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An emergent constraint

on the thermal sensitivity

of photosynthesis and greenness
in the high latitude northern
forests

Junjie Liu?** & Paul 0. Wennberg?**

Despite the general consensus that the warming over the high latitudes northern forests (HLNF) has
led to enhanced photosynthetic activity and contributed to the greening trend, isolating the impact
of temperature increase on photosynthesis and greenness has been difficult due to the concurring
influence of the CO, fertilization effect. Here, using an ensemble of simulations from biogeochemical
models that have contributed to the Trends in Net Land Atmosphere Carbon Exchange project
(TRENDY), we identify an emergent relationship between the simulation of the climate-driven
temporal changes in both gross primary productivity (GPP) and greenness (Leaf Area Index, LAl) and
the model’s spatial sensitivity of these quantities to growing-season (GS) temperature. Combined
with spatially-resolved observations of LAl and GPP, we estimate that GS-LAl and GS-GPP increase
by 17.0+2.4% and 24.0 + 3.0% per degree of warming, respectively. The observationally-derived
sensitivities of LAl and GPP to temperature are about 40% and 71% higher, respectively, than the
mean of the ensemble of simulations from TRENDY, primarily due to the model underestimation of
the sensitivity of light use efficiency to temperature. We estimate that the regional mean GS-GPP
increased 28.2 + 5.1% between 1983-1986 and 2013-2016, much larger than the 5.8 +1.4% increase
from the CO, fertilization effect implied by Wenzel et al. This suggests that warming, not CO,
fertilization, is primarily responsible for the observed dramatic changes in the HLNF biosphere over
the last century.
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Temperature over the northern hemisphere (NH) high latitudes (> 50° N) has been increasing at more than
twice the rate of the rest of the globe. Given the continuing increases in greenhouse gases, this trend is unlikely
to slow in the foreseeable future (IPCC AR6). Concurrently, ground and satellite observations have illustrated
dramatic changes in terrestrial biosphere activity: longer growing season'?, a greening trend over the majority of
the region®*”7, and an increase in carbon uptake from the atmosphere leading to an enhancement in the atmos-
pheric CO, seasonal cycle amplitude®®-'2. These trends alter photosynthesis, a process that converts light energy
into chemical energy through electrochemistry fixing atmospheric carbon into organic carbon compounds
through carboxylation!'®. The maximum rate of both electron transport and carboxylation increases exponen-
tially with temperature before reaching an optimal temperature'*!>. The mean growing season temperature over
land >50° N is between 5 and 18 °C (Fig. S1), generally lower than the optimal growth temperature for most
plants even accounting for acclimation and adaptation'®"”. Thus, the increase in temperature has been proposed
as a mechanism that drives the increase of photosynthesis over the region®®°. However, diagnosing the extent
to which temperature enhances plants growth is complicated by the co-occurring increase in CO, that enhances
photosynthesis by increasing the difference in the rate of transport of CO, and water through the stomata and
increasing the efficiency of the carboxylating enzyme in C; plants'®'?, the so called “CO, fertilization” effect™.
The CO, fertilization and warming effect on photosynthesis are relatively well-understood at leaf and canopy
scale'®, but there remains significant uncertainty in predictions of how these changes are altering the global
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carbon cycle. Consequently, the current state-of-science terrestrial biogeochemical models (TBMs) show a large
range of the response of photosynthesis to climate change and CO, increase?"*. For the HLNF, the uncertainty
in the simulated net carbon uptake is close to 100%22.

A few past studies derived empirical emergent relationships between observables and model simulations of
the carbon-climate feedback factor y over the tropics**~%, the photosynthesis-concentration feedback factor Sgpp
over the northern hemisphere (NH) mid to high latitudes?, and then used observations to constrain y and Bgpp
over these regions. Winkler et al.?® applied a similar concept to constrain the combined ygpp and Bgpp effect over
the northern high latitudes. However, the quantitative impact of temperature increases on plant growth over
the high latitudes (the ygpp effect) is still elusive and is anticipated to be distinct from that in the tropics due to
the large climatological differences?”. Over the warm tropics, increasing temperature can reduce the terrestrial
biosphere net carbon uptake from the atmosphere, causing positive carbon-climate feedbacks?, while over the
high latitudes, the warming trend generally invigorates plants growth, enhancing CO, uptake and thereby acting
as a negative feedback to the climate”. The projections of future climate change critically depend on the under-
standing of these carbon-climate feedbacks. Here, we denote the photosynthesis-CO,-concentration feedback
factor as Bgpp and photosynthesis-climate feedback as ygpp to distinguish them from the carbon-climate feedback
factor y that describes changes of carbon pools due to climate?.

In this study, we expose an emergent relationship in the high latitude northern forest (HLNF) between the
spatially-derived sensitivity of photosynthesis and greenness to temperature and the temporal changes driven
by the changing climate from an ensemble of TBMs. Using the observed spatial sensitivity of both photosyn-
thesis and greenness, we constrain how photosynthesis and greenness are responding to warming (y gpp) that
has occurred over the past decades (Fig. S1). Our approach is complementary to the tropical carbon-climate
feedback factor proposed by Cox et al.** and Sullivan et al.%, the Bgpp effect on GPP over temperate and boreal
forest derived by Wenzel et al.’, and the combined ycpp and Bcpp effect over the high latitudes by Winkler et al.?.
The emergent relationship derived here is based on our earlier study'® which introduced the use of the spatial
sensitivity of photosynthetic activity to temperature to infer historical temporal changes in photosynthesis. As
the spatial gradient in CO, is both transient in nature (due to atmospheric transport) and always small (generally
less than 15 parts per million (ppm)), the CO, effect on the spatial sensitivity of GPP and greenness to tempera-
ture is negligible. The spatial sensitivity of GPP and greenness to temperature reflects the potential equilibrium
sensitivity of vegetation to warming that includes the effect of real-world physiological and ecological adaption,
thus it is suitable to infer long-term sensitivities of vegetation to warming.

Results

Spatially-derived sensitivity of GPP and greenness to temperature

The emergent constraint on the warming effect on plants growth derived in this study builds upon the relation-
ships between spatial sensitivity of GPP and greenness to temperature and their corresponding temporally-derived
sensitivities to temperature. Thus, we first quantify the spatial sensitivity of GPP and greenness to temperature
(Fig. S1 and sections “Materials and methods”, “Workflow to derive the observation-constrained photosynthesis/
greenness: climate feedback factors”). As shown in Liu et al.’® (Fig. S5), the observed spatially-derived sensitivity
of greenness to temperature over the HLNF is time-invariant. We anticipate that if the spatially-derived sensitivity
of GPP and greenness to temperature from models is also time-invariant, then the simulated temporal changes
of GPP and greenness caused by temperature would be similar to that predicted by the corresponding spatial
sensitivity to temperature. Thus, we first evaluated the temporal consistency of the simulated spatial sensitivities
of GPP and greenness to temperature in current terrestrial biogeochemical models. We examined both Leaf Area
Index (LAI) and GPP from an ensemble of TBMs from the Trends in Net Land Atmosphere Carbon Exchange
project (TRENDY) v6, and simulations where only CO, was varied (S1) and simulations where both CO, and
climate were varied (S2). The differences between these two runs reflect the impact of climate change only. LAI
is generally defined as one-half of the total green leaf area per unit horizontal ground surface area with unit
of m*/m?’ GPP is a function of both the absorption of photosynthetically active radiation (APAR) (related to
greenness) and light use efficiency (LUE), which is a function of many factors including environmental drivers,
e.g., temperature®’. APAR is a product of photosynthetic radiation (PAR) and the fraction of absorbed PAR
(fPAR) by plants. As fPAR and LAI are interchangeable through Beer’s law approximation??, we estimate fPAR
from the LAI reported from the TRENDY models to disentangle the contributions of both greenness and LUE
to the sensitivity of GPP to temperature.

