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Responses to bg-2015-469: "Interannual variability of
the atmospheric CO, growth rate: Roles of

precipitation and temperature"

Dear Editor and Referees,

Thank you very much for your efforts to deal with our manuscript and provide
constructive comments. We have tried our best to re-summarize the results, and
modify this manuscript accordingly. The following is our point-by-point reply to

the comments.

Anonymous Referee #1

Comments:

1. T felt that the conclusion of the manuscript, ‘Because NPP is largely driven by
precipitation, this suggests a key role of precipitation in CGR IAV despite the higher
CGR correlation with temperature (P19074, L19-21 in abstract)’ is not sufficiently
supported by the results. Therefore, this statement should be toned down (or add some
more clear analysis). The authors claimed that ‘NPP is largely driven by precipitation
(e.g. P19074L19, P19085L12-13)’, however, the statement is not based on this
analysis, but based on existing literature. Important factors of tropical NPP are, I
believe, still debatable and depending on the study (e.g. Clark et al. 2003 (cited in this
study) suggests importance of temperature, plus many literature are listed in the
introduction section). If the authors would like to clarify the importance of
temperature/precipitation on NPP, further model sensitivity test is required.

Reply: Thanks very much for your suggestions.

Firstly, to be precise, we changed this statement in abstract as "the models
consistently show the variability in net primary productivity (NPP) dominates CGR,
rather than heterotrophic respiration. Because previous studies have proved that NPP
is largely driven by precipitation in tropics, it suggests a key role of precipitation in

CGR IAV despite the higher CGR correlation with temperature."
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Secondly, if we re-run some sensitive experiments to clarify the relative importance
of temperature and precipitation on NPP, we think we will get the same results,
indicated by Zeng et al. (2005) and Qian et al (2008), that precipitation dominates
NPP variability. Of course, in another separate work, we decide to make some
comparisons between the linear statistical decomposition and model sensitive
experiments, in order to clearly illustrate the importance of the analysis on the
biological process.

Thirdly, previous most studies that suggested the importance of temperature on
CGR TAV are primarily based on the high correlation coefficient between them (Clark
et al., 2003; W. Wang et al., 2013; X. Wang et al., 2014). In the first half of this work,
we also give out these correlation coefficients. In the second half, we show the NPP
variability dominates the CGR TAV, based on 7 state-of-the-art DGVMs participating
in TRENDY project. In addition, we can find out that tropical land precipitation and
temperature are highly correlated (Figure 1), partly owing to that less land
precipitation (for instance during El Nifio) can inhibit the evapotranspiration over
Tropics, promoting the higher temperature (Zeng et al., 2005a), and also is due to
ENSO-related circulation adjustments (Gu and Adler, 2010). Precipitation will
mislead the correlation coefficient between temperature and CGR. Therefore,
mechanistic analyses may give out more convincing explanations than the correlation

coefficients.

2. Furthermore, it might be helpful to add why this study made a different conclusion
compared with Wang et al. (2013) PNAS paper (cited in the manuscript) in discussion
section. Wang et al. (2013) claimed importance of temperature in tropics on Mauna
Loa CO2 growth rate based on the datasets similar to this study. Therefore, adding
some statement is helpful to understand the differences between this study and Wang
etal. (2013).

Reply: Thanks very much for your good suggestions. Actually, the result of Wang et
al. (2013) is based on the high correlation coefficient between Mauna Loa CGR and
temperature. They point out the temperature-CO2 coupling is owing to the additive
responses of Rh and NPP to temperature, while the weaker interannual

precipitation-CO2 coupling is because of the subtractive responses of Rh and NPP to
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precipitation. In this study, we also find out that the correlation coefficient between
CGR and temperature is somewhat higher than that between CGR and precipitation.
However, the state-of-the-art DGVMs consistently show that NPP is the dominant
process (standard deviation is 0.99 PgC yr '), while Rh is relative smaller with
standard deviation 0.29 PgC yr'. This weak Rh variability is resulted from its
subtractive responses to temperature and precipitation. Previous biogeochemical
terrestrial models have proved that tropical NPP is largely driven by precipitation.
Therefore, we conclude that precipitation is the dominant factor for CGR IAV beyond
the statistical correlation coefficient.

Here we add some statements as follows:

"Simultaneously, given that tropical land precipitation and air temperature are
dynamically correlated (Fig. 1), we think these correlation coefficients favor neither
temperature nor precipitation as the dominant factor of CGR IAV. It contrasts with
the result of W. Wang et al. (2013) that is based on the high correlation coefficient
between Mauna Loa CGR and temperature. Further, They pointed out that the
temperature-CO; coupling is mainly owing to the additive responses of NPP and R;, to
temperature, while the weaker precipitation-CO, coupling is because of the
subtractive responses of NPP and Ry to precipitation. However, in this study, the
biological dynamics underlying CGR IAV, based on 7 DGVMs, reveal that NPP is
the dominant process, and Ry, variability is obviously weaker caused by the opposing
effects of precipitation and temperature. In the tropics, NPP turned out to be largely
driven by precipitation through process-based terrestrial ecosystem models (Zeng et
al., 2005a; Qian et al., 2008), indicating the key role of precipitation in CGR TAV.
These mechanistic analyses may give out more convincing explanations than the

correlation coefficients."

3. P19074 L19: soil respiration -> heterotrophic respiration P19080 L23: (5) missing
model name.
Reply: Thanks very much for your suggestions. We have changed “soil respiration”

into “heterotrophic respiration” and added the model name “OCN” there.
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Anonymous Referee #3

1. title: as per the claim, I do not feel the paper really attempted to quantify the
"relative contribution" of temperature and precipitation on CO2 sources sinks. To be
precise I was looking for number how much fraction of the CO2 IAVs is due to
precipitation, and how of much of the CO2 IAVs is due to temperature. I only found
the total sensitivities of CO2 [AVsto T & P.

Reply: Thanks very much for your suggestions. Indeed, we do not think we can give
out the detailed contributions from temperature and precipitation by linear statistical
analyses. And we regard that sensitive experiments by models can show us more
reasonable results, but we do not have these runs. So we do not present the statistical
contributions from temperature and precipitation, though it is easy to do that. On the
contrary, we regard the precipitation as the dominant factor by process analyses. We
think we can remove the “relative contribution” from the title and change it as
“Interannual variability of the atmospheric CO2 growth rate: roles of precipitation and

temperature”.

2. p.19074, 1.15 : The models look to be more sensitive to T and P compared to
measurements. Why is that. One of the reasons I can imagine is that the models do not
include fires, but they are producing the IAV by increasing sensitivity to climate
variables.

Such tuning is probably also leading to the large sink increased simulated by the mod-
els in the recent years.

Reply: Thanks very much for your suggestions. From the Table 1, we can know that
five out of these DGVMs include the fire modules, but few of them contain nitrogen
limitations. Figure 8 shows the individual model’s sensitivities to temperature and
precipitation. We can find out that CLM4C and TRIFFID are more sensitive to these
two climatic elements than the other models. They will influence the ensemble result

to some extent. The other models are more close to the observations.

3. p.19076, 1.1 : I think this is true mainly in the temperate and boreal regions.
p-19078, 1.1 : as you may know some part of this record has to come to Keeling’s data,

until about 1970. including a reference to SCRIPS/Keeling is appropriate here.
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Reply: Thanks very much. We also calculated the interannual variabilities of NPP and
Rh in the temperate and boreal regions, and we can find out that NPP and Rh cancel
each other strongly. Maybe temperature plays an important role in these regions. It
still needs further studies.

Thanks for your suggestion. We have added two references of Keeling et al., 1976

and Masarie and Tans, 1995 for these datasets.

4. p.19079, 1.19 : Is this the real reason? how about low cloudiness and greater
amount of incoming solar radiation?

