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Abstract Rising atmospheric dryness [vapor pressure deficit (VPD)] can limit photosynthesis and thus
reduce vegetation productivity. Meanwhile, plants can benefit from global warming and the fertilization

effect of carbon dioxide (CO,). There are growing interests to study climate change impacts on terrestrial
vegetation. However, global vegetation productivity responses to recent climate and CO, trends remain to be
fully understood. Here, we provide a comprehensive evaluation of the relative impacts of VPD, temperature,
and atmospheric CO, concentration on global vegetation productivity over the last two decades using a

robust ensemble of solar-induced chlorophyll fluorescence (SIF) and gross primary productivity (GPP) data.
We document a significant increase in global vegetation productivity with rising VPD, temperature, and
atmospheric CO, concentration over this period. For global SIF (or GPP), the decrease due to rising VPD was
comparable to the increase due to warming but far less than the increase due to elevated CO, concentration.
We found that rising VPD counteracted only a small proportion (approximately 8.1%—15.0%) of the warming
and CO,-induced increase in global SIF (or GPP). Despite the sharp rise in atmospheric dryness imposing a
negative impact on plants, the warming and CO, fertilization effects contributed to a persistent and widespread
increase in vegetation productivity over the majority (approximately 66.5%—72.2%) of the globally vegetated
areas. Overall, our findings provide a quantitative and comprehensive attribution of rising atmospheric dryness
on global vegetation productivity under concurrent climate warming and CO, increasing.

Plain Language Summary Earth is undergoing a sharp rise in atmospheric dryness [vapor
pressure deficit (VPD)], temperature, and carbon dioxide (CO,) concentration. Rising VPD can limit
photosynthesis and thus reduce vegetation productivity. However, climate warming and CO, increasing can
benefit vegetation productivity to some extent. Therefore, global vegetation responses to a changing climate
is much more complex than expected. Here, a robust ensemble of solar-induced chlorophyll fluorescence

and gross primary productivity data was used to evaluate the relative impacts of VPD, temperature, and
atmospheric CO, concentration on global vegetation productivity over the last two decades. Our multiple lines
of evidence indicated that global vegetation productivity has increased under rising VPD, temperature, and
atmospheric CO, concentration during this period. Furthermore, we found that the negative impact of rising
VPD on global vegetation productivity was comparable to the warming-induced increase but much smaller
than the CO,-induced increase. That is, rising VPD counteracted only a small proportion of the warming and
CO,-induced increase. Overall, our findings provide a quantitative and comprehensive attribution of rising
atmospheric dryness on global vegetation productivity under concurrent climate warming and CO, increasing.

1. Introduction

Global mean annual temperature and carbon dioxide (CO,) concentration have been on the rise since the indus-
trial revolution (Falkowski et al., 2000), and it is expected that they will remain at high levels in the next decades
(Friedlingstein et al., 2019; IPCC, 2018). In this context, terrestrial vegetation plays a vital role in mediating the
relationship between climate change and carbon cycles (Le Quere et al., 2009; Randerson et al., 1997). Previous
studies attributed part of the increase in vegetation productivity to the CO, fertilization effect, a process that
acts as a negative feedback (a type of regulation to maintain stability and homeostasis in a system) for terrestrial
ecosystems to resist climate change (Field et al., 2007; Friedlingstein et al., 2014; Haverd et al., 2020; Schimel
et al., 2015). Moreover, global warming can enhance vegetation productivity by lengthening the active grow-
ing season and improving the maximum photosynthetic rate (Bastos et al., 2019; Myneni et al., 1997; Nemani
etal., 2003; Thomas et al., 2016). The widespread increases in vegetation productivity driven by the warming and
CO, fertilization effects have been observed across the globe (Gonsamo et al., 2021; Zhu et al., 2016). However,
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recent studies indicated that Earth is undergoing a sharp rise in atmospheric dryness as a result of the increased
vapor pressure deficit (VPD) (Ficklin & Novick, 2017; Jung et al., 2010; Lopez et al., 2021; Yuan et al., 2019).
Rising VPD can significantly reduce stomatal conductance and limit the actual photosynthetic rate, leading to a
remarkable decline in vegetation productivity (Ding et al., 2018; Grossiord et al., 2020; He et al., 2021; Lopez
et al., 2021; Novick et al., 2016; Restaino et al., 2016; Yuan et al., 2019). However, in most of the wettest parts
of Amazon rainforest, vegetation photosynthesis and productivity tend to increase with rising VPD due to the
changes in canopy properties (Green et al., 2020). Specifically, new leaves have higher photosynthetic capacity
than the leaves they replaced in the dry season (Green et al., 2020). Besides, there is emerging evidence that vege-
tation productivity would receive fewer benefits from the increases in temperature and CO, concentration because
of the global warming hiatus (Wang et al., 2019) and the decline of CO, fertilization effects (Penuelas et al., 2017;
Wang et al., 2020; Winkler et al., 2021). Despite VPD, temperature, and atmospheric CO, concentration are
considered as critical variables in determining vegetation productivity (Bastos et al., 2019; Fernandez-Martinez
etal., 2019; Penuelas et al., 2017; Yuan et al., 2019), their actual impacts remain to be fully understood at a global
scale (Green et al., 2020; Zhu et al., 2016). The relative impacts of rising VPD, temperature, and atmospheric CO,
concentration on global vegetation productivity need to be further quantified.