Since the S1 runs are driven by a 20 years repeating climatology, we calculated 20 years mean GPP and LAI
from the TRENDY models starting at 1901. To increase the sample size, we subsampled these into 10-year
overlap (e.g., 1901-1920, 1911-1930, etc.), which results in 10 groups each for S1 and S2 runs for each model.
We selected grid cells (>50° N) with at least 40% tree cover fraction (Table S1), and then fitted the correlation
between growing season mean temperature (GS-T) and growing season GPP and LAI for each group from each
model using an exponential fit (section “Materials and methods”). We selected 40% as a forest threshold to
remove grid cells with dominant grassland and cropland vegetation types in both model runs and observations,
since water availability could be dominant climate driver over these vegetation types®.

An exponential, rather than linear relationship, is used following the general description of the dependence
of both electron transport and carboxylation on temperature in cold ecosystems, such as those analyzed here!'*'?
(section “Materials and methods”). Farquar et al.'> shows that the carbon assimilation rate follows a nonlinear
curve before reaching an optimal temperature. The same study shows that the temperature dependence of the
kinetic properties of rubisco carbonxylase rate follows an exponential relationship. Furthermore, using a linear
model the limiting behavior at low temperature is pathological: the implied photosynthetic rate would be negative
even at temperatures above freezing (Fig. S3). The exponential fitting also allows us to calculate the Q10 values

Scientific Reports |

(2024) 14:6189 | https://doi.org/10.1038/s41598-024-56362-1 nature portfolio



www.nature.com/scientificreports/

N
o

N
o

%LAl increase/°C based
on spatial covariation (LAI,T)

N
o
T

-
(&)}
T

_
o
T

[}
T

o
—_

o
T

wW
o

%GPP increase/°C based
on spatial covariation (GPP,T)

o

N
(&)
T

N
o
T

-
&)}
T

—_
o
T

[}
T

on spatial covariation (fPAR,T)
>
A f—

P e ——
%fPAR increase/°C based

S EFE———m
(@) S——
O =
Po ) ==""1

v |

N
o

D)

e
[4)]
T

1

e
o

T
1

(4]
T

o

MMHE [!] '

%LUE increase/°C based
&

on spatial covariation (LUE,T)

'
-
o

T
L

1 1 1 1

L
o

|

Figure 1. The spatially-derived sensitivity of growing season LAI and GPP to temperature does not change over
the 100 year simulations by TRENDY. The ensemble model mean underestimates the GPP sensitivity diagnosed
from observations, primarily coming from underestimation in light use efficiency (LUE) not fPAR. (A) The
spatially-derived sensitivity of growing season LAI to temperature for the TRENDY S2 ensemble models (A-H),
model mean (mean-mod), and the LAI (OBS). (B) The spatially-derived sensitivity of growing season fPAR to
temperature from the TRENDY S2 ensemble models (A-H), model mean (mean-mod), and the observations
(OBS). The fPAR for TRENDY models were calculated from LAI following the Beer’s law approximation®. (C)
The spatially-derived sensitivity of growing season GPP to temperature for the TRENDY S2 ensemble models
(A-H), model mean (mean-mod), and the observations (OBS). (D) The spatially-derived sensitivity of growing
season LUE to temperature for the TRENDY S2 ensemble models (A-H), model mean (mean-mod), and the
observations (OBS). The unites are %/°C for all these quantities. The model names corresponding to each model
ID is listed in Table S1. The width of the bars represents how well correlated LAI and GPP are with temperature
(the wider the bar, the higher the correlation; see details in Table S1).
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for both GPP and LAI, which indicates fractional changes of GPP and LAI per 10 °C increase in temperature.
The Q10 concept is broadly used in describing the relationship between soil respiration and temperature®*. The
R? (GPP or LAI, T) shows how strongly the spatial distributions of GS- GPP and LAI are coupled to GS-T in
each model. The standard deviation of the exponential fitting coefficients among the 10 groups in each model
shows the degree of time-invariance in the spatial sensitivity of GPP and LAI to GS-T with time. The exponential
fitting implies that the spatial sensitivity of GS- GPP or LAI to GS-T can be expressed as the percentage change
of GPP and LAI per 1 °C spatial gradient in GS-T, which is a function of the exponential fitting coefficients
(Fig. S1, section “Carbon-climate feedback factors from TRENDY models” in section “Materials and methods”).
We used GPP constrained by Solar Induced Chlorophyll Fluorescence (SIF) from Orbiting Carbon Observatory
-2 (0OCO-2)!%* FLUXCOM GPP products®, and four LAI and fPAR products to calculate the spatial sensitiv-
ity of the observed GPP, LAIL and fPAR to temperature (section “Materials and methods”) (Figs. S3-S5). We
calculated the spatial sensitivity of LUE to temperature as the difference between the spatial sensitivity of GPP to
temperature and the spatial sensitivity of fPAR to temperature, since GPP can be written as a product of APAR
and LUE. While observations show a strong spatial coherence between GS-T and GPP, LA fPAR, and LUE (R?
values of at least 0.6; Figs. S3-S5), the simulations in both S1 and S2 runs show a large range in the strength of
the correlation between the spatial GS-T and GPP LAI or fPAR (R? values ranges from 0 to 0.7; Fig. 1, Table S1,
and Figs. S7-S8). In the subsequent analysis, we only used those models with R? larger than 0.1 for either LAI-T
or GPP-T relationship. We further required that the model outputs include monthly LAI and GPP. The spatial
distributions of GS-GPP or GS-LAI from the excluded models (I, ], and K) have almost no correlation with GS-T
(Fig. S9). In total, there are eight models that pass the criteria (Table S1). We refer these eight remaining models
as “TRENDY models” in later discussion.
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Despite the large variations in the strength of the correlation, the magnitude of the spatial sensitivity of GS-
GPP and LAI to GS-T are largely time-invariant in both the SI and S2 runs in all models (Figs. 1 and S6). For
example, the spatial sensitivity of GS- LAI to GS-T from model A varies by less than 10% in the decadal averages
of the 100-year simulations (22.8%/°C to 24.2%/°C) (Fig. 1). For each model, the spatially-derived sensitivity of
GPP and LAI to temperature is similar between S1 and S2 runs (Figs. 1, S6), indicating that these characteristics
are likely intrinsic to the construction of each model. The S3 runs, which adds to S2 the process of land use land
cover change, have a similar spatially-derived sensitivity to temperature as S1 and S2 runs (Fig. S6). As the grow-
ing season varies across latitudes (Fig. S10), there is almost no co-variation between GS-T and GS-PAR (Fig. S11).