Reply: Thanks for your suggestions. Tropical land temperature and precipitation are
closely correlated. The high correlation is partly due to that less land precipitation (for
instance during El Nifio) can inhibit the evapotranspiration over Tropics, promoting
the higher temperature (Zeng et al., 2005), and also is due to the ENSO-related
circulation adjustments (less low cloudiness and greater amount of incoming solar

radiation) (Gu and Adler, 2010). We have modified it accordingly.

5.p.19080, 1.16 : is there a mismatch in ’-v1’ and */V2/°?
Reply: It is right here. The datasets come from TRENDY-v1. But we do download the
data from http://www-Iscedods. cea.fr/invsat/RECCAP/V2/. We consulted Sitch for

this information and he told us this /V2/ is because they re-run these experiments.

6. p.19081, 1.7 : if you are interested only in the region of 23S-23N, the previous step
of making data at 1x1 deg wasn’t needed.
Reply: Thanks. In the last figure, we attempt to give out the sensitivities to T & P grid

by grid. So it is necessary to make data at 1x1 degree first.

7. p-19083, 1.10 : ’temperature over land lags ENSO by 4 months’. I cannot
understand the significance of this general statement. The timing of heat wave due to
ENSO cycle vary from continent to continents (America, Africa and Asia) and the
location, say the northern and the southern Southeast Asia. This study would have
been more useful for process-level understanding if the authors broke down the

tropical regions by continents and by hemispheres.
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Reply: Thanks for your good suggestions. Firstly, Cross correlation shows the
temporal relationships among variables. It demonstrates the tropical land temperature
lags ENSO by 4 months. Secondly, it is a good idea to study the relative process from
continent to continent. But observations reflecting the regional interannual flux are
unavailable. Therefore, the tropical or global total fluxes are most adopted. This is

maybe a good idea for a future study.

8. p.19083, 1.17 : PCP or TMP and ENSO shows similar correlation coefficient. then
why conclude the ’soil moisture plays a key role ...”?

Reply: Thanks very much. The correlation coefficients are just statistical values.
Physically, we can easily understand that ENSO results in precipitation and
temperature fluctuations (T lags P by 4-5 month), affecting the terrestrial carbon
fluxes. But precipitation does not directly affect them, but via soil moisture. Further,
precipitation and temperature are physically correlated. The high correlation
coefficient between temperature and carbon fluxes may come from precipitation
effects. The model sensitivity experiments also show the precipitation (soil moisture)
is more important than temperature (Qian et al., 2008). Here we modified this

sentence as "soil moisture plays an important role ..."

9. p.19083, 1.25 : why blame inverse models, if you are not analysing those results.
The inversion models still have some advantages to be used..

Reply: Thanks very much. We do not blame inverse models, and we just want to
announce their different techniques. We have changed this sentence as "Different

from inversion models, ..."

10. p.19086, 1.2 : this is an overstatement - the bottom line is that the NPP models are
oversensitive to climate, and the tuning of all 7 DGVMs are perhaps biased. for ex-
ample, we may need greater disturbance flux compared to what is simulated by the
models, if one compare the DGVM results with say fire emissions from say GFED.

Reply: Thanks very much for your suggestions. Figure 8 illustrates that the
sensitivities to temperature and precipitation of most models are close to observations.
Only a few models are oversensitive to climate. Though DGVMs are perhaps biased,

multi-model results are somewhat convincing. In addition, most models include the
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fire processes (Table 1). And we agree that carbon emissions caused by fires,

triggered by droughts, in some years are very important (Van der Werf et al., 2004).

11. p.19086, 1.13 : I think the negative correlation are a bit strange for VEGAS model.
Any explanation?

Reply: Thanks very much. The version of VEGAS participating in TRENDY behaves
like this. Soil respiration is simultaneously influenced by temperature and soil
moisture. For example, higher temperature can enhance Rh, but less precipitation can
inhibit Rh during El Nino. In this version, Rh is too sensitive to soil moisture factor.

And in later version, we have modified this process.

12. p.19086, 1.28 : does this mean CFta and NPP are not casually related?
Reply: I do not agree. The little phase discrepancy between CFta and NPP can be
caused by Rh and D variabilities, though their small amplitudes. And some individual

model shows the in-phase variability.

13. p.19089, 1.15: need some reference on grided analysis, which seems to exist as per
the sentence
Reply: Thanks very much for your suggestions. We have added some references of

Zeng et al., 2005a, Qian et al., 2008, W. Wang et al., 2013 here.

14. p.19089, 1.19: this is not the real world! some areas are more influenced by fires,
which you do not capture by these DGVMs

Reply: Thanks very much for your suggestions. I agree with you that this is not the
real world. But models are good tools for understanding these processes. And five out
of these DGVMs have taken the fire effect into considerations, though few models

include the nitrogen limitations (Table 1).

15. p.19089, 1.26: interesting observations, but too speculative...

Reply: Thanks very much. Owing to absence of observations, the results in this
paragraph are difficult to validate. We give out this paragraph mainly due to their
good performance in aggregated flux variability. Also we explain these phenomena

based on the model structure.
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16. p.19090, 1.4 : you should mention whether your results agree with some others -
from this sentence there seems to be some

Reply: Thanks very much. We have added the reference of Qian et al., 2008 here.

17. p.19092, 1.2 : maybe because there is a time lag between emissions to occur and
concentration growth rate. Also note that not the whole tropical land experience the
severity of an El Nino at the same time. Do have an alternative explanation ?

Reply: Thanks very much. It is actually true that there is a time lag between emissions
and Mauna Loa CO2 growth rate. But we do not yet clearly understand their lag time
scales, and which regions Mauna Loa CO2 growth rate is sensitive to. Therefore, It

needs more work by transport models to understand these processes.

References:
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Abstract

The interannual variability (IAV) in atmospheric CO, growth rate (CGR) is closely
connected with the El Niflo—Southern Oscillation. However, sensitivities of CGR to
temperature and precipitation remain largely uncertain. This paper analyzed the
relationship between Mauna Loa CGR and tropical land climatic elements. We find
that Mauna Loa CGR lags precipitation by 4 months with a correlation coefficient of
—0.63, leads temperature by 1 month (0.77), and correlates with soil moisture (—0.65)
with zero lag. Additionally, precipitation and temperature are highly correlated

(—0.66), with precipitation leading by 4—5 months. Regression analysis shows that
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sensitivities of Mauna Loa CGR to temperature and precipitation are 2.9240.20 PgC
yr ' K and —0.46+0.07 PgC yr' 100 mm ', respectively. Unlike some recent
suggestions, these empirical relationships favor neither temperature nor precipitation
as the dominant factor of CGR IAV. We further analyzed seven terrestrial carbon
cycle models, from the TRENDY project, to study the processes underlying CGR
IAV. All models capture well the IAV of tropical land—atmosphere carbon flux
(CFra). Sensitivities of the ensemble mean CFra to temperature and precipitation are
3.1840.11 PgC yr ' K™' and —0.67+0.04 PgC yr ' 100 mm™', close to Mauna Loa
CGR. Importantly, the models consistently show the variability in net primary
productivity (NPP) dominates CGR, rather than heterotrophic respiration. Because

previous studies have proved that NPP is largely driven by precipitation in tropics, it

Carl 16/2/22 4:44 PM
E';mﬂ l‘ﬁ%: soil

suggests a key role of precipitation in CGR IAV despite the higher CGR correlation

with temperature. Understanding the relative contribution of CO, sensitivity to
precipitation and temperature has important implications for future carbon-climate

feedback using such ‘emergent constraint’.

1 Introduction

Increasing atmospheric carbon dioxide (CO;) concentration, from anthropogenic
emissions, is the major contributing factor to global warming. This trend can be seen
from the long-term CO, records from the Mauna Loa Observatory, Hawaii, with a
significant seasonal cycle and interannual variability (IAV) superimposed (Keeling et

al., 1976; Keeling et al., 1995). The IAV of the atmospheric CO, growth rate (CGR)
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is closely connected to the El Nifio-Southern Oscillation (ENSO), with noticeable
increases during El Nifio, and decreases during La Nifia, events (Bacastow, 1976;

Keeling and Revelle, 1985).