The responses of terrestrial ecosystems to climate change have been well studied based on field experiments and
ecosystem models. Previous findings have demonstrated that changes in VPD, temperature, and atmospheric CO,
concentration can significantly influence plant growth by controlling photosynthetic rate, stomatal conductance,
CO, assimilation, and other physiological pathways (Bonan et al., 2014; Green et al., 2020; Lopez et al., 2021;
Piao et al., 2013; Wang et al., 2020). Moreover, the remotely sensed indicators such as Vegetation Indices (VIs)
and Leaf Area Index (LAI) were used to investigate the relationships between terrestrial ecosystems and climate
change at regional and global scales (Myneni et al., 1997; Nemani et al., 2003; Zhang, Song, et al., 2017; Zhu
et al., 2016). Recent studies suggested that satellite-derived measurements of solar-induced chlorophyll fluores-
cence (SIF) can capture climate change impacts on vegetation productivity better than other indicators (Dechant
et al., 2020; Fournier et al., 2012; Migliavacca et al., 2017; Song et al., 2021). SIF as a by-product of vegetation
photosynthesis with a weak signal re-emitted at wavelengths of 600-800 nm is deemed as a good proxy for actual
vegetation photosynthesis, showing a close correlation with gross primary productivity (GPP) (Baker, 2008;
Li et al., 2018; Porcar-Castell et al., 2014; Sun et al., 2017). With the release of long-term SIF products, it has
become feasible to investigate the impacts of recent climate and CO, trends on vegetation productivity using
satellite SIF data. These satellite-based SIF observations have shown great potential to reveal changes in global
vegetation productivity in response to climate change (Guanter et al., 2014; Li et al., 2018; Zhang et al., 2014).
Compared to other remotely sensed proxies, the use of satellite-based SIF data provides a novel perspective to
understand the relationships between global vegetation productivity and its drivers.

Here, we evaluated the relative impacts of recent climate and CO, trends on global vegetation productivity over
the last two decades using a robust ensemble of satellite- and flux tower-observed data. We analyzed the trends in
VPD, temperature, and atmospheric CO, concentration over globally vegetated areas. Meanwhile, we examined
the trends in global vegetation productivity using SIF and GPP datasets. Moreover, two types of experimental
simulation based on the linear least square regression method were used to estimate the SIF (or GPP) sensitivities
to VPD, temperature, and atmospheric CO, concentration. On this basis, we calculated the relative contributions
of VPD, temperature, and atmospheric CO, concentration to SIF (or GPP). We aim to address the following
questions: (a) Has global vegetation productivity increased or decreased under recent climate and CO, trends?
(b) What are the relative impacts of VPD, temperature, and atmospheric CO, concentration on global vegetation
productivity? (c) To what extent did rising VPD reduce global vegetation productivity?

2. Materials and Methods
2.1. Data
2.1.1. Global Land Cover Data

The Moderate Resolution Imaging Spectroradiometer (MODIS) land cover type data set (MCD12C1) with the
classification scheme of the International Geosphere-Biosphere Program was used to determine global vege-
tation cover for 2001-2019 with a spatial resolution of 0.05°. To minimize the effect of land cover change,
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the transformations between the vegetated and non-vegetated areas were not considered in this study. We over-
lay the vegetation layers of 2001-2019 to ensure that each studied grid cell was a multi-year vegetated zone.

2.1.2. Climate and CO, Data

The monthly global gridded VPD, temperature, precipitation, and downward shortwave radiation data were
obtained from TerraClimate (Abatzoglou et al., 2018), a high-spatial-resolution climate dataset (1/24°, i.e., approx-
imately 0.0417°). It combines climate variables from the WorldClim, Japanese 55-year Reanalysis (JRA-55), and
Climate Research Unit datasets using the climatologically aided interpolation approach. The monthly global grid-
ded atmospheric CO, concentration data were obtained from the CarbonTracker dataset (CT2019B), providing
estimates of surface-atmosphere CO, fluxes on the global 3° X 2° grid from 2000 to 2018 (Jacobson et al., 2020).
In addition, we also used the annual in situ CO, measurements at Barrow, Mauna Loa, American Samoa, and
South Pole to compare with the gridded CO, data.

2.1.3. Satellite-Based SIF and GPP Products

We used two satellite-based SIF datasets derived from the Orbiting Carbon Observatory-2 (OCO-2) SIF observa-
tions as proxies for vegetation photosynthesis, that is, a global “OCO-2" SIF product (GOSIF; Li & Xiao, 2019)
and a global spatially contiguous SIF product (CSIF; Zhang et al., 2018). The GOSIF product was produced
by a combination of discrete OCO-2 SIF soundings, MODIS data, and meteorological reanalysis data using
a data-driven approach (Li & Xiao, 2019). The GOSIF data from 2000 to 2018 were used as the primary SIF
dataset to conduct this study. The CSIF product was produced by training a neural network with the OCO-2 SIF
and MODIS data (Zhang et al., 2018). The CSIF data in all-sky conditions from 2001 to 2016 were used as the
secondary SIF dataset to compare with the GOSIF results. Moreover, we used the Vegetation Photosynthesis
Model-based GPP (VPM GPP) data from 2000 to 2016 to compare with the SIF results. The VPM GPP dataset
is based on an improved light use efficiency theory with a separate treatment for C3 and C4 photosynthesis path-
ways, showing a good simulation of the vegetation photosynthesis process (Zhang, Xiao, et al., 2017). All the
gridded SIF and GPP data are available globally at a spatial resolution of 0.05°.