The TRENDY models underestimate the spatial sensitivity of both GPP and LAI to temperature compared
to the observations (Figs. 1, S7-S8). The sensitivity of fPAR to temperature, while highly variable across the
models, span the observed sensitivity (Fig. 1). The mean sensitivity of GS- LAI to GS-T from the TRENDY S2
runs (PY,; in Fig. S1) is 11.6£7.2%/°C, ~ 30% lower than the sensitivity of the observed LAI to temperature
(16.2£2.0%/°C). The mean sensitivity of GS-fPAR to GS-T is 7.6 +5.2%/°C, almost the same as the observed
GS-fPAR to GS-T sensitivity (8.3 +1.0%/°C), while the mean spatially-derived sensitivity of GPP to temperature
(P(G; pp) is 10.7 +4.4%/°C, only half that observed (22.1+3.0%/°C). The fact that the TRENDY models significantly
underestimate the sensitivity of GPP to temperature but have comparable sensitivity of fPAR to temperature
implies that the TRENDY models significantly underestimate the sensitivity of LUE to temperature over the NH
high latitude forests (Figure 1D), consistent with the conclusion of Thomas et al.*>. Model H even has negative
LUE sensitivity to temperature, while simulates much larger spatial sensitivity of LAI to temperature than the
observed. All the eight models underestimate the spatial sensitivity of GPP to temperature, with model A closest
to the observed value. However, model A assigns the majority of the sensitivity to greenness, while still signifi-
cantly underestimates the LUE sensitivity to temperature. The partitioning of changes in GPP between APAR and
LUE is important as it may contribute to the timescale of the dynamics of these forests. For example, increases
in APAR due to earlier start of the growing season may be both fast and large - the forest can respond quickly to
warmer springtimes (when PAR is at its seasonal maximum) with simply earlier leafout. In contrast, changes in
LUE that arise from structural changes in the forest (e.g. the growth of trees and their rooting depth, changes in
nutrient dynamics, or, in particular, succession) would be expected to have much longer timescales for response.

Using the same tree cover fraction map from MODIS for all the models, the mean spatial sensitivity of LAI to
temperature in the TRENDY models slightly increased from 11.6 +7.2 to 14.2+5.2%/°C compared to when the
model-specific tree cover fraction map was used (Figs. S12-S14). The difference arises mainly from models D
and G which define all land cover north of 66° N as tundra or grasslands. The mean spatial sensitives of GPP to
GS-T are almost the same when using the same MODIS tree cover among all models compared to when model-
specific tree cover map was used (12.0+4.3 vs. 10.7 £ 4.4%/°C).

Emergent constraint on temporal sensitivity of GPP and LAl temperature

The fact that the spatial sensitivity to temperature is nearly time-invariant in the TRENDY simulations (Figs. 1,
S6) implies that absent other changes, the historical LAT and GPP would simply shift to higher values as tem-
perature increases following the relationship defined by the spatially-derived sensitivity. This indicates that the
sensitivity derived from the observed spatial dependence of GPP and LAI on temperature can be used as an
emergent constraint on how warming has driven the changes in GPP and LAT historically.

Figure 2A,B shows the spatial sensitivity of GPP and LAI, respectively, to temperature vs. the corresponding
temporal sensitivity to temperature during the growing season (section “Spatial sensitivity of growing season
mean GPP and LAI to the growing season mean temperature” in section “Materials and methods”). The models
with larger spatial sensitivity to temperature predict larger percentage increase in GPP and LAI with increas-
ing temperature. Furthermore, in each model, the temporal change in GPP and LAI predicted from the spatial
sensitivity (section “Materials and methods”) agrees well with the simulated temporal sensitivity between 1901
and 2010 (Fig. 2C,D). Figure 2C,D shows that seven out of the eight models lie on the 1:1 line in the comparison
between the predicted temporal sensitivity and the model simulated temporal sensitivity for both GPP and LAL
The large R? values (0.94 and 0.86 respectively) between the spatially-derived sensitivity and the temporal sen-
sitivity, and the predictability of temporal sensitivity using the corresponding spatial-derived sensitivity within
TRENDY models provide compelling evidence that the observed spatial sensitivity of GPP and LAI to tempera-
ture provides an emergent constraint on the photosynthetic-climate feedback factor ygpp or yp 4 over the HLNEF.

Based on the emergent relationship between the spatial sensitivity and temporal sensitivity derived from the
TRENDY models (Fig. 2A,B) and the constraint provided by the observed spatially-derived sensitivity of GPP
and LAI to temperature, we calculated that LAI increased 17.0 +2.4%/°C (y%3) and GPP increased 24.0 + 3.0%/°C
(bs,), which translate to Q¥ and QGFF to be 1.7 +0.24 and 2.4+ 0.3 respectively. These values are about 40% and
71% higher than the TRENDY model mean, which are 12.2 +8.3% (y5,;) and 14.0+6.0%/°C (v, ;) respectively
(Fig. 2C,F). The TRENDY model mean attributes GPP and LAI increase to temperature and CO, effect almost
equally. When accounting for both climate and CO, effect, the mean temporal sensitivities of the TRENDY
models are 19.8 £10.9%/°C and 27.1 +8.0%/°C for LAI and GPP respectively (section “Materials and methods,
Figs. $19-S20), only slightly higher than the observationally constrained sensitivity to temperature alone. Among
the eight models, model A has the smallest CO, effect (near 0—Figs. S19-520), also has a spatial sensitivity to
temperature most similar to observations.

Using the same tree cover fraction map defined by MODIS in all models, the emergent constraint implies that
LAI increased 13.5+3.0%/°C (Fig. S17). The somewhat lower temporal sensitivity is due to the time invariant
LAI simulations in models D and G over grassland and tundra north of 66° N as defined in these two models
(Figs. S15-516), which changes the slope between the spatial sensitivity and temporal sensitivity. However, the
predicted GPP temporal sensitivity using the MODIS tree cover fraction is similar (23.0+4.0%/°C) (Fig. S17).
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Figure 2. An emergent constraint on the percentage changes of LAT and GPP due to warming since 1901
with the corresponding spatially-derived sensitivity to temperature observed over the high latitude northern
forests. (A) The relationship between the spatially-derived and the temporally-derived sensitivities of LAI to
temperature in the simulations (). (B) The relationship between the spatially-derived and temporally-
derived sensitivity of GPP to temperature in the simulations (yGPP) The blue shaded area in A and B shows
the observational-derived spatial sensitivity. (C) and (D) The relationship between the actual model simulated
temporal sensitivity (y-axis) and the predicted sensitivity based on the corresponding spatially-derived
sensitivity from each model. Blue line is 1:1 line, and the dashed grey line is the best linear fitting line. (E) The
unconstrained probability density function distribution of 2 ; across models (grey bars), which assumes that
all TRENDY models have equal possibility and that their distribution is Gaussian. The blue area represents
the conditional probability distribution derived by applying the observation constraint (blue shaded area 1n
A) to the across-model relationship. (F) The unconstrained probability density function distribution of yGyp
across models (grey bars), which assumes that all of the TRENDY models have equal possibility and their
distribution is Gaussian. The blue area represents the conditional probability distribution derived by applying
the observation constraint (blue shaded area in B) from B to the across model relationship. The unconstrained
model mean y5; is 12.2+8. 3%/ °C (1 0), and the constrained yL S is 17.0 £2.4%/°C. The emergent constralnt
reduces the uncertainty in % by 72%. The unconstrained ySpp is 14. 0 +6.0%/°C the constrained 2%, is
24.0£3.0%/°C. The emergent constraint reduces the uncertainty in y$pp by 50%.