The IAV of the atmospheric CGR is the consequence of climate-induced variations in
oceanic and terrestrial carbon sources and sinks. Earlier studies have considered the
CO; flux changes over the oceans, especially the equatorial Pacific Ocean, as the
cause of the atmospheric CO; IAV (Bacastow, 1976; Francey et al., 1995). However,
later inversion modeling studies (Bousquet et al., 2000; Rodenbeck et al., 2003) and
many measurement campaigns (Nakazawa et al., 1997; Lee et al., 1998; Feely et al.,
2002) have suggested only a small IAV in oceanic carbon uptake. These evidences
elucidate the dominant contributions from the terrestrial ecosystems, especially in the
tropics, to the IAV of the atmospheric CGR (Braswell et al., 1997; Bousquet et al.,
2000; Zeng et al., 2005a; Qian et al., 2008). Recently, using the combination of land
surface models and the satellite-based land cover map, Ahlstrom et al. (2015) pointed
out that semi-arid ecosystems, largely occupying low-latitudes, dominated the

terrestrial carbon interannual variability.

The influence of the ENSO on terrestrial carbon IAV can be largely explained by a
‘conspiracy’ between tropical climatic variations (a tropical-wide drought and
warming during El Nifio) and the responses of soil and plant physiology (Kinderman
et al., 1996; Tian et al., 1998; Knorr et al., 2005; Patra et al., 2005a; Zeng et al.,

12



342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

2005a), as well as some abiotic processes such as fires (van der Werf et al., 2004).
However, the processes and strengths of the responses in such terrestrial biotic and
abiotic functions remain controversial. Temperature, an important physical variable
affecting photosynthesis and respiration, is regarded as the dominant factor on the
basis of the significant correlation with Mauna Loa CGR anomalies and in situ
observations on tropical tree growth, as well as confirmation by terrestrial carbon
cycle models (Kindermann et al., 1996; Braswell et al., 1997; Clark et al., 2003; Cox
et al., 2013; Piao et al., 2013; W. Wang et al., 2013; X. Wang et al., 2014). Warming
anomalies during El Nifio events above a certain threshold can result in a decrease in
the terrestrial primary productivity, in part due to the curtailment of the leaf gas
exchange (Doughty and Goulden, 2008; Corlett, 2011). Simultaneously, the
heterotrophic respiration, Rj, caused by microbial decomposition, increases
exponentially with warming temperature (Qio). These direct biological responses to
warming temperature variations account for the significant positive correlation
between the tropical temperature and CGR (W. Wang et al., 2013; X. Wang et al.,
2014). Moreover, further analyses have suggested a two-fold increase in the
sensitivity of CGR to the tropical temperature variations in the past five decades (X.

Wang et al., 2014).

Variation in precipitation over land was proposed as an alternative dominant factor
affecting the IAV of the CGR by process-based biogeochemical models of terrestrial
ecosystems (Tian et al., 1998; Zeng et al., 2005a; Qian et al., 2008). In order to

13
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quantify the individual effects of the ENSO-induced climatic variations, Qian et al.
(2008) conducted a series of the sensitivity experiments using a dynamic global
vegetation and terrestrial carbon model (VEGAS). They revealed that the
contributions from the tropical precipitation and temperature accounted for 56% and
44% of variations in air-land carbon fluxes during the ENSO events, respectively. In
situ records from multiple long-term monitoring plots in the Amazon rainforest have
been used to assess the severe drought in 2005, which caused a total biomass carbon
loss of 1.2-1.6 Pg (petagrams) (Phillips et al., 2009). Ahlstrom et al. (2015) also
found that precipitation and NBP AV became more correlated with increasing spatial

and temporal disaggregation.

These differing viewpoints indicate the current limited understanding of biological
processes’ response to ENSO. These interannual sensitivities may be important for
understanding the strengths of the positive carbon—climate feedback and climate
sensitivities of the terrestrial carbon cycle in future climate change (Cox et al., 2000;
Cox et al., 2013; Wang et al., 2014; Wenzel et al., 2014). Therefore, in this paper, we
again investigate the relationships between Mauna Loa CGR and the tropical climatic
variations, based on the up-to-date observations. The tropical climatic parameters are:
temperature, precipitation, soil moisture, and photosynthetically active radiation
(PAR). The performance of IAVs in the tropical terrestrial carbon cycle was
simulated by 7 state-of-the-art terrestrial carbon cycle models with monthly outputs,
from the TRENDY project (Trends in Net Land Atmosphere Carbon Exchanges)

14
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(Canadell et al., 2011; Sitch et al., 2015). These mechanistic models are used to
delineate the processes underlying the IAVs in CGR, and determine how strong their
sensitivities to temperature and precipitation are. In return, these results also give out
the evaluations on the 7 terrestrial carbon cycle models on the interannual time scale,

which are important for improving them in their development communities.

The paper is organized as follows: Section 2 describes the datasets, methodologies,
and terrestrial carbon cycle models that are used. Section 3 presents related results
covering three aspects: first, the observed relationships between Mauna Loa CGR and
climatic variations; second, the performance and consistencies among the terrestrial
carbon cycle models; and third, the climatic sensitivities of CGR and tropical
terrestrial carbon cycle. Finally, discussions and concluding remarks are presented in

Sect. 4 and 5.

2 Datasets, methodologies, and models
2.1 The observed and reanalysis datasets
The long-term in situ records of atmospheric CO, concentrations from the Mauna Loa
Observatory were obtained from the website of the National Oceanic and

Atmospheric Administration (NOAA) Earth System Research Laboratory (ESRL)

(http://www.esrl.noaa.gov/gmd/ccgg/trends/index.html) (Keeling et al., 1976). We
used the monthly mean concentrations to calculate the atmospheric CGR for 1960 to

2012. Meanwhile, we took the globally averaged marine surface monthly mean data
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from the NOAA (http://www.esrl.noaa.gov/gmd/ccgg/trends/global.html) for 1980 to

2012 as a comparison with the Mauna Loa datasets (Masarie and Tans, 1995),

The near-surface air temperature and precipitation over land data, with a 0.5°x0.5°
resolution, came from the Climatic Research Unit (CRU) Time-Series (TS) version
3.21 of high resolution gridded data of month-by-month variations in climate (Harris
et al., 2014). These datasets were compiled from observations by weather stations
around the world, and have been widely used to validate the performance of model
simulations in phase 5 of the Coupled Model Intercomparison Project (CMIP5). We
took the PAR data from the NASA Global Energy and Water Exchanges (GEWEX)
Surface Radiation Budget (SRB) Realease-3.0 datasets, with a 1°X1° resolution for
the period 1984-2007 (Stackhouse et al., 2011). Soil moisture datasets from the
Global Land Data Assimilation System Version 2 (GLDAS-2) monthly NOAH model
products were adopted, with a 1°X1° resolution for 1960-2010 (Rodell et al., 2004).
We used the sea surface temperature (SST) from the Hadley Center (HadSST2)
(Rayner et al., 2005), generated from in situ observations held in the International
Comprehensive Ocean—Atmosphere Data Set (ICOADS), to obtain the SST anomalies

in the Nifio 3.4 regions which refer to the ENSO activities.

2.2 Statistical methods
The CGR was estimated as the difference between the monthly mean concentrations
in adjacent years (Patra et al., 2005¢; Sarmiento et al., 2010):
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GR(t)=CO,(t+6)—CO,(t-6), 1)
where t denotes the specific month. We then converted the CGR from ppm yr ' into
PgC yr ', based on the conversion factor 1 PgC = 0.471 ppm. The time series of the
climatic variables in the tropics (23°S-23°N) over land were area-weighted and
averaged. The long-term seasonal cycle was removed from these time series, and in
order to precisely extract variations on the interannual timescale, we further applied
the Lanczos band-pass filter (Duchon, 1979) with cut-off periods at 12 and 120
months and 121 weights to these time series, which filters out the seasonal cycle and

decadal variabilities with 1-10 years window for our analyses.

