the 283 site-years based on the SMIPP
for each site. The three components of the estimated relative anomaly induced by the three indicators are also shown.

autumn phenology together, it cannot fully reﬂect the phenological
effects on annual GPP. The non-identical responses of annual GPP
to GSstart and GSend may be attributed to the different environmental conditions in spring and autumn, and the different triggering
mechanisms of spring emergence and autumn senescence (Menzel
et al., 2006; Vitasse et al., 2009). Through distinguishing the effects
of both GSstart and GSend on annual GPP, the SMIPP can better
reﬂect the effects of plant phenological and physiological changes
on annual GPP change, and separate the respective contributions
of GSstart , GPPmax , and GSend to annual GPP change based on the
sensitivity coefﬁcients of annual GPP to them.

4.2. Annual GPP variability among ecosystem types
The SMIPP indicates that annual GPP variability is attributed
to the phenological and physiological changes induced by environmental factors. The different responses of the three indicators
to environmental changes and the combined explanatory power
of the three indicators to annual GPP variability are associated
with ecosystem types. Correlation analyses indicate that GPPmax
explains summer GPP the best for ENF sites, with both the highest correlation coefﬁcient and regression slope among the three
PFTs. However, GSstart and GSend explain spring and autumn GPP
the least for ENF sites. At ENF sites, where the seasonality of vegetation canopy is low, seasonal GPP variations are mainly caused by
physiological changes. Both physiological and canopy (leaf-on and
leaf off) changes contribute substantially to GPP variations at DBF
and NF sites (Flanagan et al., 2002; Gamon et al., 1995; Ito et al.,
2006; Royer et al., 2005; Saigusa et al., 2002). Smaller sensitivity
coefﬁcients with respect to GSstart and GSend are also found for ENF

sites than the other two PFTs in the SMIPP. The results reported by
Richardson et al. (2010) also indicate that the productivity of ENF
is less sensitive to phenological changes than that of DBF.
In comparison with forest ecosystems, the three indicators
explain annual GPP variation better for non-forest ecosystems. The
partial correlation analyses present stronger relationship between
each of the three indicators and annual GPP for NF than for DBF
and ENF sites. In general, the distinct seasonal changes make it easier to track the changes in plant phenology and physiology, and
hence annual GPP change at the NF sites. In comparison with forest ecosystems, which are more adaptive to environmental changes
and can resist the environmental stresses below a certain threshold,
non-forest ecosystems generally have poor self-regulation abilities under environmental stresses (Kozlowski & Pallardy, 2002;
Niinemets, 2010; Teuling et al., 2010). Thus, non-forests respond
more quickly and intensively to environmental changes, while
forests always respond to environmental changes with a delay
(Zhang et al., 2016). Consequently, the impact of environmental
changes on annual GPP can be better captured by the three indicators, and the SMIPP involving the three indicators can explain
the inter-annual GPP variability more effectively for NF sites. The
delayed and complicated responses of forests to environmental
changes make it hard to track GPP variations with the three indicators at several sites, especially during drought periods.

4.3. Explanatory power of the SMIPP during drought years
Terrestrial ecosystems are closely coupled with the climate system. The carbon cycle is susceptible to climate change, and it also
affects global climate through ecosystem feedback loops (Heimann
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4.4. Limitations and implications of the SMIPP under changing
climate

1.2
1

DBF
NF

ENF
ALL

R2

0.8
0.6
0.4
0.2
0
GSstart

GPPmax

GSend Xia's model SMIPP

Fig. 7. Coefﬁcient of determination (R2 ) between the estimated and observed annual
GPP relative anomalies using the three single indicator models, i.e., GSstart , GPPmax ,
and GSend , the statistical model in Xia et al. (2015), and the SMIPP for the three PFTs
and all of the 27 sites. The standard deviation of the correlation coefﬁcient is shown
in black error bars.