The significant underestimation of the sensitivity of plant growth to temperature over the high latitudes may
have contributed to the weaker carbon sink simulated by these models'>*® and, subsequently, the much smaller
CO, seasonal cycle amplitude changes attributed to climate by TRENDY models (Fig. S18, section “Materials
and methods”).
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The emergent constraint reduces the uncertainty of estimated LAI and GPP temporal sensitivity by 72% and
50%, respectively. The uncertainty of emergent constraint includes uncertainties in the observed spatial sensitivity
to temperature, the linear fitting between the spatially-derived sensitivity to temperature and the temporally-
derived sensitivity to temperature (section “Materials and methods”). The smaller uncertainty reduction in the
estimated sensitivity of GPP to changing temperature is primarily due to the larger uncertainty (compared to
LAI) in the observed spatial sensitivity of GPP. As discussed in Winkler et al.?, the emergent constraint method
is particularly sensitive to the uncertainties in the observed quantity. In calculating the probability function for
the models, we assume equal weights for each model.

The observed carbon climate feedback factor 2%, is much larger than the magnitude of y%;, because GPP
is a function of both greenness and LUE. In cold ecosystems without water limitation, LUE increases with tem-
perature exponentially'’, contributing to the addltlonal sensitivity of GPP to temperature beyond the sensitiv-
ity of greenness to temperature. The fact that the S, has similar magnitude as %, in the TRENDY models
indicates these models primarily underestimate the sensitivity of light use efficiency to temperature, consistent
with Fig. 1 and the conclusion of Thomas et al.”” We hope that the emergent constraint described here motivates
model developers to simulate and report the spatial dependence of GS-LAI or GS-GPP on GS-T. The lack of
these fields in models I-K excluded them from our analysis; it is also the reason that model F is an outlier in
Fig. 2 (Figs. S7-S8).

Contributions of warming only to the historical LAl and GPP increase over the northern high
latitude forests

To evaluate %5 and quantify the contributions of temperature 1ncrease to the LAIT and GPP increase over the
region, we predicted growing season LAI and GPP changes using y%5 and y2%,, and then compared these to the
observed changes. We made predictions over two time intervals: between the period 2003-2005 and 2015-2017
when MODIS observations are available, and between the period 1983-1986 and 2013-2016 to quantify the
long-term changes in LAI and GPP and compared these to the changes driven by CO, fertilization based on
Wenzel et al.”. The predicted percentage change of LAI due to the increase in growing-season temperature from
the spatial sensitivity have similar spatial pattern and magnitude as the observations, especially over Eurasia
(Fig. 3). The predicated mean LAI increase between 2003-2005 and 2015-2017 over Eurasia is 7.6% + 1.1% dur-
ing growing season, very close to the observed mean increase (8.3 +1.7%) averaged over the three LAI products:
MCD-MODIS, GIMMS-AVHRR, and GIMSS-MODIS. The predicted LAI change over North America (NA)
is somewhat larger than the observed value (14.7 £2.0% vs. 8.2 +2.0%), perhaps reflecting land use change and
disturbance that is not accounted here.
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Figure 3. The predicted percentage change in LAI due to temperature change have similar spatial pattern
and magnitude as observations. (A) The growing season mean temperature difference between 2003-2005
and 2015-2017. (B) The mean percentage change in LAI derived from MCD-MODIS, GIMMS-MODIS, and
GIMMS-AVHRR. (C) The predicted percentage change in LAI between 2003-2005 and 2015-2017 calculated
from y2%3. (temperature data is derived from ERA-5 reanalysis).

Scientific Reports|  (2024) 14:6189 | https://doi.org/10.1038/s41598-024-56362-1 nature portfolio



www.nature.com/scientificreports/

Between 1983-1986 and 2013-2016, the GS-T increases more than 0.4 °C over most of the Eura51a and
northern NA (Fig. $21). The observationally-constrained photosynthesis-climate feedback factors y£%3 and y 2%,
implies that the warming contributes to a 9-27% increase in LAI and a 12-35% increase in GPP over most of
the reglon (Fig. S21B). On average, the regional mean growing-season LAI increases 18.9 +2.8% based on the
b, comparable to 19.6% increase in the NOAA AVHRR LAI product, but somewhat larger than the GIMMS-
AVHRR LAI product (14.2%). The discrepancy with GIMMS-AVHRR is again over NA, while over Eurasia, the
predicted GS-LAI increase (17.8 +2. 6%) is very similar to the observed LAI increase (17.3%). The regional mean
GPP increases 28.2+5.1% based on yGPP, which is much larger than the impact of CO, fertilization. Based on
Wenzel et al.”, the GPP increases 5.8 + 1.4% over the high latitude as a result of the 54.2 parts per million (ppm)
CO, increase during this time period (section “Materials and methods”). The combination of the temperature
effect estimated in this study and the CO, effect based on Wenzel et al.”® indicates that the mean of TRENDY
models significantly overestimate the CO, effect and underestimate the temperature effect on the historical
increase of GPP and LAL

Discussion

Two pieces of empirical evidence, TRENDY model simulations (Fig. 2C,D) and the comparison between LAI
predictions and observations (Fig. 3), support the validity of constraining the temporal sensitivity of growing-
season photosynthesis to temperature with its spatial sensitivity to temperature over the HLNF. For the space-for-
time substitution to work, one of the challenges is to ensure that similar physical and biological processes govern
both the spatial and temporal variations. We argue that the spatial sensitivity of photosynthesis to temperature
over high latitude northern forests reflects close-to-equilibrium response to temperature variations, and thus to
a large extent it is suitable to predict the long-term temporal sensitivity?*. The sensitivity curves derived from the
spatial co-variations between temperature and photosynthesis not only include the temperature effect on nutri-
ent availability, greenness, light use efficiency, but also possible species succession with temperature increases.
All these aspects are qualitatively supported by observations. Studies have shown that low latitudes with higher
temperature has higher soil net nitrogen mineralization and simultaneously soil net nitrogen mineralization
increases with temperature®, supporting that spatial and temporal variability of nutrient availability share similar
features. The spatial sensitivity curve (Figs. S3-54) uses data from all forest types over high latitudes (Fig. 2 in
Liu et al.!%). Thus, the temporal prediction using the spatial sensitivity also includes possible species succession
with temperature increases, which is supported by limited field measurements*’. The species migration with
temperature increase implied by the spatial sensitivity curve implies that it may be possible to develop adaptive
management strategies to accommodate shifts in species ranges, ensuring the preservation of biodiversity and
resilience of forest ecosystems to climate change stressors in the future. Because the spatial sensitivity curve
includes temperature effect on species succession that takes decades, the spatial sensitivity curve may overpredict
the temperature impact on the interannual variations of productivity.