2.1.4. Flux Tower Data

The flux tower-based climate, CO,, and GPP data were obtained from the latest global eddy covariance flux
dataset, FLUXNET2015 (Pastorello et al., 2020). We used the annual mean GPP estimates based on the night-time
partitioning method (i.e., “GPP_NT_VUT_REF”) (Reichstein et al., 2005). The flux tower-based data were used
to evaluate the robustness of the results from satellite-based datasets. To explore the long-term trends in flux
tower-based GPP, we compiled a database consisting of 62 flux tower sites having at least 8 years of valid GPP
estimates since 2000 (Figure S1 and Table S1 in Supporting Information S1). Our selection criteria of flux tower
sites followed to the previous studies (Chen et al., 2020; Wang et al., 2019).

2.2. Methods
2.2.1. Pre-Processing

For the gridded data, we aggregated all of them into a 0.05° spatial resolution and a monthly temporal resolu-
tion. We calculated the annual growing season mean climate variables (i.e., VPD, temperature, precipitation,
and downward shortwave radiation), atmospheric CO, concentration, SIF, and GPP by averaging their monthly
values for months with mean temperatures above 0 °C, excluding non-vegetated areas (He et al., 2021; Yuan
et al., 2019). For the flux tower-based data, the number of the months per year with monthly mean temperatures
above 0 °C were varying at some sites. It is therefore difficult to define a constant growing season length for each
site. As such, we used the annual mean values instead of the annual growing season mean values to conduct the
following analysis (Wang et al., 2021).

2.2.2. Trend Analysis

The trends in VPD, temperature, atmospheric CO, concentration, SIF, and GPP at global and site scales were esti-
mated using the linear least square regression method with a two-tailed #-test. Moreover, we used the Theil-Sen
estimator with a Mann-Kendall test to estimate their trends for each grid cell across the globe (Wang et al., 2019;
Zhu et al., 2016). Besides, we calculated the normalized anomalies of global mean VPD, temperature, SIF, and
GPP to further compare the VPD trend with the temperature trend, and the SIF trends with the GPP trend (Jiao
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etal., 2019, 2021). We estimated the trends in their normalized anomalies using the linear least square regression
method with a two-tailed #-test. The normalized anomalies were calculated using the following equation:

var, = (var, — var) /6var, M

where var] represents the normalized anomaly of the variable at time f; var, represents the value of the variable
at time f; var and o, represent the mean and standard deviation of the variable over the whole study period,
respectively.

2.2.3. Experimental Simulation Design

To isolate the relative impacts of VPD, temperature, and atmospheric CO, concentration on SIF (or GPP), we
designed two types of simulation experiments using the linear least square regression method based on the
following equation (Liu et al., 2019; Yuan et al., 2019):

y=ﬂ()+ﬂ1xVPD+ﬂ2xT+ﬁ3xPrec+ﬂ4xSrad+ﬁ5XC02+£, 2)

where y is the observed/simulated SIF (or GPP); VPD, T, Prec, Srad, and CO, represent the observed values of
VPD, temperature, precipitation, downward shortwave radiation, and atmospheric CO, concentration, respec-
tively; 8, B,, Bs, B> and f; represent regression coefficients; 3, is the intercept; ¢ is the residual. The first type
of simulation experiment (S,;;) was a normal model run, and all the variables (i.e., VPD, T, Prec, Srad, and
CO,) were set to change with time. The second type of simulation experiments (Syppg» Stg» and S¢,,) were the
simulation experiments conducted by holding VPD, T, and CO, constant, respectively. Specifically, we held one
of the three variables (i.e., VPD, T, and CO,) constant at an initial baseline level, while allowing Prec, Srad, and
the other two variables to change with time. The initial baseline levels were defined as the values of VPD, T, and
CO, in the first year of the SIF (or GPP) datasets. For instance, the Sy, simulation experiment using GOSIF
was conducted by holding VPD constant at its 2000 level and varying T, Prec, Srad, and CO, from 2000 to 2018.
Similarly, the S, and S, simulation experiments using GOSIF were conducted by holding T and CO, at their
2000 levels, respectively, and varying the other four variables from 2000 to 2018.

2.2.4. Sensitivity Analysis

We used the differences between the simulation results of the first type (S,;;) and the second type (Syppgs St
and S, to estimate the sensitivities of SIF (or GPP) to VPD (B,), temperature (1), and atmospheric CO,
concentration (Bq,) (Liu et al., 2019; Yuan et al., 2019). Specifically, Bypp, 1, and B, were calculated using
the following equations:

Ay(SAUfSVPDU) = Po + Pvep X AVPD(SALL*SVPDU) te, 3)
Ay(SALL’STU) = fo+ pr X AT(SALL*ST()) +e, @
Ay(SALL‘SCOZO) = fo + fco> X Acoz(SALL_SCO2U) te ©)

where Ay, AVPD( SaLL~Svpp0)’ AT(S/\LL— o)’ and ACOZ( SaLL-Sco) represent the differences in SIF (or GPP),
VPD, temperature, and atmospheric CO, concentration between the two types of experimental simulations,
respectively; 3, is the intercept; ¢ is the residual. We calculated the sensitivities of global SIF (or GPP) to VPD,
temperature, and atmospheric CO, concentration, as well as the sensitivities of SIF (or GPP) to these three vari-
ables for each grid cell and each flux tower site. In addition, we conducted the partial correlation analysis for
each grid cell to evaluate whether VPD and temperature had the different impacts on SIF (or GPP) over most of
the globally vegetated areas (Yuan et al., 2019). We analyzed partial correlations of detrended SIF (or GPP) with
detrended VPD and temperature by excluding the effects of precipitation, downward shortwave radiation, and
atmospheric CO, concentration.