The relationships between the atmospheric CGR and the climatic variables on an

interannual timescale were deciphered via the cross-correlation (Chatfield, 1982):

_13 KO- X)¥G+b-Y)
‘W= Z‘ c(X)a(Y)

, (@)
where k denotes the lag months, Xand Y are the means of the time series, and o(X)
and o(Y) are the standard deviations. These filtered time series are strongly

persistent (or highly auto-correlated), so the effective degrees of freedom (dof) were

simply estimated with the approach of Bretherton et al. (1999):

dof _1-r(Ar)’

n 1+r(At)?’ )

where n denotes the sample size, r(At) is the coefficient of the first order

autocorrelation, and At is 1 month.
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Figure 1 shows how the tropical land temperature and precipitation are closely
correlated. Cross-correlation analysis indicates that their relationship peaks at a
correlation coefficient of —0.66, with a time lag of about 4-5 months in temperature.
This high correlation coefficient is partly owing to that less land precipitation (for
instance during El Nifio) can inhibit the evapotranspiration over Tropics, promoting
the higher temperature (Zeng et al., 2005a), and also is due to ENSO-related

circulation adjustments (Gu and Adler, 2010). Sensitivities of the atmospheric CGR —

or tropical land—atmosphere carbon flux (CFrs) — to temperature and precipitation
were estimated according to the ridge regression method (Hoerl and Kennard, 2000),
the biased estimation for non-orthogonal problems. The linear relationship can be
expressed as:

YA =y X, () + 8" X, (1 —4) + €, 4
where y(t) denotes the IAVs in the Mauna Loa CGR, CF1a, or NPP; x7,, and xp,
denote the IAVs in the tropical land temperature and precipitation; ¥ and &
are the estimated sensitivities by ridge regression; and & is the residual error.
Precipitation leads by 4 months in the regression, according to below analyses.
However, these estimated sensitivities only account for the “contributive” effects of
temperature and precipitation variations, but not the "true" sensitivities of Mauna Loa
CGR, CFra, or NPP to these variables (Piao et al., 2013). The responses of terrestrial
ecosystems to temperature and precipitation are actually nonlinear, so it is difficult to
disentangle the individual effects of temperature and precipitation based on the linear
statistical method. Additionally, we did not take into consideration the other climatic
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drivers such as variation in PAR or humidity, which may also contribute to the IAV in

atmospheric CGR.

2.3 Terrestrial carbon cycle models and post-processing

In order to understand the contributions of tropical terrestrial ecosystems to the
atmospheric CGR and its underlying processes, we used the monthly outputs of 7
state-of-the-art dynamic global vegetation models (DGVMs) that participated in the
TRENDY project (TRENDY-vl; Canadell et al, 2011; Sitch et al., 2015)
(http://www-1scedods.cea.fr/invsat/RECCAP/V2/). All the DGVMs were forced by
observed change in atmospheric CO, concentration and historical climate change. The
land use was kept time-invariant during the entire S2 simulation. Information on
model resolution, nitrogen and fire modules is summarized in Table 1. The models
used were: (1) CLM4C (Lawrence et al., 2011); (2) CLM4CN (Bonan and Levis,
2010; Lawrence et al., 2011); (3) LPJ (Sitch et al., 2003); (4) LPJ-GUESS (Smith et
al., 2001); (5) OCN (Zaehle and Friend, 2010; Zaehle et al., 2010); (6) TRIFFID
(Cox, 2001); and (7) VEGAS (Zeng et al., 2005a). Due to the different horizontal
resolution of the DGVMs, we interpolated the simulated terrestrial carbon fluxes into
a consistent 1°X1° resolution using the first order conservative remapping scheme

(Jones, 1999) following the equation:

— 1
F, :A—ijkfdA, Q)
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where F, is the area-averaged destination flux, A is the area of cell k, and f is
the flux on an old grid which has overlapping area A with the destination grid. After

that, the tropical terrestrial carbon fluxes were obtained according to the equation:
F=Y FA,, (6)
k

between 23°S-23°N.

3 Results
3.1 The relationships between the atmospheric CGR and climatic
variables

Significant IAV was first detected in the atmospheric CO, record at the Mauna Loa
Laboratory, Hawaii (Keeling et al., 1995; Keeling et al., 1976). Figure 2e presents the
long-term IAVs of Mauna Loa CGR during 1960-2012 and the globally averaged
marine surface data during 1980-2012. The IAVs of the two datasets are highly
consistent, so we mainly focus on the long-term Mauna Loa CGR. Shown in Figs. 2a
and 2e, the standard deviation of Mauna Loa CGR is about 1.03 PgC yr ', with
noticeable increases in the positive anomalies in the Nifio 3.4 index, and vice versa
for the negative anomalies. The ENSO activities, the dominant year-to-year mode of
global climate fluctuations, greatly impact tropical precipitation and temperature on
land, through adjustments in atmospheric circulations (Gu and Adler, 2011).
Importantly, temperature and precipitation have opposite signs (Figs. 2b and 2c), with

the respective correlation coefficients, relative to the Nifio 3.4 index, of 0.55 and
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—0.83 (p < 0.05). These ENSO-induced tropical land temperature and precipitation
variations contribute to the CFr4 in the same direction due to a 'conspiracy' between
climate anomalies and vegetation—soil response (Qian et al., 2008; Zeng et al., 2005a).
For example, warming and drier conditions during El Nifio events can result in the
suppression of NPP and enhancement of Ry, both leading to anomalous flux into the
atmosphere. However, precipitation does not directly interact with vegetation
physiology. Rather, vegetation responds to soil moisture, which is determined not
only by precipitation but also by temperature, as higher temperatures lead to increased
evaporative water loss (Qian et al., 2008). We also calculated the tropical IAVs in soil
moisture from the surface to a 2m depth, and found that the soil moisture decreased
during El Nifio events, and increased during La Nifia events (r of —0.63, with p =
0.017 in Fig. 2d). As decreases in soil moisture can suppress the NPP and Ry, and vice
versa for increases in soil moisture, this may further affect the atmospheric CGR.
Besides temperature, precipitation, and soil moisture, other climatic IAVs, such as
PAR (Fig. S1), may also influence the variations in terrestrial ecosystems (Nemani et

al., 2003).

The coupling between the tropical temperature and precipitation induced by the
ENSO can be perturbed or interrupted by strong volcanic eruptions, such as those of
El Chichén in March 1982 and Mount Pinatubo in June 1991 (Fig. 2). Especially
during the post-Pinatubo years, the temperature and precipitation both decreased in
the 1991-92 El Nifio events. This unusual relationship resulted from radiative forcing
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of volcanic sulfate aerosols in the stratosphere (Stenchikov et al., 1998). Meanwhile,
there was a hiatus in the coupling between the Nifio 3.4 and Mauna Loa CGR in this
period. W. Wang et al. (2013) used this decoupling between the Nifio 3.4—
precipitation—-Mauna Loa CGR relationship to highlight the temperature—CO,
relationship. However, the anomalous growth in vegetation was largely attributed to
diffuse light fertilization (Mercado et al., 2009). In general, the canonical ENSO—

CGR relationship is robust, although it can occasionally be externally perturbed.