The emergent constraint described in this study indicates that the TRENDY models underestimate the impact
of historical temperature increases on greenness and GPP over the HLNE, primarily due to the underestima-
tion of the sensitivity of light use efficiency to temperature. The fact that the mean temporal sensitivities of the
TRENDY models that account for both temperature and CO, effect are much closer to the observation-constraint
temperature-only sensitivity indicate that the major weakness in these models is the attribution of the total
changes to specific processes. The apparent discrepancy between model simulated spatial sensitivity of GPP
and LAI to GS-T with the corresponding observation-derived quantities implies deficiencies of these models
in simulating temperature effect on plants growth over HLNE. Together with Wenzel et al.”®, our results resolve
the partition of the competing effect between CO, fertilization and warming over the HLNF, providing a unique
metric to improve process representation in the models and reduce uncertainties in quantifying photosynthesis-
climate feedback factors over the HLNE. While the dominant warming effect on enhancing plants growth over
high latitudes identified in our study is consistent with factorial model simulations described by Forkel et al.?
and Winkler et al.*!, our study provides independent evidence based on direct observational constraint.

Our study shows that the increase in temperature is the dominant factor that has driven the GPP increase and
the historical greening trend over HLNF. As temperature over the HLNF continues to increase at much higher
rate than the rest of the globe, it is critical to monitoring how greenness and photosynthesis are changing and to
be on alert to any tipping point where increasing temperatures no longer act as negative feedbacks to climate**.

Materials and methods

Workflow to derive the observation-constrained photosynthesis/greenness: climate feedback
factors

Figure S1 describes the workﬂow we used to derive the observation-constrained photosynthesis/greenness—
climate feedback factors yGPP and yL 41 > which are then used to predict changes of GPP and LAI from historical
increase in temperature over the hlgh latitude northern forests. We derived the photosynthesis/greenness—cli-
mate feedback factors 25, and %} in three steps. First, we fitted spatial covariation of growing season GPP
and LAI with growing season mean temperature for both the Trends in Net Land Atmosphere Carbon Exchange
project (TRENDY) model runs and observations, and calculated the spatial sensitivity of GPP and LAI to tem-
perature for both TRENDY models P and observations P°%* (sections “Materials and methods”, “Growing season
definition”). Second, we caclulated the historical GPP and LAI change due to climate change only from TRENDY
and fitted a functional curve to derive temporal sensitivity of GPP and LAI change to temperature change ¢
(sections “Materials and methods”, “Spatial sensitivity of growing season mean GPP and LAI to the growing
season mean temperature”). Third, we derived an emergent relationship between the TRENDY spatial sensitiv-
ity PY and the temporal sensitivity y© to temperature, and constrain the photosynthesis/greenness—climate
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feedback factors 2%, and y% using the emergent relationship derived in the second step and the observed
spatial sensitivity P°% derived in the first step (Fig. S1).

Growing season definition

In each of the 20-year group of the S1 and S2 runs, we first calculated the monthly climatology of GPP from
each TRENDY model. Based on the monthly climatology in each time span, we defined the growing season at
each model grid point as the time period when GPP is larger than 20% of the maximum GPP at that grid. We
chose a 20% threshold to reduce the impact of errors of the observational-constrained GPP at low values (sec-
tion “Results”). We only chose those grids that have well-defined spring (20% to 80% of maximum GPP before
maximum GPP) and fall season (20% to 80% of maximum GPP after maximum GPP) that have at least three
samples to calculate growing season mean value. Lastly, we chose those grids that have at least 40% tree cover
and have valid definition of growing season throughout the whole time period (Table S1). Note that the grids
for each model are the same set of grid points throughout the time period, but could differ among the models.
The length of the growing season can also change, and the type of trees may change at any selected grid during
the study time period. As shown in Figs. S7-S8, the GS-T varies across models and latitudes, which is due to the
large uncertainties in phenology simulations over high latitudes**.

Spatial sensitivity of growing season mean GPP and LAl to the growing season mean
temperature

In this study, we used two types of GPP products and four LAI products to calculate the observationally-con-
strained spatial sensitivity of GPP and LAI to temperature, which is defined as the percentage change of GPP
and LAI per 1°C spatial gradient in the GS-T. The GPP products include OCO-2 solar induced chlorophyll
fluorescence (SIF) constrained GPP'? and the FluxCom GPP products that are based on three different neural
network algorithms*. To derive the observationally-constrained spatial sensitivity, we fitted an exponential
function between the spatial distribution of growing season GPP or LAI and growing season T (GS-T) for each
product (Fig. S3). The exponential form is chosen as the maximum rate of both electron transport and carboxyla-
tion increases exponentially with temperature before an optimal temperature for plants growth is reached. The
exponential form can be written as:

Ci = aexp(d - T}) (1)

where C; can be either GPP or LAI at grid point i, a and d are fitting coefficients and T; is the growing season
mean temperature GS-T at grid point i. Then, the fraction change of C in space can be written as:

C.
= =exp(d - (T; = To)) 2)
Co
Then the observationally-constrained spatial sensitivity of GPP and LAI to temperature P, (Fig. S1) can be
written as:

Py = (exp(d) — 1) x 100 (3)

The SIF-constrained GPP gives the highest sensitivity (27 +2%/°C). The three different FluxCom GPP prod-
ucts have the sensitivities of 23 +2, 21£2, and 16 +2%/°C. The mean spatial sensitivity of GPP to temperature
across the four products is 22.1+ 3.0%/°C, which is used here to define the observationally-constrained spatial
sensitivity of GPP to temperature in Fig. 2. The uncertainty includes the uncertainty in both the exponential
fitting and the standard deviation among the four products.

The large spatial sensitivity of GPP to temperature is not due to the co-variation of temperature and photo-
synthetic active radiation (PAR). As shown in Fig. S11, the spatial distribution of growing season PAR (GS-PAR)
has no relationship with spatial distribution of temperature (GS-T). This is because the growing season starts
later over the higher latitudes, when the solar radiation becomes stronger (Fig. S10), so that the mean GS-PAR
varies little across the high latitudes.

We chose exponential fitting instead of linear fitting because the exponential is more consistent with pho-
tosynthetic theory. Farquar et al.’® shows that the carbon assimilation rate follows a nonlinear curve before
reaching an optimal temperature. The same study shows that the temperature dependence of the kinetic prop-
erties of rubisco carbonxylase rate follows exponential relationship. Furthermore, the limiting behavior at low
temperature is pathological using a linear model: the implied photosynthetic rate would be negative even at
temperatures above freezing. As implied by the exponential fitting curve, the linear fitting slope would depend
on the mean temperature.

We used four different LAI products: MCD-MODIS, GIMMS LAI3g*, GIMMS MODIS-LAI*, and NOAA
AVHRR. Following the same procedure used to analyze GPP, we fitted an exponential function between the
spatial distribution of growing season LAI and GS-T for each model product (Fig. S4). The two AVHRR products
have similar spatially-derived sensitivity of LAI to GS-T (~ 15+ 1%/°C), and the two MODIS LAI products have
the spatially-derived sensitivity of 20+2 m*m?*/°C and 15+ 1%/°C, respectively. The mean spatially-derived
sensitivity of LAI to temperature is 16.2 +2%/°C and is used as our observationally-constrained sensitivity of
LAI to temperature.