2.2.5. Contribution Analysis

Based on the estimated SIF (or GPP) sensitivities to VPD, temperature, and atmospheric CO, concentration, we
calculated their relative contributions to SIF (or GPP) using the following equation (Yuan et al., 2019):

Con = ﬂTrcnd X ﬂScna (6)
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where Con represents the contributions of VPD, temperature, and atmospheric CO, concentration to SIF (or
GPP); fr..nq represents the trends of VPD, temperature, and atmospheric CO, concentration; fg, represents the
sensitivities of SIF (or GPP) to VPD, temperature, and atmospheric CO, concentration. We calculated the contri-
butions of VPD, temperature, and atmospheric CO, concentration to global SIF (or GPP), as well as the contribu-
tions of these three variables to SIF (or GPP) for each grid cell and each flux tower site.

The percentages of the SIF (or GPP) decrease due to the increased VPD (VPD, ) in the warming and CO,-induced
SIF (or GPP) increases were determined using the following equations (Fernandez-Martinez et al., 2019; Wang
et al., 2019):

Inc

Con.VPDyye
%VPDy = €2 VPl | 1609, @)
Con.W
|Con.VPDiy|
%V PD = —— x 100%, 8
O T T Con.CO2 ’ ®
|Con.VPDyy|
%VPD =———— x100%, 9
’ WHCO2 T Con W + Con.CO2 ’ ©)

where %VPDy, %VPD,,, and %VPDy,, .o, represent the percentages of the negative contribution of the
increased VPD in the positive contributions of warming, CO,, and both together (i.e., warming+CO,), respec-
tively; Con.VPD,  represents the negative contribution of VPD,  to SIF (or GPP), that is, the VPD,_-induced
decrease; Con.W represents the positive contribution of warming to SIF (or GPP), that is, the warming-induced

Inc

increase; Con.CO?2 represents the positive contribution of elevated CO, concentration to SIF (or GPP), that is,
the CO,-induced increase.

It is worth noting that the standard errors of Con, %VPDy, %VPD(,, and %VPDy,_q, in Equations 6-9 were
propagated from the standard errors of their related variables. The propagated standard errors were calculated
using the error-propagation method with the following equations (Fernandez-Martinez et al., 2019):

62=0l+02+ - +02, (10)
2 2 2 2
o ol o2 o
—;=—2+—‘2 +—; an
X u v n

where o, represents the propagated standard errors, o

w

represent the estimated values. We used Equation 10 to estimate the propagated standard errors for addition and

o,, and o, represent the standard errors, and x, u, and v

subtraction, and Equation 11 to estimate the propagated standard errors for multiplication and division.

3. Results
3.1. Trends in VPD, Temperature, and Atmospheric CO, Concentration

Here, we analyzed the trends in the annual growing season mean VPD, temperature, and atmospheric CO,
concentration over the globally vegetated areas during recent decades. Our results indicated that there was an
overall rise in VPD, temperature, and atmospheric CO, concentration. Specifically, we found that both VPD and
temperature rose in steps (two-tailed #-test: P < 0.05), showing higher levels in 2000-2019 than in 1960-1979
and 1980-1999 (Figure 1a). VPD anomalies increased more rapidly during 2000-2019 (slope = 0.16 + 0.02)
than during the two earlier periods (slope = 0.02 + 0.01 and 0.01 + 0.01, respectively). Moreover, we also
examined the spatial patterns of the trends in VPD and temperature during 20002019 over vegetated areas. It
was observed that 75.63% of vegetated grid cells had an increase in VPD (23.36% with a significant increase,
Mann-Kendall test: P < 0.05) (Figure 1b), and 79.49% of vegetated grid cells had an increase in temperature
(23.45% with a significant increase, Mann-Kendall test: P < 0.05) (Figure 1c). In addition, global atmospheric
CO, concentration maintained a significantly rising trend (two-tailed #-test: P < 0.05) (Figure S2a in Supporting
Information S1), and all the vegetated areas experienced a significant increase in atmospheric CO, concentration
during 2000-2018 (Mann-Kendall test: P < 0.05) (Figure S2b in Supporting Information S1).
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Figure 1. Trends in vapor pressure deficit (VPD) and temperature over the last decades. (a) Time series of normalized anomalies of the annual growing season mean
VPD and temperature over the globally vegetated areas during 1960-2019. (b) Spatial pattern of the trends in the annual growing season mean VPD over vegetated
areas during 2000-2019. (c) Spatial pattern of the trends in the annual growing season mean temperature over vegetated areas during 2000-2019. The mean values of
VPD and temperature during 1960-2019 are 8.4 hPa and 15.3°C, respectively, and the standard deviations are 0.2 hPa and 0.3°C, respectively. The insets in (a) show
the annual growing season mean VPD and temperature over vegetated areas during the three periods. The left insets in (b) and (c) show the frequency distributions of
the corresponding ranges, and the right insets show the relative frequency distributions of increases (Inc), significant increases (Inc*; Mann-Kendall test: P < 0.05),
significant decreases (Dec*; Mann-Kendall test: P < 0.05), and decreases (Dec).