To elucidate the relationship between Mauna Loa CGR and the variations in climatic
variables, we conducted cross-correlations of anomalies in Mauna Loa CGR with
anomalies in the Nifo 3.4 index, tropical surface air temperature, precipitation, soil
moisture, and PAR (Fig. 3). We find that ENSO activities generally lead Mauna Loa
CGR by about 3—4 months, with a correlation coefficient of 0.70 (p = 0.007). The
precipitation over land immediately responds to the ENSO, and thus also lead Mauna
Loa CGR by about 4 months, with a correlation coefficient of —0.63 (p = 0.016),
similar to the results of W. Wang et al. (2013) (Table 2): this phenomenon may
explain the weak correlation of Mauna Loa CGR with concurrent precipitation.
However, the temperature over land lags the ENSO by about 4 months, suggesting a
certain time was needed for surface energy adjustment along with the ENSO-induced
circulation and precipitation anomalies (Gu and Adler, 2011). Consequently, the
correlation between land temperature and Mauna Loa CGR peaks with the correlation
coefficient of 0.77 (p = 0.002), with a 1-month lag in temperature, a little different
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from the previous results (W. Wang et al., 2013; X. Wang et al., 2014) (Table 2). This
discrepancy in phase implicitly proves that temperature was not the only dominant
factor in controlling IAV in atmospheric CGR. The relationship between land
precipitation and Mauna Loa CGR can be bridged by the soil moisture. The
correlation of Mauna Loa CGR with concurrent soil moisture has the maximum

correlation coefficient of —0.65 (p = 0.022), suggesting the soil moisture plays an

important role in AV of atmospheric CGR, as analyzed by Qian et al. (2008), though
soil moisture is not well constrained by observations. We also show the
cross-correlation of Mauna Loa CGR with PAR, but the correlation is not statistically

significant.

3.2 Simulations using dynamic global vegetation models

Different from inversion models, process-based terrestrial carbon cycle models can

determine the biological dynamics underlying the AV in atmospheric CGR. Previous
studies (Jones et al., 2001; Zeng et al., 2005a; Qian et al., 2008) have analyzed
individual models. The TRENDY model output archives provide the opportunity to

analyze the mechanisms with an ensemble of state-of-the-art carbon cycle models.

The TAV in ensemble mean tropical CFra, derived from six state-of-the-art DGV Ms,
is presented in Fig. 4a with the 1-o inter-model spread and IAV in Mauna Loa CGR.
We excluded the CLM4CN to calculate the ensemble mean because of its different
response of CFran and NPP to temperature and precipitation, according to our
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analyses. The co-variation coefficient, 0.79 with p = 0.003, indicates: first, that the
tropical terrestrial ecosystems dominate the IAV in atmospheric CGR, confirming
previous findings (Braswell et al., 1997; Bousquet et al., 2000; Zeng et al., 2005a);
and second, that these state-of-the-art DGVMs have the capacity for capturing the
historical AV in terrestrial ecosystems. There is also a significant inconsistency
during the post-Pinatubo period 1991-1992, owing to diffuse light fertilization
(Mercado et al., 2009). To better understand the contribution from other regions, we
also show the IAVs in carbon fluxes for the Northern Hemisphere (23°N-90°N) and
Southern Hemisphere (60°S—23°S) (Fig. S2). It is clear that the magnitudes of IAVs
in carbon fluxes from the Northern Hemisphere (¢ = 0.38 PgC yr ') and Southern
Hemisphere (0.21 PgC yr ') are much weaker than the tropical CFra (1.03 PgC yr ).
Further, the correlations between the variations in carbon fluxes from the extratropical
regions and Mauna Loa CGR are insignificant, suggesting that these IAVs may not be

caused by ENSO. Therefore, we will only focus on the tropical CFra below.

The net land—atmosphere carbon flux CFr4 results from carbon adjustments in many
biotic and abiotic processes. It can be decomposed as:

CF,, =R,—NPP+D, @)
where D denotes the disturbances, mainly caused by fires here. We decomposed the
simulated ensemble CFps into three terms (—NPP, Ry, and D; Figs. 4b—d), to
understand which process was the major factor. (To be precise, we obtained the term
D as the residual according to Eq. (7), because it was not explicitly provided in the S2
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simulation.) We find that the —-NPP has the strongest magnitude in the IAVs (0.99
PgC yr', Table 3) among these three processes. The correlation coefficient of ~NPP
with CFra reaches 0.97 (p < 0.0001, Table 3), explaining about 94% of variance. The
standard deviations of R, and D are 0.29 PgC yr' and 0.10 PgC yr ' (Table 3),
respectively, and their correlation coefficients with CFra are —0.02 (p = 0.94) and
0.76 (p = 0.001). The weaker IAVs and insignificant correlation of R, with CFra may
arise from the opposing effects of temperature and precipitation. For example, higher
temperatures can enhance R,, whereas less precipitation — drier conditions — can
suppress it. This result agrees with the C*MIP results in which NPP also dominates
CFra (Fig. S3). In contrast, the weakest term (D) has the very significant correlation
with CFrs (Table 3) because both higher temperature and less precipitation promote
fires. In summary, the IAV in tropical NPP largely accounts for tropical CFra
variation, dominating the IAV in atmospheric CGR. Because NPP is mainly driven by
precipitation ( Zeng et al., 2005a; Qian et al., 2008 ) , this suggests precipitation plays

an important role in CGR IAV.

Though the ensemble tropical CFra (and —NPP) can well explain the historical IAV in
atmospheric CGR, it is necessary to understand the performance of each individual
DGVM. Figure 5 shows the color-coded correlation matrices for the interannual
anomalies in the tropical CFry and —NPP estimated by the 7 DGVMs, as well as
Mauna Loa CGR and ensemble mean results ("ENS"). As expected, each correlation
in pairs among the tropical CFra is statistically significant (p < 0.03, Fig. 5a),
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indicating that these 7 DGVMs have great consistency in simulating the IAV in
tropical terrestrial ecosystems under the same climatic forcing, although their
considerations and parameterizations on the biotic and abiotic processes differ.
Moreover, this consistency also suggests the ensemble result is not fortuitous, and
well represents the individual DGVM. Therefore, all the correlations of the Mauna
Loa CGR with the CFra simulated by each DGVM are significant (p < 0.02), like the
ensemble CFra. But it is interesting that the correlation coefficients of Mauna Loa
CGR with CLM4CN (0.64, p = 0.02) and OCN (0.61, p = 0.01) are weaker compared
to the other models. We notice that the correlations of these two models with the other
models in pairs are the weakest. These two DGVMs share a common feature, as both
take the nitrogen limitation for the plant growth into consideration (Table 1). Though
accounting for these factors suggests these models are more complete in structure,
they do not produce better simulations, indicating that the impact of nitrogen on the

carbon cycle remains uncertain.

The correlation coefficients in pairs for NPP also show high consistency (Fig. 5b),
further confirming the conclusion that the IAV in NPP domination of the CFra
variation is common to all DGVMs. On the contrary, there are discrepancies in the
variations of the simulated R, and D (Fig. S4). Specifically, we find that four
(CLM4C, CLM4CN, LPJ, and LPJ-GUESS) have consistent variations in estimated
Ry, whereas the others (OCN, TRIFFID, and VEGAS) are different (Fig. S4a). All the
simulated Ry, except TRIFFID and VEGAS have insignificant correlation with the
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Mauna Loa CGR, like the behavior of the ensemble mean. Even if the correlations are
significant in TRIFFID and VEGAS, they have opposite behaviors (TRIFFID: 0.64, p
= 0.01; VEGAS: —0.52, p = 0.08). The various responses to temperature and
precipitation result in the occurrence of large uncertainties in the simulated Ry. It is
even more difficult to explain the disturbance term D (Fig. S4b). However, although
large uncertainties exist in R, and D, we still conclude with confidence that the
variations in tropical vegetation on the interannual timescale largely account for the
atmospheric CGR variability, because the variation magnitudes of R, and D are much

smaller.