We regridded all the data to 4°x 5° to reduce sampling errors, especially the SIF-constrained GPP products.
But as shown in Liu et al.’?, the spatial sensitivity is similar between 1°x 1° and 4° x 5° resolution.
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Carbon-climate feedback factors from TRENDY models

To calculate the carbon-climate feedback factor at each grid cell, we assumed that the temporal relationship of
GPP and LAI with temperature at every grid cell i follows a similar exponential function as their spatial relation-
ships with temperature, but with the possibility of different coefficients from the spatially-derived sensitivity:

(gni) = guiexp (b(Tni — T1,)) (4)

Thesymbolsg, and g; represent growing season GPP or LAI at time group ¢, and ¢,, and T, and T} represent
growing season T at time group ¢, and ¢, respectively. Based on Eq. (4), we define:

Agni = log(&) = b(Tui — Tvi) 5)
8Li

To calculate carbon-climate feedback factor y from TRENDY simulations, we used both S1 and S2 runs. The
S1 runs have time-varying CO, concentrations, but repeat the 1901-1920 climate every 20 years. The S2 runs have
time-varying CO, and climate. As the difference between S1 and S2 is whether they have time-varying climate,
we can isolate the impact of climate using these two experiments. We calculated growing season mean GPP or
LAI every 20 years with 10-year overlap from 1901 to 2010 to remove the impact of time-varying T on S1 runs
and to ensure a large enough sample size. In total, we have 10 groups, so # is from 2 to 10.

In the following, we derive the calculation of carbon-climate feedback factor y. First, based on Eq. (5) we
define Ag g, _gy)as:

1 m X m .
Ag(SZ—Sl) = a <Z log(&)s — ZlOg(@)s ) (6)
2 1

i=1 8Li i=1 8L

where m represents the total number of grid points. The Eq. (6) can be further written as

1 (& ; 1 «
Ag(sz—sn = % (; 10g g:::;z = (bSZ - bSl) % ;(Tn,i - Tl,i) (7)

From Egs. (6) to (7), we assume that both S2 and S1 start from the same initial state, so (gl)i)Sz = (gl,i)sr
Note, Eq. (7) is still valid, even when S2 and S1 runs have different initial state, but the terms (g ;) © and (g, ;) s1
cannot be canceled out. We define the fraction change of carbon state GPP or LAI AC(sy—s1yand AT,,_; respec-
tively as:

o (T €nids2
AC(s2-s1) = exp (Ag(s2—s1)) = ) )
i_1 (gn,z S1
1 m
AT, —1y) = m Z (Tni = T1s) ©)

i=1

AC(sz—s1) represents the spatial mean ratio between C at time ¢, and time ¢;. Any value other than one in
AC(s2—s1) indicates the impact of temperature only on changes of C as shown in Eq. (6). C can be either GPP or
LAL Then, Eq. (8) can be written as:

AC(s2—s1) = exp((bs2 — bs1) AT(t,—1,)) (10)

We fitted exponential curves between ACsy—s1)and AT, ) for both GPP and LAT in Figs. S19 and S20. In
Figs. S19 and S20, we also fitted exponential curves between AC(sz) and AT, ), which indicate changes of C
due to both temperature and CO, effect. Since the range of AT, ) is small, the exponential curve is similar
to a linear line.

Thus, the fractional change of GPP and LAI between time £, and ¢ is:

ACsz—s1) — 1 = exp(((bsa — bs) AT(1,—1,)) — 1 (11)
The percentage of GPP and LAI per 1 °C changes in time y ¢ for each model G can be written as:
¥ = (exp (bsa—s1) — 1) x 100 (12)

where bgy_s1 = (bgy — bs1), yCis the photosynthesis-climate feedback factor from each model. bs,_g; is derived
from the fitting shown in Figs. S19 and $20 and y © is summarized in the y-axis in Fig. 2a-d.

Prediction of temporal sensitivity with the spatially-derived sensitivity in TRENDY models
We calculated the temporal sensitivity AH with the spatially-derived sensitivity from each model using the
following equation:
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Sy [exp (dsaTni) — exp (dsaTvi)]
S exp (dsaThi)
where ds; is the mean spatial sensitivity averaged over the 10 groups from each model, and T}, ; and Ty ; is the

growing season mean temperature at the ith grid cell in the 10th (1991-2010) and 1*' (1901-1920) temporal
group respectively (Fig. S1). AG is the value plotted on the x-axis on Fig. 2C,D.

AH =

x 100 (13)

Calculation of the GPP increase between 2006-2015 and 1983-1992 due to CO, increase based
on Wenzel et al.?®

We first calculated the mean annual CO, concentration over these two time periods using the data available
at https://gml.noaa.gov/webdata/ccgg/trends/co2/co2_annmean_gl.txt, and found that the mean CO, con-
centration over these two time periods was 398.9 and 344.7 ppm, respectively. We then calculated the differ-
ence to get the CO, change. As Wenzel et al.”® derived that the GPP over the high latitude (60-90°) increase
37+9% with doubling of CO, concentration and 32% + 9% over the extratropics, we calculated the GPP
increase due to the CO, increase according to 37 x (398.9-344.7)/344.7 =5.8. We calculated the uncertainty
as 9x(398.9-344.7)/344.78 = 1.4. Wenzel et al.?? accounted for all vegetation types, while in our study, we only
quantified the impact of temperature change on forest growth.

Calculation of CO, seasonal cycle amplitude (SCA) change attributed to climate change over
the NH high latitude forests by TRENDY models

We ran the GEOS-Chem atmospheric transport model with the net ecosystem exchange (NEE) from each of the
selected TRENDY models. We only used the NEE over the forest regions between 50 and 75 N from either the
S1 runs or S2 runs over 1958-1963 (IGY time period) or between 2009 and 2011 (HIPPO time period), and set
the NEE to zero over the rest of the globe. For different transport model runs, we used the same meteorology
fields between 2006 and 2011, with the extra years as a spin-up. We then sampled the simulated CO, concentra-
tion fields along the IGY or HIPPO aircraft campaign tracks, and calculated the CO2 SCA at every 10° latitude
interval following Liu et al.'” from each run. The mean differences of CO, SCA change between S2 and S1 runs
are the values plotted in Fig. S18, and the standard deviations are the uncertainties.

Significance statement

The high latitude northern forests have experienced dramatic changes in recent decades including a general
greening trend that has enhanced the atmospheric CO, seasonal cycle amplitude. The increase in both tempera-
ture and atmospheric CO, can contribute to such changes, making it challenging to partition the response of
the HLNF to forcings from the change in climate and CO,. This challenge contributes to the large uncertainties
in climate projections. Here we show using both ensemble model simulations and observations, that the sensi-
tivity of gross primary productivity (GPP) and leaf area index (LAI) to temperature in space can predict their
temporal changes due to warming, thereby isolating the temperature effect from CO,. We find that increasing
temperature, not increasing CO,, is responsible for most of the trends in GPP and LAI over the past decades.
In contrast, biogeochemical models generally assign 50% or more of the increase in GPP to CO, fertilization.