3.2. Satellite- and Flux Tower-Observed Trends in Global Vegetation Productivity

Although rising VPD can limit vegetation growth to some extent, multiple lines of evidence showed that global
vegetation productivity has increased during the last two decades. Specifically, we found that SIF (or GPP)
anomalies significantly increased over the growing season (two-tailed 7-test: P < 0.05) (Figure 2a). Global GOSIF
increased at a rate of 0.0055 + 0.0005 W m~2 pm~! sr~! decade~! during 2000-2018. Global CSIF and VPM
GPP increased at rates of 0.0035 + 0.0007 W m~2 pm~! sr~! decade™! and 0.1745 + 0.0167 gC m~2d~! decade™!
during 2001-2016 and 2000-2016, respectively. Moreover, we examined the spatial patterns of the trends in the
annual growing season SIF (or GPP) over the globally vegetated areas (Figures 2b—2d). According to the GOSIF
results, 72.2% of vegetated grid cells had an increase in SIF (23.7% with a significant increase, Mann-Kendall
test: P < 0.05) (Figure 2b). Similarly, the CSIF and VPM GPP results showed that 66.5% and 74.6% of vege-
tated grid cells had an increase in SIF and GPP, respectively (14.0% and 26.8% with a significant increase,
Mann-Kendall test: P < 0.05) (Figures 2c and 2d). In addition, we analyzed the trends in flux tower-based GPP
at 62 sites to evaluate the robustness of the results from satellite-based datasets. We found that more than 50% of
the sites had an increase in GPP (34 sites, 15 sites with a significant increase, two-tailed z-test: P < 0.05) and only
five sites with a significant decrease in GPP (two-tailed #-test: P < 0.05) (Figure 2e and Table S1 in Supporting
Information S1).
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Figure 3. Sensitivities of global vegetation productivity to vapor pressure deficit (VPD), temperature, and atmospheric carbon dioxide (CO,) concentration. (a)
Sensitivities of global solar-induced chlorophyll fluorescence (SIF) (or gross primary productivity (GPP)) to VPD, temperature, and atmospheric CO, concentration.
(b—d) Spatial patterns of the global “OCO-2” SIF product (GOSIF) sensitivities to VPD, temperature, and atmospheric CO, concentration. The error bars in (a) indicate
the standard errors. The insets in (b—d) show the frequency distributions of the corresponding ranges.

3.3. Relative Impacts of VPD, Temperature, and Atmospheric CO, Concentration

To estimate the SIF (or GPP) sensitivities to VPD, temperature, and atmospheric CO, concentration, we
performed two types of experimental simulations based on the linear least square regression method. Our results
showed that the sensitivities of global SIF (or GPP) to VPD were negative, and those to temperature and CO,
concentration were positive (Figure 3a and Table S3 in Supporting Information S1). Moreover, we evaluated the
spatial patterns of the SIF (or GPP) sensitivities to these variables for each grid cell using the same method. Our
results showed the similar spatial patterns of the SIF (or GPP) sensitivities to VPD, temperature, and atmospheric
CO, concentration across the globe (Figures 3b-3d and Figure S3 in Supporting Information S1). For instance,
the GOSIF results showed that the estimated SIF sensitivity to VPD was negative over 61.9% of vegetated grid
cells (Figure 3b). However, the estimated SIF sensitivity to temperature was positive over 68.9% of vegetated grid
cells, which was mainly distributed in the Northern Hemisphere, especially at high latitudes (Figure 3c). Mean-
while, the estimated SIF sensitivity to atmospheric CO, concentration was positive over 73.5% of vegetated grid
cells (Figure 3d). In addition, partial correlation analysis showed that the correlations of SIF (or GPP) with VPD
were negative but those with temperature were positive over most of vegetated grid cells (Figure S4 in Supporting
Information S1), implying that VPD and temperature had the different impacts on SIF (or GPP).

Based on the estimated SIF (or GPP) sensitivities, we examined the relative contributions of VPD, temperature,
and atmospheric CO, concentration to global SIF (or GPP) (Figure 4a and Table S4 in Supporting Informa-
tion S1). For global SIF (or GPP), the decrease due to rising VPD was comparable to the increase due to warming

Figure 2. Increased global vegetation productivity over the last two decades. (a) Time series of normalized anomalies of the annual growing season mean global
“OCO-2” SIF product (GOSIF), contiguous SIF product (CSIF), and VPM GPP over the globally vegetated areas. (b) Spatial pattern of the trends in the annual growing
season mean GOSIF over vegetated areas during 2000-2018. (c) Spatial pattern of the trends in the annual growing season mean CSIF over vegetated areas during
2001-2016. (d) Spatial pattern of the trends in the annual growing season mean VPM GPP over vegetated areas during 2000-2016. (e) Trends of annual mean GPP at
62 FLUXNET sites. The mean values of GOSIF, CSIF, and VPM GPP are 0.1429 W m~2 pm~! sr™!, 0.1211 W m~2 pm~! sr™!, and 3.3567 gC m~2 d~, respectively,
and the standard deviations are 0.0032 W m~2 pm~' sr™!, 0.0020 W m~2 pm~' sr~!, and 0.0912 gC m~2 d~, respectively. The left insets in (b—d) show the frequency
distributions of the corresponding ranges, and the right insets show the relative frequency distributions of decreases (Dec), significant decreases (Dec*; Mann-Kendall
test: P < 0.05), significant increases (Inc*; Mann-Kendall test: P < 0.05), and increases (Inc). The inset in (e) shows the relative frequency distributions of decreases
(Dec), significant decreases (Dec*; two-tailed #-test: P < 0.05), significant increases (Inc*; two-tailed #-test: P < 0.05), and increases (Inc).
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Figure 4. Relative contributions of vapor pressure deficit (VPD), temperature, and atmospheric carbon dioxide (CO,) concentration to global vegetation productivity.
(a) Relative contributions of VPD, temperature, and atmospheric CO, concentration to global solar-induced chlorophyll fluorescence (SIF) (or gross primary
productivity (GPP)). (b—d) Spatial patterns of the relative contributions of VPD, temperature, and atmospheric CO, concentration to global “OCO-2" SIF product
(GOSIF). The error bars in (a) indicate the propagated standard errors. The insets in (b—d) show the frequency distributions of the corresponding changes.