Although the correlations of Mauna Loa CGR with the concurrent individual
simulated CFra are all statistically significant (Fig. 5a), the cross-correlations of
Mauna Loa CGR with CFrs show that small discrepancies in phase exist among 7
DGVMs (Fig. 6a), and of course, are associated with NPP (Fig. 7a). Nevertheless, the
correlations of Mauna Loa CGR with the concurrent ensemble CFrs and -NPP have
maximum values, indicating the multi-model simulated ensemble tropical CFra and —
NPP well represent the variations in Mauna Loa CGR. Of course, the small
discrepancies in phase of the individual models originate from their different
responses to temperature and precipitation. The correlation of ensemble CFra with
temperature peaks at 0.91, without a time lag (Fig. 6b, Table 4), while the correlation
between —NPP and temperature peaks at 0.82, with around a 1-month lag in
temperature (Fig. 7b, Table 4). On the other hand, the correlations of the ensemble
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CF1a and —NPP with precipitation peak at —0.81 and —0.86 with time lags of 4 and 3
months (Figs. 6¢ and 7¢c, Table 4). These behaviors are highly consistent with those in
Mauna Loa CGR (Fig. 3). The responses of each DGVM to temperature and
precipitation are listed in Table 4. Though there are small discrepancies in phase, their
behaviors are similar to each other, except for the CLM4CN model. The responses of
CFra and NPP in CLM4CN to precipitation are too immediate, possibly indicating
that the soil moisture adjusts too quickly along with precipitation changes. Unlike
NPP, the responses of R, and D to temperature and precipitation are not so consistent

among the models (Figs. S5 and S6), resulting in the discrepancies shown in Fig. S4.

3.3 Sensitivities to temperature and precipitation

As discussed above (Fig. 3), the variations in atmospheric CGR are correlated with
the variations in temperature and precipitation induced by ENSO. Simulations by the
process-based terrestrial carbon cycle models have demonstrated that the tropical
CFra variability, dominated by the plant primary productivity process, largely
accounts for the variations in atmospheric CGR. It further confirms the key
importance in precipitation. But quantitatively how sensitive is the atmospheric CGR
(CF1a/NPP) to temperature and precipitation, respectively? Currently, there is no
direct observational evidence. Therefore, for simplicity, we took the ridge regression
(Hoerl and Kennard, 2000) to linearly decompose the variations in atmospheric CGR,
CFra, and NPP into two parts, as per Eq. (4). Simultaneously, as the precipitation is
not a direct forcing to the terrestrial ecosystems in the models, it usually leads the
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Mauna Loa CGR by about 4 months (Fig. 3). The precipitation also leads the tropical
CFra and reversed NPP simulated by the DGVMs for about 3—4 months (Table 4). To
be consistent, we chose a 4-month lead, to use precipitation as an explanatory
variable. The other explanatory variable was the concurrent temperature, owing to its
direct impact. We excluded the CLM4CN simulations, because of the model’s

differing responses to temperature and precipitation (Figs. 6 and 7).

The sensitivity of Mauna Loa CGR to the tropical temperature IAV is about
2.9240.20 PgC yr ' K'' (Fig. 8a). This positive response is weaker than that found by
Piao et al. (2013) who obtained the contributive effect of temperature variations on
residual land sink (RLS, (Le Quere, 2009)) of about —3.9+1.1 PgC yr' K (the
negative sign is because the opposite variability between Mauna Loa CGR and RLS)
using multiple linear regression on the global scale. The IAV in the RLS like Mauna
Loa CGR is basically determined by the tropical terrestrial ecosystems. Considering
the inhomogeneity of temperature variations on the global scale, it is more reasonable
to use the tropical temperature variability to estimate their temperature-dependence.
The sensitivity of the ensemble tropical CFra to the temperature variability is about
3.1840.11 PgC yr' K', very close to the sensitivity of Mauna Loa CGR. The
sensitivities of the tropical CFra in the individual DGVMs are all positive, ranging
from 1.9540.12 PgC yr' K in the OCN model, to 4.78+0.17 PgC yr' K in
TRIFFID. Three models well simulate this sensitivity: LPJ is 2.8840.09 PgC yr ' K';
LPJ-GUESS is 2.79+0.12 PgC yr' K''; and VEGAS is 2.98+0.08 pgC yr' K.
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These CFra sensitivities are linearly correlated with those of -NPP with a slope of
0.61, and a correlation coefficient of 0.83 (p < 0.05), in accord with the conclusion
that variabilities in vegetation primary production dominate the CFr, variabilities.
This is in accord with the result in Piao et al. (2013), that the response of gross
primary production (GPP) to temperature accounts for the response of net biosphere

production (NBP).

On the other hand, the sensitivity of Mauna Loa CGR to the tropical precipitation
IAV has a value of —0.46+0.07 PgC yr ' 100 mm ' (Fig. 8b). However, Piao et al.
(2013) showed that the correlation between RLS and precipitation was not statistically
significant with a value of 0.8%1.1 PgC yr ' 100 mm . This difference is mainly due
to the usage of a) annually averaged RLS and precipitation, and b) globally averaged
precipitation variability. The sensitivity of the ensemble tropical CFra simulated by
the DGVMs to precipitation variability is —0.6720.04 PgC yr ' 100 mm ', a little
stronger than the estimation in Mauna Loa CGR. In the individual DGVMs, three
have values within the uncertainty of Mauna Loa CGR: LPJ at —0.54£0.04 PgC yr '
100 mm"'; LPJ-GUESS at —0.3610.04 PgC yr ' 100mm'; and OCN at —0.34%0.05
PgC yr ' 100 mm . The estimation in VEGAS is a little weaker, with a value of
—0.2910.03 PgC yr ' 100 mm ', whereas the estimations in CLM4C (—1.34%0.05
PgC yr ' 100 mm ") and TRIFFID (-1.1420.06 PgC yr ' 100 mm ') are too strong.
Clearly, a significant linear relationship also exists between these sensitivities in CFra
and —NPP, with a slope of 0.65, and correlation coefficient 0.86, with p < 0.05.
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Based on the combination of sensitivities to temperature and precipitation, CLM4C
and TRIFFID are more sensitive to these climatic variabilities than the other DGV Ms,
resulting in a stronger IAVs in these two models (CLM4C: ¢ = 1.73 PgC yr ',
TRIFFID: ¢ = 1.62 PgC yr'; Table 3), whereas the other DGVMs have more
reasonable magnitudes except CLM4CN (Table 3). Overall, the models simulate well
the historical TAV, due to their reasonable sensitivity to the tropical terrestrial

ecosystems’ temperature and precipitation.

Past studies on the interannual CO, variability have mostly focused on the
sensitivities of the aggregated carbon flux to temperature and precipitation (Zeng et
al., 2005a; Qian et al., 2008; W. Wang et al., 2013). Here we present the sensitivities
of the ensemble CFra grid by grid to temperature and precipitation, in order to
roughly have an insight into the regional responses (Fig. 9). The sensitivities to
temperature in the tropics are all positive, with remarkably stronger responses in the
regions of dense vegetation, especially in the Amazon (Fig. 9a). The African savannas
and South Asian forests are weaker with a response of about 0.05-0.15 kgC m > yr '
K'. Correspondingly, the sensitivity to precipitation in the tropics is negative for
models, except for some regions with insignificant values (Fig. 9b). But interestingly
the sensitivities over the African savannas are stronger than those in the Amazon,
suggesting that grasses (or shrubs) are more sensitive to precipitation than forests,
perhaps because they are more closely associated with the surface soil moisture which
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is more sensitive to rainfall. However, it is difficult to validate such fine details in the

models due to lack of observations.