and Reichstein, 2008; Luo, 2007). More and more extreme climate
events have happened in recent years and signiﬁcantly inﬂuenced
the carbon cycle (Reichstein et al., 2013). Drought is one of the
climate extremes which greatly reduce terrestrial carbon uptake
(Allen et al., 2009; Zeng et al., 2005; Zhao and Running, 2010), and
it brings a big challenge for the SMIPP to capture the responses to
drought among different ecosystems.
Taking the 2003 European drought as an example, the four sites,
i.e., IT-Ren (ENF), IT-MBo (NF), IT-Ro2 (DBF), and DE-Hai (DBF),
experienced extreme drought from June through October (Ciais
et al., 2005). At the IT-Ren site, the forests tolerated water deﬁcits
and maintained their canopy structure during the initial phase of
drought stress, and spring and summer GPP only decreased by 1.1%
and 4.6%, respectively. GPPmax , which decreased by 5.9%, tracked
the GPP decline in summer. The combination of the three indicators well explained (R2 = 0.93) the annual GPP reduction of 9.7%.
Warmer spring triggered more leaves and enhanced carbon uptake
for NF and DBF under slight drought stress at the IT-MBo, IT-Ro2 and
DE-Hai sites. Soon after they suffered severe water stress, which led
to GPP decline in summer, by 14.3%, 23.4% and 11.6%, respectively.
GPPmax emerged at early June at the three sites, more than 10 days
earlier than their mean dates, and it declined only by 4.4% at the ITMBo and even grew by 9.9% and 4.0% at the IT-Ro2 and DE-Hai sites.
Obviously, GPPmax did not fully reveal the drought effect on plant
physiology, which reduced the explanatory power of the SMIPP.
It is worth noting that the IT-Ro2 is located in Mediterraneanclimate region where drought occurs frequently in summer. During
drought years, GPP dropped down in late summer and then recovered slightly in early autumn, and GPPmax appeared much earlier
than normal years. In most sites, GPPmax could successfully perceive
the physiological changes and reﬂect summer GPP variations, and
the time lag between GPPmax and drought induced GPP decline can
reduce the explanatory power of the SMIPP. It is also reported that
the joint control of CUP and GPPmax on annual GPP variability is
weak in tropical and Mediterranean climates (Xia et al., 2015). On
the one hand, the relationship between GPPmax and summer GPP is
weak due to frequent summer drought; on the other hand, it is hard
to determine GSstart and GSend which can effectively reﬂect phenological changes in tropical and Mediterranean climates. Thus, more
speciﬁed investigation into plant responses to drought is needed
in order to successfully perceive the phenological and physiological changes in plants and better explain annual GPP variability in
tropical and Mediterranean climates.

The SMIPP works well for the ecosystems with distinct seasonal
patterns, however, its explanatory power is limited in Mediterranean and tropical ecosystems. In addition, the assumption of the
three independent indicators is needed in the SMIPP in order to separate the contributions of them to annual GPP variability. Although
the correlation analysis in this study shows that the three indicators are independent from each other for most sites, several earlier
studies indicate that they might be interrelated as the terrestrial
ecosystems respond to climate change through both phenological
and physiological changes. Buermann et al. (2013) suggested that
warming induced earlier springs may decrease summer GPPmax in
North American boreal forests. And it was found that the timing of
autumn senescence is also inﬂuenced by spring phenology in temperate deciduous forests across eastern US (Keenan and Richardson,
2015). Those phenomena are yet to be quantitatively evaluated
to assess the degree of the interrelationships between the three
indicators.
This study was based on the Fluxnet data at the ecosystem
scale, and the SMIPP can be extended to explain and predict
annual GPP variability at a regional or global scale with remote
sensing data. The phenological and physiological changes can be
inferred from remote sensing or webcam products to estimate
annual GPP dynamics. In many studies, the phenological transitions
are determined using satellite-derived vegetation indices, such as
normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI) (Cao et al., 2015; Garrity et al., 2011; Gonsamo
et al., 2012). The remotely derived sun-induced chlorophyll ﬂuorescence (SIF) data are closely related to vegetation photosynthetic
physiology (Damm et al., 2010; Joiner et al., 2014; Rossini et al.,
2015), and the relationship between SIF and maximum daily GPP
can be further established. Thus, the three indicators derived from
remote sensing products may be used to interpret the inter-annual
variability of GPP at the global scale.
5. Conclusions
This study shows that annual GPP anomaly is strongly correlated
with the anomaly of GSstart , GPPmax , and GSend using data from 27
ﬂux tower sites across North America and Europe. Combining the
three indicators, the SMIPP can explain 90 ± 11% of the annual GPP
variability among the 27 sites, and it is more effective than both the
single indicator models and the statistical model in Xia et al. (2015).
For each site-year, the contributions of GSstart , GPPmax , and GSend to
annual GPP variation can be separated using the relative anomalies
of the three indicators and the sensitivity coefﬁcients in the SMIPP.
In general, GPPmax contributes more than GSstart and GSend to annual
GPP variation at the 27 sites. This study indicates that the inﬂuence
of climatic and environmental changes on annual GPP can be evaluated based on the three indicators within the SMIPP framework, and
also elucidates that annual GPP variation can be estimated by investigating the phenological and physiological changes in terrestrial
ecosystems under future climate change.
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