Data availability

All data used to support the findings of this study are publicly available. TRENDY model simulations and its met
drivers are available on request from TRENDY coordinator Dr. S. Sitch (s.a.sitch@exeter.ac.uk). The GIMMS
AVHRR and MODIS LAI data are available upon request from by Dr. Ranga Myneni (rmyneni@bu.edu). The
NOAA AVHRR LAI data is available at: https://www.ncei.noaa.gov/access/metadata/landing-page/bin/iso?id=
gov.noaa.ncdc:C01559. The MCD-MODIS is available at: https://Ipdaac.usgs.gov/products/mcd15a2hv006/. The
FLUXCOM GPP dataset was obtained from https://www.bgc-jena.mpg.de/geodb/projects/Data.php. The OCO-2
SIF data is publicly available at https://disc.gsfc.nasa.gov/datasets/fOCO2_L2_Lite_SIF_10r/summary?keywords=
0c02%20sif%20lite The CERES data is available at https://asdc.larc.nasa.gov/project/ CERES.

Received: 3 November 2023; Accepted: 5 March 2024
Published online: 14 March 2024

References

1. Zeng, H., Jia, G. & Epstein, H. Recent changes in phenology over the northern high latitudes detected from multi-satellite data.
Environ. Res. Lett. 6, 45508 (2011).

2. Ziska, L. et al. Recent warming by latitude associated with increased length of ragweed pollen season in central north America.
Proc. Natl. Acad. Sci. 108, 4248-4251 (2011).

3. Keenan, T. E. & Riley, W. ]. Greening of the land surface in the world’s cold regions consistent with recent warming. Nat. Clim.
Change 8, 825-828 (2018).

4. Park, H,, Jeong, S. & Pefiuelas, J. Accelerated rate of vegetation green-up related to warming at northern high latitudes. Glob.
Change Biol. 26, 6190-6202 (2020).

5. Myneni, R. B., Keeling, C. D., Tucker, C. J., Asrar, G. & Nemani, R. R. Increased plant growth in the northern high latitudes from
1981 to 1991. Nature 386, 698-702 (1997).

6. Zhu, Z. et al. Greening of the Earth and its drivers. Nat. Clim. Change 6, 791-796 (2016).

7. Piao, S., Friedlingstein, P, Ciais, P., Zhou, L. & Chen, A. Effect of climate and CO, changes on the greening of the northern hemi-
sphere over the past two decades. Geophys. Res. Lett. 33, 2-7 (2006).

8. Forkel, M. et al. Enhanced seasonal CO, exchange caused by amplified plant productivity in northern ecosystems. Science 351,
696-699 (2016).

Scientific Reports |

(2024) 14:6189 | https://doi.org/10.1038/s41598-024-56362-1 nature portfolio


https://gml.noaa.gov/webdata/ccgg/trends/co2/co2_annmean_gl.txt
https://www.ncei.noaa.gov/access/metadata/landing-page/bin/iso?id=gov.noaa.ncdc:C01559
https://www.ncei.noaa.gov/access/metadata/landing-page/bin/iso?id=gov.noaa.ncdc:C01559
https://lpdaac.usgs.gov/products/mcd15a2hv006/
https://www.bgc-jena.mpg.de/geodb/projects/Data.php
https://disc.gsfc.nasa.gov/datasets/OCO2_L2_Lite_SIF_10r/summary?keywords=oco2%20sif%20lite
https://disc.gsfc.nasa.gov/datasets/OCO2_L2_Lite_SIF_10r/summary?keywords=oco2%20sif%20lite
https://asdc.larc.nasa.gov/project/CERES

www.nature.com/scientificreports/

9. Graven, H. D. et al. Supplementary materials for northern ecosystems since 1960. Science https://doi.org/10.1126/science.12392
07 (2013).

10. Liu, J., Wennberg, P. O., Parazoo, N. C,, Yin, Y. & Frankenberg, C. Observational constraints on the response of high-latitude
northern forests to warming. AGU Adv. 1, e2020AV000228 (2020).

11. Lian, X. et al. Summer soil drying exacerbated by earlier spring greening of northern vegetation. Sci. Adv. 6, eaax0255 (2020).

12. Ciais, P. et al. Five decades of northern land carbon uptake revealed by the interhemispheric CO, gradient. Nature 568, 221-225
(2019).

13. Fleming, G. R. & van Grondelle, R. The primary steps of photosynthesis. Phys. Today 47, 48-55 (1994).

14. Warren, C. R. & Dreyer, E. Temperature response of photosynthesis and internal conductance to CO,: Results from two independ-
ent approaches. J. Exp. Bot. 57, 3057-3067 (2006).

15. Farquhar, G. D., von Caemmerer, S. & Berry, J. A. A biochemical model of photosynthetic CO, assimilation in leaves of C; species.
Planta 149, 78-90 (1980).

16. Yamori, W,, Hikosaka, K. & Way, D. A. Temperature response of photosynthesis in C,, C,, and CAM plants: Temperature acclima-
tion and temperature adaptation. Photosynth. Res. 119, 101-117 (2014).

17. Hikosaka, K., Ishikawa, K., Borjigidai, A., Muller, O. & Onoda, Y. Temperature acclimation of photosynthesis: Mechanisms involved
in the changes in temperature dependence of photosynthetic rate. J. Exp. Bot. 57, 291-302 (2006).

18. Ainsworth, E. A. & Rogers, A. The response of photosynthesis and stomatal conductance to rising [CO,]: Mechanisms and envi-
ronmental interactions. Plant Cell Environ. 30, 258-270. https://doi.org/10.1111/j.1365-3040.2007.01641.x (2007).

19. Deeter, M. N., Martinez-Alonso, S., Andreae, M. O. & Schlager, H. Satellite-based analysis of CO seasonal and interannual vari-
ability over the Amazon basin. J. Geophys. Res. Atmos. 123, 5641-5656 (2018).

20. Long, S. P, Ainsworth, E. A. & Long, S. P. What have we learned from 15 years of free-air CO, enrichment (FACE)? A meta-analytic
review of the responses of photosynthesis, canopy properties and plant production to rising CO,. New Phytol. 165(2), 351-372
(2004).

21. Bastos, A. et al. Contrasting effects of CO, fertilization, land-use change and warming on seasonal amplitude of Northern Hemi-
sphere CO, exchange. Atmos. Chem. Phys. 19, 12361-12375 (2019).

22. Keenan, T. F. & Williams, C. A. The terrestrial carbon sink. Annu. Rev. Environ. Resour. 43, 219-243 (2018).

23. Cox, P. M. et al. Constrained by carbon dioxide variability. Nature 494, 1-5 (2013).

24. Sullivan, M. J. P. et al. Long-term thermal sensitivity of Earth’s tropical forests. Science 874, 869-874 (2020).

25. Barkhordarian, A., Bowman, K. W, Cressie, N., Jewell, J. & Liu, J. Emergent constraints on tropical atmospheric aridity-carbon
feedbacks and the future of carbon sequestration. Environ. Res. Lett. 16(11), 114008 (2021).