4 Discussion

In this study, after taking the lag effect of precipitation into consideration (Qian et al.,
2008), we find that Mauna Loa CGR has a high correlation coefficient with
precipitation (r = —0.63), which is only slightly different from the correlation
coefficient with temperature (r = 0.77). It contrasts with the result of X. Wang et al.
(2014). Simultaneously, given that tropical land precipitation and air temperature are
dynamically correlated (Fig. 1), we think these correlation coefficients favor neither
temperature nor precipitation as the dominant factor of CGR IAV. It contrasts with

the result of W. Wang et al. (2013) that is based on the high correlation coefficient

between Mauna Loa CGR and temperature. Further, They pointed out that the

temperature-CO, coupling is mainly owing to the additive responses of NPP and R;, to

Jun Wang 16/2/22 9:12 PM
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temperature, while the weaker precipitation-COp coupling is because of the

subtractive responses of NPP and R;, to precipitation. However, in this study, the

biological dynamics underlying CGR IAV, based on 7 DGVMs, reveal that NPP is

the dominant process, and Rj, variability is obviously weaker caused by the opposing

effects of precipitation and temperature. In the tropics, NPP furned out to be largely

driven by precipitation through process-based terrestrial ecosystem models (Zeng et

al., 2005a; Qian et al., 2008), indicating the key role of precipitation in CGR TAV.
These mechanistic analyses may give out more convincing explanations than the

32

Jun Wang 16/2/22 9:59 PM
2R BEEN: T4

N Jun Wang 16/2/22 10:05 PM
2R EHEN: T4

B Jun Wang 16/2/22 10:02 PM

EiRE®KN: T4

Jun Wang 16/2/22 10:04 PM
EiRE#N: T

Jun Wang 16/2/22 10:05 PM

EiREHENX: T4

Jun Wang 16/2/22 10:03 PM
g .

Jun Wang 16/2/22 9:16 PM

liil

S ER: is largely

|




784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

correlation coefficients. Conversely, if NPP dominates the atmospheric CGR, or in
other words, precipitation dominates the atmospheric CGR, why does Mauna Loa
CGR have a high (or even higher) correlation coefficient with tropical land
temperature (than tropical precipitation) (Fig. 3)? This possibly can be explained in
part by the high correlation coefficient between the tropical land precipitation and
temperature (Fig. 1). On the other hand, Ry and D, though with smaller contributions,
can still influence their correlation coefficient (Table 4). Also, we should be cautious
of the method for separating the roles of temperature and precipitation in CGR 1AV
used in this paper and previous studies (Piao et al., 2013; W. Wang et al., 2013; X.
Wang et al., 2014). These statistical methods are based on linear decompositions,
which may miss important nonlinearities in the physical and biological systems, and
cannot accurately deal with the correlations between precipitation and temperature.
Therefore, the separate sensitivities of temperature and precipitation diagnosed by
these statistical methods are only as the contributive effects (Piao et al., 2013). A
better estimation of the contributions of temperature and precipitation should use
simulations of processed-based terrestrial carbon cycle models via several sensitivity
experiments, while recognizing major uncertainties in the current generation of

carbon cycle models.

Although we find that the majority of 7 DGVMs can well simulate the AV in tropical
terrestrial ecosystems, the discrepancies in the Ry simulations (Fig. S4) reveal that the
soil carbon decomposition processes and microbial activities are not yet to be fully
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understood. Previous studies (Zeng et al., 2005a; Qian et al., 2008; W. Wang et al.,
2013) found that Ry contributes in the same direction of NPP to the IAV of the
atmospheric CGR. However, in this study the model ensemble R; is weaker and not

significantly correlated with Mauna Loa CGR.

Besides the tropical NPP and Ry, which are the main foci of our analyses, the
atmospheric CGR TAV may also have contributions from other processes or regions,
such as variability of the terrestrial carbon flux at mid-high latitude, air—sea carbon
fluxes, and the fluxes caused by fire events and land use. Though variabilities of
carbon fluxes from the Northern and Southern hemispheres are weak and not induced
by ENSO (Fig. S2), some severe events may also modify the canonical
tropically-dominated ENSO response. For instance, the anomalous carbon release
from 1998 to 2002 across the Northern Hemisphere’s mid-latitude regions originated
from decreased biological productivity (0.9 PgC yr ') and forests wildfires, induced
by drought and warming (Balzter et al., 2005; Jones and Cox, 2005; Zeng et al.,
2005b). The Ocean, another important carbon sink, has a moderate sea-air carbon flux
variability of about +0.5 PgC yr ', dominated over by equatorial Pacific Ocean
(Bousquet et al., 2000; McKinley et al., 2004; Patra et al., 2005b; Le Quere, 2009).
However, during El Nifio events, the ocean acts as a sink of atmospheric CO,, owing
to the decrease in equatorial Pacific outgassing caused by the weakened upwelling
within the carbon-rich deep water; the opposite occurs during La Nifia (Jones et al.,
2001; McKinley et al., 2004). This variability opposes that of the atmospheric CGR.
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Fires also play an important role in the atmospheric CO, variability. During the 1997—
1998 El Niflo event, a fire emissions anomaly, triggered by widespread drought, was
2.1+0.8 PgC, or 66+24% of CGR anomaly with a 60% contribution from the

Southeast Asia (van der Werf et al., 2004).

At last, there is a concern on the direct comparison between the non-transported
modeled carbon fluxes and CO, observations. Patra et al. (2005¢) conducted multiple
regression analysis between Mauna Loa CGR and a time-dependent inverse (TDI)
modeled flux anomalies over 22 TransCom-3 regions, showing the TDI flux

anomalies do not explain the detail features in Mauna Loa CGR without any time lag.

5 Concluding Remarks

The IAV in atmospheric CGR is closely connected with ENSO activities, as a
consequence of the tropical terrestrial carbon sources and sinks, induced by a
'conspiracy' between climate anomalies and the responses of vegetation physiology
and soil (Zeng et al., 2005a). Understanding the relative contribution of CO,
sensitivity to tropical precipitation and temperature variabilities has important
implications for future carbon-climate feedback using such ‘emergent constraint’
proposed by Cox et al. (2013). Therefore, in this paper, we re-examined the
relationship between atmospheric CGR and climatic variables (temperature,
precipitation, soil moisture, and PAR). Moreover, we used 7 DGVMs, all
participating in the TRENDY project, to delineate the processes underlying the CGR.
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We applied ridge regression to statistically disentangle the separate effects of
temperature and precipitation on the IAV in CGR. Simultaneously, we can better
understand the performance of the individual DGVM from these results. The key

results are summarized below:

(1) We find that tropical precipitation and temperature are highly correlated, r =
—0.66, with precipitation leading temperature by 4—5 months, and both are closely
connected with ENSO activities. Mauna Loa CGR lags behind the tropical land
precipitation variability by about 4 months (r = —0.63), but leads temperature by about
1 month (0.77). However, in contrast to some recent suggestions, we argue that these
relationships alone do not strongly favor temperature over precipitation as the leading
driving factor of CO, IAV, nor vice versa. Further, we find that Mauna Loa CGR
coincides with soil moisture (—0.65), which is not only determined by precipitation

but also by temperature as higher temperatures increase the evapotranspiration effect.

(2) All 7 DGVMs capture well the IAV of tropical CFra. The ensemble CFrp (00 =
1.03 PgC yr') is highly correlated with Mauna Loa CGR at r = 0.79 (p = 0.003).
Importantly, the models consistently show that the variability in NPP dominates the
CFra variability, while the responses of soil respiration and fire disturbance are much
weaker. The standard deviation in ensemble NPP is 0.99 PgC yr ', and in contrast,
they are 0.29 PgC yr ' and 0.10 PgC yr ' for ensemble Ry, and D respectively. As NPP
is largely driven by precipitation (via soil moisture), these state-of-the-art DGVMs
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suggest a key role for precipitation in the IAV of atmospheric CGR.

(3) The sensitivities of Mauna Loa CGR to temperature and precipitation are
2924020 PgC yr' K' and —0.46+0.07 PgC yr' 100 mm ', respectively.
Meanwhile, the sensitivities of the ensemble mean tropical CFra produced by the
state-of-the-art DGVMs to temperature and precipitation are 3.18+0.11 PgC yr ' K™
and —0.67+0.04 PgC yr ' 100 mm ', close to those of Mauna Loa CGR. Spatially, the
sensitivities to temperature in the tropics are all positive, with remarkably stronger
responses over the dense vegetation regions, especially in the Amazon. The
sensitivities to precipitation are all negative, with the strongest responses over the
African savannas, indicating that grasses (or shrubs) are more sensitive to

precipitation than forests.
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Tables and Figures

Table 1. Characteristics of the terrestrial carbon cycle models used in this study.