but far less than the increase due to elevated CO, concentration. Specifically, the VPD, _led to declines in global
GOSIF, CSIF, and VPM GPP, contributing to approximately —3.6%, —5.7%, and —1.4% of each growth, respec-
tively. The increased temperature led to increases in global GOSIF, CSIF, and VPM GPP, contributing to approx-
imately 3.6%, 2.9%, and 1.6% of each growth, respectively. The elevated CO, concentration led to increases in
global GOSIF, CSIF, and VPM GPP, contributing to approximately 16.4%, 25.7%, and 15.7% of each growth,
respectively. Moreover, we evaluated the spatial patterns of the relative contributions of VPD, temperature, and
atmospheric CO, concentration to SIF (or GPP) for each grid cell using the same method (Figures 4b—4d and
Figure S5 in Supporting Information S1). For instance, the GOSIF results showed that VPD led to a SIF decrease
over 58.8% of vegetated grid cells (Figure 4b), temperature led to a SIF increase over 57.1% of vegetated grid
cells (Figure 4c), and atmospheric CO, concentration led to a SIF increase over 72.2% of vegetated grid cells
(Figure 4d).

To further evaluate the robustness of the results from satellite-based datasets, we estimated the GPP sensitivi-
ties to VPD, temperature, and atmospheric CO, concentration at the flux tower sites with a significant trend in
GPP. The results showed that GPP had a negative sensitivity to VPD and positive sensitivities to temperature and
CO, concentration at most sites of cold or dry areas (Figure S6a and Table S5 in Supporting Information S1).
We then examined the relative contributions of VPD, temperature, and atmospheric CO, concentration to GPP
(Figure S6b and Table S6 in Supporting Information S1). The results showed that the contributions of atmospheric
CO, concentration to GPP were positive and large at most sites, excluding the sites with a significant decrease
in GPP. However, the contributions of VPD and temperature to GPP were not comparable to the satellite-based
results, since the trends in annual mean VPD and temperature were non-significant (two-tailed #-test: P > 0.05).

3.4. Roles of Rising VPD in Counteracting the Warming and CO, Fertilization Effects

Our above findings have demonstrated the relative impacts of VPD, temperature, and atmospheric CO, concen-
tration on global vegetation productivity over the last two decades, yet it seems that global vegetation produc-
tivity did not decrease so much due to rising VPD. We found that the VPD,_-induced decrease counteracted
14.7% +26.0%, 15.0% + 22.9%, and 8.1% + 13.4% of the warming + CO,-induced increase of GOSIF, CSIF, and
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-induced GOSIF decrease in the warming+CO,-induced GOSIF increase. The error bars in (a) indicate the propagated standard errors. The insets in (b—d) show

the frequency distributions of the corresponding ranges.

VPM GPP, respectively (Figure 5a). Considering the strong positive impacts of the warming and CO, fertilization
effects on vegetation, rising VPD did not actually result in a large net loss in SIF or GPP. Moreover, we separated
the VPD, -induced decrease, the warming-induced increase, and the CO,-induced increase in SIF (or GPP) for
each grid cell (Figure S7 in Supporting Information S1). On this basis, we examined the spatial patterns of the
percentages of the VPD,  -induced SIF (or GPP) decrease relative to the warming-induced SIF (or GPP) increase,
the CO,-induced SIF (or GPP) increase, and the warming + CO,-induced SIF (or GPP) increase (Figures 5b-5d
and Figure S8 in Supporting Information S1). As expected, the spatial patterns also showed that the actual nega-
tive impacts of rising VPD on vegetation productivity were much smaller than the benefit from the warming and
CO, fertilization effects in most areas.