26. Winkler, A. J., Myneni, R. B. & Brovkin, V. Investigating the applicability of emergent constraints. Earth Syst. Dyn. 10, 501-523
(2019).

27. Yoshikawa, C., Kawamiya, M., Kato, T., Yamanaka, Y. & Matsuno, T. Geographical distribution of the feedback between future
climate change and the carbon cycle. J. Geophys. Res. https://doi.org/10.1029/2007]JG000570 (2008).

28. Friedlingstein, P. Carbon cycle feedbacks and future climate change. Philos. Trans. R. Soc. A Math. Phys. Eng. Sci. 373, 10-1098
(2015).

29. Wenzel, S., Cox, P. M., Eyring, V. & Friedlingstein, P. Projected land photosynthesis constrained by changes in the seasonal cycle
of atmospheric CO,. Nature 538, 499-501 (2016).

30. Fang, H., Baret, E, Plummer, S. & Schaepman-Strub, G. An overview of global leaf area index (LAI): Methods, products, validation,
and applications. Rev. Geophys. 57, 739-799 (2019).

31. Wei, S., Yi, C., Fang, W. & Hendrey, G. A global study of GPP focusing on light-use efficiency in a random forest regression model.
Ecosphere 8, 01724 (2017).

32. Thomas, R. T. et al. Increased light-use efficiency in northern terrestrial ecosystems indicated by CO, and greening observations.
Geophys. Res. Lett. 43, 11311-339349 (2016).

33. Liu, D. et al. Increasing climatic sensitivity of global grassland vegetation biomass and species diversity correlates with water avail-
ability. New Phytol. 230, 1761-1771 (2021).

34. Sun, Y. et al. OCO-2 advances photosynthesis observation from space via solar-induced chlorophyll fluorescence. Science 358,
eaam5747 (2017).

35. Jung, M. et al. Scaling carbon fluxes from eddy covariance sites to globe: Synthesis and evaluation of the FLUXCOM approach.
1343-1365 (2020).

36. Friedlingstein, P. et al. Global carbon budget 2019. Earth Syst. Sci. Data 11, 1783-1838 (2019).

37. Thomas, R. T, Prentice, I. C., Graven, H., Ciais, P. & Fisher, J. B. Increased light-use e ffi ciency in northern terrestrial ecosystems
indicated by CO, and greening observations. Geophys. Res. Lett. https://doi.org/10.1002/2016GL070710.Biosphere (2016).

38. Wang, J. A., Baccini, A., Farina, M., Randerson, J. T. & Friedl, M. A. Author correction: Disturbance suppresses the aboveground
carbon sink in north American boreal forests. Nat. Clim. Change 11, 634 (2021).

39. Liu, Y. et al. A global synthesis of the rate and temperature sensitivity of soil nitrogen mineralization: Latitudinal patterns and
mechanisms. Glob. Change Biol. 23, 455-464 (2017).

40. Kharuk, V., Ranson, K. J. & Dvinskaya, M. L. Evidence of evergreen conifer invasion into larch dominated forests during recent
decades in central Siberia. Eurasian J. For. Res. 10, 163-171 (2007).

41. Winkler, A.]. et al. Slowdown of the greening trend in natural vegetation with further rise in atmospheric CO,. Biogeosciences 18,
4985-5010 (2021).

42. Pan, N. et al. Increasing global vegetation browning hidden in overall vegetation greening: Insights from time-varying trends.
Remote Sens. Environ. 214, 59-72 (2018).

43. Duffy, K. A. et al. How close are we to the temperature tipping point of the terrestrial biosphere?. Sci. Adv. 7, eaay1052 (2021).

44. Fisher, J. B. et al. Carbon cycle uncertainty in the Alaskan Arctic. Biogeosciences 11, 4271-4288 (2014).

45. Jung, M. et al. Scaling carbon fluxes from eddy covariance sites to globe: Synthesis and evaluation of the FLUXCOM approach.
1343-1365 (2020).

46. Zhu, Z. et al. Global data sets of vegetation leaf area index (LAI)3g and fraction of photosynthetically active radiation (FPAR)3g
derived from global inventory modeling and mapping studies (GIMMS) normalized difference vegetation index (NDVI3g) for
the period 1981 to 2011. Remote Sens. 5, 927-948 (2013).

47. Chen, C. et al. China and India lead in greening of the world through land-use management. Nat. Sustain. 2, 122-129 (2019).

Acknowledgements

We thank James Randerson, Dave Schimel, and TRENDY modelers (Stephen Sitch, Pierre Friedlingstein, Vivek
Arora, Atul Jain, Markus Kautz, Danica Lobardozzi, Sebastia Lienert, Julia Nabel, Benjamin Poulter, Nicolas
Vuichard, Andy Wiltshire, and Ning Zeng) for their comments and suggestions in preparing this paper. We
also thank Dr. Ranga Myneni and Dr. Martin Jung for providing the GIMMS and FLUXCOM data. Resources
supporting this work were provided by the NASA High-End Computing (HEC) Program through the NASA
Advance Supercomputing (NAS) division at Ames Research Center.

Scientific Reports|  (2024) 14:6189 | https://doi.org/10.1038/s41598-024-56362-1 nature portfolio


https://doi.org/10.1126/science.1239207
https://doi.org/10.1126/science.1239207
https://doi.org/10.1111/j.1365-3040.2007.01641.x
https://doi.org/10.1029/2007JG000570
https://doi.org/10.1002/2016GL070710.Biosphere

www.nature.com/scientificreports/

Author contributions
Conceptualization and methodology: J.L.; Investigation: J.L. and P.O.W.; Visualization: J.L.; Writing—original
draft: J.L. and PO.W.

Funding

Part of the research was carried out at the Jet Propulsion Laboratory, California Institute of Technology, under
a contract with the National Aeronautics and Space Administration, (SONM0018D0004). P.W. acknowledge the
support from Caltech’s Resnick Sustainability Institute.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-024-56362-1.

Correspondence and requests for materials should be addressed to J.L. or PO.W.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

= License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |

(2024) 14:6189 | https://doi.org/10.1038/s41598-024-56362-1 nature portfolio


https://doi.org/10.1038/s41598-024-56362-1
https://doi.org/10.1038/s41598-024-56362-1
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	An emergent constraint on the thermal sensitivity of photosynthesis and greenness in the high latitude northern forests
	Results
	Spatially-derived sensitivity of GPP and greenness to temperature
	Emergent constraint on temporal sensitivity of GPP and LAI temperature
	Contributions of warming only to the historical LAI and GPP increase over the northern high latitude forests

	Discussion
	Materials and methods
	Workflow to derive the observation-constrained photosynthesisgreenness: climate feedback factors
	Growing season definition
	Spatial sensitivity of growing season mean GPP and LAI to the growing season mean temperature
	Carbon-climate feedback factors from TRENDY models
	Prediction of temporal sensitivity with the spatially-derived sensitivity in TRENDY models
	Calculation of the GPP increase between 2006–2015 and 1983–1992 due to CO2 increase based on Wenzel et al.29
	Calculation of CO2 seasonal cycle amplitude (SCA) change attributed to climate change over the NH high latitude forests by TRENDY models
	Significance statement

	References
	Acknowledgements