Horizontal Nitrogen Fire
DGVMs ) o References
resolution limitation  modules

Oleson et al., 2010;
CLMA4C 2.5°%x1.875° No Yes
Lawrence et al., 2011
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Bonan and Levis, 2010;

CLMA4CN 2.5°%x1.875° Yes Yes
Lawrence et al., 2011
LPJ 0.5°x0.5° No Yes Sitch et al., 2003
LPJ-GUESS 0.5°x0.5° No Yes Smith et al., 2001
Zaehle and Friend, 2010;
OCN 3.75°%2.5° Yes No
Zaehle et al., 2010
TRIFFID 3.75°x2.5° No No Cox, 2001
VEGAS 0.5°%0.5° No Yes Zeng et al., 2005a
1133
1134  Table 2. Summary of previous studies of the relationships between the Mauna Loa
1135 CGR and climatic variables.
Correlations of Mauna Loa CGR with climatic variables
Studies
Temperature Lead-lag® Precipitation Lead-lag
W. Wang et al., 2013 0.70 -0.50 -6
X. Wang et al., 2014 0.53 -0.19° —
In this paper 0.77 -0.63 —4
1136  * Lead-lag months between Mauna Loa CGR and climatic variables. Positive values
1137  indicate the climatic variables lag Mauna Loa CGR.
1138 " This insignificant correlation coefficient was obtained with concurrent precipitation
1139 in X Wang et al. [2014].
1140
1141
1142  Table 3. Standard deviations of the terrestrial carbon cycle processes.

Standard deviations (PgC yr ')

DGVMs
CFra ~NPP(+*) Ru(r) D)
CLM4C 1.73 1.49(0.97) 0.56(0.00) 0.37(0.79)
CLMA4CN 1.54 1.33(0.94) 0.60(0.06) 0.33(0.77)
LPJ 0.90 1.05(0.92) 0.40(~0.04) 0.08(-0.54)
LPJ-GUESS  0.84 0.58(0.93) 0.33(0.34) 0.27(0.69)
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OCN 0.70 0.72(0.94)
TRIFFID 1.62 1.34(0.97)
VEGAS 0.79 1.05(0.95)

ENS® 1.03 0.99(0.97)

Mauna Loa CGR  1.03¢ —

0.25(0.11)
0.45(0.71)
0.45(-0.61)
0.29(-0.02)

0.01(-0.10)
0.00(-0.28)
0.08(0.81)
0.10(0.76)

1143  *It shows the correlation coefficient with CFra.
1144  °The ensemble means were calculated excluding the CLM4CN data because of its
1145 large discrepancies responding to temperature and precipitation.
1146  °This value denotes the standard deviation of Mauna Loa CGR, as a reference to the
1147  simulated tropical CFra.
1148
1149  Table 4. The maximum correlations of the simulated tropical terrestrial carbon cycle
1150  variability with temperature and precipitation. Lead-lag months between the carbon
1151  cycle variability and climatic variables are given in brackets. Positive values indicate
1152  that climatic variables lag behind.
Tropical CFra
Tropical -NPP
DGVMs (Mauna Loa CGR)
temperature  precipitation temperature  precipitation
CLM4C 0.78(1) -0.77(-3) 0.76(2) —0.83(-2)
CLMA4CN 0.64(2) —0.79(-2) 0.63(4) —0.86(-1)
LPJ 0.92(0) —0.80(—4) 0.76(1) —0.85(—4)
LPJ-GUESS 0.89(-1) —0.74(-5) 0.79(0) —0.75(-3)
OCN 0.79(1) —0.69(-3) 0.70(1) —0.79(=3)
TRIFFID 0.92(1) —0.83(-3) 0.83(1) —0.84(-3)
VEGAS 0.95(0) —0.74(—4) 0.86(0) —0.84(-3)
ENS 0.91(0) —0.81(—4) 0.82(1) —0.86(—3)
Mauna Loa CGR 0.77(1) —0.63(—4) — —
1153
1154

1155
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Figure 1. The cross-correlation coefficients between the tropical land precipitation (Pr)
and temperature (Tas). The horizontal axis denotes the lead-lag months between
precipitation and temperature, with negative values indicating that precipitation leads

temperature. Bold line indicates correlation above 95% significance (p < 0.05).

Figure 2. Interannual variabilities (IAVs) in the Nifio 3.4 index, tropical land surface
air temperature, precipitation, and soil moisture, and atmospheric CO, growth rate
(CGR). The soil moisture was calculated from the surface layer to a 2 m depth. The
atmospheric CGR, for the Scripps Mauna Loa CO; data from 1960 to 2012 (solid line)
and the globally averaged marine surface CO, data from 1980 to 2012 (dashed line),
are shown as the difference between the monthly averaged concentrations in the
adjacent two years. The gray bars represent the three strongest El Nifio events during
1965-66, 1982-83, and 1997-98 years and vertical dashed lines show the eruptions of
El Chichén and Mount Pinatubo volcanoes in 1982 and 1991, respectively.

Figure 3. The cross-correlations of anomalies in Mauna Loa CGR with anomalies in
the Nifio 3.4 index, tropical terrestrial surface air temperature (Tas), precipitation (Pr),
soil moisture (SM), and photosynthetically active radiation (PAR). The horizontal
axis shows the lead-lag months between them. Negative month values indicate the
anomalies in Mauna Loa CGR lag behind. Bold lines indicate correlation above 95%

significance (p < 0.05), estimated by the effective degree of freedom.

Figure 4. The simulated IAVs of tropical land—atmosphere carbon flux (CFra),
reversed net primary productivity (—NPP), heterotrophic respiration (Rjy), and
disturbances (D) by the 7 terrestrial carbon cycle models, involved in the TRENDY
project. The solid black lines in the figures denote the ensemble means (excluding
CLM4CN), bounded by the 1-o inter-model spread (green shaded areas). The
observed IAVs of Mauna Loa CGR from 1960 to 2012 are also shown in (a) as a red

dashed line. We reversed the NPP in order to make the sign consistent, positive values
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Figure 5. Color-coded correlation matrices for the interannual anomalies in the
tropical CFra and —NPP estimated by the 7 terrestrial carbon cycle models. Panel (a)
shows correlation coefficients in pairs among the estimated CFra, and (b) correlation
coefficients in pairs among —NPP in the period 1960-2010. Mauna Loa CGR and
modeled ensemble mean (ENS) are included in these correlations as well. The values
in each cell demonstrate the significance levels (p < 0.05 refers to above 95%

significance).

Figure 6. The cross-correlations of the simulated tropical CFr anomalies with Mauna
Loa CGR, tropical near-surface temperature, and precipitation over land. The negative
months on the horizontal axis indicate that the anomalies in CFra lag behind. Bold

lines indicate correlation above 95% significance (p < 0.05).

Figure 7. The cross-correlations of -NPP with Mauna Loa CGR, tropical near-surface
temperature, and precipitation over land. The negative months on the horizontal axis
indicate that the anomalies in —NPP lag behind. Bold lines indicate correlation above

95% significance (p < 0.05).

Figure 8. Sensitivities of the tropical anomalies in CFra, “NPP, and Mauna Loa CGR
to (a) interannual variability in tropical near-surface temperature over land (PgC yr '
K™") and (b) interannual variability in tropical precipitation over land (PgC yr ' 100
mm ") in 1960-2010. The grey areas show the values of the sensitivities of Mauna

Loa CGR with standard errors. Error bars indicate the standard errors of the estimated
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Figure 9. Spatial sensitivities of the ensemble mean in tropical CFr interannual

anomalies to tropical near-surface air temperature (kg€ m > yr' K') and

precipitation (kg€ m 2 yr ' 100 mm ") over land. The dotted areas in both figures

indicate correlation above 95% significance (p < 0.05).
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