4. Discussion

It is critical to evaluate trends in global vegetation productivity for understanding the terrestrial carbon cycle,
especially in the context of climate change (Falkowski et al., 2000; Piao et al., 2013; Xiao et al., 2019). In this
study, we conducted a comprehensive evaluation of trends in global vegetation productivity using a robust ensem-
ble of SIF and GPP data. Multiple lines of evidence indicated that global vegetation productivity has increased
over the last two decades (Figure 2). Similar to the previous results based on VIs (Myneni et al., 1997; Zhang,
Song, et al., 2017; Zhu et al., 2016), our results showed that SIF (or GPP) has increased over more than half
(approximately 66.5%—-72.2%) of the globally vegetated areas. Most of the upward trends were found in East Asia,
South Asia, Central Africa, central North America, and continental Europe. We found that the spatial patterns of
the SIF (or GPP) trend were consistent with those of greening trends (Zhang, Song, et al., 2017; Zhu et al., 2016).
Moreover, we found a remarkable difference between the SIF and GPP trends in the southern Amazon, that is, a
decrease in GPP but an increase in SIF. Unlike those decreases due to extensive deforestation in eastern Brazil
(De Sy et al., 2015; Malhi et al., 2008), the GPP decline in the southern Amazon could be attributed to drought
events (Doughty et al., 2015; Saatchi et al., 2013). However, a recent study reported that the negative impacts
of increases in atmospheric and soil dryness on Amazonian rainforest productivity were overestimated (Green
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et al., 2020). In our study, we also found that rising VPD had a small negative impact or even a positive impact on
SIF in the Amazon area. Due to the lack of field observations, it would be challenging to determine which of the
SIF-based or GPP-based results capture the actual trend in the rainforest vegetation productivity.

It has been widely reported that rising VPD can reduce global vegetation productivity (Konings & Gentine, 2017;
Lopez et al., 2021; Yuan et al., 2019). In this study, we examined the recent trends in VPD, temperature, and
atmospheric CO, concentration and their relative impacts on global vegetation productivity. Our results showed
that global VPD has increased more rapidly than temperature and CO, concentration during the last two decades
(Figure la and Figure S2a in Supporting Information S1). Previous studies indicated that the sharp increase in
global VPD is attributed to both the increase in saturated vapor pressure and the decrease in actual vapor pressure
(Ficklin & Novick, 2017; Willett et al., 2014; Yuan et al., 2019). Increased VPD is expected to limit vegetation
photosynthesis at the leaf scale by decreasing stomatal conductance and increasing nonphotochemical quenching
(Flexas et al., 2002; Lu et al., 2018; Shan et al., 2021). In our study, we found that VPD has a negative impact on
SIF (or GPP) over more than 50% of the globally vegetated areas (Figure 3b; Figure S3a and S3b in Supporting
Information S1). This is similar to the result reported in a wide-disseminated study (Yuan et al., 2019), that is,
VPD has a negative correlation with VIs and LAI over more than 62% of the globally vegetated areas. However,
we found that rising VPD counteracted only a small proportion (approximately 8.1%—15.0%) of the warming
and CO,-induced increase (Figure 5a). Previous studies suggested that a much strong impact of rising VPD on
GPP counteracted more than half of the CO, fertilization effect (He et al., 2021; Yuan et al., 2019). Considering
our methods are similar to theirs, the difference could be associated with the different proxies for vegetation
productivity. In our study, we used the satellite-based SIF and VPM GPP data to evaluate the relative impact of
rising VPD on global vegetation productivity. Compared to their revised eddy covariance-light use efficiency
(EC-LUE) and MODIS-based models (Yuan et al., 2019), our results represent changes in global vegetation
productivity from satellite SIF observations. The results based on VIs, EC-LUE GPP, and MODIS GPP data
indicated that global vegetation productivity has decreased since the year of 1999, but they were non-significant
at a global scale and over most of vegetated areas (Yuan et al., 2019). As such, the impact of rising VPD could
be overestimated due to the underestimated trends in global vegetation productivity, probably leading to some
uncertainties in previous studies.

Unlike the results of field experiments, the satellite-based results at large scales showed that vegetation produc-
tivity responses to high VPD could be complicated. A recent study reported that in most of the wettest areas, such
as Amazon rainforest, vegetation productivity could increase with rising VPD (Green et al., 2020). Similarly,
we also found that VPD
wet regions, for example, most of southern China, India, and tropical rainforests (Figure 3b; Figure S3a and

e Das weakly negative or even positive impacts on vegetation productivity in some
S3b in Supporting Information S1). It has been reported that high VPD could enhance photosynthetic capacity
by accelerating the replacement of old leaves (Green et al., 2020). Moreover, although our findings indicated
that the correlations of SIF (or GPP) with VPD are negative and those with temperature are positive in most
of vegetated areas (Figures 3b and 3c; Figure S3a—S3d in Supporting Information S1), high VPD often occurs
along with high temperature and thus can promote vegetation productivity in cold regions (Liu et al., 2018; Piao
et al., 2007, 2019; Xia et al., 2014). Furthermore, the effects of VPD on assimilation and transpiration could be
non-linear at the leaf scale. Previous studies reported that stomatal acclimation to high VPD could decrease the
stomatal sensitivity to VPD and thus enhance photosynthetic capacity (Grossiord et al., 2020; Lopez et al., 2021).
However, it is difficult to discover the non-linear relationships between global vegetation productivity and its
drivers at an annual time scale (Wang et al., 2020; Yuan et al., 2019; Zhu et al., 2016). In addition, considering
the warming hiatus (Wang et al., 2019) and the declining CO, fertilization effects (Penuelas et al., 2017; Wang
et al., 2020; Winkler et al., 2021), global vegetation productivity would receive fewer benefits and thus the nega-
tive impact of rising VPD would be stronger in the future. Therefore, more studies are needed to further evaluate
the roles of VPD on vegetation productivity across different space and time scales.

In this study, we used precipitation data instead of soil moisture data to represent the effects of water availability
on vegetation productivity. Analogous to the revised EC-LUE model (Yuan et al., 2010, 2019), our experimental
simulations of SIF and GPP were driven by VPD, temperature, precipitation, downward shortwave radiation, and
atmospheric CO, concentration. Although precipitation is highly correlated with soil moisture over most of the
globally vegetated areas, compared with direct soil moisture measurements, precipitation may introduce some
bias into our results, especially in some areas with high evapotranspiration (Meng et al., 2018; Nandintsetseg &
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Shinoda, 2014). Moreover, the relative role of soil moisture and VPD in reducing global vegetation productivity
is under debate in the literature (Fu et al., 2022; Liu et al., 2020). It is challenging to disentangle the relative
impacts of soil moisture and VPD on global vegetation productivity. A previous study using satellite SIF obser-
vations reported that soil moisture is the dominant driver of dryness stress on ecosystem productivity across more
than 70% of the globally vegetated areas (Liu et al., 2020). However, a recent study using flux tower observations
found that the decreased GPP was not universally associated with a decrease in soil moisture but was dominated
by rising VPD (Fu et al., 2022). These different results could be associated with the different approaches and data
used to estimate the relative impacts of soil moisture and VPD. Furthermore, we focus on quantifying the relative
impacts of recent climate (i.e., VPD and temperature) and CO, trends on global vegetation productivity. Our
methods will not allow us to disentangle the roles of variability and trends in soil moisture on vegetation produc-
tivity, but based on previous studies (Ahlstrom et al., 2015; Chen et al., 2014; Wang et al., 2014), we expect the
impacts of soil moisture variability would be larger than those of its trends on global vegetation productivity. In
addition, heat waves and droughts can significantly reduce vegetation productivity at a regional scale. Previous
studies indicated that global vegetation productivity could be more vulnerable to heat wave and drought events,
especially in drylands (Allen et al., 2015; Breshears et al., 2021). Vegetation water deficit areas were significantly
expanding but vegetation water surplus areas were significantly shrinking, suggesting a stronger sensitivity of
vegetation to drought (Jiao et al., 2021). Therefore, extreme events such as heat waves and droughts could inten-
sify the impact of VPD and thus cause more decreases in global vegetation productivity.

To isolate the relative impacts of VPD, temperature, and atmospheric CO, concentration on SIF (or GPP), we
designed two types of simulation experiments. Our results showed that the recent trends in VPD, temperature,
and atmospheric CO, concentration can explain about 30% of changes in global SIF (or GPP). The effects of
nitrogen deposition and land use change on global vegetation productivity were not considered in our study,
which may account for 9% and 4% of the positive contributions, respectively (Zhu et al., 2016). We also did not
consider the effects of irrigation and fertilization on croplands in our analysis due to a lack of data at a global
scale (Fuetal., 2022; Liu et al., 2020; Piao et al., 2015; Yuan et al., 2019). Although human land-use management
could lead to an increase in vegetation productivity (Chen et al., 2019), we found that most of the regions with
increased vegetation productivity due to agricultural intensification have not experienced an increase in VPD
over the last two decades. Moreover, the data we used in this study could also result in a number of uncertainties.
Despite previous studies reported that satellite-based SIF is reliable for capturing changes in vegetation produc-
tivity (Baker, 2008; Frankenberg et al., 2011; Gu et al., 2019; Guanter et al., 2014; Li et al., 2018; Porcar-Castell
et al., 2014; van der Tol et al., 2014), the SIF data derived from the GOSIF and CSIF products are reconstructed
estimates but not direct retrievals. The model-based GPP data derived from the VPM GPP and FLUXNET data-
sets are not direct measurements either. The eddy covariance flux tower sites used in our analysis are mostly
distributed in Europe and North America, and the time series of flux tower-based GPP are shorter than those
of SIF (or GPP) from satellite-based datasets. The temporal and spatial mismatches between flux tower-based
GPP and satellite-based SIF (or GPP) could be another limitation. Furthermore, we did not use process-based
global terrestrial biosphere models to conduct additional analyses to compare with our results. Although the use
of terrestrial biosphere models would be helpful for improving the robustness of our results (Wang et al., 2020;
Winkler et al., 2021), their attribution approaches and coarse resolution outputs could introduce some uncer-
tainties when comparing with the current results (Ding et al., 2020; Ryu et al., 2019; Smith et al., 2016). These
models rely on a set of key assumptions and therefore have the limitations on predicting vegetation changes in
response to rising CO, (De Kauwe et al., 2014; Medlyn et al., 2016; Rifai et al., 2022). Considering that this study
aims to show our findings from a perspective of satellite SIF, we think a more fruitful future direction would be
improving the spatial resolution of the results to avoid or eliminate the bias due to data quality, instead of compar-
ing the results of additional methods. However, clearly more future work is still needed to further evaluate our
findings and minimize uncertainties.

In summary, this study used a robust ensemble of SIF and GPP data to quantify the relative impacts of VPD,
temperature, and atmospheric CO, concentration on global vegetation productivity over the last two decades. The
satellite- and flux tower-based results indicated that there was a significant increase in global vegetation produc-
tivity with rising VPD, temperature, and atmospheric CO, concentration. Our findings indicated that rising VPD
counteracted only a small proportion of the warming and CO,-induced increase in global SIF (or GPP). While
some uncertainties remain in our results, we provide a novel perspective to understand the quantitative contribu-
tion of rising atmospheric dryness on global vegetation productivity under concurrent climate warming and CO,
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